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1 Introduction

In the last four decades, social scientists have documented widespread workplace discrimination

(see e.g. Goldin and Rouse, 2000; Bertrand and Mullainathan, 2004; Bertrand and Duflo, 2017;

Neumark, 2018; Small and Pager, 2020). Minority-group workers know that discrimination is

pervasive, have experiences that could be due to discrimination, and often infer they have been dis-

criminated against.1 We know little, however, about either the causes or consequences of perceived

discrimination because it is difficult to separate causally from discrimination itself.

Whether or not discrimination is present, perceived discrimination may exacerbate race and

gender gaps if it affects worker behavior via distrust, retaliation, or anticipated further discrimina-

tion. Across many contexts, including in nationally-representative samples and my baseline survey,

perceived discrimination is negatively correlated with job satisfaction, employer attachment, and

psychological well-being (Appendix Tables A1 and A2 summarize this literature). Accounting

for perceived discrimination can also explain well-documented gaps; for example, controlling for

perceived discrimination closes Black-White gaps in labor supply (Goldsmith et al., 2004).

This paper describes two large, pre-registered experiments (N≈4000) that identify the causes

and consequences of perceived discrimination in a simulated labor market.2 The experimental de-

sign generates novel exogenous variation in perceptions of discrimination by randomly assigning

workers to be evaluated under procedures with different potential to discriminate and telling re-

jected workers about how they were evaluated. I collect counterfactual evaluation decisions so that

I can eliminate any differences in the sample of workers selected by each evaluation procedure.

The experiments address four research questions. The first experiment primarily tests whether

perceived discrimination affects worker retention, effort, performance, and future labor supply. It

also tests whether workers respond similarly to perceived manager and algorithmic discrimina-

tion, and whether improving minority-group representation can reduce perceived discrimination

rates. The second experiment tests the effects of implementing common anti-bias hiring policies

on perceived discrimination, holding minority-group representation fixed—a quicker and more

straightforward potential solution for firms aiming to reduce perceived discrimination.

Both experiments take place in a labor market with multiple rounds of worker evaluation and

work opportunities that I constructed on Prolific, an online platform where workers take surveys

for pay. The short-term work relationship I study is most akin to the large “gig economy,” which is

140 percent of women in the US report ever experiencing gender discrimination at work, and 25 percent of Black and
Hispanic workers report experiencing discrimination at work in the last year (Pew Research, 2017; Gallup Inc, 2021).
Among the workers screened into my first experiment, 20, 35, and 50 percent of Hispanic, Asian, and Black men and
women report ever experiencing racial discrimination at work before the survey, and around 35 percent of white and
racial-minority women report ever experiencing gender discrimination (Appendix Figure A3).

2This refers to restricted samples used in the main analysis; up to 5,000 workers are included in other analyses.
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rife for (perceived) discrimination (Gallup Inc, 2018; Pew Research, 2021a,b). Workers in my sim-

ulated labor market proofread scientific texts, a task for which there exist gender and racial stereo-

types that could engender perceived discrimination when a worker learns they were rejected.3 The

main experimental sample consists of white and racial-minority women and racial-minority men

living in the US. To my knowledge, my study is unique in the lab-style experimental literature on

discrimination in that it studies racial discrimination in addition to gender and is powered to detect

heterogeneity along these lines; racial minorities most systematically experience discrimination in

the workplace (Kline et al., 2021).

In the first experiment (N≈2,300), workers are recruited for an initial work task and one of

three randomly-assigned procedures determines whether they are “promoted”—offered a harder,

higher-paying job—or not, in which case they are offered an easier, lower-paying one. The pro-

cedures are (i) a demographic-blind manager who sees prior performance and education, (ii) a

non-blind manager who also sees avatars, race, and gender, and (iii) an algorithm that predicts per-

formance using prior performance and education. I implement the randomly-assigned procedure’s

decision for each worker. The analysis sample restricts to the 90 percent of workers who would

not be promoted under any procedure, so the only differences between treatment arms are workers’

perceptions of why they were not promoted.

After workers learn about how they were evaluated, I measure perceived discrimination and ob-

serve subsequent work behavior. I test whether perceived discrimination is quantitatively important

by focusing on the effects of treatment on worker performance, retention, and future labor supply.

I observe worker effort and performance in required pay-for-performance scientific proofreading

tasks and the number of optional proofreading tasks they complete—which I call retention—and

elicit incentivized reservation wages for future job opportunities, including ones involving cooper-

ation with the managers who previously evaluated them.

I also introduce a new measure of perceived discrimination that circumvents concerns with

other methods. Prior surveys prime workers by asking directly about discrimination, which could

lead to over-reporting (e.g. Kessler et al., 1999; Goldsmith et al., 2004; Pew Research, 2017; Gallup

Inc, 2021). Administrative data relies on filed complaints that may be under-reported. Instead, I

ask workers what they think needed to be different about their profile to be promoted. I define per-

3I identify the race and gender stereotypes that participants hold about this task and each of its components (grammar,
spelling, science knowledge) in a separate sample. There are systematically negative stereotypes against women and
Black and Hispanic workers’ performance in the scientific proofreading task and its components. There are positive
stereotypes about Asian workers’ performance. Perceived discrimination may be more common in domains with
either positive or negative stereotypes (compared to neutral domains): when there are negative stereotypes, workers
may be particularly likely to perceive statistical discrimination and when there are positive stereotypes, workers
may be particularly likely to perceive taste-based discrimination. I do not separately identify perceived types of
discrimination. I pool Black, Hispanic, and Asian workers as “racial minorities” due to power considerations; all
are numerical minorities in the United States and large shares report having previously experienced negative racial
discrimination in my sample (Appendix Figure A3).
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ceived discrimination as whether a worker’s open-ended response mentions demographics, which

correlates strongly with more explicit questions asked at the end of the survey.

I first focus on the two manager arms to study the effects of perceived discrimination. Non-

promoted workers see how they were evaluated before starting the job, generating differences in

perceived discrimination. Workers see demographic and work-history information for their man-

ager and the profiles of the three workers their manager promoted in the past, which communicates

the information their manager had when making decisions. These previously-promoted workers

are primarily white men due to their over-representation in earlier cohorts. Learning that one’s

manager knew workers’ race and gender and previously promoted mostly white men—i.e. being

in the non-blind manager arm—increases perceived discrimination by 31pp compared to the blind

manager arm.4 There are subsequently large effects on worker behavior.

Perceived discrimination affects retention and performance in ways that would exacerbate gen-

der gaps and racial gaps among women. Being in the non-blind manager arm reduces the number

of optional tasks that white and racial-minority women complete by 5 percent (p=0.01), whereas

there is, if anything, a positive retention effect for racial-minority men. Racial-minority men also

experience a positive performance effect in the required paragraphs, increasing earnings by 13

percent (p=0.04). Being in the non-blind manager arm seems to make racial-minority women try

harder but do worse, while white women’s performance is unaffected. These effects are not due to

anticipated further discrimination, but reflect cognitive or emotional responses that change the per-

ceived returns to, or cost of, effort.5 The observed differences in effects by gender are consistent

with documented differences in confidence in stereotyped domains and competitiveness—which I

observe in my sample and which would lead to higher costs of effort for women and higher returns

for men (e.g. Coffman, 2014; Bordalo et al., 2019; Niederle and Vesterlund, 2007). These and

differences in beliefs about experiencing discrimination in the past and its prevalence in general

explain some, but not all, of these heterogeneous effects.

Perceived discrimination also reduces future labor supply in ways that would exacerbate race

and gender gaps relative to white men. Workers in the non-blind manager arm have 10 percent

(p=0.03) higher reservation wages for a job opportunity with a chance for promotion that is deter-

mined by the same manager. I measure beliefs about the likelihood of future promotion and elicit

reservation wages when there is no scope for additional discrimination, allowing me to disentangle

these overall effects into: (i) lower expected wages due to anticipated discrimination and (ii) direct

4Workers are not told the demographic composition of these earlier cohorts. Testing whether my results would gener-
alize to a setting in which workers knew these base rates is beyond the scope of the paper. Other work suggests that
workers would still be inattentive to the demographics of the previously-evaluated cohorts when seeing that a white
male manager previously promoted mostly white men (Benjamin, 2019; Hagmann et al., 2022).

5Workers could have anticipated discrimination in payment decisions, as they were potentially subjective. Empirically,
however, workers anticipated that there were pre-determined correct answers and a cutoff rule to determine payment.
At this point of the survey, they did not know there would be additional evaluation and job opportunities.
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disutility from interacting with a biased manager. Taking point estimates at face value, 70 percent

of the 10 percent increase in reservation wages is due to direct disutility rather than changes in

expected wages. Workers in the non-blind manager group also have 23 percent (p=0.02) higher

willingness to pay to be able to choose a different manager to work with in a collaborative task.

The negative effects on future labor supply are similar for all workers. Thus, while there is het-

erogeneity in the cognitive and emotional responses to perceived discrimination when a worker is

“stuck” in a job, everyone prefers to avoid future discrimination.

Workers in the non-blind manager arm are also 9 percent (p=0.10) less likely to share with their

manager in a dictator game. Workers with more education, who believe discrimination is the most

common, and who report ever experiencing discrimination are more retaliatory.

Next, I turn to the algorithm arm to understand whether workers’ reactions to perceived al-

gorithmic discrimination are as detrimental as their reactions to perceived manager discrimina-

tion. In addition to its policy relevance given the proliferation of algorithms in the labor market

(Cowgill, 2020; Jarrahi et al., 2021), this comparison helps shed light on mechanisms: algorithmic

bias is generated by statistical processes, not explicit prejudice, which may change how perceived

discrimination affects behavior (Bigman et al., 2023). In the algorithm arm, workers are cross-

randomized to learn that the (demographic-blind) algorithm previously promoted mostly white

men, or to not learn the demographics of the previously-promoted workers at all. Learning that the

algorithm previously promoted mostly white men increases perceived discrimination by 17pp.

Perceived algorithmic discrimination has different, but still negative, effects on worker behav-

ior. Seeing that a demographic-blind algorithm previously promoted mostly white men reduces

performance by 5-7 percent (p=0.09) but, if anything, positively affects retention. The effects are

statistically significantly different from the effects of being in the non-blind manager arm. On the

other hand, when workers expect additional discrimination, perceived algorithmic discrimination

reduces future labor supply similarly to perceived manager discrimination.

Thus, the second part of the paper focuses on how firms might reduce the prevalence of per-

ceived discrimination through their hiring or promotion policies. The experimental manipulations

test how ongoing structural changes in the labor market might affect perceptions of discrimination.

First, firms face growing pressure to diversify and de-bias their workforces, including by hiding

worker demographics from decision-makers (Chang et al., 2019; Brecheisen, 2023; Fath, 2023;

Gallup Inc, 2023). Second, as just described, algorithms are increasingly ubiquitous in managerial

decision-making. All of these efforts may or may not lead to more minority-group representation,

and even if they do, the effects on perceived discrimination are ambiguous.6

6Companies’ increasing emphasis on diversity, equity, and inclusion may successfully change perceptions, or fail or
backfire if they are inauthentic or ineffective. Flory et al. (2021) show that job ads emphasizing diversity increase
minority-group application rates, regardless of whether the statement is evidence-backed, and Baker et al. (2023)
show that firms opportunistically publicize diversity commitments and that these firms are more likely to incur EEOC
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In addition to the design discussed so far, the first experiment also truthfully and randomly

varies whether workers who see previously-promoted workers’ demographics see a group that

is all or two-thirds white men. This tests how changes in minority-group representation affect

worker perceptions, holding decision-making procedures and inputs fixed. I compare these results

to evidence from the second experiment (N≈2,700 new workers), which tests how anti-bias hiring

policies affect perceived discrimination when the previously-hired workers are white men—i.e. the

effects of changing decision-making procedures or inputs, rather than outcomes, when minority-

group representation is minimal. The design largely follows that of the first experiment, but I ran-

domly assign workers to be evaluated by a manager or an algorithm and cross-randomize whether

the decision-maker knows their race and gender. Among workers evaluated by a demographic-

blind decision-maker, I further cross-randomize whether they learn previous hires’ demographics;

they are all white men.7 Perceived discrimination is the primary outcome, and workers do not do

an effortful task—the sample is workers who are not “hired,” rather than not “promoted.”

Seeing one woman or racial minority man among the three previously-selected workers reduces

perceived manager and algorithmic discrimination by 41-48 percent (p<0.005). The effect is largest

when seeing a representative of one’s own race and gender, but seeing a member of a different mi-

nority group also significantly reduces perceived discrimination rates. In contrast, changing hiring

procedures to mitigate the direct effects of human biases—using algorithms or blinding managers

to race and gender—does little to mitigate common perceptions of discrimination when past deci-

sions “seem biased.” When workers see that only white men were previously hired and know their

manager knew their race and gender, 52 percent perceive discrimination.8 Blinding managers to

race and gender only reduces perceived discrimination by 11pp (20 percent, p=0.03) when white

men are so over-represented. Regardless of whether decision-makers can use demographic infor-

mation or not, using an algorithm increases perceived discrimination by 9-10pp (20-22 percent,

penalties and less likely to hire diverse candidates. Blinding decision-makers to demographics can improve represen-
tation of minority groups (e.g. Goldin and Rouse, 2000; Fath, 2023) or backfire (Behaghel et al., 2015). Increasing
representation even moderately could reduce perceived discrimination (Brown et al., 2024; Kardosh et al., 2022) or
not, if it is perceived as tokenism or there is backlash among majority-group workers (Anisman-Razin and Saguy,
2016; Leslie, 2019). Algorithms can embed human biases but are easier to regulate and audit, perhaps leading to
less discrimination (e.g. Kleinberg et al., 2020) and thus less perceived discrimination, but they are also unavoidably
opaque, undermining this potential. In any case, reducing actual bias may not reduce perceived discrimination, as
reasoning about whether one has experienced discrimination is a complex problem. Individuals only receive few,
noisy signals about why they themselves do not receive certain opportunities (Jones et al., 2016; Doering et al., 2023)
but get many signals about the prevalence of discrimination at scale.

7This design separately identifies the effects of (1) using an algorithm and (2) blinding decision-makers when workers
know that previously-promoted workers were white men. This is not possible in the first experiment: comparing the
manager arms pools the effect of blinding managers to demographics and not sharing previously-promoted work-
ers’ demographics. Comparing the non-blind manager arm and algorithm sub-arm where workers learn previously-
promoted workers’ demographics pools the effect of using an algorithm and blinding the decision-maker.

8This is higher than in the first experiment because (i) all—not most—previously-hired workers are white men and (ii)
women—who are more likely to perceive discrimination—make up a higher fraction of the second sample.
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p<0.04). These results suggest that using algorithms or keeping demographic information from

decision-makers (and telling workers about the procedural change) can, at best, only moderately

reduce perceived discrimination if the outcomes of those procedures do not change.

In sum, this paper shows that the costs of discrimination may be larger than previously thought:

the experience of feeling discriminated-against imposes additional material and psychological

costs, adding to any direct harms of discrimination. Furthermore, employers could improve eq-

uity and efficiency by reducing perceived discrimination, but eliminating such perceptions will

likely be unattainable as long as members of minority groups do not see themselves sufficiently

represented in an organization. Implementing objectively race- and gender-neutral procedures can-

not eliminate perceived discrimination when decisions seem intuitively biased. These concerns are

likely to become even more central as opaque algorithms play an increasingly important role in

rendering high-stakes decisions that affect access to opportunity.

This paper contributes to literatures in labor and behavioral economics and cross-disciplinary

work on algorithmic bias.9 First, racial and gender discrimination in the workplace is well-

documented (e.g. Pager and Shepherd, 2008; Bartoš et al., 2016; Bertrand and Duflo, 2017; Blau

and Kahn, 2017; Neumark, 2018; Bohren et al., 2019, 2022; Small and Pager, 2020; Kline et al.,

2021). I show that perceived discrimination affects worker behavior and therefore exacerbates gaps

caused by discrimination itself, including affecting future opportunities even if future evaluation

is unbiased. Prior work therefore understates the overall effects of a discriminatory labor market.

Glover et al. (2017) document similar self-fulfilling effects of discrimination—minorities exert less

effort when they have biased managers—but their results are best explained by managers choosing

to interact less with minority workers (“aversive racism”), rather than worker retaliation or avoid-

ance after perceiving discrimination. Indeed, minority workers in their setting are not more likely

to report that biased managers disliked them or they disliked biased managers. I document a type

of self-fulfillment that could compound these effects and can occur even if managers are unbiased.

This paper’s second contribution is to disentangle the effects of perceived discrimination into (i)

changes in expected wages due to anticipated discrimination (ii) direct disutility from anticipated

interactions with a biased manager. Psychological costs play a substantial role. Thus, I build on

work showing the importance of integrating non-classical preferences into models of worker effort

provision (Akerlof, 1982; Fehr et al., 2009; Card et al., 2012; Cohn et al., 2014; Breza et al., 2018;

Dube et al., 2019; DellaVigna et al., 2022; Fehr and Charness, 2023).

In doing so, I also contribute to a theoretical and experimental literature on the effects of an-

ticipated discrimination on human capital investment due to changes in incentives (Lundberg and

9The paper is also motivated by work in psychology, sociology, and economics showing that perceived workplace
discrimination is highly predictive of many negative economic, social, and mental and physical health outcomes (see
Appendix Tables A1 and A2 and Section 3.4.2 for details).
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Startz, 1983; Coate and Loury, 1993; Fryer et al., 2005; de Haan et al., 2017; Dianat et al., 2020;

Campos-Mercade and Mengel, 2024) and recent experiments showing that anticipated discrimina-

tion affects job search behaviors (Alston, 2019; Charness et al., 2020; Lepage et al., 2022; Ridley,

2022; Agüero et al., 2023; Aksoy et al., 2023; Avery et al., 2023; Angeli et al., 2024). These

papers do not identify the mechanisms behind these effects and infer that workers’ responses are

entirely (and sometimes incorrectly) strategic, whereas I show that this avoidance may be due to

psychological costs. Other work shows that workers value related concepts like dignity or lack of

sexual harassment at work using vignette experiments and amenity valuation (Sockin, 2021; Dube

et al., 2022; Folke and Rickne, 2022; Adams-Prassl et al., Forthcoming). I provide experimental

evidence that perceived discrimination affects worker sorting into jobs and increases willingness

to take a pay cut to avoid future discrimination.

Most closely related is contemporaneous work by Gagnon et al. (2024). In an experiment

with Prolific workers in the UK, they show that explicitly telling workers that wage inequality is

due to gender discrimination further reduces lower-wage workers’ labor supply (analogous to the

behavior I call retention) relative to the effects of wage inequality alone. In my setting, workers

learn about hiring procedures and their results and possibly infer discrimination, providing new

evidence on the causes of perceived discrimination; I use a novel measure to document these

effects. With this, we learn that perceived discrimination reduces retention among those who

naturally perceive discrimination from more realistic information provision.10 I also show that

perceived discrimination affects future labor supply and cooperation. They provide suggestive

evidence that reduced morale drives their results; using various reservation wage and quantitative

belief elicitations, I show that there are large psychological costs to perceived discrimination.11

Finally, an extensive literature in computer science, law, and economics shows that algorithms

can either exacerbate or mitigate human bias (e.g. Kleinberg et al., 2018; Obermeyer et al., 2019;

Kleinberg et al., 2020; Raghavan et al., 2020). There is also mixed evidence on how people per-

ceive algorithmic versus human fairness, though there is little work on perceived race and gender

bias specifically.12 Two recent papers study revealed preferences for algorithmic versus manager

decision-making and also find mixed results. Women are 35 percent more likely to apply to tech

10They also study inferred perceived discrimination by informing workers of the other worker’s gender and wage and
find that this makes workers (especially women) more likely to perceive discrimination as measured on a 7-point
Likert scale in response to the question, “During the task, did you believe that gender discrimination was used to
determine your payment per line.” This treatment has no effect on workers’ labor supply.

11There are two other notable differences. First, I consider the role of race in addition to gender and find substantial
heterogeneity by race conditional on gender, as well as by gender. Second, my experiment tests these effects in a
context in which there are gender and racial stereotypes about performance versus their neutral context.

12People find depictions of algorithmic or human decision-making more fair in different small-sample studies depend-
ing on the definition of fairness (Lee, 2018; Kaibel et al., 2019; Acikgoz et al., 2020; Newman et al., 2020; Noble et
al., 2021; Zhang and Yencha, 2022). People are less morally outraged by descriptions of algorithmic discrimination
than human discrimination due to inferred differences in underlying prejudice (Bigman et al., 2023).
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jobs when they will be evaluated by an algorithm rather than managers because they anticipate less

discrimination (Avery et al., 2023), but workers in a lab setting are about equally split when they

can choose between manager and algorithmic evaluation (Dargnies et al., 2022). I experimentally

compare perceptions of discrimination by managers and algorithms when workers can see that

they previously promoted mostly white men. In this setting, workers are more likely to perceive

algorithmic than manager discrimination, and both negatively affect worker outcomes.

The paper proceeds as follows: Section 2 describes the setting and research design. Section

3 provides evidence on the effects of perceived discrimination. Sections 4 and 5 describe the

effects of of minority-group representation and anti-bias policies on perceived discrimination rates,

respectively. Section 6 discusses robustness and Section 7 concludes.

2 Research design

The key challenge in studying the effects of perceived discrimination is that those who perceive

discrimination are more likely to have experienced the direct effects of discrimination and to be

from oft-discriminated groups, who are—observably and non-observably—different from others.

Similarly, natural variation in firm policies changes the prevalence of discrimination alongside per-

ceptions. This experiment overcomes these challenges by creating random variation in perceived

discrimination while allowing me to account for any actual discrimination. Importantly, it does so

while minimizing the impacts of any actual discrimination, being truthful with workers, and proxy-

ing a realistic work scenario in which workers are likely to perceive discrimination—circumventing

new challenges introduced in an experimental context.

This section describes how I address these challenges. In summary, workers are randomly as-

signed to be evaluated by procedures that vary in their potential to discriminate. Workers who are

not selected to do a difficult job learn about their evaluation and see workers that were previously

selected under the same procedure, only sometimes learning these workers’ demographics—they

are primarily white men due to over-representation in past cohorts. Finally, the analysis sample

restricts to workers who would not have been selected under any procedure, ensuring that differ-

ences across treatment arms come only from differences in perceptions of the procedures, and not

the procedures’ decisions themselves.

2.1 Setting and sample

I recruit workers on Prolific, an online platform commonly used in economics research where

workers complete surveys for pay. Prolific is a suitable setting for my experiment for several

reasons. First, manipulating perceived discrimination requires experimental variation and it is
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costly and difficult to randomly manipulate worker-selection procedures in the field. My approach

on Prolific, a functional labor market, allows me to vary perceived discrimination while holding

fixed: (i) any confounding effects of actual discrimination, (ii) all information workers have about

the jobs, selection procedures, and other workers, and (iii) the effect of not being promoted. I

discuss differences and similarities with other employment contexts in Section 2.5.

I over-sample workers likely to experience and perceive racial and gender discrimination. 1,910

workers make up the main analysis sample in the first experiment, of which 55 percent are white

women, 22 percent are racial-minority women, and 23 percent are racial-minority men. 170 white

men otherwise qualify for the experimental sample but are used only as a comparison group to

ensure that the treatments affect only perceived race and gender discrimination. 1,934 workers

make up the main analysis sample in the second experiment, of which 72 percent are white women,

15 percent are racial-minority women, and 13 percent are racial-minority men. White women are

more heavily over-represented due to constraints on the number of racial minority participants

on Prolific who had not already participated in the promotion experiment. In both samples, the

racial-minority men and women are approximately one-third each Asian, Black, and Hispanic.13

The experimental sample includes people who are representative of large swaths of the US

population and 96 percent have non-Prolific work experience (Table 1). Seventy percent are cur-

rently employed outside Prolific. The sample is well-educated—50 percent have a 4-year college

degree or more and 35 percent have some college experience but no degree or a two-year degree—

and there is a large spread in income—about 50 percent have household income less than $60,000

per year, 25 percent earn between $60,000 and $100,000, and the rest earn above $100,000. The

sample is on the young side of working age, with 70 percent between ages 18 and 44.

The experimental sample is more educated, but poorer and younger than a nationally represen-

tative sample. The share working outside Prolific is the same as the share of the US population

in this age range in the labor force. Table 1 compares summary statistics from the experimental

samples to their analogues from the nationally-representative 2021 ACS. The experimental sample

is more likely to have a college degree, but also more likely to have household income between

$20,000-$60,000 and less likely to earn above $160,000 than a representative sample.

133,240 [3,960] workers were recruited to the baseline survey for the first [second] experiment. 120 [360] are ineli-
gible for the experimental sample because the list of possible managers to evaluate them was exhausted (note that
randomization occurred within these groups of 120 [360]). Of these, 2,886 [3,510] are not promoted [hired] by their
randomly-assigned evaluation procedure and thus offered the chance to participate in the experiment, which 80 [76]
percent of them complete. Of those, 90 [94] percent would not have been promoted [hired] under any procedure
regardless of their random assignment. The main analysis sample in the hiring experiment is further restricted to the
random sample of workers who saw that only white men were previously promoted (76 percent).
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2.2 The promotion experiment

The first experiment is referred to as the “promotion experiment” because workers are evalu-

ated and assigned to one of two jobs, one of which represents “promotion” and the other “non-

promotion.” Non-promoted workers are the sample of interest and their performance in the non-

promotion job is a key outcome. The second experiment is referred to as the “hiring experiment”

because when workers are evaluated, they are either selected to do a job (the same as the “pro-

motion job”), and thus “hired,” or not. The non-hired workers are the sample of interest, and I do

not observe their performance in an effortful job. It primarily follows the same structure as the

promotion experiment with the deviations described in Section 2.3.

2.2.1 The jobs

Workers are offered scientific proofreading jobs. In the lower-paying, easier job (“non-promotion”),

they proofread up to eighteen paragraphs from elementary-school-level articles and can earn up to

$4.50 in bonuses. In the higher-paying, harder job (“promotion”), they proofread up to twelve

paragraphs from articles in leading scientific journals and write a short summary of each, and

can earn up to $9.00 in bonuses. Each paragraph has around 100 words and four inserted errors.

Most workers use almost the entire allotted minute to proofread each paragraph. After the first six

paragraphs, workers choose after each paragraph whether to continue proofreading.14

To proofread a paragraph, workers highlight words they think contain errors. They click on a

word to highlight it, or again to un-highlight it if they change their mind. Their bonus is determined

by the number of correctly-highlighted mistakes and incorrectly-highlighted non-mistakes when

they submit their work: they earn the bonus for a paragraph if two times the number of correct

highlights minus the number of incorrect highlights is at least the median of the same statistic for

that paragraph in a pilot. Workers are told that they are paid for each paragraph in which they do

“a good job” and that on average, they could expect to be paid for half of the paragraphs.

The scientific proofreading job was chosen for several reasons. First, of the effortful tasks that

can be embedded in a survey experiment, it requires relatively high skill levels and effort and can be

long without becoming tedious; it is also realistic work that might be completed online. Second,

effort and performance are easily quantifiable, while performance is still potentially subjective.

Since workers knew only that they would be paid per paragraph that they did a “good job” proof-

reading, workers could have anticipated further discrimination in payment decisions. Empirically,

however, they anticipated the use of objective metrics.

14Workers who quit before finishing the first six paragraphs forgo their participation payment; 1.5 percent of potential
participants who consented to taking the survey did so and this does not vary by treatment arm.
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Third, scientific proofreading includes skills to which one might ascribe many different (pos-

itive or negative) stereotypes about gender or race, and the intention of choosing this task was to

make those demographic characteristics feel potentially promotion-decision relevant. Given the

combination of skills required in this task and various demographic groups, however, what stereo-

types prevail is not clear ex ante and may matter for the generalizability of my results. I collected

incentivized beliefs about these stereotypes in a separate sample (detailed in Section 2.5).

What did workers know about the jobs? At the beginning of the experimental survey,

workers are told that they are working on a team that proofreads scientific articles and a [man-

ager/algorithm] assigned workers to one of two jobs. They learn what makes one job harder and

the other easier—the complexity—and that the harder job pays two to three times as much per

paragraph (see the Online Supplement for the specific implementation).15 They then learn that

they were assigned to the easier job.

2.2.2 Design overview and background

Figure 1 illustrates the overall experimental design. Workers are randomly assigned to be evaluated

by one of three promotion procedures with varied potential to discriminate. These procedures—

managers who do or do not know workers’ race and gender and a demographic-blind algorithm—

know workers’ prior performance and education and decide who to promote. Before recruiting the

experimental sample, the same managers and algorithm evaluate groups of workers in which white

men were over-represented (a timeline is in Figure 2). The key to inducing variation in perceptions

of discrimination in the experimental sample is that workers learn about the procedure under which

they were not promoted and who was previously promoted under that procedure.

The historical sample. The experiment aims to proxy a setting in which a worker from an

under-represented group is not promoted and knows that mostly white men were previously pro-

moted. To generate these dynamics online, 1,800 predominantly (85 percent) white male “histor-

ical workers” are initially evaluated by the same managers who later evaluate the experimental

sample, and by the same algorithm. The experimental workers see who their manager or the algo-

rithm previously promoted when they learn about their own evaluation.

The managers. The managers, all white men,16 are recruited from Prolific and tasked with

choosing three of twenty-four historical-sample workers to promote. They know their decisions

will be implemented and the performance of the workers they promote will determine their bonus

15At the end of the survey, 68 percent of workers report preferring the harder job, 6 percent were ambivalent, and 20
percent were unsure but didn’t think they would prefer the harder job. This does not differ by treatment group.

16This serves two purposes: to best represent cases in which a women or racial minority man might be the most likely
to feel discriminated against and to minimize noise in the experiment caused by variation in manager characteristics
(only 54 [20] participated in the promotion [hiring] experiment).
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(most of their total payment). Half of the managers are randomly assigned to be “demographic-

blind” (they see only baseline performance and education levels) while the other half are “non-

blind” and also see workers’ race, gender, and an avatar that workers created in the baseline survey.

Baseline performance is shown as 1-5 stars indicating the quintile of workers’ average quiz scores

and education as no college degree, college degree, or more than a college degree.

The same managers return to evaluate workers in the experimental sample and maintain the

same “demographic-blind” or “non-blind” status as when they evaluated the historical sample.

They evaluate workers with similar quiz scores as those they evaluated in the historical sample.

Each manager evaluates three sets of forty workers independently, promoting three from each set.

Their decisions are implemented for one randomly-chosen set, and the performance of workers

they promote in that set determines their bonus payment.

The algorithm. The algorithm uses a random forest regression-based model with workers’

quintile of average quiz scores and education as inputs to predict performance in the harder job.

It promotes the three workers with the highest predicted performance in each group of twenty-

four (in the historical sample) or forty (in the experimental sample). It was trained on a sample of

500 workers recruited from MTurk using Cloud Research’s pre-approved participant pool in which

women and racial-minority men are also over-represented.

The Online Supplement further describes the managers and algorithm and their decision-making.

2.2.3 Experimental design

This section describes the promotion experiment design using the vocabulary from the previous

section (algorithm, demographic-blind or non-blind manager, and previously-promoted workers,

which refers to promoted workers in the historical sample). Figure 3 illustrates the treatment arms.

Baseline survey. Workers are recruited on Prolific for an initial survey, during which they take

three timed quizzes that are predictive of their ability in the proofreading jobs—a spelling quiz

of scientific words, general grammar questions, and general-knowledge science questions—and

report how well they thought they did on each, the basis of an incentivized measure of confidence

in each domain. Workers know their performance on the quizzes could affect their future work op-

portunities and are paid a small bonus for each correct answer. Workers then answer demographic

questions, build an avatar that “looks like them,”17 report a detailed work history, including past

experiences of discrimination at work, and report incentivized beliefs about the prevalence of dis-

crimination against different groups.

Randomization and worker evaluation. Workers are randomly assigned to groups of 120

17Workers made their avatars following the procedure shown in Appendix Figure A13. They did not know what the
avatars will be used for or that they would be seen by other participants. They largely choose avatars that align with
their self-reported race and gender in expected ways (Appendix Figure A14).
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with average baseline quiz scores within one quintile of each other. Each group is evaluated by two

randomly-assigned managers—one demographic-blind, one not—and the algorithm. To ensure

that low-scoring workers might perceive discrimination, groups were paired with managers who

evaluated workers in the same two quiz-score quintiles in the historical sample.18

Each worker has an equal probability of being randomly assigned to have the decision of the

demographic-blind manager, non-blind manager, or algorithm implemented. Among workers as-

signed to be evaluated by the algorithm, half are randomized to see previously-promoted workers’

avatars, race, and gender in their profiles (like the non-blind manager arm) whereas the other half

do not (like the demographic-blind manager arm). Workers’ baseline characteristics are balanced

across arms (Appendix Table A3).

Workers that are not promoted under their randomly-assigned promotion procedure are offered

the easier job; 80 percent take it up and become the experimental sample (N=2,397). They are

all offered the same Prolific task and only learn about their evaluation after starting the survey.

Workers are invited to participate in the experimental survey at least three weeks after the baseline

survey. During this time, managers returned to evaluate the experimental sample; the delay also

ensured that workers did not connect the questions about discrimination in the baseline survey

to the study topic.19 Attrition after starting the survey was uncommon, and similar across all

treatment arms (Section 6). Promoted workers are offered the harder job.

Information about non-promotion and evaluation procedures. Upon starting the survey,

workers learn about the two jobs and that they were not promoted. Framed as context for the next

question, “what do you think needed to be different about your profile to be assigned the harder

job?,” they then learn how they were evaluated.

In both manager arms, workers learn that their manager was recruited from Prolific, reviewed

example paragraphs, evaluated worker profiles, and was paid based on the performance of the

workers they promoted (and so should have been trying to promote the best workers). They see

their manager’s profile (avatar, age, education, gender, race, and tenure on Prolific), so differences

in perceived discrimination between the two manager arms control for having a white male man-

ager. The differences in what workers know about their evaluation comes next: they learn that their

manager previously evaluated workers with similar quiz scores as them, then see their own and the

previously-promoted workers’ profiles. The profiles communicate what the manager knew when

making their decision, i.e. whether they saw workers’ race, gender, and avatar (Figure 4).

Thus, “treatment” in the manager sample is learning that one’s manager knew race and gender

18This stratification ensures that workers see previously-promoted workers with similar scores to themselves and can
infer they had a chance at the job. Absent this, low-scoring workers would mainly see top-scoring workers being
promoted and would be unlikely to attribute decisions to discrimination. This design component was successful in
ensuring that perceived discrimination was not highly correlated with performance (Appendix Figure A15).

19Less than 1 percent of the control group thought the topic was discrimination at the start of the experimental survey.
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and seeing the avatars, race, and gender of previously-promoted workers (mostly white men),

relative to the “control group” whose manager did not know race and gender and who does not

know that the previously-promoted workers are mostly white men.

In the algorithm arm, workers learn that an algorithm used data from previous iterations of the

survey to predict who would do the best at the harder job. They are explicitly told that the algorithm

only uses information on average quiz scores and education to predict performance. Next, workers

see previously-promoted workers’ profiles. Half are randomly assigned to see profiles with avatars,

stars, education, gender, and race; the other half see only stars and education (Appendix Figure

A1). Thus, “treatment” in the algorithm arm is seeing the avatars, race, and gender of previously-

promoted workers (mostly white men), relative to the “control group” who does not know that the

previously-promoted workers are mostly white men.

Finally, when workers see previously-promoted workers’ avatars, race, and gender, 40 percent

of workers see that three white men were previously promoted. The rest see two white men and

someone from another demographic group. Conditional on the type of evaluation used, this is ran-

dom due to the random pairing of workers with managers or groups of historical-sample workers

jointly evaluated by the algorithm.20

Eliciting perceived discrimination. After learning about their evaluation procedure and who

was previously promoted, workers are asked, “what do you think would have needed to be different

about your profile for you to be assigned to the harder job? For example, would it have helped if

you scored higher on the quizzes, or had more education?” and answer in a text box. The main

measure of perceived discrimination is an indicator for whether workers’ responses suggest that

they think their demographics (age, race, gender, etc.) played a role.21

To my knowledge, no other study has attempted to identify individuals who felt that they had

been discriminated against without asking directly.22 This measure aims to capture that feeling

without priming workers to think about discrimination or their own race and gender. Other, more

explicit questions—asked at the end of the survey and described below—correlate highly with

the main measure (Appendix Figure A2) and results are similar using any measure of perceived

discrimination. Detailed variable definitions are in the Online Supplement.

Observed work outcomes. Workers are required to proofread six paragraphs (spending a

20Workers were randomly paired to managers but other manager characteristics could correlate with whether they
promoted only white men in the historical sample. Empirically, there are no systematic correlations.

21This was pre-registered as the main measure of perceived discrimination. The free response was coded as mentioning
demographics independently by two MIT undergraduates and a PhD psychologist who professionally codes quali-
tative data. The externally-generated variables used in the analysis are highly correlated with variables generated by
the author. The full coding scheme is in the Online Supplement.

22Surveys (e.g. Pew Research, 2017; Gallup Inc, 2021) ask whether someone has experienced discrimination or been
treated differently because of their gender or race, “ever” or in the past year; see Appendix Tables A1 and A2 for
other Likert-style scales used in the sociology and psychology literatures.
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maximum of six minutes) to earn their participation payment; after the sixth and each subsequent

paragraph they are explicitly asked if they want to proofread another paragraph or skip to the end of

the survey. The primary outcome is how many paragraphs workers choose to proofread, including

indicators for whether they did more than six or all eighteen.

In each paragraph, workers highlight (or unhighlight) identified errors by clicking on a word.

For each paragraph, I observe the time spent, the number of clicks, and how many final high-

lights correctly identify mistakes or incorrectly identify non-mistakes. A summary measure of

performance is their earned bonus. After the first, third, or fifth paragraph—timing randomly

assigned—workers also complete a psychological scale eliciting emotional states.

Revealed-preference survey outcomes. After workers finish the proofreading task, I elicit

reservation wages via a multiple price list (MPL): workers indicate whether they would like to

participate in a future round of the survey at various wage schedules for the harder and easier

job; the wage in the harder job is always twice the wage in the easier job. “Participation in a

future round” involves being evaluated again and either being promoted or not promoted. One

wage schedule is randomly chosen and workers’ choices are implemented for a random subset of

workers. Workers answer these questions under two conditions: if they would be evaluated by the

same procedure as in the experiment and if their assignment would depend only on whether they

had the highest baseline quiz scores. After each MPL, they report beliefs about the probability that

they will be promoted if they participate with the given evaluation procedure.

In the manager arms only, I also elicit incentivized reservation wages for a collaborative task

with the same manager and workers’ willingness to pay to be able to choose a different manager

to work with. Workers in the manager arms also play a dictator game. They know they may be

randomly chosen to receive a $20 thank-you bonus and choose how much they would want to share

with their manager if they are selected, in which case their choice will be implemented.

Self-reported outcomes. Workers report their interest in future work, job satisfaction, and

whether they would prefer the harder or easier job in the future, and complete self-efficacy scales

for the proofreading jobs and related skills.

Secondary measures of perceived discrimination. Finally, they answer a series of questions

that validate the main measure of perceived discrimination. First, they are asked if they have a

complaint about the promotion procedure and if so, they can describe their complaint in a open-

ended response, which is coded for complaints about discrimination using a similar procedure to

the main measure. Second, they answer multiple-choice questions about whether they would have

been promoted if they were a different race, or a different gender (masked with similar questions

about education and quiz scores); if they say “Yes, I think so” or “Yes, definitely” they are coded as

perceiving discrimination. Finally, they answer incentivized questions about whether they thought

various groups of workers were over- or under-represented (or neither) among promoted workers,
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a measure of perceived discrimination in general rather than against themselves specifically.

2.3 The hiring experiment

The hiring experiment tests how hiring policies affect whether workers perceive discrimination.

Specifically, it identifies the effects of using an algorithm versus a manager and the effect of blind-

ing decision-makers to race and gender when workers see that primarily white men were previously

hired. It takes place in the same constructed online labor market with newly-recruited but similar

workers. The not-hired workers take an experimental survey without any proofreading job, and the

key outcome is perceived discrimination.

3,960 new workers take a shortened baseline survey and then are evaluated by various proce-

dures. There are six treatment arms; four replicate the arms of the promotion experiment (Figure

5). Workers are randomly assigned to be evaluated by a manager or an algorithm and cross-

randomized to arms where the decision-maker knows race and gender or not. Workers evaluated

by a demographic-blind decision-maker are cross-randomized again to either see the avatars, race,

and gender of previous hires or not. Again, workers are evaluated by all four procedures, but

the decision of their randomly-assigned procedure is implemented. Workers are balanced across

treatment arms (Appendix Table A4).

The same managers evaluate these workers as in the promotion experiment. They maintain their

earlier random assignment as demographic-blind or non-blind, and now choose one worker from

groups of forty to do the harder proofreading job. All other workers are offered the experimental

survey without any proofreading job.

The demographic-blind algorithm is the same as in the promotion experiment. The non-blind

algorithm adds interactions of each baseline performance and education predictor variable with the

eight race × gender groups. I aim to proxy a realistic hiring algorithm which would use sufficient

predictors to be able to approximate race and gender. The non-blind algorithm does not observably

discriminate—it meets the same calibration criteria as the demographic-blind algorithm and in fact,

would hire more racial minorities than the demographic-blind algorithm.

When non-hired workers return for the experimental survey, they learn about the proofreading

job, are told they were not chosen for it and see the analogous information about the managers and

algorithms as in the promotion experiment. They then answer the question about what needed to

be different about their profile in order to be hired. They do not subsequently do a proofreading

job, but continue directly to reservation wage elicitations. Finally, they answer questions measur-

ing memory and comprehension of the evaluation procedures and the questions that underly the

secondary measures of perceived discrimination.
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2.4 Experimental fidelity: Attention and comprehension

The mechanism ensuring attention to the information about their evaluation was the open-ended

question, “what do you think needed to be different about your profile to be assigned to the harder

task?” Workers had to answer this question; fewer than 5 percent gave an unexpected reason.

In the hiring experiment, workers also answered comprehension questions about the procedures

at the end of the survey. Around 80 percent of workers in the manager arms knew the managers’

payment structure and around 70 percent of workers in the algorithm arms knew that the algorithm

predicts performance. 88-98 percent of workers knew that the decision-makers did use education

and average quiz-score quintiles represented by stars and did not use age, work history, or how

long they’ve worked on Prolific; this did not vary by treatment group.

In both experiments, workers answered an “attention check” during the final survey section

with unincentivized outcomes. 75 and 80 percent of workers answered the question correctly in the

promotion and hiring experiments, respectively. There is no differential attention across treatment

arms and the results are robust to dropping the workers who failed the attention check (Section 6).

2.5 Generalizability

2.5.1 The Prolific labor market

As described earlier, my constructed labor market on Prolific provides the control needed to iden-

tify the causes and consequences of perceived discrimination without the effects of discrimination

itself biasing the results. Of course, this constructed labor market differs in many ways from tra-

ditional workplaces; it also, however, shares many features with other contexts of interest. Most

importantly, workers are paid for their effort and performance in a cognitively demanding task.

While it is a short-term working relationship—the average (median) worker spent 38 (33) minutes

on the experimental survey—it is much like those characterized by the growing “gig economy.”

About one in six Americans has participated in app-facilitated gig jobs that tend towards a similar

duration. Racial minorities are over-represented in this kind of work and perceived discrimination

may be common; 41 percent of racial minorities say they have felt unsafe while completing these

jobs (compared to 28 percent of white workers) and 22 percent of women (15 percent of men)

report facing unwanted sexual advances on the job (Pew Research, 2021a,b).

That said, the nature of the manager-worker relationship in my experiment has unique features

even among short-term arrangements, in particular the limited “interaction” between managers

and workers. Managers evaluate workers without any direct communication and workers learn

of managers’ decisions with limited information about their manager. This is more akin to per-

ceived discrimination in resume screening, rather than an interview process or internal promotion
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decision. In my baseline survey and more representative samples, perceived discrimination in job

search is more common than in promotion decisions, but perceived discrimination in day-to-day

activities (“micro-aggressions”) is the most common (Appendix Figure A3, Kessler et al., 1999;

Goldsmith et al., 2004). It is ambiguous how my results might change in a setting with repeated

interactions, so this is an interesting avenue for future work.23

A final potential concern is that workers knew they were participating in a research study, and

trust in an employer may be different from trust in a researcher-employer. Again, the role of trust

in people and institutions is an important topic for future research in this area.

2.5.2 Stereotypes about performance in the scientific proofreading task

The scientific proofreading task was chosen, in part, because it is composed of tasks associated

with common gender and racial stereotypes and I anticipated that workers would be more likely to

perceive race or gender discrimination in a domain in which demographics feel decision-relevant.

Which stereotypes workers hold about performance in the scientific proofreading task may

matter for the generalizability of my results. I elicited incentivized beliefs about performance

gaps for different demographic groups in a separate sample of 517 Prolific participants, including

second-order beliefs among women and racial-minority men (like the experimental sample) about

what beliefs they think white men (like the managers) hold.24 I elicit beliefs about performance

gaps in the basic grammar quiz, science knowledge quiz, spelling quiz of scientific words, and

scientific proofreading task and second-order beliefs for the scientific proofreading quiz. The

survey sample, design, limitations, and detailed results are described in the Online Supplement.

Gender stereotypes. Gender stereotypes do differ by domain, but participants are most likely

to anticipate that men out-perform women in all four tasks. The stereotype is strongest for sci-

ence knowledge and weakest for grammar, with spelling scientific words and scientific proofread-

ing falling (rationally) in the middle. Women and racial-minority men anticipate that white men

strongly believe that men would out-perform women in the scientific proofreading task, more so

than they themselves think; women’s first- and second-order beliefs are only very weakly corre-

lated. 82 percent of workers either themselves believe that men out-perform women in the scientific

proofreading task or expect that white men think so (Appendix Table A5). Thus, both the first-and

second-order gender stereotype beliefs that could affect worker behavior in my experiment suggest

that my results are most relevant to male-typed domains.

23Workers may perceive more discrimination if rejection is more personal or less if they have more context. Effects on
behavior may be larger in an interactive setting if they are due to retaliation or distrust, or smaller if there are higher
stakes or more social or organizational supports.

24This survey was run one (two) year(s) after the hiring (promotion) experiment and was not pre-registered; IRB
approval was obtained under Hamilton College’s IRB with ID number F24-002.
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Racial stereotypes. Beliefs about performance gaps are remarkably consistent across all four

domains for Black, Hispanic, and Asian workers compared to White, Non-Hispanic workers. There

is a strongly-held belief that Asian workers out-perform White, Non-Hispanic workers: 95 percent

of participants themselves believe or expect white men to believe that Asian workers perform bet-

ter than White, Non-Hispanic workers in the scientific proofreading task. Participants believe that

there are negative stereotypes against Black and Hispanic workers, but these are not as strongly

held as the negative gender stereotype or the positive Asian stereotype: about two-thirds of par-

ticipants either believe themselves or expect white men to believe that Black or Hispanic workers

under-perform White, Non-Hispanic workers (Appendix Table A5).

Either positive or negative stereotypes are likely to generate more perceived discrimination

upon rejection than there would be in a neutral domain. My analysis focuses on the effects of

perceived discrimination, regardless of its cause, but future work should try to understand more

precisely whether stereotypes affect perceived discrimination and its effects. In the analysis be-

low, I pool Asian, Black, and Hispanic workers as racial minorities, as analyzing the effects on

these groups separately is underpowered. All are numerical minorities in the United States and

workers in all three groups report experiencing (negative) racial discrimination at work in the past

(Appendix Figure A3) and at similar levels in the experiment (Appendix Figure A4).

3 The effects of perceived discrimination

3.1 Estimation

Perceived manager discrimination. To first understand the effects of perceived discrimination in

a status quo setting, I focus on intent-to-treat (ITT) specifications that compare outcomes between

workers assigned to the demographic-blind manager arm and the non-blind manager arm in the

promotion experiment. I estimate the following:

Yi = α +βTi +X ′
δ +H ′

λ + γg + εig (1)

among workers evaluated by a manager, where Ti is one if worker i is in the non-blind manager arm

and zero otherwise; β is the effect of learning that one’s manager saw avatars, race, and gender and

previously promoted mostly white men. γg is fixed effects for workers’ quiz-score quintile group,

X is a vector of baseline worker characteristics and H is a vector describing the education and quiz

scores of the previously-promoted workers seen by worker i.25 The Online Supplement provides

25In the main specification, X includes the pre-registered demographic controls: baseline quiz scores, education,
income, age, employment status, gender, and race. H includes indicators for whether the worker saw one, two, or
three previously-promoted workers with the maximum number of stars possible in their quiz-score group (the rest
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details on the measurement of all control variables. The choice of controls does not affect the main

results (Section 6). Standard errors are robust to heteroskedasticity.

Perceived algorithmic discrimination. Next, I test whether perceived algorithmic discrimi-

nation has the same effects. To do this, I use analogous ITT specifications in the algorithm arm

of the promotion experiment, comparing outcomes between workers who were cross-randomized

to see previously-promoted workers’ race, gender, and avatar and those who did not. Now, Ti in

Equation 1 indicates seeing the demographics of previously-promoted workers; β is the effect of

learning that the demographic-blind algorithm previously promoted mostly white men.

Sample restriction. One threat to the causal interpretation of β as the effect of an intervention

that changes only perceptions of discrimination is that different promotion procedures could have

promoted different types of workers. Since the managers’ and algorithm’s real decisions were

implemented, this could generate differences between the treatment arms among workers who

are not promoted. While the sample size is small, the different procedures do appear to select

systematically different workers: for example, the non-blind manager selects fewer white men

and women than the blind manager or algorithm, and the managers put more weight on having

more than a college degree than the algorithm. To ensure that the only differences between arms

were workers’ perceptions, the experimental design builds in the counterfactual evaluation of every

worker by every procedure. In the main analysis, the sample restricts to workers who would not

have been selected regardless of their random assignment—the workers not promoted under any

procedure. In the promotion experiment, this is 2,080 workers of 2,317. That said, the main results

are similar when I use the restricted or full sample (Section 6).

An instrumental variables (IV) specification. Results that instrument for the main measure

of perceived discrimination with random assignment are in the Online Supplement. These effec-

tively divide the ITT estimates of the effects on behavior by the “first stage” effect on perceived

discrimination. The IV estimates can be interpreted as the effect of perceived discrimination, but

to do so, random assignment must only affect outcomes via its effects on the instrumented measure

of perceived discrimination. This assumption may be violated—for example, only a certain degree

of perceived discrimination may have effects, and this may be more or less frequent than the mea-

sures of perceived discrimination I collect. Of those I collect, the main measure has the largest first

stage, implying the lowest IV estimates. There may be workers who perceive discrimination and

are affected that are not picked up by this measure, in which case the IV estimate may still be an

over-estimate. The ITT estimates are thus the focus in the paper; they represent a lower bound on

the average effects of perceived discrimination caused by my treatments.

had one fewer star) and ten exhaustive and mutually-exclusive indicators for how the experimental-sample worker’s
education compared to the education of the previously-promoted workers they saw. The controls in H were not
pre-registered but do differ by treatment group; the results are the same excluding these controls (Section 6).
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3.2 Manipulation check: Treatment affects perceptions

Perceived manager discrimination. Workers’ perceptions of discrimination strongly depends on

whether they learn that their manager knew demographic information and previously promoted

mostly white men. Figure 6 plots rates of perceived discrimination in each manager arm estimated

using Equation 1 for the full sample and separately by racial minority status × gender.26

Perceived discrimination is uncommon in the demographic-blind manager arm. Only 3 percent

of workers mention demographics when asked about what needed to be different about their profile

in order to be assigned the higher-status job; these workers’ open-ended responses indicate that

they think the manager had more information than was shown in the profiles.

Overall, being in the non-blind manager arm increases the share of workers perceiving discrimi-

nation by 31pp (se=2pp).27 Being in the non-blind manager arm increases perceived discrimination

by 35pp (se=3pp) for white women, 41pp (se=5pp) for racial-minority women, and 19pp (se=4pp)

for racial-minority men. The effect for white and racial-minority women is not statistically signif-

icantly different (p=0.30), but the effect for racial-minority men is significantly smaller than the

effect for racial-minority women (p<0.001). Appendix Figure A4 plots rates in each treatment arm

for each of eight race × gender cells; women generally perceive discrimination at similar rates

regardless of race, as do racial-minority men.28

Results are similar using the secondary perceived discrimination measures (Appendix Table

A6). The magnitude of treatment effects vary, but there is always a large, significant effect of

being in the non-blind manager group and patterns across demographic groups are the same.

White men are not significantly more likely to perceive discrimination in the non-blind manager

arm than the blind manager arm. The few who do seem to have either perceived discrimination on

the basis of age (via gray hair) or been confused. This confirms that, as designed, I am studying

26Heterogeneity by race and gender was pre-registered, along with heterogeneity by past experiences of discrimina-
tion, beliefs about the prevalence of discrimination, and confidence. Gender and race most systematically predict
perceived discrimination, but multivariate regressions with all pre-registered characteristics and other demographics
are in Appendix Figure A16.

27Almost all workers who do not perceive discrimination cite needing more education or higher quiz scores to be
promoted. Being in the non-blind manager arm reduces the share who cite the primary reason being their education
or quiz scores by 11pp and 6pp (26 and 12 percent, se=2pp and 3pp), respectively (Appendix Table A17). The
main measure of perceived discrimination is an indicator for mentioning demographics at all; being in the non-blind
manager arm increases the share of workers who mention demographics as the primary reason they think they were
not promoted from 1 to 19 percent (18pp, se=2pp, Appendix Table A6).

28Why are there such stark gender differences? One potential explanation for the differences in perceived discrimi-
nation rates is that women are seeing primarily (white) men being hired in an environment where they believe that
men are expected to outperform them, whereas racial minority men see white men being hired in an environment
where they either believe they are expect to outperform white men (Asian men) or there are weaker negative stereo-
types than for women (Black and Hispanic men); see Section 2.5.2. However, Asian, Black, and Hispanic men
perceive discrimination at similar rates. Aksoy et al. (2023) similarly find that women are more likely to anticipate
discrimination on the basis of sexual orientation than men.
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the effects of perceived racial or gender discrimination among racial minorities and white women.

Therefore, in the subsequent analysis, I drop the 94 white men from the manager sample when

estimating Equation 1. This was not pre-registered, but does not matter for results (Section 6).

Perceived algorithmic discrimination. Worker perceptions also depend on whether they learn

that the (demographic-blind) algorithm previously promoted mostly white men. No workers per-

ceive discrimination when they do not see the avatars, race, and gender of previously-promoted

workers and are evaluated by a demographic-blind algorithm.29 Learning that the algorithm pre-

viously promoted mostly white men increases perceived discrimination rates by 17pp (se=3pp)

(Figure 7). The effect is 18pp for white women (se=4pp), 26pp (se=7pp) for racial-minority

women, and 9pp (se=4.5pp) for racial-minority men.30 Again, the effects do not differ by race

among women (p=0.30) but among racial minorities, they differ by gender (p=0.02). Confirming

the treatment manipulation, white men do not perceive discrimination and are dropped from the

sample (N=76).

These treatment manipulations were not designed to provide evidence on the causes or preva-

lence of perceived discrimination, but to move perceived discrimination as much as possible to

identify its effects on worker behavior. In the manager arms, the treatment pools learning that

one’s manager knew demographic information with learning that mostly white men were previ-

ously promoted. Comparing rates of perceived discrimination across the non-blind manager arm

and algorithm arm when workers learned previously-promoted workers’ demographic information

pools the effects of using an algorithm, blinding the decision-maker, and the fact that the algorithm

is less less likely to promote three (versus two) white men in the historical sample. Sections 4

and 5 decompose the causal effects of each of these components on worker perceptions in turn.

Relatedly, I do not provide any information about the underlying demographics of the previously-

evaluated cohorts in which white men were very over-represented. Testing the effects of revealing

this information is beyond the scope of this paper but deserves attention in future work.31

29This was not obvious ex ante, given high-profile articles like ‘Amazon scraps secret AI recruiting tool that showed
bias against women’, Reuters. Participants could have inferred bias just from the word “algorithm.”

30Results are similar using the secondary measures of perceived discrimination (Appendix Table A18).
31Most workers in the US presumably have information about the demographic composition of their occupation and

industry, so the high prevalence of perceived discrimination in the population (Pew Research, 2017; Gallup Inc,
2021) suggests many workers may still perceive discrimination if they were provided with this information. A large
literature on base-rate neglect and the representativeness heuristic (Benjamin, 2019) further suggests that some work-
ers in my experiment would likely still perceive discrimination in the non-blind manager arm with this information.
In the context of hiring, Hagmann et al. (2022) show that people largely ignore the demographic composition of a
worker pool when making inferences based on a selected few. This is discussed further in Section 5.
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3.3 Effects of perceived manager discrimination on effort and performance
Perceived discrimination does not affect retention and performance overall, but has negative effects

for women and positive effects for racial-minority men.

3.3.1 Effects of being in the non-blind manager arm

Retention. Workers must proofread six paragraphs to be paid their participation wage, and can

then choose to proofread up to eighteen. On average, learning that one’s manager knew race and

gender and previously promoted mostly white men—being in the non-blind manager arm—has no

statistically significant effect on retention, though the point estimates are negative (Table 2).

Intensive effort and performance. I identify causal effects of treatment on effort and per-

formance in the first six required paragraphs, before treatment can cause differential selection in

or out of the sample. Being in the non-blind manager arm does not affect measures of how hard

workers choose to work: time spent per paragraph (capped at 1 minute) or the number of times

they click on the page (a proxy for whether they check their answers). On average, it increases the

number of correct highlights in the first six paragraphs (Table 3).

3.3.2 Heterogeneity by gender and race

Organizing framework. These effects of perceived discrimination on retention and performance

are expected to operate through cognitive or emotional responses that change the perceived returns

to, or cost of, effort, and there are reasons to think that these responses vary systematically by race

and gender. Workers did not anticipate manager discretion in determining their payment for each

paragraph, so perceived discrimination is not operating through the anticipated monetary returns to

effort.32 Thus, changes in the returns to or costs of effort must be psychological. Captured atten-

tion or stress responses might make effort more cognitively costly (Duquennois, 2022; Schmader

et al., 2008), or lowered confidence or motivation might reduce perceived returns to effort. A phys-

iological “challenge” response might make effort less cognitively costly (Vick et al., 2008), or a

desire to prove the manager wrong might increase the perceived returns.

Perceived discrimination may affect these returns to and costs of effort (and therefore retention,

intensive effort, and performance) in a way that exacerbates existing gender and racial gaps. For

example, gender differences in competitiveness and confidence are known to cause women and

32This was intentionally left ambiguous, but workers did not think this was the case. Towards the end of the survey,
workers were asked the open-ended question, “how do you think it is determined whether you did a “good job”
[and thus are paid for] proofreading these paragraphs?” Fewer than 1.5 percent of workers in either manager arm
mentioned “manager,” “person,” or “people” in their answer and fewer than 5 percent of workers in the algorithm
arm mentioned “algorithm” or “AI.” The most common hypothesis was that there were pre-determined answers to
compare to. While proofreading, workers did not know they might interact with their manager again.
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men to behave differently in the workplace (e.g. Niederle and Vesterlund, 2007; Coffman, 2014;

Coffman et al., 2021). Racial minority and white workers may also react differently when they

perceive discrimination, since racial minorities experience more systematic discrimination in the

workplace (Kline et al., 2021). This familiarity may make the experience either more or less

upsetting for racial minority workers than white workers.

In my sample, race and gender are highly correlated in the expected ways with past experiences

of discrimination, beliefs about the prevalence of discrimination, and confidence and competitive-

ness in the science, grammar, and spelling quizzes collected in the baseline survey (Appendix

Table A7). Race and gender are more weakly correlated with several other demographic variables

like education, income, and employment outside Prolific, which could also affect the cognitive or

emotional effects of perceived discrimination. For example, workers with better outside options

may be less invested in my job and therefore less affected.

This section of the analysis proceeds in two parts. First, I show there is substantial racial and

gender heterogeneity in the effects of being in the non-blind manager arm on retention and perfor-

mance. This documents the important fact that perceived discrimination exacerbates gender and

racial gaps. Then, I show that the other variables related to the potential psychological mecha-

nisms seem to predict these heterogeneous effects by race and gender as expected according to the

framework, but cannot fully explain the race and gender differences. Since my analysis sample is

made up of white and racial minority women and racial minority men, I focus on racial differences

among women and gender differences among racial minorities.

Heterogeneous treatment effects. There are large negative effects on retention for both white

and racial-minority women. In the required paragraphs where selection cannot play a role, racial-

minority women seem to put in more effort, but only somewhat successfully. In contrast, racial-

minority men experience positive performance effects. Figure 8 plots the effect of being in the

non-blind manager arm on the cumulative percent quit, bonus earned, and correct and incorrect

highlights over all eighteen paragraphs, separately by race and gender. I estimate heterogeneous

treatment effects by interacting Ti in Equation 1 with race × gender group indicators.

Retention. Being in the non-blind manager arm causes white women to proofread 0.65 fewer

paragraphs (4 percent, se=0.32), and they are 4pp (70 percent, se=2.2pp, p=0.07) more likely to

quit as soon as they are able. Racial-minority women proofread 0.95 fewer paragraphs (6 percent,

se=0.55, p=0.05) and are 12pp (15 percent, se=5.7pp) less likely to proofread all of the paragraphs.

The effects are not significantly different for white versus racial-minority women. In contrast,

racial-minority men proofread 0.89 more paragraphs, though the estimate is not statistically signif-

icant (se=0.56). The effects on retention for men and women are statistically significantly different

from each other with p<0.02, including when restricting to racial minorities (Appendix Table A8).

Performance. Racial-minority men and women’s performance is affected, while white women’s

24



is not. Being in the non-blind manager arm causes minority men to correctly highlight 1.5 (12 per-

cent, se=0.48) more mistakes in the required paragraphs (Appendix Table A9). They appear to be

more focused, as being in the non-blind manager arm also causes them to click 4.8 fewer times (14

percent, se=2.6, p=0.07) while highlighting mistakes. On the other hand, minority women high-

light about 1.7 more words overall (10 percent, se=0.6), but they are equally likely to be correct

or incorrect (separately, these effects are only marginally significant). The effects on correct and

incorrect highlights for racial-minority women are marginally significantly different from the null

effects for white women (p=0.12). The positive effects on minority women’s correct highlights are

not significantly different from the positive effects for minority men, but the effects on incorrect

highlights are marginally significantly different from the null effects for minority men (p=0.16).33

Consistent with these patterns and the hypothesis that they are driven by psychological mech-

anisms, there is a positive effect of being in the non-blind manager arm on racial minority men’s

psychological well-being—they are less upset, anxious, and discouraged, in particular. Racial mi-

nority women are less motivated, though also less anxious. There is no effect on white women’s

psychological well-being (Appendix Figure A5).34

Mechanisms. As described above, there are many potential psychological mechanisms that

could explain this racial and gender heterogeneity; I find that other variables related to these mech-

anisms do (noisily) predict treatment effects in the expected direction; they cannot, however, ex-

plain all of the observed racial and gender heterogeneity.

First, none of the potential mechanism variables independently predict heterogeneous treatment

effects as robustly as race and gender itself.35 This is unsurprising, as many of the mechanisms

are expected to reinforce each other in generating gender heterogeneity, in particular. Appendix

Figures A6 and A7 show the effects of being in the non-blind manager arm when the effect can

vary by each potential mechanism. Many estimates are consistent with the predictions of the

organizing framework—for example, point estimates suggest a more negative effect on retention

among under-confident workers than over-confident workers—but the effects on retention are only

statistically significantly different from each other when considering gender and race. The positive

33This plays out as one would expect in terms of total earnings. There is a negative but insignificant effect on total
earnings for women and a positive effect for men (Figure 8). If the bonus was a piece-rate per paragraph, the negative
retention effect would correspond to the same reduction in total earnings for women. Instead, earnings depended on
passing a performance threshold in each paragraph, so the change in retention may not correspond to the effect on
total earnings if there is an effect on performance among those who do not quit. Indeed, the ameliorated negative
effect on women’s total earnings suggests that there is some positive effect on performance among the women who
stay, though this can not be quantitatively separated from selection effects.

34There are no overall or sub-group effects on self-efficacy or job satisfaction (Appendix Tables A19 and A20).
35The variables I observe in this sample of workers are confidence in the baseline quizzes, beliefs about the prevalence

of discrimination and experiencing discrimination at work in the past, and proxies for outside options: income,
employment, and having a college degree. Unfortunately, I only observe competitiveness in the hiring experiment,
so I document that there are gender differences in competitiveness in that sample but cannot test whether that explains
the gender heterogeneity observed in effects on retention and performance.
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effect on performance is driven by the over-confident and employed (who are more likely men).

To account for the fact that all of these variables are correlated, I next estimate regressions

that sequentially add interactions of all of the characteristics of interest with an indicator for being

in the non-blind treatment arm, though this is under-powered. While the point estimates on the

interactions of the mechanism variables with the indicator for being in the non-blind manager arm

continue to predict heterogeneous treatment effects in expected ways, the statistically significant

race and gender heterogeneity in the effects remains after accounting for all potential mechanisms

(Appendix Tables A10, A11, and A12).

Robustness. Regardless of why, the key result is that race and gender seem to systematically

predict differential treatment effects on effort and performance. This result is robust to account-

ing for multiple hypothesis testing concerns around the number of dimensions of heterogeneity

tested.36 Appendix Table A13 shows the results of the procedure described in List et al. (2019),

where I account for the four primary outcomes (including future labor supply, discussed next) and

the three race × gender groups considered. The positive effect on performance for racial-minority

men maintains a p-value less than 0.04, but the effects on retention for white and racial-minority

women separately do not maintain conventional significance levels. The gender heterogeneity

results are stronger when pooling all women. The p-value testing whether the effects on the num-

ber of paragraphs proofread is the same for men and women is 0.008 (Appendix Table A8), which

maintains significance at the 10 percent level when multiplied by 10—the number of heterogeneity

groups in Appendix Figures A6 and A7—as a conservative Bonferroni adjustment.

In summary, perceived discrimination affects worker retention and performance but these results

vary significantly by race and gender. Some workers may react by trying to prove themselves to

biased managers, but others disengage. Even if future evaluations are race- and gender-neutral,

perceived discrimination may therefore affect the outcomes of future evaluation via workers’ prior

performance. The results suggest that perceived discrimination may exacerbate racial gaps among

women and gender gaps conditional on race.

3.4 Effects of perceived manager discrimination on future labor supply

Perceived discrimination reduces future labor supply. These effects can be partially explained by

beliefs about lower expected wages but derive primarily from disutility from additional interactions

with a biased manager or employer.37

36The robustness of the overall results to concerns around the number of outcomes is discussed in Section 6.
37The primary analysis of these outcomes comes from the promotion experiment so that the sample is the same as

in the previous section. A subset of these outcomes were also measured in the hiring experiment; this was pre-
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3.4.1 Effects of being in the non-blind manager arm

After workers complete the proofreading job, I remind them of how they were assigned, explain

that some workers will be offered additional work, and elicit reservation wages for these opportu-

nities to be promoted or not promoted using an incentivized multiple price list (MPL). The reser-

vation wages are measured in terms of both the non-promoted piece rate and the promoted piece

rate simultaneously, with the higher piece rate always twice the lower. In other words, each row

of the MPL reflected two wages, e.g. “Earn $0.20 per paragraph if not promoted and $0.40 per

paragraph if promoted.”38 Table 4 shows effects on reservation wages calculated as if all workers

assume the same expected wages in each row, i.e. expected the same probability of promotion.39

I use a 50 percent probability because the average worker in the control group believes this is the

likelihood of future promotion.40 Thus, an effect on this formulation of reservation wages could

be driven either by beliefs about future promotion probabilities or psychological mechanisms like

anticipated disutility. I decompose these channels in Section 3.4.2.

Perceived discrimination increases reservation wages for future work and willingness to pay

for a transparent, unbiased mechanism. Being in the non-blind manager arm increases reservation

wages from 26.5 cents to 28.8 cents per paragraph (2.3 cents, 9 percent, se=1.1) if workers would

be evaluated by the same manager (Table 4). Those in the non-blind manager arm are also willing

to pay an additional 1.2 cents per paragraph (se=0.5) to be evaluated by a cutoff rule in baseline

performance in which there is no potential for future discrimination or interaction with their man-

ager. This willingness to pay, measured as the difference in reservation wages if they would be

evaluated by their manager or the cutoff rule, is economically meaningful: it is 4.5 percent of the

average reservation wage if one anticipates not being promoted in the next round.

Perceived discrimination also reduces workers’ willingness to interact with and generosity to-

wards their manager. Being in the non-blind manager arm increases workers’ willingness to pay to

be able to choose a different manager for the cooperative job by 5 cents per paragraph (23 percent,

se=2.1), though it doesn’t affect their reservation wage to do the job without an option to change

registered as a replication exercise and the results are in the Online Supplement. The results are generally similar,
and described in the text when not.

38Workers were told that one row of the MPL would be randomly selected to determine the wages for future work
opportunities, and that their answer in that row would determine whether they would be evaluated in the future and
offered their assigned (promotion or non-promotion) job at the given wage. They were told that if interest in the
opportunity at a given wage exceeded demand, workers who were interested in the jobs at the randomly chosen
wage schedule would be randomly selected. 200 workers were evaluated and offered one of the two jobs. The full
elicitations for all MPLs in the experiment are in the Online Supplement.

39I follow convention and drop observations in which workers make inconsistent choices indicating they do not under-
stand the question. Effects on retention and performance are similar in this sample (Appendix B).

40This puts this overall reservation wage on the same scale as the variable that accounts for workers’ beliefs about
future promotion in the next section. 50 percent is much higher than the actual promotion rate (which workers had
no information about); a large share of workers guess 50 percent but there is substantial variation.
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managers (Table 5). Workers in the non-blind manager arm are also 4.9pp (9 percent, se=3pp,

p=0.10) more likely to share $0 with their manager of a possible $20 bonus, and share about 29

cents less with their manager, though this is not statistically significant (Table 5).41

Applied to a work context where employees and managers interact on a regular basis, this

response to perceived discrimination could be self-fulfilling—if workers react to perceived dis-

crimination by avoiding their managers or refusing their requests, managers may be less likely to

reward these workers in the future even if they are unbiased. If workers subsequently express anger

at work, the effects may be even more damaging (Porat and Levy Paluck, 2024). If managers are

biased, these effects could even further compound the effects documented by Glover et al. (2017),

who find that workers exert less effort for biased managers because these managers pay them less

attention. Biased managers may also react more negatively to women or racial minorities who

are less cooperative or generous. Overall, both the reduction in future labor supply and poten-

tial follow-on effects to worker retaliation suggest that perceived discrimination would exacerbate

gender and racial gaps in labor supply and promotion relative to white men.

3.4.2 Mechanisms

The effects on willingness to interact with and generosity towards managers, as well as the effects

on retention when no further discrimination is expected, suggest that animus or avoidance may un-

derly the effects of perceived discrimination on worker behavior. The effects on reservation wages,

however, could also be attributed to higher beliefs about the likelihood of future discrimination and

thus lower expected wages. Past work on anticipated discrimination either focuses on the second

channel—lower returns to effort—or does not separate the two.42

Understanding how each channel contributes to the effects of perceived discrimination sheds

light on whether models of anticipated discrimination that focus on changing returns to effort may

be missing a key, psychologically-driven element. Furthermore, large psychological costs would

further amplify the disparate, harmful impacts of a discriminatory labor market on minority-group

workers relative to an analysis that only considered the material costs.

41This “dictator game” measures distributional and retaliatory preferences in this setting. Workers whose managers
did not see demographic information shared on average $2.81 (14 percent of the total) with their manager. A meta-
analysis suggests that workers would have shared around $6 (30 percent) with strangers (Engel, 2011), so even
workers in the demographic-blind manager arm may be retaliating against their managers for not promoting them,
or the hierarchical nature of the manager-employee framing may affect distributional preferences. The effect of
being in the non-blind manager arm is on top of any effect of non-promotion or the manager-employee framing.

42Theory focuses on returns to effort and lab experiments testing these theories randomly assign workers to the dis-
criminated “identity,” potentially making psychological costs less relevant (Lundberg and Startz, 1983; Coate and
Loury, 1993; Fryer et al., 2005; de Haan et al., 2017; Dianat et al., 2020; Campos-Mercade and Mengel, 2024). Ex-
periments studying anticipated identity-based (gender, age, sexual orientation, etc.) discrimination do not separate
(incorrect) beliefs about discrimination from avoidance of psychological costs (Alston, 2019; Charness et al., 2020;
Lepage et al., 2022; Ridley, 2022; Agüero et al., 2023; Aksoy et al., 2023; Avery et al., 2023; Angeli et al., 2024).
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Many papers have linked perceived discrimination to worse psychological well-being and phys-

ical health, with stress as a potential moderator (e.g. Kessler et al., 1999; Pascoe and Smart Rich-

man, 2009; Thoits, 2010; Schmitt et al., 2014), and perceived discrimination at work to lower job

satisfaction, organizational citizenship behavior, and employer loyalty, and higher job search in-

tentions (Ensher et al., 2001; Stainback and Irvin, 2012; Hahn and Wilkins, 2013; Mukerjee, 2014;

Triana et al., 2015). Black workers who report previously experiencing discrimination search for

jobs more widely (Pager and Pedulla, 2015) and controlling for perceived discrimination closes

black-white gaps in labor supply (Goldsmith et al., 2004).

Simple framework. My experimental design disentangles the role of material versus psy-

chological costs in explaining the documented effects of perceived discrimination on future labor

supply by mapping onto a simple framework. In a standard model, perceived discrimination af-

fects reservation wages only through beliefs about the probability of future promotion. Reservation

wages equalize expected utility from work and an outside option, where

Expected utility = π̂U(wH)+(1− π̂)U(wL),

π̂ is beliefs about the likelihood of future promotion, wH is the higher wage if you are promoted,

wL is the lower wage if you are not, and U(w) is an indirect utility function representing utility at

a given wage w when a worker chooses optimal effort. Utility is weakly increasing in the wage.

Let D indicate perceived discrimination in a previous encounter and σ̂ be beliefs about the like-

lihood of future discrimination. In the standard model, perceived discrimination can only lower

expected utility and thus raise reservation wages if beliefs about future discrimination are increas-

ing in perceived discrimination: σ̂ = σ(D), with ∂σ

∂D > 0, and if beliefs about future promotion are

a decreasing function of anticipated discrimination: π̂ = π(σ̂), with ∂π

∂ σ̂
< 0. This simple frame-

work has two implications: (i) when future discrimination is impossible, perceived discrimination

should not affect beliefs about promotion, and (ii) after taking into account any effects on beliefs

about future promotion, there should be no effect of perceived discrimination on reservation wages.

In a richer framework, perceived discrimination could affect expected utility and thus reserva-

tion wages through two other channels. First, beliefs about future promotion may depend on D

independently of σ̂ : π̂ = π(σ̂ ,D); for example, because perceived discrimination changes self-

confidence or trust in the employer. Second, workers may experience or anticipate a cost C(σ̂ ,D)

which can affect expected utility independently of π̂: workers may dislike discrimination or in-

teracting with a biased manager or an employer who hires biased managers, conditional on some

expected promotion probability. The anticipation cost is increasing in σ̂ and D. Altogether, now:

Expected utility = π(σ̂ ,D)U(wH)+(1−π(σ̂ ,D))U(wL)−C(σ̂ ,D).
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Results. The evidence from my setting rejects both implications of the standard model. First,

anticipated discrimination explains about half of the effect of perceived discrimination on beliefs

about the likelihood of future promotion, suggesting that there are other changes in self-confidence

or employer trust, for example. Second, the resulting change in expected utility from wages ex-

plains only 30 percent of the overall effect on reservation wages, though this estimate is noisy. The

effect on disutility C(σ̂ ,D) explains the rest.

First, I estimate effects on beliefs about the likelihood of future promotion, separately when

future discrimination is possible (evaluation by the same manager, i.e. σ̂ ≥ 0) and when it is not

(promotion based on a cutoff rule in baseline performance, i.e. σ̂ = 0). In the standard model there

may be an effect when σ̂ ≥ 0, but not when σ̂ = 0.

Being in the non-blind manager arm increases anticipated discrimination and affects beliefs

about promotion when future discrimination is impossible, though only the former is significant.

Being in the non-blind manager arm lowers beliefs about the likelihood of future promotion by

3.2pp (7 percent, se=1.2pp) when workers would be evaluated by the same manager. About 60

percent of this effect remains after accounting for changes in beliefs about the likelihood of pro-

motion under the cutoff rule. 2pp (se=0.8pp) of the effect of perceived discrimination on beliefs

about the likelihood of future promotion by the same manager therefore comes from increased

anticipated discrimination (Table 6).

Next, I estimate the effects of perceived discrimination on reservation wages, constructed to

account for changes in beliefs about the likelihood of promotion. Any effect on this construction

of reservation wages isolates the role of C(σ̂ ,D). Recall that the reservation wages described

earlier (Table 4) were constructed from the MPL in which each row had both a non-promotion

and promotion wage, assuming that workers had the average worker’s belief about promotion

probabilities. In this case, movement along the MPL can reflect different valuations of the job or

changes in beliefs about the probability of promotion. To isolate changes in valuations of the job

(psychological costs, in my framework), the high and low wages in the MPL are multiplied by

workers’ own belief about the probability that they would be assigned to each type of job. Average

reservation wages in the demographic-blind manager arm using both measures are the same and

the treatment effects can be interpreted on the same scale. Effects on reservation wages constructed

in this way when future discrimination is not possible isolate ∂C
∂D , or distaste for working for an

employer who previously hired biased managers; when future discrimination is possible, effects

can additionally stem from ∂C
∂ σ̂

, or disutility from anticipating additional discrimination.

Being in the non-blind manager arm increases reservation wages for future evaluation by the

same manager (i.e. when future discrimination is possible) by 1.6 cents per paragraph (a 6 percent

increase, se=1 cent, p=0.12) using this construction of reservation wages (Figure 9, top panel),

suggesting that psychological costs are non-zero. Taking the estimated coefficients at face value,
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70 percent of the total effect on reservation wages (2.3 cents per paragraph) is due to psychological

costs, however, there is substantial overlap in the confidence intervals of the two point estimates.

When workers will be evaluated by the cutoff rule, treatment increases reservation wages by

0.7 cents per paragraph after accounting for beliefs (though this is statistically insignificant). Again

taking the point estimates at face value, this means that 44 percent of the overall effect on C(D,σ)

is due to disutility from anticipated discrimination or continued interactions, and the remainder

is due to disutility from continued work for the employer in general. Consistently, being in the

non-blind manager arm reduces whether workers strongly agree that they are interested in future

work for the employer by 5.8pp (9 percent, se=2.9pp); they are also less interested in tasks with

similar assignment procedures, or doing the easy or hard paragraphs in the future, though these

point estimates are not significantly different from zero (Appendix Table A14).

Note that the future work opportunities studied here shut down reasons to avoid future work

driven by direct interactions with the manager in the future—for example, micro-aggressions in

day-to-day interactions—suggesting that the change in reservation wages and role of psychologi-

cal costs documented here may be a lower bound. The large effects on generosity towards man-

agers and willingness to pay to choose a new manager for a cooperative task described earlier are

consistent with this, but cannot be quantitatively benchmarked to these results.

Altogether, these results suggest that the standard model cannot explain the effects of perceived

discrimination on future labor supply. This is consistent with the effects on retention and perfor-

mance which cannot be due to anticipated discrimination. Thus, models of anticipated discrimina-

tion that focus on changing returns to effort may be missing an important, psychologically-driven

element. Discrimination may have even more pernicious effects than previously considered be-

cause it has a direct utility cost. Even if workers face no monetary consequences, perceived or

anticipated discrimination makes them worse off.

3.4.3 Heterogeneous treatment effects

There is not obvious racial or gender heterogeneity in the effects of perceived discrimination on

future labor supply. Being in the non-blind manager arm increases all workers’ willingness to

pay to avoid their manager and causes retaliation, though minority men are more retaliatory and

white and racial minority women are more avoidant (Appendix Table A15). This suggests that the

effects of perceived discrimination on labor supply would exacerbate gender and racial gaps across

the board for under-represented groups in STEM, relative to their white male counterparts.

Certain workers may still experience larger psychological costs of perceived discrimination or

expect more discrimination (even after accounting for their stated beliefs about the future likeli-

hood of promotion). These are workers who think discrimination is more prevalent in general or
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report experiencing discrimination at work in the past. Workers with better outside options may

also be more avoidant or retaliatory if they are less reliant on their income from Prolific.

The proxies I observe for all of these characteristics do not, however, predict significant het-

erogeneity in the effect of being in the non-blind manager arm on workers’ reservation wages,

willingness to pay for an unbiased mechanism, cooperative task reservation wage, or willingness

to pay for a new manager. Point estimates suggest that all workers want to avoid future interactions

with biased managers. However, some workers are more retaliatory than others in expected ways.

Those who have above-median beliefs about the prevalence of discrimination in general, who re-

port experiencing discrimination in the past, who are over-confident, and who have a college degree

are much more retaliatory (Appendix Figures A8 and A9 show results for each characteristic indi-

vidually; results accounting for them all simultaneously are similar and available upon request).

Together, the results so far show that perceived discrimination has quantitatively important effects

on worker behavior and subsequent outcomes. These effects would exacerbate gender and racial

gaps. Addressing the disparate impacts of discrimination therefore requires addressing worker

perceptions alongside discrimination itself. In addition to these equity concerns, these results

show that employers face an efficiency rationale to reduce perceived discrimination or mitigate its

effects. They could improve retention and worker-manager cooperation by doing so.

3.5 Effects of perceived algorithmic discrimination

Hiring and promotion decisions are increasingly based on algorithmic screening (Cowgill, 2020;

Jarrahi et al., 2021). Workers do perceive algorithmic discrimination in the experiment—even

when they know the algorithm did not have access to race and gender (Section 3.2)—so I can test

whether workers’ reactions to perceived algorithmic discrimination are similar to their reactions to

perceived manager discrimination. People are less morally outraged by depictions of algorithmic

bias than human bias and are less likely to attribute algorithmic bias to prejudice (Bigman et al.,

2023); if the effects documented so far are due to perceived prejudice rather than perceived dis-

crimination, they may not arise when workers perceive algorithmic discrimination. On the other

hand, if perceived discrimination affects workers through a stress response or attention capture,

there may still be negative effects. The effects of perceived algorithmic discrimination seem to be

negative, but differ from the effects of perceived manager discrimination in ways that are consistent

with these contrasting psychological drivers.
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3.5.1 Retention and performance in the proofreading task

Learning that the demographic-blind algorithm previously promoted mostly white men has, if

anything, a positive effect on retention. The positive effects on the number of paragraphs proofread

and whether workers proofread any optional paragraphs are statistically significantly different from

the negative effects of being in the non-blind manager arm with p<0.07 (Figure 10, Row 1).

On the other hand, learning that the demographic-blind algorithm previously promoted mostly

white men negatively affects performance in the required paragraphs. Learning that the demographic-

blind algorithm previously promoted mostly white men causes workers to correctly highlight 0.67

fewer words (4.5 percent, se=0.4, p=0.09) and earn 6.2 cents less (7 percent, se=3.7 cents, p=0.09).

These effects are statistically significantly different from the effect of being in the non-blind man-

ager arm with p<0.05 (Figure 10, Row 3).

3.5.2 Future labor supply

Learning that the demographic-blind algorithm previously promoted mostly white men has no sig-

nificant effect on reservation wages or willingness to pay for the unbiased cutoff, but the point

estimates are positive and not statistically distinguishable from the positive effects in the manager

arms (Figure 10, Row 4). These smaller, less distinguishable effects may be due to the fact that

there is a smaller, insignificant effect of learning that the demographic-blind algorithm previously

promoted white men on beliefs about future promotion or anticipated discrimination (Figure 10,

Row 5). In the hiring experiment, however, perceived algorithmic discrimination did significantly

increase anticipated discrimination and reservation wages for future work (as did perceived man-

ager discrimination). In this case, there was no role for beliefs about the likelihood of being hired

to affect reservation wages and the entire effect would be due to psychological costs. Thus, the

anticipated psychological costs of algorithmic and manager discrimination may be similar.43

In summary, the use of algorithmic hiring procedures changes the effects of perceived discrimina-

tion but the effects are still negative. These results are relatively imprecisely estimated (the sample

is half the size, and random assignment generates less of a difference in perceived discrimination

rates). Taken at face value, however, they are consistent with the idea that workers react differ-

ently to perceived prejudice than they do to perceived discrimination (Bigman et al., 2023) but

that perceived discrimination absent prejudice can still trigger stress responses or attention cap-

ture: workers do not disengage in the same way during the task, but experience negative effects
43These beliefs and reservation wages were the only outcomes collected in the hiring experiment that related to worker

behavior. The Online Supplement describes these results, which were pre-registered as a replication exercise. The
effects of perceived algorithmic discrimination are much better powered in the hiring experiment.
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on their performance and future labor supply. That said, many other things are different about

perceived human versus algorithmic discrimination; other potential explanations are differences in

who perceives discrimination and heterogeneous treatment effects, the fact that algorithms cannot

themselves “benefit” from workers’ effort, or the fact that an algorithm cannot be “proven wrong.”

Overall, perceived manager and algorithmic discrimination negatively affect workers and firms

face incentives to reduce perceived discrimination rates. The next two sections test how they might

achieve this by changing their hiring or promotion policies.

4 Effects of minority-group representation on perceptions

A key input to workers’ beliefs about experiencing discrimination in my context is their reaction to

the information that primarily white men were promoted in the past. While there are many reasons

that firms may want to increase diversity in their organizations (e.g. Niederle et al., 2012; Gompers

and Kovvali, 2018), one under-explored potential benefit is reducing perceived discrimination and

its subsequent effects. If greater minority-group representation signals a less-biased manager or

algorithm, workers should perceive less discrimination when they see more representation.

The promotion experiment allows me to test how workers’ beliefs about discrimination change

when they see that one, rather than zero, of the three previously-promoted workers is not a white

man. I do this holding fixed the information that workers have about the promotion procedure—in

other words, only the outputs of the procedures change, not the procedures themselves.

4.1 Estimation

I estimate the effects of minority-group representation by comparing workers who saw that three

white men were previously promoted to those who saw two white men and someone else. There

is truthful, random variation in the demographic composition of the previously-promoted workers

that each worker saw due to the random assignment of workers to managers and to groups of

historical workers that were jointly evaluated by the algorithm (see Figure 3).

In the manager arms, workers were randomly assigned to managers, who made different (true)

choices among historical workers. In the non-blind manager arm, 45 percent of workers were

randomly assigned to managers who had previously promoted three white men and 55 percent

were assigned to managers who had promoted two white men and someone else.

In the algorithm arm, workers were randomly assigned to groups of historical workers who

had been jointly evaluated by the algorithm; in some groups three white men were promoted and
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in others it was two white men and someone else. When workers learned previously-promoted

workers’ demographic information, 33 percent saw three white men and 67 percent saw two white

men and someone else.44 Workers who see that two versus three white men were previously

promoted are observably similar (Appendix Table A16). I estimate the following:

Di = α +δ13WMi + γ1T M
i +β1T M ×3WMi +θ1Ai +δ2A×3WMi

+ γ2T A
i +β2T A ×3WMi +X ′

δ +H ′
λ + γg + εig,

where 3WMi is an indicator for being randomly assigned to a group in which three white men

were previously promoted, T M
i is an indicator for being evaluated by a non-blind manager, Ai is

an indicator for being evaluated by the demographic-blind algorithm and not learning previously-

promoted workers’ demographics, and T A
i is an indicator for being evaluated by the demographic-

blind algorithm and learning previously-promoted workers’ demographics. Di indicates perceiving

discrimination. All other variables are the same as previously.

The effect of seeing that only white men were previously promoted is β1 when workers were

evaluated by a non-blind manager and β2 when workers were evaluated by a demographic-blind al-

gorithm. These are the primary coefficients of interest. δ1 and δ2 should both be zero, as perceived

discrimination rates among workers who did not see previously-promoted workers’ demographics

should not depend on the demographics of those workers.

As in all previous analysis, the sample is restricted to workers who would not have been pro-

moted under any procedure, and standard errors are robust to heteroskedasticity. This analysis

continues to drop the small sample of white men, but the results are unchanged if white men are

included.45 Note that this analysis was not pre-registered (see Section 6).

4.2 Results

More representation of women and racial-minority men among previously-promoted workers sub-

stantially reduces perceived discrimination, even when managers or algorithms could have dis-

criminated. Seeing one minority-group member among the three previously-promoted workers

reduces rates of perceived discrimination by 19pp (41 percent, se=4pp) in the non-blind manager

arm and by 15pp (48 percent, se=5pp) in the algorithm arm when workers see previously-promoted

workers’ demographics (Figure 11).46

44This split is different than in the manager arms because the algorithm was less likely to hire three white men—the
key is that within each arm, whether workers saw two or three white men being promoted was random.

45White men may perceive “reverse racism” when more minority-group members are hired (Norton and Sommers,
2011), but my data does not provide an opportunity to test this because the sample of white male workers is so small.

46This additional dimension of random variation in perceived discrimination provides another avenue to test the effects
of perceived discrimination. This analysis is underpowered and not pre-registered, but generally consistent: seeing
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Whether the previously-promoted minority-group worker is of the worker’s same demographic

group also matters. I add indicators for seeing one previously-promoted worker from a work-

ers’ own demographic group and the corresponding interactions to the above regression. In the

non-blind manager arm, seeing one previously-promoted minority-group worker from a different

demographic group as oneself reduces perceived discrimination from 44 to 34 percent relative to

seeing three white men (a 10pp difference, se=4pp). This is consistent with theory and evidence

for “stigma transfer:” when presented with information that an actor is prejudiced against one

demographic group, it is common for other stigmatized groups to feel threatened (Sanchez et al.,

2017, 2018). In my case, evidence that an actor is not prejudiced against a given group also seems

to transfer across groups. That said, seeing one minority-group member from one’s own group has

twice the effect: this reduces perceived discrimination by an additional 18pp (se=5pp). The same

occurs in the algorithm arm (Appendix Figure A10).47

These results do not suggest that improving minority-group representation by any means nec-

essary is a silver bullet to issues of perceived discrimination. They do suggest that study of other

policies concerned with minority-group representation—e.g affirmative action—should consider

the channel of perceived discrimination and perceptions of the policy more broadly. Reducing

initial perceived discrimination (e.g. in hiring) without reducing actual discrimination (e.g. in

day-to-day activities) would likely backfire. Majority-group backlash to these types of policies

may exacerbate this issue (Norton and Sommers, 2011; Jardina, 2019; Leslie, 2019) and should

be measured as well. This relates to why initiatives to improve diversity and inclusion (including

employee buy-in) occur in parallel (e.g. Hrala, 2022).

5 The effects of anti-bias policies on perceptions

Changing the outcomes of existing hiring and promotion procedures is likely to be difficult in

settings where minority-groups are highly under-represented, as explicit affirmative action and

related diversity initiatives are increasingly contentious (e.g. Sorkin et al., 2023). Firms may be

able to more easily change what types of information decision-makers have about candidates or

how the decision is made (by a manager, algorithm, or in combination).48 The results in the

previous section suggest that if these new procedures hire or promote more diverse candidates,

that three white men were previously promoted increases perceived discrimination and amplifies the magnitude of
the effects of being in the non-blind manager arm in the direction of the average effects on worker behavior.

47The conclusions are largely similar when estimated separately for each demographic group, though sample sizes per
arm become small and results are therefore quite imprecise; they are available upon request. The main difference is
quite rational: racial-minority women share some identity with either of the other groups in this context, and seem
to be more responsive to seeing members of a different minority group than white women or racial-minority men.

48They could also try to de-bias managers explicitly, but this may be difficult (Chang et al., 2019; Paluck et al., 2020).
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their implementation is likely to reduce perceived discrimination rates. In many settings with low

diversity in applicant pools, however, even de-biasing procedures may not lead to more minority-

group representation in the short run. Thus, to mitigate the effects of perceived discrimination, it

is important to understand how workers perceive discrimination under different hiring procedures

if there continues to be minimal minority-group representation.

Firms are also increasingly turning to algorithmic decision-making to reduce hiring costs or

improve employee fit, in some cases at the expense of diversity rather than with diversity as a goal.

Academic and popular opinion often focuses on the potential for algorithms to “bake-in” human

biases, though they also have the potential to reduce the prevalence of discrimination in the long

run (e.g. Kleinberg et al., 2018; Obermeyer et al., 2019; Kleinberg et al., 2020; Raghavan et al.,

2020). Little is known, however, about how workers perceive algorithmic bias, specifically.49

5.1 Estimation

The hiring experiment cross-randomized workers to be evaluated by a manager or algorithm who

either knew demographics or not, and further cross-randomized workers evaluated by a demographic-

blind decision-maker to either learn the demographics of previously-promoted workers or not. I

estimate the following:

Di = α +ηAlgi +θ1BAi +θ2NBi +χ1BA×Algi +χ2NB×Algi +X ′
δ +H ′

λ + γg + εig,

where Algi is an indicator for being randomly assigned to be evaluated by an algorithm rather than

a manager, BAi is an indicator for being randomly assigned to be evaluated by a demographic-

blind decision-maker and to see previous hires’ avatars, race, and gender, and NBi is an indicator

for being evaluated by a non-blind decision-maker and seeing previous hires’ avatars, race, and

gender. Di indicates perceiving discrimination. All other variables are the same as previously.

The effect of being evaluated by an algorithm is η when decision-makers are demographic-

blind and workers do not know previous hires’ race and gender, and χ1 (χ2) when the decision-

maker is demographic-blind (non-blind) and workers know that previous hires were mostly white

men. The effect of learning that a demographic-blind manager previously hired mostly white men

is θ1 and the effect of learning that a manager knew race and gender is θ2 − θ1. The effect of

learning that a demographic-blind algorithm previously hired mostly white men is θ1 +χ1 and the

effect of learning that an algorithm used race and gender is θ2 −θ1 +χ2 −χ1.

The hiring experiment specifically tests whether introducing unbiased evaluation procedures

is sufficient to reduce perceptions of discrimination when minority-group workers still do not see

49Whether people judge humans or algorithms as more “fair” depends on the definition of fairness (Lee, 2018; Kaibel
et al., 2019; Acikgoz et al., 2020; Newman et al., 2020; Noble et al., 2021; Zhang and Yencha, 2022).
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themselves represented among previously-promoted workers. That is, the unbiased procedures

have not led to any observable changes in decision-making—a realistic outcome when minority-

groups are severely under-represented. In the hiring experiment, almost all workers saw exclu-

sively white men being hired by design. In the main analysis, the above regression is estimated

only on those workers (a random subset, as in the promotion experiment).50

Like the promotion experiment, the hiring experiment facilitates the counterfactual evaluation

of each worker by every procedure and the sample restricts to workers who would not have been

hired regardless of their random assignment (1,934 of 2,054 in the subset seeing all white men).

Results are similar with the full sample. Standard errors are robust to heteroskedasticity. The

results do not depend on any of these specification decisions (Section 6).

5.2 Results

Changing hiring procedures in a way that reduces or eliminates the scope for human bias to af-

fect decisions cannot eliminate perceptions of discrimination when workers see that only white

men were previously promoted. Figure 12 plots rates of perceived discrimination in each treat-

ment arm in the hiring experiment estimated using the main specification. No workers perceive

discrimination in the demographic-blind manager or algorithm arms where workers do not see

previously-promoted workers’ demographics, so I focus on the other arms.

Workers perceive more discrimination by algorithms than managers. When decision-makers

see workers’ avatars, race, and gender and workers know all previous hires were white men, 52

percent of workers evaluated by a manager perceive discrimination, and workers evaluated by an

algorithm are 10pp (se=5pp) more likely to perceive discrimination. This difference is similar

when decision-makers do not know demographics (a 9pp difference, se=4pp).

Blinding decision-makers to demographics reduces perceived discrimination, but not nearly to

zero when workers know that all previous hires were white men. Specifically, blinding decision-

makers reduces perceived discrimination by 11pp (21 percent, se=5pp) and 12pp (19 percent,

se=3pp) when workers are evaluated by managers and algorithms, respectively, but 42 percent

and 51 percent of workers still perceive discrimination.

The directional effects of algorithmic decision-making and blinding decision-makers to demo-

graphics are similar, though not always statistically significant, using the secondary measures of

perceived discrimination (Appendix Figure A11). Like in the promotion experiment, the levels of

these secondary measures vary but are correlated with the main measure.

50Results for the full sample are similar but conflate perceptions of procedures with minority-group representation.
(Appendix Figure A17). The procedures are differentially likely to hire entirely white men in the historical sample;
this affects perceived discrimination rates in the same ways as observed in the promotion experiment.
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The high rates of perceived discrimination that persist when decision-makers are demographic-

blind are due to workers not attending to or believing this information. While 49-58 percent of

workers in the other four arms correctly identify the information that their manager or the algo-

rithm knew when making hiring decisions, only 6 (16) percent of workers do so when they are

evaluated by a demographic-blind manager (algorithm) if they see previous hires’ avatars, race,

and gender. They are more likely to be incorrect precisely because they think the decision-maker

knew their race and gender. 95-97 percent of workers correctly identify that the non-blind manager

and algorithm knew race and gender, but 87 (70) percent of workers incorrectly think so when they

are evaluated by a demographic-blind manager (algorithm) but see that the previously-promoted

workers are all white men (Appendix Figure A12). This does not seem to be due to differential

inattention or general confusion; Section 2.4 shows that attention and all other comprehension is

high and similar across treatment arms.

Potential confounds. That said, I cannot separate disbelief or motivated reasoning from dif-

ferential forgetfulness or confusion about this particular decision input. The information about

decision inputs and who was previously promoted were communicated similarly, with workers

shown their own evaluated profile separately from the profiles of the previously-promoted work-

ers. This was meant to help workers attend equally to the decision inputs and outputs, but may

not have been successful. Workers may continue to perceive discrimination when managers are

blinded because workers do not realize they are blinded, which may not be generalizable to other

settings. An alternative is that workers do not believe that the decision-makers were blinded, im-

plying that trust in employers may be an important mediator.

Potential psychological mechanisms. Despite potential confounds, there are also two well-

documented psychological mechanisms that may help explain workers’ belief that the managers

were biased even when they are told that the manager did not know their race or gender: the rep-

resentativeness heuristic and attribution bias. The representativeness heuristic is the predisposition

to assume that events that are “representative” are also probabilistically likely (e.g. Kahneman and

Tversky, 1972; Bordalo et al., 2021). In this case, workers have seen a decision that “looks like”

discrimination, and thus jump to the inference that discrimination played a role in the decision.

Another possible explanation is attribution bias, specifically the fundamental attribution error (e.g.

Ross, 1977; Ross and Nisbett, 1991): when evaluating other people’s behavior, people put more

stock in the role of individual personality traits than the potential role of situational factors. In this

case, this would be the attribution of the decision to hire only white men to manager bias rather

than thinking of other situational possibilities, like an overrepresentation of white men in the appli-

cant pool. If driven by either psychological mechanism, the result that workers think that blinded

managers knew demographic information would be interpreted as an incorrect cognitive encoding

of information to make their perception of discrimination plausible and internally consistent.
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Taking together the results from Sections 4 and 5, there are several implications for settings where

some demographic groups are severely under-represented. First, anti-bias policies—like transi-

tioning to blinded algorithmic screening or censoring demographic identifiers from resumes before

manager review—may slightly reduce perceptions of discrimination on their own, but workers may

still be likely to perceive that discrimination played a role if there is no change in the demograph-

ics of workers who are hired. On the other hand, if they improve minority-group representation,

they may be more effective at reducing perceived discrimination. These results show that increas-

ing minority-group representation from 0 of 3 to 1 of 3 cuts rates of perceived discrimination in

about half in this setting, but cannot speak to the degree of representation that is needed to ob-

tain more favorable perceptions of hiring procedures. Research on reactions to tokenism—when

a small number of members of a disadvantaged group are seated in positions of power—suggests

that there is likely some such threshold (e.g. King et al., 2010; Anisman-Razin and Saguy, 2016).

On the other hand, people tend to overestimate diversity when seeing a few members of minority

groups (Kardosh et al., 2022), so representation rates may not need to reach parity.

Taking together the results from Sections 3.5 and 5 yields important considerations regarding

the proliferation of algorithmic hiring and promotion procedures. If workers cannot be convinced

that algorithms are demographic-blind, their use is likely to increase perceived discrimination

rates. Since perceived algorithmic discrimination has negative effects on worker performance and

future labor supply, the transition to algorithmic decision-making is unlikely to be a solution to

disparities caused by perceived discrimination.

6 Robustness

The results in Sections 3, 4, and 5 are broadly robust to accounting for standard concerns with ex-

periments in general and survey experiments in particular. This section provides a broad overview

of these analyses; Appendix B provides details and corresponding tables and figures.

Multiple hypothesis testing and randomization inference. The statistical significance of

my results does not change when I relax the normality assumptions associated with asymptotic

standard errors and instead use treatment randomization to estimate the distribution of treatment

effects under a null hypothesis of no treatment effect (Fisher, 1935; Rosenbaum, 2002). The same

is true when I account for multiple hypothesis testing given the number of outcome variables using

a Romano-Wolf (2005; 2016) correction, with the exception of the negative effect of perceived

algorithmic discrimination on worker performance.

Attrition and attention. There is no differential attrition or attention that can explain my
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results. Section 2.4 discusses overall experimental fidelity and shows that worker attention and

comprehension was high overall. The specification charts described next show that the results are

generally robust to dropping workers who failed the attention check.

Specification choices. The appendix includes specification charts that iterate over every com-

bination of specification choices. The effects of perceived manager discrimination and the effects

of minority-group representation and anti-bias hiring procedures on perceived discrimination rates

are unchanged if I restrict the sample to workers who passed the attention check or expand the

sample from workers who would not have been promoted or hired under any procedure to the full

sample. The only non-robust result is that the effects of perceived algorithmic discrimination on

performance and retention are closer to zero and statistically insignificant when restricting to those

who passed the attention check.

All four sets of results are very stable regardless of the control variables used, consistent with

effective randomization and lack of observable differences between treatment arms. The results

are robust to replacing the specifications with the exact pre-registered specification, using lasso-

selected control variables (Chernozhukov et al., 2018), or using no controls.

Experimenter demand effects. The experimental surveys asked workers to indicate what they

thought the survey was about at multiple points throughout the survey (timing was random) in an

open-ended text response. I use coded measures of whether they think the study is about dis-

crimination (described in the Online Supplement) to understand the extent to which experimenter

demand effects—differential knowledge of the study purpose and resultant changes in worker

behavior—could explain my main results. While there were differences across treatment arms

in the share of workers who believed the study was about discrimination, the rates at which work-

ers did so remained low until after the more explicit measures of perceived discrimination were

elicited at the very end of the survey. To test whether these differences affected worker behavior

in a way that explains my treatment effects, I bound my results by replacing outcome variables

with higher or lower values for workers who believed the topic of the study was discrimination. I

replace the worker behavior outcomes with plus or minus 0.2sd of the variable in the control group

(following the results in de Quidt et al., 2018), and I replace the perceived discrimination outcome

with 0 or 1—providing more conservative bounds since this outcome was not incentivized.

The effects of perceived discrimination on worker behavior are unchanged by this exercise.51

The effects of changing hiring procedures and the effect of minority-group representation on per-

ceived discrimination fall by up to half when replacing the perceived discrimination measure with

zero for workers who believe the study is about discrimination, but generally remain significant.

The conservative interpretations are that increasing minority-group representation cuts perceived

discrimination rates by 25 percent (rather than 45), using an algorithm increases perceived dis-

51In prior work, workers do not change their behavior when told a study’s purpose (Mummolo and Peterson, 2019).
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crimination by about 15 percent (rather than 20), and blinding decision-makers reduces perceived

discrimination by 8-10 percent (rather than 20).

Multiple price list elicitations. The four measures of future labor supply were based on mul-

tiple price list-style elicitations of reservation wages and willingness to pay in terms of foregone

wages. These were incentivized following the literature by telling workers I would randomly

choose one row of the list and implement randomly-chosen workers’ choices for that row, though

the incentives were relatively low-powered as workers could report low reservation wages and then

choose to not take the job if offered later. However, only 10-15 percent of workers answered “I

would want the job at this wage” for all wages and the results are robust to dropping these workers.

In the main results, I follow the literature by dropping any worker who does not respond to the

MPL questions in a sensical way; Appendix B describes these workers and shows that the main

results are robust to dropping these workers from all analyses.

Deviations from Pre-Analysis Plan. I posted detailed pre-analysis plans before each experi-

ment, and follow them closely. Here, I outline the main deviations; Appendix B describes details

and smaller deviations.

The primary deviation was to exploit random variation in the fraction of previously-promoted

workers that were white men, which was built into the original experimental design by randomly

assigning workers to managers and jointly-evaluated groups of historical workers. I did not an-

ticipate the amount of variation in the composition of previously-promoted workers. Given that

(i) there was substantial variation and (ii) the effect of minority-group representation on perceived

discrimination is an important comparison to the effects of procedural changes, I include these

results prominently in the paper.

There were also two deviations related to recruitment. First, in the promotion experiment

I planned to more substantially over-sample racial minorities. I was unable to recruit the pre-

registered number of racial minorities on Prolific. That said, I am still able to test for racial and

gender heterogeneity and obtain moderately precise results. Second, in both experiments, the

sample size of workers offered the experimental survey is 91-93 percent of pre-registered sample

size. This is due to difficulty in recruiting managers and in bringing them back to participate in the

second and third rounds of worker evaluations.

Finally, in the main analysis I drop the white men in the promotion experiment since the treat-

ment did not generate perceived racial or gender discrimination in this sample (as intended), though

this was not pre-registered. The results are unchanged if I include these workers.
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7 Conclusion

This paper shows that addressing the disparate impacts of discrimination will require addressing

worker perceptions in addition to discrimination itself. Perceived discrimination affects retention,

performance, and future labor supply in ways that exacerbate gender and racial gaps caused by

discrimination itself. Workers are also willing to pay to avoid discrimination—beyond just its

expected economic consequences—implying that a discriminatory labor market has disparate psy-

chological costs as well as material ones.

While employers stand to benefit from higher retention and easier or cheaper recruitment by re-

ducing perceptions of discrimination, I show that it is likely going to be difficult to do so purely by

implementing anti-bias procedures in contexts where minority-group workers are severely under-

represented, unless they are very effective at increasing minority-group representation. Reducing

biased decision-making itself is of course the right place to start—and changing worker percep-

tions without changing actual bias is likely unsustainable. But just changing procedures so that

they have less potential for bias—in this case, blinding decision-makers to race and gender or us-

ing unbiased algorithms—at best only mildly reduces perceived discrimination if the outcomes of

those procedures remain the same and decisions continue to “look like discrimination.” Increased

diversity may be a more promising tool, and perceptions of discrimination under affirmative ac-

tion or other diversity initiatives warrant future study. In addition, when thinking about a standard

workplace, one must consider perceptions of bias in other interactions and procedures in tandem

with changing actual or perceived bias in hiring or promotion practices.

These results also offer other interesting avenues for future research on perceptions of dis-

crimination. I studied particular anti-bias tools and communicated with workers about them in a

particular way, but this leaves open the question of whether workers can be encouraged to trust in-

formation about de-biased decision-making—unbiased algorithms in particular. On the other hand,

my results suggest that beliefs about discrimination may be difficult to change. In that case, it will

be important to study whether firms can mitigate the negative effects of perceived discrimination

by encouraging workers to report such concerns and taking them seriously, as well as whether

there are psychological or behavioral interventions that might help workers overcome the effects

of perceived discrimination that later put them at a disadvantage.
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Figure 1: Experimental design of the promotion experiment

Worker Evaluation

Non-blind manager

Baseline Survey

Demographic-blind 
manager

Algorithm 
(demographic-blind)

92.5% are not promoted by their randomly assigned 
procedure. These workers are offered the easier job 

(i.e. experimental survey). 

Workers see 
avatars

7.5% are promoted 
by their randomly 

assigned procedure 
and thus offered 

harder job 

Simultaneously, 
evaluated by the 

other two 
(non-assigned) 
mechanisms to 

generate 
counterfactual data

Workers don’t 
see avatars

Neither manager 
or workers see 

avatars

Manager and 
workers see 

avatars

Analysis: Restrict to workers who would not have been promoted by any of the three mechanisms 
(90% of workers who take experimental survey)

N=⅙ N=⅙ N=⅓  N=⅓  

Note: This figure describes the design of the promotion experiment. The baseline survey includes grammar, science, and spelling
quizzes and confidence in each, demographics, work history, and past experiences of and beliefs about the prevalence of discrim-
ination. The set-up for workers in the historical sample was similar, except that only one worker in the non-promoted group was
offered the easier job. The design of the hiring experiment was the same except that workers were assigned to be evaluated by one
of four procedures, and 97.5% of workers were not hired under their randomly assigned procedure (see Figure 5).
[Click to return to Section 2 (Research Design)]



Figure 2: Timeline of study

Recruit “historical sample” workers (N=1800)
(85% white men; 7% white women; 5% non-white men, 3% non-white women)

Recruit managers (N=75) and randomly assign to two groups
(100% white men)

Recruit main promotion sample workers (N=3240)
8% white men; 51% white women; 21% minority men, 21% minority women

Implement manager decisions for all promoted workers (offer harder job) 
and one (random) non-promoted worker (offer easier job)

Algorithms 
evaluate all 

workers
Evaluate 24 historical 
worker profiles with 

demographics

Evaluate 24 historical 
worker profiles without 

demographics

Train algorithms on pilot data from 500 workers who complete
 baseline survey and harder proofreading job

Pre-experimental setup of labor market:

Promotion Experiment:

Bring back same managers and use same algorithms to evaluate workers

Hiring Experiment:
Recruit main hiring sample workers (N=3960)

72% white women; 13% minority men, 15% minority women

Carry out experimental design, with information about who randomly assigned 
procedure chose to do harder job in historical sample

Incentivize reservation wages (both experiments):
Offer randomly selected workers more work opportunities based on their 

responses in incentivized reservation wage and willingness to pay elicitations

⦚⦚
⦚⦚

⦚⦚

Bring back same managers and use same algorithms to evaluate workers

Carry out experimental design, with information about who randomly assigned 
procedure chose to do harder job in historical sample

Note: This figure describes the dynamics of the labor market created on Prolific to generate repeated interactions with workers and
managers. The pre-experimental setup describes the recruitment of the historical sample and managers. The same managers were
brought back to evaluate the workers in the experimental samples. The main difference between the historical and experimental
samples was the demographic composition, in order to approximate a scenario in which under-represented workers saw that their
manager had mostly promoted workers from the majority group in the past. After the conclusion of the experiment, randomly-
selected workers are offered additional proofreading jobs that implement the scenarios in the reservation wage and willingness to
pay elicitations.
[Click to return to Section 2 (Research Design)]



Figure 3: Treatment arms in the promotion experiment

Net out any differences in 
education and scores 

Net out any differences in 
education and scores 

Workers see profiles:

AlgorithmHuman Manager

Demographic-blind Demographic-blindNon-blind
Workers see profiles:

Effect of learning that your manager knew race and 
gender and previously promoted mostly white men 

Effect of learning that the algorithm 
previously  promoted mostly white men 

Workers see profiles:

Effect of more minority representation 
among previously promoted workers

Effect of more minority representation 
among previously promoted workers

Workers see profiles:

Note: This figure illustrates the treatment arms in the promotion experiment and how they are used to answer various research
questions. Randomization is indicated by gray arrows. In the manager sample, workers are randomly assigned to managers. Some
previously promoted three white men, some promoted two white men and someone else; this is uncorrelated with other manager
characteristics. In the algorithm sample, workers are randomly assigned to groups of workers jointly evaluated by the algorithm
(analogously to how the managers jointly evaluated groups of workers). Similarly, in some groups, three white men were previously
promoted, and in others, it was two white men and someone else.
[Click to return to Section 2 (Research Design)]



Figure 4: Treatment variation in manager groups

In non-blind manager group: 

In demographic-blind manager group:

Note: This figure shows what workers saw about their manager, regardless of whether their manager
saw avatars, race, and gender or not, and the information they saw about the workers their manager
previously promoted in the non-blind manager group and demographic-blind manager group. Figure
A1 shows the analogous implementation of the algorithm arms.
[Click to return to Section 2 (Research Design)]



Figure 5: Treatment arms of the hiring experiment

Workers see profiles:

AlgorithmHuman Manager

Demographic-blind Demographic-blindNon-blind Non-blind

Workers see profiles: Workers see profiles: Workers see profiles:

Effect of learning that 
your manager knew 
race and gender

Effect of learning that 
the algorithm used 
race and gender

Effect of learning that 
your manager 
previously only hired 
white men

Effect of learning that 
the algorithm previously 
only hired white men

Effect of non-blind manager versus non-blind algorithm, 
when know mostly white men were previously promoted

Effect of demographic-blind manager versus demographic-blind 
algorithm, when know mostly white men were previously promoted

Note: This figure illustrates the treatment arms in the hiring experiment, which replicates the four original treatment arms and adds
two new arms, bolded. The grayed-out boxes indicate arms that would be included in the full 2x2x2 factorial design, but are not
truthfully or realistically implementable in a way parallel to the other arms. Workers are randomized equally across the six arms, as
indicated by the gray arrows. The figure shows how comparisons between the arms are used to answer various research questions.
[Click to return to Section 2 (Research Design)]



Figure 6: Perceived discrimination in the manager arms of the promotion experiment

Note: This figure plots the share of workers in the experimental sample of the promotion experiment who perceive discrimination
using the main measure (whether a worker mentions demographics in their response to the open-ended question, “what needed to be
different about your profile in order to be assigned to the harder task?”) first for all workers and then separately by racial minority
status × gender in the two manager arms. The plotted means are calculated from the estimated coefficients in Equation 1 separately
for each subgroup, controlling for quiz scores, education, income, age, marital and parental status, race, gender, quiz-score group
fixed effects, and the educational and previous-performance composition of the previously-promoted workers each worker saw. The
figure restricts to workers who would not have been promoted under any promotion procedure. For breakdowns by race × gender,
see Appendix Figure A4. 95 percent confidence intervals calculated with standard errors robust to heteroskedasticity are indicated
by the black bars.
[Click to return to Section 3.2 (Effects of Perceived Discrimination)]

Figure 7: Perceived discrimination in the algorithm arm of the promotion experiment

Note: This figure is analogous to Figure 6 but compares perceived discrimination rates in the two sub-arms of the algorithm
treatment arm. The sample is workers in the algorithm arm who would not have been promoted under any of the three procedures.
[Click to return to Section 3.2 (Effects of Perceived Discrimination)]



Figure 8: Treatment effects on retention and performance by gender × race
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Note: This figure plots the effect of being in the non-blind manager arm of the promotion experiment on retention and performance measures, each cumulatively
by the given paragraph. Equation 1 is estimated interacting the treatment indicator with indicators for each race/gender group; controls are the same as in Table
2. 95 percent confidence intervals are calculated with standard errors robust to heteroskedasticity.
[Click to return to Section 3.3 (Effects on Retention and Performance)]



Figure 9: Decomposing the effects on reservation wages in the promotion experiment
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Note: This figure plots the effect of being in the non-blind manager arm relative to the demographic-blind manager arm of the
promotion experiment on workers’ reservation wages when they will be evaluated by the same manager as in the experiment (top
panel) or by an unbiased cutoff rule in baseline quiz scores (bottom panel). Effects are plotted first on the overall measure of
reservation wages, then on the measure of reservation wages that accounts for effects on beliefs about the likelihood of promotion,
isolating the extent to which the effect is due to anticipated disutility. The sample and controls are the same as in Table 4. 90 and
95 percent confidence intervals are calculated with standard errors robust to heteroskedasticity.
[Click to return to Section 3.4.2 (Effects on Future Labor Supply, Mechanisms)]



Figure 10: Effects of perceived algorithmic discrimination on worker behavior

Note: This figure plots the treatment effects of learning that previously-promoted workers were mostly white men in the algorithm
arm of the promotion experiment, and compares this effect to the effect of learning that one’s manager knew demographic informa-
tion and previously promoted mostly white men. The outcomes and control variables are the same as in Tables 2, 3, 4, and 6. 90
and 95 percent confidence intervals are calculated with standard errors robust to heteroskedasticity.
[Click to return to Section 3.5 (Effects of Perceived Algorithmic Discrimination)]



Figure 11: Effects of seeing one previously-promoted minority-group worker

Note: This figure plots the share in each treatment arm of the promotion experiment perceiving discrimination by the main measure,
separately by whether workers (would) see three white men previously promoted or not. Those who do not see three white men see
two white men and one member of a minority group. Workers in the demographic-blind manager arm and those in the algorithm
arm who do not see worker avatars are split by whether they would be shown three white men or not. The controls are the same as
Figure 6 and the sample is workers in the promotion experiment who would not have been promoted under any procedure and are
not white men. p-values and 95 percent confidence intervals are calculated with standard errors robust to heteroskedasticity.
[Click to return to Section 4 (Effects of Minority-Group Representation)]

Figure 12: Perceived discrimination in the hiring experiment

Note: This figure plots the share of workers perceiving discrimination in each treatment arm of the hiring experiment, using the
main measure of perceived discrimination. The sample is restricted to workers who would not have been hired under any hiring
procedure and workers who see three previous hires who are all white men (a random subsample within each treatment arm). Shares
are calculated via regressions with the same controls as Figure 6. p-values and 95 percent confidence intervals are calculated with
standard errors robust to heteroskedasticity.
[Click to return to Section 5 (Effects of Hiring Policies)]



Table 1: Summary statistics and comparison to ACS sample

Experimental Samples ACS 2021, ages 18-71
Promotion Hiring All Subsample

(1) (2) (3) (4)
Race and Gender:

Asian men 0.08 0.03 0.03 0.05
Black men 0.07 0.05 0.06 0.08
Hispanic men 0.07 0.05 0.09 0.15
White men 0.08 0.00 0.30 0.00
Other race men – – 0.02 0.04
Asian women 0.05 0.03 0.03 0.05
Black women 0.07 0.07 0.06 0.09
Hispanic women 0.07 0.06 0.09 0.12
White women 0.51 0.72 0.29 0.40
Other race women – – 0.02 0.03

Married 0.54 0.58 0.50 0.48
Kids 0.43 0.46 0.39 0.44
Education:

Less than high school 0.01 0.00 0.10 0.09
High school graduate 0.13 0.09 0.27 0.24
Some college but no degree 0.27 0.25 0.21 0.21
2 year college degree 0.09 0.09 0.09 0.09
4 year college degree 0.37 0.40 0.21 0.23
Professional or Masters degree 0.11 0.15 0.11 0.13
Doctorate 0.01 0.02 0.01 0.02

Income:
Less than $20,000 0.14 0.11 0.12 0.09
$20,000-$40,000 0.22 0.17 0.15 0.15
$40,000-$60,000 0.18 0.19 0.14 0.14
$60,000-$80,000 0.15 0.16 0.12 0.13
$80,000-$100,000 0.10 0.13 0.10 0.11
$100,000-$120,000 0.07 0.07 0.08 0.09
$120,000-$140,000 0.04 0.06 0.06 0.07
$140,000-$160,000 0.04 0.04 0.05 0.05
More than $160,000 0.06 0.07 0.18 0.18

Age:
18-24 0.17 0.15 0.13 0.13
25-34 0.32 0.33 0.20 0.24
35-44 0.22 0.22 0.19 0.23
45-54 0.14 0.16 0.18 0.20
55-64 0.11 0.10 0.19 0.16
65 or older 0.05 0.04 0.11 0.04

Employment:
Currently employed outside Prolific 0.67 0.69 – –
Ever employed outside Prolific 0.96 0.97 – –
In the labor force – – 0.72 1.00
Employed – – 0.67 0.93
Employed if in labor force – – 0.94 0.93

N 2080 1934 2216940 1005688

Note: The samples in columns 1 and 2 are the experimental sample workers who would not have been selected by any of the 3 or 4 procedures
in the promotion and hiring experiments, respectively, each combining all treatment arms. The sample in column 3 is respondents age 18-71
in the 2021 ACS (the minimum and 99th percentile age in experimental sample, respectively). Column 4 further restricts to women and
racial-minority men currently in the labor force. All variables are indicators, and means are presented for each variable. ACS estimates
weight by the perwt variable from IPUMS; experimental sample estimates are unweighted.
[Click to return to Section 2 (Research Design)]



Table 2: Effects on retention

Num paragraphs Did any optional Did all paragraphs
(1) (2) (3)

Non-blind manager, -0.364 -0.012 -0.034
see avatars (0.262) (0.018) (0.026)

N 1293 1293 1293

Control mean 15.857 0.911 0.771

Note: This table reports treatment effects of being in the non-blind manager arm in the promotion experiment on retention (Equation
1. The first outcome is the number of paragraphs completed; workers had to do at least six to receive their participation payment
and were given the option to quit after each subsequent paragraph. They could proofread up to eighteen paragraphs. The second
and third outcomes are indicators for doing more than six paragraphs and finishing all eighteen, respectively. The sample is those
evaluated by a manager and the presented coefficient is on the indicator for being in the non-blind manager arm rather than the
demographic-blind manager arm, restricting to workers who would not have been promoted under any evaluation procedure in the
promotion experiment and workers who are not white men. All regressions control for quiz scores, education, income, age, marital
and parental status, race, gender, quiz-score group fixed effects, and the educational and previous-performance composition of the
previously-promoted workers each worker saw. Standard errors, in parentheses, are robust to heteroskedasticity. Significance at the
0.1, 0.05, and 0.01 level is indicated by *, **, and ***, respectively.
[Click to return to Section 3.3 (Effects on Retention and Performance)]

Table 3: Effects on effort and performance in the first six (required) paragraphs

Minutes Clicks Correct Incorrect Bonus
(1) (2) (3) (4) (5)

Non-blind manager, -0.016 0.483 0.489∗∗ 0.192 0.021
see avatars (0.058) (1.786) (0.235) (0.210) (0.022)

N 1295 1295 1295 1295 1295

Control mean 4.946 35.981 14.705 3.412 0.910

Note: This table reports treatment effects of being in the non-blind manager arm in the promotion experiment on effort and perfor-
mance. The effort outcomes in columns 1 and 2 are the minutes spent and number of clicks on the first six required paragraphs.
The performance outcomes in columns 3, 4, and 5 are the number of correct highlights, number of incorrect highlights, and bonus
earned in dollars in the first six paragraphs. Samples and specifications are the same as Table 2. Standard errors, in parentheses, are
robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 level is indicated by *, **, and ***, respectively.
[Click to return to Section 3.3 (Effects on Retention and Performance)]

Table 4: Effects on future labor supply

Res. wage WTP unbiased
(same procedure) procedure

(1) (2)
Non-blind manager, 0.023∗∗ 0.012∗∗

see avatars (0.011) (0.005)
N 1247 1235

Control mean 0.265 -0.015

Note: This table reports treatment effects of being in the non-blind manager arm in the promotion experiment on measures of
future labor supply. The first outcome is the reservation wage (per well-proofread paragraph) to be evaluated again under the
same procedure as in the experiment. The second is the reservation wage from column 1 minus the reservation wage when an
unbiased cutoff rule is used to decide future promotions. Samples and specifications are the same as Table 2, with additional
workers dropped who did not respond to the MPLs in sensical ways (see Appendix B). Standard errors, in parentheses, are robust
to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 level is indicated by *, **, and ***, respectively.
[Click to return to Section 3.4 (Effects on Future Labor Supply)]



Table 5: Effects on sharing with and avoidance of manager

Cooperative WTP new Shared Amt bonus
task RW manager zero shared

(1) (2) (3) (4)
Non-blind manager, 0.007 0.050∗∗ 0.049 -0.285
see avatars (0.015) (0.021) (0.030) (0.244)

N 1256 957 1289 1289

Control mean 0.339 0.218 0.531 2.813

Note: This table reports treatment effects of being in the non-blind manager arm in the promotion experiment on measures of
cooperation with and generosity towards managers. The first and second outcomes are workers’ reservation wage per paragraph to
do a future collaborative task with their manager and their willingness to pay (as a reduction in a $1 wage per paragraph) to be able
to choose their own manager for the collaborative task. The third outcome is an indicator for sharing none of the 20-dollar surprise
bonus with their manager and the fourth is the amount of the bonus that they share in dollars. Samples and specifications are the
same as in Table 2, with additional workers dropped who did not respond to the MPLs in sensical ways (see Appendix B). Standard
errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 level is indicated by *, **, and ***,
respectively.
[Click to return to Section 3.4 (Effects on Future Labor Supply)]

Table 6: Effects on beliefs about future promotion

Pr(Promoted|Same) Pr(Promoted|Cutoff) Diff Pr(Promoted)
(1) (2) (3)

Non-blind manager, -3.177∗∗∗ -1.222 -1.956∗∗

see avatars (1.220) (1.267) (0.762)
N 1291 1291 1291

Control mean 47.397 48.411 -1.014

Note: This table reports treatment effects of being in the non-blind manager arm in the promotion experiment on beliefs about the
likelihood of promotion in the future. In the first two columns, the outcomes are the believed probability of being promoted in a
future round of the study where evaluation is under the same procedure as in the experiment and using a cutoff rule in baseline
quiz scores, respectively. The third outcome is the difference between the two. Samples and specifications are the same as Table 2.
Standard errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 level is indicated by *, **,
and ***, respectively.
[Click to return to Section 3.4.2 (Effects on Future Labor Supply, Mechanisms)]
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A Supplementary figures and tables

Figure A1: Treatment variation in algorithm groups

If randomly assigned to see previously promoted workers’ avatar, race, and gender: 

If randomly assigned to NOT see avatar, race, and gender: 

Note: This figure shows what workers saw about the algorithm and the information they saw about
the workers the algorithm previously promoted depending on whether they were randomly assigned
to see those workers’ avatars, race, and gender or not. This can also be compared to Figure 4 which
shows the analogous implementation of the manager arms.
[Click to return to Section 2 (Research Design)]



Figure A2: Correlation of perceived discrimination measures

Note: This figure shows the correlation between the primary and secondary measures of perceived discrimination and the overall
frequency of each in the non-blind manager arms of the promotion and hiring experiments. The primary measure is an indicator
for whether a worker mentions demographics in their response to the open-ended question, “what needed to be different about
your profile in order to be assigned to the harder task?” The secondary measures are an indicator for mentioning discrimination or
bias in a open-ended response describing their complaint about the promotion procedure if they said they had one, an indicator for
saying they thought they would have been promoted if they had a different race, the same for gender, and an indicator that is the
maximum of the two. The light blue bars plot the share of workers who perceive discrimination by each measure in the full sample,
and then the dark blue bars split the sample into workers who perceive discrimination by the main measure and those who don’t.
[Click to return to Section 2 (Research Design)]



Figure A3: Perceived discrimination at work in the past (baseline survey)

(a) Racial discrimination (b) Gender discrimination

(c) By work setting

Note: The sample is 3,102 workers recruited for the promotion experiment who have ever held a job outside Prolific (96% of
recruited workers). The share of each group who reported having experienced discrimination at work in the past is plotted with
plus or minus the standard error in this sample indicated by black bars. Panels A and B pool discrimination during job search,
promotion, termination, and daily work activities and separate racial and gender discrimination. Panel C pools racial and gender
discrimination and separates the work setting. The share of each group who reported having experienced discrimination at work
in the past is plotted with plus or minus the standard error in this sample indicated by black bars, separately for whether workers
report perceived discrimination during daily work activities, job search, promotion, and termination.
[Click to return to Section 1 (Introduction)]
[Click to return to Section 2.5 (Generalizability)]



Figure A4: Perceived discrimination by race × gender

Panel A: Manager sample

Panel B: Algorithm sample

Note: This figure plots the share of workers in the experimental sample who perceived discrimination using the main measure
(mentioning demographics in their response to the open-ended question, “what needed to be different about your profile to be
assigned to the harder, higher-paying task?”) separately by race × gender in the promotion experiment, separately by treatment
arm. The sample restricts to workers who would not have been promoted under any procedure. 95 percent confidence intervals are
indicated by the black bars.
[Click to return to Section 3.2 (Effects of Perceived Discrimination)]



Figure A5: Effects on psychological well-being, gender and race heterogeneity

Good affect

At ease

Not upset

Not annoyed

Motivated

Not discouraged

Not anxious

-.6 -.45 -.3 -.15 0 .15 .3 .45
Effect of non-blind manager arm on affect (SD)

White women Minority women Minority men

Note: This figure plots the effect of being in the non-blind manager arm relative to the demographic-blind manager arm in the pro-
motion experiment on emotional states, measured with an affective well-being scale and reported in standard deviations, separately
by race and gender. The regressions restrict to workers who would not have been promoted under any promotion procedure who
are not white men. Controls are the same as in Table 2. 90 and 95 percent confidence intervals are calculated with standard errors
robust to heteroskedasticity.
[Click to return to Section 3.3 (Effects on Retention and Performance)]



Figure A6: Heterogeneity by all potential mechanism variables, retention outcomes

More than college
College

No college

Not employed
Employed

Income >80K
Income <80K

No discrimination
Past discrimination

Low prevalence
High prevalence

Science-Under
Science-Over

Grammar-Under
Grammar-Over
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Spelling-Over

Minority men
Minority women

White women
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Num paragraphs

0
36
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Did any optional

0
36

-.2 -.1 0 .1 .2

Did all paragraphs

Effect of being in non-blind manager arm

p-value, H0=Equal Treatment Effects:  < 0.10  > 0.10

Note: This figure estimates the effect of treatment separately by race, over/under-confidence, beliefs about the prevalence of discrimination and experiencing
discrimination in the past, income, employment, and education. Each pair or triple of coefficients is estimated in one regression by interacting treatment with each
mutually-exclusive indicator. The indicator for high beliefs about the prevalence of discrimination is 1 if a worker has above-median beliefs about the likelihood
of discrimination against their own race times gender group compared to others in their race and gender group. Controls are the same as in the main specification,
with the main effects of the heterogeneity variables added as controls. 90 percent confidence intervals are shown, calculated with standard errors are robust to
heteroskedasticity. The outcomes are the same as in Table 2.
[Click to return to Section 3.3 (Effects of Perceived Discrimination)]



Figure A7: Heterogeneity by all potential mechanism variables, effort and performance outcomes

More than college
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Income <80K

No discrimination
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0
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Effect of being in non-blind manager arm

p-value, H0=Equal Treatment Effects:  < 0.10  > 0.10

Note: This figure is analogous to Appendix Figure A6. The outcomes are the same as in Table 3.
[Click to return to Section 3.3 (Effects of Perceived Discrimination)]



Figure A8: Heterogeneity by all potential mechanism variables, future labor supply outcomes

More than college
College

No college

Not employed
Employed
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0
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WTP cutoff
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p-value, H0=Equal Treatment Effects:  < 0.10  > 0.10

Note: This figure is analogous to Appendix Figure A6. The outcomes are the same as in Table 4.
[Click to return to Section 3.3 (Effects of Perceived Discrimination)]



Figure A9: Heterogeneity by all potential mechanism variables, cooperation and retaliation outcomes
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p-value, H0=Equal Treatment Effects:  < 0.10  > 0.10

Note: This figure is analogous to Appendix Figure A6. The outcomes are the same as in Table 5.
[Click to return to Section 3.3 (Effects of Perceived Discrimination)]



Figure A10: Effects of seeing one previously-promoted minority-group worker of a same or different demographic group

Note: This figure plots the share in each treatment arm of the promotion experiment perceiving discrimination by the main measure, separately
by whether workers (would) see three white men previously promoted or not, analogous to Figure 11, but now splitting the sample who see
two white men and one member of a minority group by whether the minority-group representative is of the worker’s own demographic
group or a different one. The sample restricts to workers who would not have been promoted under any procedure and are not white men.
Controls are the same as in Figure 11. p-values and 95 percent confidence intervals (in black bars) are calculated with standard errors robust
to heteroskedasticity.
[Click to return to Section 4 (Effects of Minority-Group Representation)]



Figure A11: Perceived discrimination in the hiring sample, secondary measures of perceived discrimination

Note: This figure replicates Figure 12 using the four secondary measures of perceived discrimination. In the top graphs, the sample is restricted to workers
who would not have been hired under any procedure and those who saw that three white men previously promoted. In the bottom graphs, the sample is further
restricted to women only when perceived gender discrimination is the outcome and racial minorities only when perceived racial discrimination is the outcome.
The secondary measures of perceived discrimination are the same as in Appendix Figure A2. 95 percent confidence intervals (in black bars) are calculated with
standard errors robust to heteroskedasticity.
[Click to return to Section 5 (Effects of Hiring Policies)]



Figure A12: Comprehension of hiring procedure inputs

Note: This figure shows worker knowledge of the decision-making processes by treatment arm in the hiring experiment. In the
top panel, the y-axis is the share of workers correctly identifying the inputs (what decision-makers know about workers) to hiring
decision-makers. When asked what information their manager or the algorithm had about workers when deciding who to hire, this
requires checking off “An avatar,” “Gender,” “Race/Ethnicity,” “1-5 stars representing the average quiz scores,” and “Education” (in
the non-blind group), and just quiz scores and education in the demographic-blind groups, and not checking off “Age,” “All three
numeric quiz scores from the baseline survey (science, spelling, and grammar),” “The average quiz score (for example, 85%),”
“Work history,” and “Time on Prolific.” In the bottom panel, it is the share of workers who think that the decision-maker knew
either their race and gender (i.e., checked either of those boxes on the same question as just described). The sample is restricted to
workers who would not have been promoted under any hiring procedure, and workers who saw that all three previous hires were
white men (a random subsample within each treatment arm—results are the same for the full sample). Shares are calculated via
the same regressions as Figure 12. 95 percent confidence intervals (in black bars) are calculated with standard errors robust to
heteroskedasticity.
[Click to return to Section 5 (Effects of Hiring Policies)]



Figure A13: Avatar-making procedure

Note: This figure depicts the procedure by which workers created their avatars in the baseline survey.
[Click to return to Section 2 (Research Design)]



Figure A14: Avatar characteristics by self-reported race and gender

Panel A: Panel B:

Panel C:

Note: The sample in panels A and B is all workers in the hiring and promotion experiments who took the baseline survey (N=6720).
Each row plots the share of participants in that racial or gender group who choose each skin tone (Panel A) or hair style (Panel B).
Panel C shows the hair styles by whether they are “long” or “short” and the representation of a beard; men could choose to add a
beard to any hairstyle. Men could choose long hair with blue shirts and women could choose short hair with green shirts; these are
not shown for the sake of space.
[Click to return to Section 2 (Research Design)]



Figure A15: Perceived discrimination by quiz-score quintile group and quintile

Panel A: Panel B:

Note: The sample is all workers in the hiring and promotion experiments who would not have been hired/promoted by any of
the relevant mechanisms and are not white men, and the “treatment effect” pools the effect of being in any of the arms with
positive perceived discrimination in Figures 6, 7 and 12, relative to the arms with no perceived discrimination (the arms with
demographic-blind decision-makers and no demographics of previously-selected workers shown); the experiments and treatment
arms are pooled for power and ease of exposition but the result is very similar when looking at the non-blind manager arm in
the promotion experiment separately (the other arms are too small to consider separately). In each panel, the treatment effects on
perceived discrimination by quiz-score quintile group and whether the worker is in the higher quintile in their group or the lower
quintile in their group (panel A) or whether they have no degree, a college degree, or more than a college degree (panel B) are
jointly estimated in one regression with all of the main analysis control variables. 95 percent confidence intervals are calculated
with standard errors robust to heteroskedasticity.
[Click to return to Section 2 (Research Design)]



Figure A16: All predictors of perceived discrimination in the promotion experiment

Panel A: Manager sample

Panel B: Algorithm sample

Note: This figure plots coefficients from a regression of the primary and secondary measures of perceived discrimination on an indicator
for treatment, that indicator interacted with each of the worker characteristics listed on the left, the worker characteristics, and the control
variables in the main specification. The sample is workers who would not have been promoted under any procedure in the promotion
experiment. In Panel A, Treatment is assignment to the non-blind manager arm among those evaluated by a manager. In Panel B, it is
assignment to see previously-promoted workers’ avatars, gender, and race among those evaluated by the algorithm. 95 percent confidence
intervals are calculated with standard errors robust to heteroskedasticity.
[Click to return to Section 2 (Research Design)]
[Click to return to Section 3 (Effects of Perceived Discrimination)]



Figure A17: Perceived discrimination in the hiring experiment (full sample)

Note: This figure replicates Figure 12 but for all workers regardless of the demographic makeup of the
previously-hired workers they saw, without accounting for differences across hiring procedures in the rate at
which workers saw that all three previous hires were three white men versus seeing two white men and some-
one else. It plots the share of workers perceiving discrimination in each treatment arm of the hiring experiment,
using the main measure of perceived discrimination. The sample is restricted to workers who would not have
been promoted under any hiring procedure. p-values and 95 percent confidence intervals (in black bars) are
calculated with standard errors robust to heteroskedasticity.
[Click to return to Section 5 (Effects of Hiring Policies)]



Table A1: Correlates of perceived discrimination in the literature (labor market outcomes)

Perceived discrimination...

Paper Sample Measurement Frequency Correlates (direction)

Sanchez and
Brock 1996

N=139 Hispanic
male and female

employees in
Florida from

multiple
organizations

Agreement on a 1-5 scale with 10 items
about ethnicity as a limitation at work,

stereotyping, and exclusion due to
ethnicity or other differences

Not reported (NR)
work tension (+), job

satisfaction (-), organizational
commitment (-)

Gutek et al.
1996

205 female PhD
psychologists
employed in

organizations; 45
female senior

managers taking an
executive education

class

Agreement on 1-4 scale with: men are
promoted faster than women, my

organization prefers to hire men, and
men are more likely to receive tenure or

its equivalent

NR

Psychologists and managers:
Job involvement (0), power

and prestige of current job (-),
work conflict (+), likelihood

of choosing same career again
(-), work hours/week (+),

considered changing jobs (0).

Mays et al.
1996

N=1,023 Black
women of working
age from a national
probability sample
of the adult Black
population in 1979

14-item scale with four sub-indices
measuring race discrimination in

employment, resource or opportunity
barriers, general perceived systemic

discrimination, and perceived past and
future racial discrimination

NR labor supply (0), job stress (+)



Appendix Table A1 Continued

Perceived discrimination...

Paper Sample Measurement Frequency Correlates (direction)

Johnson and
Neumark 1997

N=3,001 men from
national probability
sample of men aged

45-59 in 1966,
observed 1971, 76,

and 80

During the past five years, do you feel
you were discriminated against at work

because of your age?
7%

Job separations (+),
non-employment spells (+)

Ensher et al.
2001

N=366
non-professional
employees in Los

Angeles area; 70%
women; 45%
Latino, 15%

African American,
10% Asian, 22%

Caucasian

By coworkers: Agreement (1-4 scale)
with 4 statements e.g. “my coworkers
sometimes make sexist statements”

By supervisors: Agreement with 4
statements e.g. “my supervisor

sometimes makes racist decisions”

By organization: Agreement with 3
statements e.g. “I feel that some of the

polices and practices of this
organization are racist/sexist”

~30% report organizational policies are
sexist or racist, coworkers make racist

statements, and disagree that coworkers
are supportive of people from diverse
backgrounds. 20% report supervisors

making racist or sexist decisions.

Job satisfaction (-),
organizational commitment

(-), organizational citizenship
behavior (conscientiousness

and altruism at work),
grievances/complaints (0)

Goldsmith et
al. 2004

N=3,146
multi-stage

probability sample
in Los Angeles and

Boston in 1992

Have you ever felt you were refused a
job because of your race/ethnicity

[gender]?

During the past year were you
discriminated against at your work

because of your race/ethnicity?

Have you ever felt that others at your
workplace got promotions or pay raises
faster than you because of your gender?

Percent perceive race or gender
discrimination in job search or

on-the-job
Search OTJ

R G R G
Black M 47 14 17 3
Black W 46 28 16 13
Hisp. M 20 4 8 14
Hisp. W 13 10 7 6
Asian M 18 1 3 1
Asian W 5 2 3 2
White M 12 6 3 1
White W 6 14 5 15

Job search: Weeks worked in
past year (-) but only

statistically significant for
women perceiving racial

discrimination; mixed results
by race as well.

OTJ: Weeks worked in past
year (+) for racial

discrimination, (-) for gender
discrimination, mixed by race



Appendix Table A1 Continued

Perceived discrimination...

Paper Sample Measurement Frequency Correlates (direction)

Minnotte 2012

N=2335 nationally
representative

sample of working
adults in 2002; 75%
White, 10% Black,

10% Hispanic

Have you been discriminated against at
work ...

because you are a woman [man]

because of your race or national origin

because of your age

Sex: 8%

Race: 6%

Age: 7%

Work-to-life conflict (index
of lack of work-life balance

or time for family
commitments, in bad mood at
home because of work): Sex

(+), Race (+), Age (+)

Stainback and
Irvin 2012

Same as Minnotte
2012 with some

further restrictions
by age,

non-self-employed
(N=2062)

Have you been discriminated against at
work because of your race or national

origin?

Black: 17%

Latino: 13%

White: 4%

Employer loyalty (-, Black
and Latino only), job search

intentions (+)

Hahn and
Wilkins 2013

N=12-13,000
nationally

representative
sample of

Australian adults in
2008-2010

In job applications in the last two years
have you ever been unsuccessful

because the employer discriminated
against you? If yes, what attribute?

In paid jobs in last two years, do you
feel your employer in any way

discriminated against you because of
your gender, age, ethnicity, religion, or

parenting responsibilities?

8.5% of job applicants

7.5% of employees

More common for older respondents,
women, women with young children

(in-job only)

In-job perceived
discrimination: Wage levels

(0), self-assessed
over-employment (+) and

under-employment (+), wage
changes (+), promotion (0),

job satisfaction (-),
self-assessed probability of
job loss (+), life satisfaction

(-)



Appendix Table A1 Continued

Perceived discrimination...

Paper Sample Measurement Frequency Correlates (direction)

Mukerjee
2014

N=2,099 from
General Social

Survey
cross-sectional

national samples in
2002, 2006, and

2010

Do you feel in any way discriminated
against on your job because of your

race or ethnic origin?
NR Job satisfaction (-)

Triana et al.
2015

Meta-analysis with
39 studies

Perceived racial discrimination N/A

Job attitudes (-) psychological
health (-) physical health (-),
perceived diversity climate

(-), organizational citizenship
behaviors (-), coping

behaviors (+)

Pager and
Pedulla 2015

N=1,405 national
probability sample
of unemployed job

seekers in 2013

During the last year you worked, did
you witness any discriminatory

comments or actions at your workplace
related to race or ethnicity?

Have you felt at any time in the past
that your work opportunities have been

limited by your race or ethnicity?

Black: 37% yes to either; 21% witness
discrimination and 33% feel
opportunities limited by race

White: 18% yes to either, 12% witness
discrimination and 11% feel
opportunities limited by race

Job search breadth (+)

Note: This is not an exhaustive list of related papers. I focus on the most well-cited studies of perceived discrimination and work
outcomes that use measures of perceived discrimination that are most analogous to mine.
[Click to return to Section 1 (Introduction) or Section 3.4.2 (Mechanisms)]



Table A2: Correlates of perceived discrimination in the literature (mental health outcomes)

Perceived discrimination...

Paper Sample Measurement Frequency Correlates (direction)

Williams et al.
1997

N=1,139 multistage
area probability

sample in Detroit,
MI weighted to area
population (1995)

Major events: Do you think you have
ever been unfairly fired or denied
promotion, not hired, or stopped,

searched, questioned, threatened, or
abused by police?

Day-to-day: How frequently do you
experience the following 9 types of

discrimination; e.g. being treated with
less courtesy or respect than others,

being called names, being threatened,
receiving poorer service

Any major event: 62% (Black), 36%
(White)

Day-to-day: not reported (NR)

Major events: No correlation
with four health measures
when other stressors are

controlled

Day-to-day: Overall health
(-), bed-days (+),

psychological distress (+),
psychological well-being (-)

Kessler et al.
1999

N=3,032 random
digit dialing sample

weighted to US
population (1996)

Major events: Have you ever been
discriminated against in e.g. job
promotion, housing, dealing with

financial institutions.

Day-to-day: Same as Williams et al.
1997 (never=0, ever=1)

Any major event: 34%

Any day-to-day: 61%

Major events: Major
Depression (MD) (+),

psychological distress (+)

Day-to-day: MD (+),
Generalized Anxiety Disorder

(GAD) (+), psychological
distress (+)



Appendix Table A2 Continued

Perceived discrimination...

Paper Sample Measurement Frequency Correlates (direction)

Pascoe and
Smart

Richman 2009

Meta-analysis from
134 samples from

1986-2007

Most common: Racial discrimination:
Perceived Racism Scale, Schedule of
Racist Events, Index of Race Related
Stress, Racism and Life Experiences

Scale; Gender Discrimination:
Schedule of Sexist Events; Unspecified:

Williams et al.’s 1997 Scale; all
generally elicited in various domains

N/A
Mental health (-), physical
health (-), participation in

healthy behaviors (-)

Lee and
Turney 2012

N=3,105 multistage
probability sample

in Chicago
stratified by

neighborhood
(2001-2003)

Same as Kessler et al. 1999 NR

Major events: Depressive
symptoms (0), loneliness (0),

hostility (+);

Day-to-day: Depressive
symptoms (+), loneliness (+),

hostility (+)

Schmitt et al.
2014

Meta-analysis
N=144,246 from

328 samples

Personal discrimination (296 studies):
How frequently or whether certain

discriminatory events have happened

Group discrimination: Group X is often
confronted with discrimination (55

studies)

N/A

Personal and group
discrimination: psychological
well-being (-). More negative

correlation for
negatively-framed

psychological outcomes (e.g.
depression, distress, etc.) than
positively-framed outcomes

(e.g. self-esteem)



Appendix Table A2 Continued

Perceived discrimination...

Paper Sample Measurement Frequency Correlates (direction)

Everett et al.
2016

N=14,609
nationally

representative
sample in young

adulthood
(AddHealth Wave

IV, 2007-2008)

In your day-to-day life, how often do
you feel you are treated with less

respect or courtesy than other people?

24%

(never/rarely=0, sometimes/often=1)

Perceived stress (+),
depressive symptoms (+),

anxiety (0)

Hackett et al.
2020

N=4,883 ethnic
minority

participants in
nationally

representative UK
sample

(2009-2010)

Have you (a) felt unsafe, (b) avoided
going to or being in, (c) been insulted,
called names, threatened or shouted at,

or (d) been physically attacked in 7
different settings? Then attribute to e.g.

ethnicity, age, sex, etc.

20%

(never any racial discrimination=0, ever
any racial discrimination=1)

Psychological distress (+),
mental functioning (-), life

satisfaction (-), limiting
longstanding illness (+),

physical functioning (-), poor
self-rated health (+)

Note: This is not an exhaustive list of related papers. I focus on the largest-sample studies of perceived discrimination and mental
health using data collected in the last 30 years and meta-analyses. Many other studies cited in these papers provide key qualitative
evidence among specific communities but are not included here.
[Click to return to Section 1 (Introduction) or Section 3.4.2 (Mechanisms)]



Table A3: Balance table, promotion experiment

Manager arms Algorithm sub-arms
Blind Non-blind p-value No avatars Avatars p-value

(1) (2) (1)=(2) (3) (4) (3)=(4)
Male 0.28 0.27 0.84 0.35 0.31 0.25
Race:

Asian 0.13 0.12 0.62 0.14 0.16 0.42
Black 0.13 0.13 0.93 0.17 0.13 0.19
White, Hispanic 0.15 0.14 0.64 0.14 0.13 0.66
White, Non-Hispanic 0.59 0.61 0.46 0.55 0.58 0.50

Married 0.54 0.52 0.37 0.56 0.54 0.60
Kids 0.43 0.45 0.46 0.42 0.42 0.85
Education:

Less than high school 0.01 0.01 0.40 0.01 0.01 0.91
High school graduate 0.14 0.15 0.65 0.11 0.13 0.35
Some college but no degree 0.29 0.27 0.36 0.25 0.27 0.54
2 year college degree 0.10 0.10 0.78 0.10 0.07 0.23
4 year college degree 0.36 0.34 0.39 0.39 0.41 0.62
Professional or Masters degree 0.09 0.13 0.03 0.13 0.10 0.15
Doctorate 0.01 0.02 0.13 0.01 0.01 0.85

Income:
Less than $20,000 0.13 0.14 0.44 0.15 0.14 0.78
$20,000-$40,000 0.24 0.21 0.14 0.20 0.23 0.40
$40,000-$60,000 0.17 0.20 0.19 0.16 0.20 0.17
$60,000-$80,000 0.15 0.15 0.83 0.14 0.16 0.49
$80,000-$100,000 0.12 0.11 0.54 0.10 0.08 0.49
$100,000-$120,000 0.07 0.07 0.91 0.07 0.05 0.29
$120,000-$140,000 0.04 0.02 0.05 0.06 0.04 0.23
$140,000-$160,000 0.03 0.04 0.16 0.04 0.03 0.41
More than $160,000 0.05 0.05 0.72 0.08 0.07 0.55

Age:
18-24 0.17 0.16 0.71 0.17 0.18 0.76
25-34 0.31 0.32 0.70 0.32 0.33 0.78
35-44 0.22 0.22 0.78 0.20 0.23 0.36
45-54 0.15 0.13 0.43 0.15 0.12 0.25
55-64 0.11 0.11 0.87 0.12 0.08 0.14
65 or older 0.04 0.06 0.18 0.04 0.06 0.34

Employment:
Currently employed outside Prolific 0.66 0.65 0.67 0.67 0.72 0.23
Ever employed outside Prolific 0.96 0.95 0.36 0.95 0.97 0.14
Satisfied with current employer 0.78 0.79 0.66 0.77 0.75 0.67
Satisfied with most recent employer 0.66 0.62 0.38 0.64 0.65 0.93

Past experienced discrimination:
Job search 0.26 0.24 0.23 0.28 0.24 0.27
Promotion 0.19 0.18 0.40 0.18 0.14 0.15
Termination 0.12 0.09 0.09 0.09 0.09 0.85
Daily work activities 0.34 0.32 0.30 0.36 0.28 0.04
Any discrimination 0.52 0.50 0.62 0.53 0.46 0.05

Beliefs about prevalence (own group) 0.47 0.44 0.05 0.46 0.45 0.74
N 694 695 371 320

Note: This table shows means of worker demographic characteristics, all measured in the baseline survey, by treatment
group in the promotion experiment and tests for balance across the manager arms and the algorithm sub-arms. The sample
is workers who would not have been promoted by any of the three procedures. All variables except for the final one are
indicators; the final variable is a continuous, self-reported belief about the share of workers in one’s own race × gender
group who report experiencing discrimination in the past in the baseline survey. p-values are calculated with standard
errors robust to heteroskedasticity.
[Click to return to Section 2 (Research Design)]



Table A4: Balance table, hiring experiment

Manager arms Algorithm arms
Blind Blind+ Non-Blind Blind Blind+ Non-Blind joint

(1) (2) (3) (4) (5) (6) p-value
Male 0.12 0.16 0.17 0.15 0.13 0.11 0.55
Race:

Asian 0.06 0.06 0.09 0.07 0.06 0.05 0.61
Black 0.13 0.13 0.10 0.12 0.13 0.12 0.69
White, Hispanic 0.09 0.10 0.10 0.12 0.11 0.12 0.44
White, Non-Hispanic 0.73 0.71 0.71 0.69 0.70 0.71 0.66

Married 0.60 0.61 0.53 0.55 0.54 0.61 0.23
Kids 0.45 0.46 0.39 0.44 0.45 0.50 0.52
Education:

Less than high school 0.01 0.00 0.01 0.00 0.01 0.00 0.99
High school graduate 0.10 0.09 0.08 0.08 0.12 0.09 0.20
Some college but no degree 0.29 0.27 0.26 0.25 0.24 0.23 0.53
2 year college degree 0.10 0.12 0.13 0.12 0.10 0.08 0.52
4 year college degree 0.36 0.37 0.34 0.38 0.37 0.44 0.14
Professional or Masters degree 0.13 0.13 0.16 0.15 0.14 0.14 0.76
Doctorate 0.02 0.01 0.02 0.02 0.03 0.01 0.14

Income:
Less than $20,000 0.11 0.10 0.10 0.11 0.12 0.10 0.85
$20,000-$40,000 0.18 0.17 0.21 0.16 0.18 0.15 0.59
$40,000-$60,000 0.19 0.25 0.18 0.19 0.16 0.19 0.28
$60,000-$80,000 0.17 0.14 0.15 0.16 0.17 0.18 0.92
$80,000-$100,000 0.15 0.09 0.07 0.11 0.13 0.14 0.19
$100,000-$120,000 0.07 0.07 0.11 0.08 0.07 0.07 0.26
$120,000-$140,000 0.06 0.07 0.08 0.07 0.05 0.06 0.96
$140,000-$160,000 0.03 0.02 0.04 0.04 0.05 0.04 0.55
More than $160,000 0.05 0.08 0.07 0.07 0.07 0.07 0.44

Age:
18-24 0.17 0.13 0.17 0.14 0.15 0.13 0.61
25-34 0.31 0.33 0.28 0.34 0.33 0.35 0.61
35-44 0.20 0.25 0.22 0.22 0.21 0.22 0.86
45-54 0.19 0.17 0.19 0.17 0.14 0.16 0.33
55-64 0.09 0.10 0.09 0.10 0.10 0.12 0.89
65 or older 0.03 0.02 0.05 0.04 0.06 0.02 0.16

Employment:
Currently employed outside Prolific 0.66 0.72 0.70 0.70 0.67 0.72 0.45
Ever employed outside Prolific 0.97 0.98 0.97 0.97 0.97 0.97 0.99

N 411 449 389 420 443 415

Note: This table shows means of worker demographic characteristics, all measured in the baseline survey, by treatment group in the hiring
experiment. The sample is workers who would not have been hired under any of the four procedures. p-values test the null of equality across
all groups, and are calculated with standard errors robust to heteroskedasticity.
[Click to return to Section 2 (Research Design)]



Table A5: Share of workers holding negative first- or second-order stereotypes

Share expect negative stereotypes against...
Women Asian Black Hispanic

(1) (2) (3) (4)
First-order stereotype 0.521 0.110 0.497 0.598

Second-order stereotype 0.747 0.089 0.557 0.467

First- or second-order stereotype 0.824 0.149 0.664 0.685

First- and second-order stereotype 0.443 0.051 0.390 0.381

Note: This table shows the share of participants who themselves hold negative stereotypes against each demographic group (row
1), believe white men hold negative stereotypes against each demographic group (row 2), and those who report either of these (row
3). A “negative stereotype belief” indicates believing that the group in the column performs worse than the comparison group by
any amount (row 1) or believing that white men think so (row 2). In column 1, the comparison group is men; in columns 2-4, it is
White, Non-Hispanic workers. The sample is participants with both first- and second-order beliefs (N=336).



Table A6: Effects on secondary measures of perceptions of discrimination in the manager sample

All Workers Women Minority Men White Men
Panel A: Free response, primary reason is discrimination

Non-blind manager, 0.181∗∗∗ 0.194∗∗∗ 0.168∗∗∗ 0.078∗

see avatars (0.017) (0.021) (0.033) (0.045)

Control mean 0.010 0.014 0.000 0.000

Panel B: Yes, would be promoted if different race or gender
Non-blind manager, 0.254∗∗∗ 0.290∗∗∗ 0.163∗∗∗ 0.086
see avatars (0.024) (0.029) (0.056) (0.056)

Control mean 0.127 0.130 0.159 0.000

Panel C: Complaint about job assignment mentions discrimination
Non-blind manager, 0.100∗∗∗ 0.117∗∗∗ 0.050∗∗ 0.048
see avatars (0.013) (0.016) (0.022) (0.050)

Control mean 0.003 0.004 0.000 0.000

Panel D: Members of my race * gender group underrepresented among promoted
Non-blind manager, 0.165∗∗∗ 0.213∗∗∗ -0.005 0.007
see avatars (0.027) (0.032) (0.064) (0.047)

Control mean 0.386 0.378 0.538 0.020

Panel E: White men are overrepresented among promoted
Non-blind manager, 0.161∗∗∗ 0.196∗∗∗ 0.022 0.327∗∗

see avatars (0.026) (0.030) (0.062) (0.143)

Control mean 0.585 0.580 0.614 0.551

N 1389 1004 291 94

Note: This table shows the effects on secondary measures of perceived discrimination of being in the non-blind manager arm,
relative to the demographic-blind manager arm, in the promotion experiment. The sample is workers in either manager arm who
would not have been promoted under any of the three procedures. The secondary measures are the following: In Panel A, an
indicator for the worker’s primary reason listed for what needed to be different about their profile being demographics (as opposed
to the main measure, which indicates mentioning demographics at all); in Panel B, an indicator for saying they think they would
have been promoted if their race or gender was different; and in Panel C, an indicator for mentioning bias or discrimination in
their open-ended description after saying they had a complaint about the promotion procedure. These are alternative measures
of discrimination against the person themself. Panels D and E measure perceptions of discrimination in general: an indicator for
thinking that people in their race × gender group are under-represented among the promoted workers, and an indicator for thinking
that white men are over-represented among the promoted workers. Specifications are otherwise the same as in Figure 6. Standard
errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 level is indicated by *, **, and ***,
respectively.
[Click to return to Section 3.2 (Effects of Perceived Discrimination)]



Table A7: Race and gender gaps in confidence, discrimination prevalence and past experience, outside options, and competitiveness

White women Minority women Minority men p-value p-value
(1) (2) (3) (1)=(2) (2)=(3)

Variables observed in promotion experiment only
Ever experienced discrimination at work 0.497 0.506 0.416 0.753 0.011
Discrimination prevalence (own group) 0.407 0.608 0.517 0.000 0.000
N 1052 416 442

Variables observed in both experiments
Currently employed 0.677 0.661 0.714 0.377 0.022
No college degree 0.372 0.396 0.411 0.208 0.555
4-year degree 0.471 0.494 0.478 0.246 0.516
More than 4-year degree 0.157 0.109 0.111 0.001 0.909
Earn more than 80k 0.348 0.307 0.342 0.029 0.132
Average percent score on quizzes 72.391 69.341 68.375 0.000 0.217
Over-confident, spelling 0.436 0.371 0.455 0.001 0.001
Over-confident, grammar 0.422 0.384 0.435 0.052 0.037
Over-confident, science 0.143 0.204 0.274 0.000 0.001
N 2858 805 774

Variables observed in hiring experiment only
Competitiveness (these tasks) 6.565 6.622 7.322 0.653 0.000
Above-median competitiveness 0.395 0.416 0.503 0.429 0.020
N 1806 389 332

Note: This table compares potential mechanism characteristics across race and gender. The first row shows the share of workers
who report experiencing discrimination at work in the past. The second row shows the average of workers’ beliefs about the share
of workers who report experiencing discrimination at work in the past in their own demographic group. The next five rows show
the education, income, employment, and baseline quiz performance of each group of workers. The over-confidence variables in the
subsequent three rows are indicators for whether a participant thinks they got more questions right on the corresponding quiz than
they actually did; shares are shown. The final two variables show the average self-reported competitiveness in tasks like these (the
spelling, science, and grammar quiz) on a scale from 0 to 10, with 10 being very competitive and 1 being not competitive at all, and
an indicator for having above-median (7) competitiveness.



Table A8: Effects on retention, gender and racial heterogeneity

Num paragraphs Did any optional Did all paragraphs
(1) (2) (3)

Panel A: Race and gender heterogeneity
Non-blind manager*White women -0.646∗∗ -0.039∗ -0.047

(0.317) (0.022) (0.032)
Non-blind manager*Minority women -0.945∗ -0.025 -0.116∗∗

(0.553) (0.037) (0.057)
Non-blind manager*Minority men 0.889 0.068 0.073

(0.562) (0.042) (0.054)
p-values:

White=minority, women 0.628 0.727 0.277
Men=women, minority 0.018 0.096 0.014

N 1293 1293 1293

Panel B: Gender heterogeneity
Non-blind manager*Women -0.726∗∗ -0.035∗ -0.065∗∗

(0.284) (0.019) (0.029)
Non-blind manager*Minority men 0.889 0.068 0.073

(0.562) (0.042) (0.054)
p-values:

Men=women 0.008 0.023 0.020
N 1293 1293 1293

Panel C: Racial heterogeneity
Non-blind manager*White women -0.643∗∗ -0.039∗ -0.047

(0.317) (0.022) (0.032)
Non-blind manager*Minority 0.004 0.023 -0.018

(0.403) (0.029) (0.040)
p-values:

White=minority 0.186 0.067 0.564
N 1293 1293 1293

Control Mean, white women 16.402 0.944 0.818
Control Mean, minority women 15.829 0.921 0.764
Control Mean, minority men 14.538 0.821 0.662

Note: This table estimates the effect of being in the non-blind manager arm on retention relative to the demographic-blind manager
arm in the promotion experiment, separately for white women, racial minority women, and racial minority men. The outcomes
and sample are the same as in Panel A of Table 2, but white men are additionally dropped from the sample. The specification is
also the same, but the indicator for treatment is replaced with three interactions between treatment and indicators for being a white
women, an Asian, Black, or Hispanic woman, and an Asian, Black, or Hispanic man. Standard errors, in parentheses, are robust to
heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
[Click to return to Section 3.3 (Effects on Retention and Performance)]



Table A9: Effects on effort and performance, gender and racial heterogeneity

Minutes Clicks Correct Incorrect Bonus
(1) (2) (3) (4) (5)

Panel A: Race and gender heterogeneity
Non-blind manager*White women -0.059 1.007 -0.038 0.092 -0.017

(0.073) (2.393) (0.297) (0.257) (0.028)
Non-blind manager*Minority women -0.011 4.696 0.866 0.794∗ 0.047

(0.116) (4.439) (0.529) (0.406) (0.050)
Non-blind manager*Minority men 0.088 -4.750∗ 1.478∗∗∗ -0.111 0.094∗∗

(0.120) (2.638) (0.475) (0.487) (0.045)
p-values:

White=minority, women 0.721 0.466 0.125 0.122 0.258
Men=women, minority 0.547 0.060 0.383 0.155 0.479

N 1295 1295 1295 1295 1295

Panel B: Gender heterogeneity
Non-blind manager*Women -0.046 1.992 0.203 0.279 0.000

(0.063) (2.107) (0.268) (0.229) (0.025)
Non-blind manager*Minority men 0.088 -4.750∗ 1.478∗∗∗ -0.111 0.094∗∗

(0.120) (2.635) (0.475) (0.486) (0.045)
p-values:

Men=women 0.305 0.037 0.019 0.465 0.067
N 1295 1295 1295 1295 1295

Panel C: Racial heterogeneity
Non-blind manager*White women -0.059 0.995 -0.037 0.090 -0.017

(0.073) (2.393) (0.296) (0.256) (0.028)
Non-blind manager*Minority 0.040 -0.193 1.183∗∗∗ 0.325 0.071∗∗

(0.085) (2.622) (0.359) (0.320) (0.034)
p-values:

White=minority 0.355 0.735 0.007 0.547 0.041
N 1295 1295 1295 1295 1295

Control Mean, white women 4.968 36.903 15.581 3.475 0.976
Control Mean, minority women 4.932 36.179 14.686 2.707 0.905
Control Mean, minority men 4.904 33.503 12.552 3.938 0.752

Note: This table estimates the effect of being in the non-blind manager arm on effort and performance relative to the demographic-blind manager arm in the
promotion experiment, separately for white women, racial minority women, and racial minority men. The outcomes and sample are the same as in Panel A of
Table 3, but white men are additionally dropped from the sample. The specification is the same as Appendix Table A8. Standard errors, in parentheses, are robust
to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
[Click to return to Section 3.3 (Effects on Retention and Performance)]



Table A10: Combined heterogeneity analysis: Number of paragraphs

(1) (2) (3) (4)
Treatment -0.646∗∗ -1.000∗∗ -0.861∗ -0.742

(0.317) (0.419) (0.515) (0.671)
Treat*Minority women -0.299 -0.218 -0.012 -0.033

(0.618) (0.619) (0.691) (0.692)
Treat*Minority men 1.535∗∗ 1.504∗∗ 1.382∗∗ 1.380∗∗

(0.627) (0.629) (0.657) (0.659)

Treat*Spelling confidence — 0.696 0.863∗ 0.843∗

(0.496) (0.506) (0.508)
Treat*Grammar confidence — 0.074 -0.012 -0.020

(0.488) (0.497) (0.499)
Treat*Science confidence — 0.098 0.073 0.114

(0.666) (0.689) (0.692)

Treat*High prevalence — — 0.125 0.128
(0.531) (0.532)

Treat*Past discrimination — — -0.473 -0.462
(0.504) (0.506)

Treat*Income>80k — — — -0.574
(0.535)

Treat*Employed — — — 0.087
(0.546)

Treat*College degree — — — -0.006
(0.534)

N 1293 1293 1234 1234

p-value for null hypothesis that...
No race/gender het.: 0.029 0.039 0.092 0.093
No gender het. (minorities): 0.018 0.028 0.089 0.086
No race het. (women): 0.628 0.725 0.986 0.962

Note: This table tests for heterogeneity along all possible explanatory dimensions; sequentially adding potential explanatory vari-
ables. An interaction of each heterogeneity variable with the treatment indicator is sequentially added to the regression; the de-
pendent variable is the number of paragraphs proofread. The indicators are: an indicator for being a racial minority woman, an
indicator for being a racial minority man, indicators for being over-confident in spelling, grammar, and science, respectively, an
indicator for having above-median beliefs about the prevalence of discrimination against one’s own race times gender group, among
one’s group, an indicator for reporting previously experiencing discrimination at work in the past, and indicators for having income
above $80,000, being employed, and having a college degree. The “treatment” variable indicates being in the non-blind manager
arm. The sample and controls are the same as in Table 2, with the main effects of the heterogeneity variables added as controls. The
outcome variable is the same as in the first column of that table. Standard errors, in parentheses, are robust to heteroskedasticity.
Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.



Table A11: Combined heterogeneity analysis: Correct highlights in required paragraphs

(1) (2) (3) (4)
Treatment -0.038 -0.101 -0.363 -0.632

(0.297) (0.396) (0.471) (0.598)
Treat*Minority women 0.904 0.807 1.173∗ 1.132∗

(0.589) (0.595) (0.628) (0.625)
Treat*Minority men 1.516∗∗∗ 1.367∗∗ 1.650∗∗∗ 1.577∗∗∗

(0.559) (0.558) (0.583) (0.582)

Treat*Spelling confidence — -0.668 -0.590 -0.600
(0.444) (0.455) (0.455)

Treat*Grammar confidence — 0.650 0.605 0.586
(0.446) (0.454) (0.456)

Treat*Science confidence — 1.061∗ 0.916 0.895
(0.605) (0.620) (0.628)

Treat*High prevalence — — -0.250 -0.229
(0.481) (0.480)

Treat*Past discrimination — — 0.558 0.546
(0.467) (0.469)

Treat*Income>80k — — — -0.591
(0.493)

Treat*Employed — — — 0.839∗

(0.497)
Treat*College degree — — — -0.157

(0.493)

N 1295 1295 1236 1236

p-value for null hypothesis that...
No race/gender het.: 0.017 0.037 0.010 0.013
No gender het. (minorities): 0.383 0.430 0.517 0.544
No race het. (women): 0.125 0.175 0.062 0.071

Note: This table tests for heterogeneity along all possible explanatory dimensions; sequentially adding potential explanatory vari-
ables. The table is analogous to Appendix Table A10 for the outcome variable in the third column of Table 3. Standard errors, in
parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.



Table A12: Combined heterogeneity analysis: Incorrect highlights in required paragraphs

(1) (2) (3) (4)
Treatment 0.092 0.165 0.189 0.447

(0.257) (0.350) (0.378) (0.480)
Treat*Minority women 0.703 0.639 0.629 0.648

(0.454) (0.455) (0.507) (0.507)
Treat*Minority men -0.203 -0.275 -0.421 -0.391

(0.545) (0.542) (0.570) (0.574)

Treat*Spelling confidence — 0.121 0.110 0.093
(0.393) (0.402) (0.401)

Treat*Grammar confidence — -0.671∗ -0.664∗ -0.643
(0.391) (0.394) (0.396)

Treat*Science confidence — 0.817 0.883 0.852
(0.535) (0.564) (0.569)

Treat*High prevalence — — -0.024 -0.027
(0.443) (0.443)

Treat*Past discrimination — — 0.045 0.061
(0.403) (0.404)

Treat*Income>80k — — — 0.346
(0.451)

Treat*Employed — — — -0.238
(0.419)

Treat*College degree — — — -0.395
(0.445)

N 1295 1295 1236 1236

p-value for null hypothesis that...
No race/gender het.: 0.237 0.263 0.241 0.243
No gender het. (minorities): 0.155 0.145 0.103 0.109
No race het. (women): 0.122 0.161 0.215 0.202

Note: This table tests for heterogeneity along all possible explanatory dimensions; sequentially adding potential explanatory vari-
ables. The table is analogous to Appendix Table A10 for the outcome variable in the fourth column of Table 3. Standard errors, in
parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.



Table A13: Accounting for multiple hypothesis testing for gender and racial heterogeneity results

Number of Correct Incorrect Res. wage
paragraphs highlights highlights (same mgr)

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

White women (N=738):
Non-blind manager effect -0.572 -0.104 0.061 0.029
Unadjusted p-value 0.045 0.695 0.798 0.016
Adjusted p-value 0.341 0.975 0.798 0.161

Racial minority women (N=266):
Non-blind manager effect -0.874 0.785 0.753 -0.010
Unadjusted p-value 0.090 0.109 0.044 0.612
Adjusted p-value 0.525 0.491 0.357 0.975

Racial minority men (N=291):
Non-blind manager effect 0.901 1.353 -0.132 0.022
Unadjusted p-value 0.096 0.003 0.776 0.324
Adjusted p-value 0.500 0.036 0.951 0.852

Note: This table reports treatment effects of being in the non-blind manager arm in the promotion experiment on the primary
outcomes with heterogeneity by race × gender, accounting for multiple hypothesis testing with heterogeneity using the procedure
developed in List et al. (2019). The outcomes are the number of paragraphs proofread, the number of correct highlights and
incorrect highlights, and the reservation wage for future work when workers would be evaluated by the same manager. The multiple
hypothesis testing adjustment accounts for 12 hypotheses (four outcomes and three groups) and uses 3,000 bootstrap iterations. The
sample is the same as the corresponding columns in Tables 2, 3, and 4. The specification estimates the effects separately for each
group, rather than jointly with the control variables constant across groups due to the construction of the List et al. algorithm. This
means the estimates are slightly, but not meaningfully, different, from those in the main tables. The same control variables are used
as in the main tables.
[Click to return to Section 3.3 (Effects on Retention and Performance)]

Table A14: Effects on self-reported interest in future work

Work for Tasks w/ Easy Hard Prefer
employer assignment paragraphs paragraphs hard job

(1) (2) (3) (4) (5)
Non-blind manager, -0.058∗∗ -0.040 -0.031 -0.048 -0.021
see avatars (0.029) (0.030) (0.030) (0.030) (0.028)

N 1286 1286 1286 1286 1295

Control mean 0.649 0.557 0.582 0.529 0.684
Note: This table estimates the effect of being in the non-blind manager arm on self-reported interest in future work, relative to the
demographic-blind manager arm in the promotion experiment. In columns 1-4, the outcomes are indicators for strongly agreeing
with statements that they would like to do more tasks (on Prolific) for this employer, more tasks with this type of job assignment,
more tasks of the same difficulty level, and tasks that are the harder job that they didn’t do in the experiment. The outcome in
column 5 is an indicator for probably or definitely preferring the harder job to the easier job. Specifications are the same as in Table
2. Standard errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 level is indicated by *,
**, and ***, respectively.
[Click to return to Section 3.4 (Effects on Future Labor Supply)]



Table A15: Effects on future labor supply, gender and racial heterogeneity

RW (Same) WTP cutoff Coop. RW WTP new mgr Shared zero Amt shared
(1) (2) (3) (4) (5) (6)

Panel A: Race and gender heterogeneity
Non-blind manager*White women 0.033∗∗ 0.012∗∗ 0.024 0.050∗ 0.038 -0.245

(0.014) (0.006) (0.019) (0.027) (0.039) (0.316)
Non-blind manager*Minority women -0.007 0.010 -0.020 0.114∗∗ 0.012 -0.619

(0.021) (0.011) (0.030) (0.044) (0.062) (0.448)
Non-blind manager*Minority men 0.026 0.013 -0.012 -0.019 0.109∗ -0.076

(0.023) (0.012) (0.032) (0.046) (0.058) (0.495)
p-values:

White=minority, women 0.107 0.902 0.200 0.206 0.707 0.477
Men=women, minority 0.283 0.862 0.844 0.038 0.241 0.410

N 1247 1235 1256 957 1289 1289

Panel B: Gender heterogeneity
Non-blind manager*Women 0.022∗ 0.011∗∗ 0.012 0.066∗∗∗ 0.031 -0.345

(0.012) (0.005) (0.017) (0.023) (0.034) (0.270)
Non-blind manager*Minority men 0.026 0.013 -0.012 -0.019 0.109∗ -0.076

(0.023) (0.012) (0.032) (0.046) (0.058) (0.495)
p-values:

Men=women 0.876 0.894 0.489 0.097 0.231 0.622
N 1247 1235 1256 957 1289 1289

Panel C: Racial heterogeneity
Non-blind manager*White women 0.033∗∗ 0.012∗∗ 0.024 0.050∗ 0.039 -0.244

(0.014) (0.006) (0.019) (0.027) (0.039) (0.316)
Non-blind manager*Minority 0.010 0.012 -0.016 0.051 0.062 -0.338

(0.016) (0.008) (0.022) (0.032) (0.043) (0.340)
p-values:

White=minority 0.251 0.996 0.155 0.984 0.670 0.831
N 1247 1235 1256 957 1289 1289

Control Mean, white women 0.253 -0.009 0.325 0.205 0.529 2.815
Control Mean, minority women 0.280 -0.019 0.349 0.218 0.550 2.693
Control Mean, minority men 0.280 -0.026 0.366 0.264 0.517 2.924

Note: This table estimates the effect of being in the non-blind manager arm on future labor supply relative to the demographic-blind manager arm in the promotion
experiment, separately for white women, racial minority women, and racial minority men. The outcomes and sample are the same as in Panel A of Table 4, but
white men are additionally dropped from the sample. The specification is the same as Appendix Table A8. Standard errors, in parentheses, are robust to
heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
[Click to return to Section 3.4 (Effects on Future Labor Supply)]



Table A16: Balance table by whether see two or three white men previously promoted

Non-blind manager Blind manager Algorithm + avatars Algorithm, no avatars
<3/3 3/3 p <3/3 3/3 p <3/3 3/3 p <3/3 3/3 p

Male 0.22 0.22 0.994 0.26 0.17 0.007 0.22 0.27 0.341 0.27 0.23 0.372
Race:

Asian 0.13 0.12 0.464 0.16 0.09 0.013 0.20 0.12 0.099 0.15 0.16 0.891
Black 0.15 0.13 0.298 0.15 0.14 0.913 0.13 0.18 0.298 0.20 0.18 0.776
White, Hispanic 0.15 0.15 0.882 0.16 0.17 0.629 0.16 0.11 0.283 0.16 0.16 0.912
White, Non-Hispanic 0.56 0.61 0.262 0.54 0.59 0.154 0.51 0.59 0.200 0.48 0.50 0.837

Married 0.50 0.51 0.851 0.55 0.53 0.686 0.53 0.55 0.838 0.60 0.52 0.160
Kids 0.49 0.39 0.011 0.45 0.43 0.582 0.40 0.48 0.166 0.45 0.40 0.359
Education:

Less than high school 0.01 0.01 0.814 0.01 0.01 0.767 0.02 0.00 0.154 0.01 0.02 0.692
High school graduate 0.16 0.13 0.268 0.14 0.15 0.763 0.11 0.14 0.383 0.11 0.11 0.861
Some college but no degree 0.26 0.27 0.818 0.28 0.29 0.828 0.24 0.32 0.169 0.23 0.26 0.499
2 year college degree 0.09 0.11 0.351 0.10 0.09 0.766 0.08 0.07 0.751 0.10 0.08 0.671
4 year college degree 0.35 0.35 0.827 0.36 0.38 0.734 0.43 0.38 0.430 0.42 0.37 0.357
Professional or Masters degree 0.12 0.12 0.878 0.10 0.08 0.380 0.10 0.08 0.660 0.13 0.15 0.677
Doctorate 0.02 0.01 0.330 0.01 0.01 0.972 0.02 0.00 0.218 0.01 0.02 0.692

Income:
Less than $20,000 0.14 0.16 0.362 0.12 0.13 0.804 0.15 0.15 0.830 0.09 0.22 0.001
$20,000-$40,000 0.21 0.20 0.754 0.22 0.28 0.083 0.24 0.18 0.187 0.25 0.17 0.088
$40,000-$60,000 0.20 0.19 0.692 0.18 0.17 0.681 0.23 0.19 0.408 0.18 0.11 0.107
$60,000-$80,000 0.14 0.16 0.427 0.15 0.14 0.708 0.13 0.16 0.492 0.16 0.12 0.287
$80,000-$100,000 0.09 0.12 0.221 0.13 0.08 0.078 0.08 0.10 0.469 0.09 0.10 0.724
$100,000-$120,000 0.10 0.05 0.038 0.07 0.08 0.813 0.04 0.07 0.267 0.07 0.09 0.416
$120,000-$140,000 0.03 0.02 0.256 0.04 0.04 0.812 0.04 0.03 0.659 0.05 0.05 0.940
$140,000-$160,000 0.03 0.05 0.272 0.03 0.04 0.424 0.02 0.04 0.316 0.05 0.03 0.362
More than $160,000 0.06 0.04 0.401 0.06 0.05 0.539 0.07 0.07 0.879 0.06 0.10 0.216

Age:
18-24 0.15 0.19 0.193 0.17 0.17 0.789 0.20 0.13 0.155 0.19 0.16 0.558
25-34 0.28 0.35 0.069 0.31 0.28 0.371 0.29 0.40 0.056 0.31 0.34 0.585
35-44 0.25 0.18 0.051 0.22 0.23 0.888 0.26 0.15 0.036 0.19 0.20 0.772
45-54 0.15 0.13 0.537 0.16 0.14 0.584 0.13 0.10 0.516 0.13 0.15 0.544
55-64 0.11 0.10 0.551 0.09 0.13 0.090 0.06 0.15 0.006 0.14 0.11 0.391
65 or older 0.06 0.05 0.587 0.05 0.04 0.698 0.06 0.05 0.849 0.05 0.04 0.721

Employment:
Currently employed outside Prolific 0.64 0.65 0.738 0.67 0.65 0.598 0.68 0.77 0.095 0.72 0.63 0.116
Ever employed outside Prolific 0.93 0.97 0.033 0.96 0.96 0.935 0.97 0.99 0.278 0.95 0.95 0.815
Satisfied with current employer 0.77 0.80 0.454 0.77 0.78 0.751 0.74 0.80 0.337 0.76 0.73 0.646
Satisfied with most recent employer 0.59 0.68 0.189 0.64 0.66 0.799 0.61 0.71 0.391 0.71 0.62 0.369

N 356 294 392 253 193 97 194 131

Note: This table shows means of worker demographic characteristics, all measured in the baseline survey, by treatment group in the promotion experiment,
separately for workers who were randomly paired with managers who previously promoted three white men or not (in the manager arms) or randomly paired with
a group of twenty-four historical-sample workers jointly evaluated by the algorithm among whom three white men were previously promoted (in the algorithm
arm). The sample includes racial-minority men and women and white women who would not have been promoted by any of the three procedures. p-values
test the null of equality between workers who do or do not see three white men in each treatment group, and are calculated with standard errors robust to
heteroskedasticity.
[Click to return to Section 4 (Effects of Minority-Group Representation)]



Table A17: Effects on other reasons for non-promotion in manager sample of the promotion ex-
periment

All Workers Women Minority Men White Men
Panel A: Free response, first answer is more school

Non-blind manager, -0.106∗∗∗ -0.116∗∗∗ -0.152∗∗∗ 0.130
see avatars (0.024) (0.028) (0.058) (0.107)

Control mean 0.414 0.410 0.428 0.408

Panel B: Free response, first answer is higher quiz score
Non-blind manager, -0.058∗∗ -0.078∗∗ 0.010 -0.059
see avatars (0.027) (0.031) (0.066) (0.114)

Control mean 0.484 0.488 0.476 0.469

Panel C: Free response, first answer is it was random
Non-blind manager, 0.001 0.007 0.002 -0.098
see avatars (0.011) (0.013) (0.021) (0.066)

Control mean 0.045 0.046 0.028 0.082

N 1389 1004 291 94

Note: This table shows the effects of being in the non-blind manager arm on the other reasons that workers gave for
what needed to be different about their profile to be assigned to the harder job (the question underlying the main measure
of perceived discrimination), relative to the demographic-blind manager arm in the promotion experiment. The sample
is workers in either manager arm who would not have been promoted under any of the three procedures. In Panel A
the outcome is an indicator for thinking they needed more education to be promoted, in Panel B it is an indicator for
thinking they needed higher quiz scores, and in Panel C it is an indicator for thinking it was random and there was
nothing they could do. Specifications are otherwise the same as Figure 6. Standard errors, in parentheses, are robust to
heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 level is indicated by *, **, and ***, respectively.
[Click to return to Section 3.2 (Effects of Perceived Discrimination)]



Table A18: Effects on secondary measures of perceptions of discrimination in the algorithm sample
of the promotion experiment

All Workers Women Minority Men White Men
Panel A: Free response, primary reason is discrimination

See avatars 0.085∗∗∗ 0.103∗∗∗ 0.053 –
(0.019) (0.025) (0.042)

Control mean 0.003 0.004 0.000 0.000

Panel B: Yes, would be promoted if different race or gender
See avatars 0.164∗∗∗ 0.200∗∗∗ 0.145∗ 0.002

(0.030) (0.037) (0.078) (0.065)

Control mean 0.054 0.045 0.096 0.022

Panel C: Complaint about job assignment mentions discrimination
See avatars 0.039∗∗∗ 0.041∗∗∗ 0.043 –

(0.012) (0.015) (0.031)

Control mean 0.000 0.000 0.000 0.000

Panel D: Members of my race * gender group underrepresented among promoted
See avatars 0.109∗∗∗ 0.119∗∗ 0.103 0.025

(0.040) (0.049) (0.104) (0.108)

Control mean 0.294 0.285 0.446 0.065

Panel E: White men are overrepresented among promoted
See avatars 0.127∗∗∗ 0.137∗∗∗ 0.234∗∗ -0.243

(0.044) (0.053) (0.110) (0.197)

Control mean 0.472 0.479 0.494 0.391

N 691 464 151 76

Note: This table shows the effects of seeing that previously-promoted workers were mostly white men in the algorithm sample of the
promotion experiment on secondary measures of perceived discrimination. The secondary measures are the same as in Appendix
Table A6. The sample is workers in the algorithm arm who would not have been promoted under any of the three procedures.
Specifications are otherwise the same as in Figure 7. Standard errors, in parentheses, are robust to heteroskedasticity. Significance
at the 0.1, 0.05, and 0.01 level is indicated by *, **, and ***, respectively.
[Click to return to Section 3.2 (Effects of Perceived Discrimination)]



Table A19: Effects on psychological outcomes in the promotion experiment

Total good Self-efficacy Very satisfied
affect (SD) index (SD) with work

(1) (2) (3)
Non-blind manager, 0.014 -0.007 -0.028
see avatars (0.037) (0.042) (0.030)

N 1295 1288 1295

Control mean 0.013 -0.016 0.549

Note: This table estimates the effect of being in the non-blind manager arm on psychological well-being, relative to the
demographic-blind manager arm in the promotion experiment. The first outcome is an index of overall affect (emotional state)
and the second is the average of two self-efficacy indices, one for skills related to the proofreading job and one over the proofread-
ing jobs themselves. Both are measured in standard deviation units. The third is an indicator for reporting being very satisfied with
the job in the experimental survey. The specifications and sample are the same as in Table 2. Standard errors, in parentheses, are
robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 level is indicated by *, **, and ***, respectively.
[Click to return to Section 3.3 (Effects on Retention and Performance)]



Table A20: Effects on psychological outcomes, gender and racial heterogeneity

Total good Self-efficacy Very satisfied
affect (SD) index (SD) with work

(1) (2) (3)
Panel A: Race and gender heterogeneity

Non-blind manager*White women 0.002 0.012 -0.008
(0.048) (0.052) (0.039)

Non-blind manager*Minority women -0.059 -0.050 -0.052
(0.079) (0.094) (0.062)

Non-blind manager*Minority men 0.111 -0.015 -0.057
(0.072) (0.084) (0.060)

p-values:
White=minority, women 0.499 0.551 0.536
Men=women, minority 0.110 0.780 0.954

N 1295 1288 1295

Panel B: Gender heterogeneity
Non-blind manager*Women -0.014 -0.004 -0.020

(0.042) (0.047) (0.034)
Non-blind manager*Minority men 0.111 -0.015 -0.057

(0.071) (0.084) (0.060)
p-values:

Men=women 0.123 0.908 0.579
N 1295 1288 1295

Panel C: Racial heterogeneity
Non-blind manager*White women 0.002 0.012 -0.008

(0.048) (0.052) (0.039)
Non-blind manager*Minority 0.029 -0.032 -0.055

(0.054) (0.064) (0.044)
p-values:

White=minority 0.702 0.577 0.407
N 1295 1288 1295

Control Mean, white women 0.038 -0.043 0.572
Control Mean, minority women -0.063 -0.079 0.471
Control Mean, minority men 0.026 0.111 0.566

Note: This table estimates the effect of being in the non-blind manager arm on future labor supply relative to the demographic-
blind manager arm in the promotion experiment, separately for white women, racial minority women, and racial minority men. The
outcomes and sample are the same as in Panel A of Appendix Table A19, but white men are additionally dropped from the sample.
The specification is the same as Appendix Table A8. Standard errors, in parentheses, are robust to heteroskedasticity. Significance
at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
[Click to return to Section 3.3 (Effects on Retention and Performance)]



B Robustness analyses

B.1 Alternative inference methods

B.1.1 Randomization inference

Randomization inference is a standard method used to determine the statistical significance of an es-
timate without making assumptions about its asymptotic distribution (Fisher, 1935; Rosenbaum, 2002).
Specifically, I re-assign treatment status using the same procedure as in the experiments 500 times, indexed
by k ∈ (1,500), and for each iteration k, estimate the parameter of interest β̂ k using the re-assigned “treat-
ment” with the same specification as the main analysis. The distribution of β̂ k’s provides the empirical
distribution of the treatment effect parameter under the null hypothesis that β = 0. The two-sided random-
ization inference p-value is the fraction of absolute values of β̂ k’s that are greater than the absolute value of
the observed β̂ true estimated using the real treatment assignment. Almost all of the results and conclusions
of the paper are unaffected.

Promotion experiment: Panel A Appendix Figure B1 plots the p-values of the effects of assignment
by a non-blind manager in the promotion experiment on all of the outcomes of interest. Of the outcomes
for which the asymptotic standard errors suggest a statistically significant effect at a less than 5 percent
level, all of the randomization-inference p-values remain below 0.05; in most cases, the randomization
inference-based p-values are smaller than the asymptotic ones. The p-value on whether workers share with
their manager increases from 0.11 to 0.19 when using randomization inference. Panel B is analogous for
the effects of learning that the demographic-blind algorithm previously promoted mostly white men; the
effects on completing any optional paragraphs and performance have randomization inference-based p-
values below 0.07. Finally, the effects of increasing minority-group representation retain p-values less than
0.03 (Appendix Figure B2).

Hiring experiment: Appendix Figure B3 plots randomization-inference p-values for the differences
in rates of perceived discrimination between the arms of the hiring experiment. The effects of blinding
decision-makers to demographics and the effect of using an algorithm instead of a manager when the
decision-maker is non-blind remain significant at the 5 percent level; the effect of using an algorithm in-
stead of a manager when the decision-maker is demographic-blind remains significant at the 10 percent
level.

B.1.2 Multiple hypothesis testing

All of the figures referenced above also plot corresponding p-values when they are corrected for multiple
hypothesis testing; most results maintain significance at a 10 percent level. Specifically, I control the family-
wise error rate using the Romano-Wolf (2005; 2016) correction with 500 bootstrap iterations.

Promotion experiment: In Appendix Figure B1 the “families” are the groups in bold: retention, effort
and performance in the first six paragraphs, future labor supply (including cooperation and sharing with
managers), and beliefs about future promotion (in the manager arm only). The effects of being in the non-
blind manager arm relative to the demographic-blind manager arm on future labor supply maintain p-values
between 0.08 and 0.12; the effects on beliefs maintain p-values below 0.02. The positive effect on number
of paragraphs proofread does not maintain significance, however, this result is driven by racial minority men
and that result does maintain significance when corrected for multiple hypothesis testing across both the
number of main outcomes and the number of heterogeneous groups tested (Appendix Table A13).

The main results that are not robust to using MHT-corrected inference are the effects of learning that
the demographic-blind algorithm previously promoted mostly white men on performance; these p-values



increase to more than 0.2 when they are adjusted. Appendix Figure B2 does not include MHT-corrected
p-values for the effects of seeing that three white men were previously promoted as there are only two
estimates in the “family.” A simple Bonferroni-style correction that multiplied the asymptotic p-values by
two would imply p-values that are still less than 0.02.

Hiring experiment: The effects of blinding managers to demographics and the effect of using an algo-
rithm instead of a manager have adjusted p-values around 0.07; the effect of blinding an algorithm remains
significant at the 1 percent level (Appendix Figure B3).

B.2 Attrition and attention

Differential attrition and attention also cannot explain any of the results.
Attrition: Appendix Table B1, columns (1) and (2) shows that there is no differential attrition in the

promotion experiment between the demographic-blind and non-blind manager arms or between workers
in the algorithm sample that do or do not see demographics (Panels A and B). Panels C and D show that
there is also no differential attrition between workers who saw three white men or two white men and
someone else in the non-blind manager arm or in the demographic-blind algorithm arm when workers saw
previously-promoted workers’ demographics, respectively. Appendix Figure B4 shows that there is similarly
no differential attrition in the hiring experiment.

Attention: The same tables and figures show that there is no difference in the rate at which workers
failed the attention check in the final part of the experimental survey, except between workers who saw
three white men versus two white men and someone else in the algorithm + avatars arm of the promotion
experiment (Appendix Table B1, Panel D, column 3). Note that workers who failed the attention check are
included in the main sample but the results are robust to dropping them, discussed next. Section 2.4 shows
that worker attention to and comprehension of the experiment was high overall.

B.3 Specification choices

I test the sensitivity of the main estimates to the choice of control variables and sample definition by
estimating the main results while iterating over all possible decision-points in Appendix Figures B5-B11.

B.3.1 Sample definitions

The main results restrict the sample to workers who were not selected by any of the procedures, as pre-
registered. This eliminates concerns that different procedures may have selected different types of workers,
generating differences between the treatment arms in the non-promoted or non-hired sample other than those
caused by different perceptions of the reason they were not selected. The main results in the promotion
experiment also drop the small sample of white men who were recruited as a comparison group to ensure
that the treatment triggered perceived race and gender discrimination; this was not pre-registered. The
specification charts iterate over these and other sample definitions: further restricting to workers who passed
the “attention check” in the final survey section, including the white men in the promotion experiment
results, or expanding to the full sample of workers who completed the experimental surveys.

The effects of perceived manager discrimination on behavior are generally unchanged, but effects
of perceived algorithmic discrimination are more sensitive. Specifically, the effects of learning that the
demographic-blind algorithm previously promoted mostly white men on earnings and performance are less
negative and lose significance when restricting to those that passed the attention check; the positive effects
on retention disappear for that sample as well (Appendix Figure B9). The effects of anti-bias hiring proce-
dures on perceived discrimination and effects of minority-group representation on perceived discrimination
are unchanged.



B.3.2 Included controls

The main specification controls for demographic information (age, education, income, employment,
race, gender), baseline quiz scores, quiz-score group fixed effects, and the educational experience and quiz-
score quintiles of the previously-promoted workers each worker saw.

A second specification (in the manager arms only) replaces the quiz-score group fixed effects with
evaluation group fixed effects (groups within which workers were jointly assigned to be evaluated by the
same counterfactual managers) but leaves the rest of the main specification controls unchanged. I pre-
registered using evaluation-group fixed effects rather than quiz-score group fixed effects. I primarily present
results using quiz-score group fixed effects because this allows for the same exact specification to be used
for the manager and algorithm samples (the non-blind/blind manager randomization was within evaluation
groups, whereas the with/without avatars algorithm randomization was across evaluation groups). As seen
here, this does not matter for the results.

An alternate set of controls was selected by a double-post-lasso procedure, following Chernozhukov
et al. (2018) as pre-registered. Specifically, I run a linear lasso model separately for each outcome and
treatment-group indicators including all possible control variables as independent variables (about 350, each
standardized to have mean zero and standard deviation one).1 These models are run separately for those
evaluated by a manager and those evaluated by an algorithm and separately for each sample definition in
the previous subsection. For each outcome × sample, the lasso-selected controls are the union of controls
selected by lasso when predicting the outcome in that sample and when predicting treatment assignment in
that sample. The baseline survey was shortened for the hiring experiment to minimize costs so I observe
fewer covariates, and only carry out this exercise for the promotion experiment.

A fourth set of controls removes the controls for the education and performance of the previously-
promoted workers, since these were not pre-registered. As seen here, this does not matter for the results.
They are included in the main specification because there are significant differences in these variables across
treatment arms. Finally, the figures also show estimates from regressions that include no control variables.

The estimated treatment effects of evaluation by a non-blind manager are very stable regardless of the
choice of control variables, consistent with effective randomization and the lack of observable differences
between the treatment arms. This is true for all four sets of results (the effects of perceived manager discrim-
ination or perceived algorithmic discrimination on worker behavior or the effects of anti-bias hiring policies
and minority-group representation on rates of perceived discrimination). Unsurprisingly, adding evaluation-
group fixed effects tends to improve the precision of the estimated coefficient in the manager arms of the
promotion experiment, and removing all controls does the opposite for all results.

B.4 Demand effects

A common critique of survey experiments is the potential for differential experimenter demand effects:
if participants perceive that they are in an experiment, figure out the treatments, and guess the researcher’s
hypothesis, differences between treatment arms could be induced by a desire to help (or harm) the re-
searcher’s “agenda” (de Quidt et al., 2019). That said, recent evidence suggests that quantitative social
scientists running survey experiments (and their readers) may be unnecessarily or overly concerned with

1All controls in the main specification, plus: indicators for reporting having experienced gender or racial discrimination in past job
search, promotion, termination, or daily work activities, second-order beliefs about those probabilities for each of eight race ×
gender groups, job satisfaction with their current or most recent employer, whether they’ve ever been unemployed and looking for
work, whether they’ve experienced an unemployment spell longer than six weeks, scales of racial and gender identity centrality,
and family status. The set of possible controls also includes 250 indicators for and interactions of the elements of the profiles that
non-blind managers had access to when making decisions about who to assign to higher-status job: 11 self-identified race and
ethnicity categories, gender, having a college degree or more than a college degree, quiz-score quintiles, five skin tones, eight hair
colors, and 24 hairstyles, and interactions of race/ethnicity × gender × quintiles × degree status as shown on the profiles.



bias from experimenter demand effects, relative to an older literature of lab experiments in psychology in
which the phenomena was originally documented.2

Unsurprisingly, Appendix Table B2 (promotion experiment) and Appendix Figure B12 (hiring exper-
iment) show that regardless of when they were asked, workers in the arms that made the possibility of
discrimination salient were much more likely to say that they thought the study was about discrimination.3

In the promotion experiment 0 percent and 3 percent of the control (no salient demographics) and treatment
(salient demographics) groups, respectively, know that the study is about perceived discrimination when
asked after the proofreading task, and 0-3 and 4-13 percent say the same when asked after the reservation
wage, willingness to pay, and dictator game elicitations. A randomly-selected half of the sample was asked
at each of these times. All workers are asked again at the end of the study. Now, 35-40 percent of the control
groups think the study was about discrimination, and being in a treatment arm where the possibility of dis-
crimination is salient increased this by 8pp (se=4.5pp) and 11pp (se=3pp) when evaluated by the algorithm
or a manager, respectively. This is likely due to the final questions in the survey that ask about perceptions of
discrimination most explicitly. Among those evaluated by a non-blind manager, workers were 7-10pp more
likely to report that they thought the study was about discrimination when they saw three white men than
when they saw two white men and someone else were previously promoted; workers in the demographic-
blind algorithm arm that learned previously-promoted workers’ demographics were 5-10pp more likely to
do so (before the explicit perceived discrimination elicitations).

In the hiring experiment, workers are asked what they thought was the topic of the study first after the
reservation wage elicitations and again at the end of the survey. At both times, workers are more likely to
think that the study was about discrimination in the arms in which there were positive rates of perceived
discrimination (Appendix Figure B12). At the first elicitation, 0-3 percent of workers in the control groups
and 16-24 percent of workers in the groups where the possibility of discrimination was salient think the study
was about discrimination. At the second elicitation, this was 8-18 percent and 30-40 percent, respectively.

Even when workers differentially think that the study was about discrimination in the treated groups,
there still may not be confounding demand effects if workers do not alter their behavior based on this
knowledge. I estimate conservative bounds on all of the main results that account for the possibility of
experimenter demand effects by replacing the value of each outcome variable with its value plus or minus
0.2 times the standard deviation of that variable in the demographic-blind manager arm if the worker guesses
that the topic of the study was discrimination (for the outcomes measuring worker behavior) and, more
conservatively, I replace the perceived discrimination outcome with 0 or 1 if the worker guesses that the
topic of the study was discrimination.4 Appendix Figure B13 present the results for the effect of being in
the non-blind manager arm relative to the demographic-blind manager arm on worker behavior with these
bounds. By subtracting (adding) 0.2sd to the outcome, I obtain an estimate for the effect of treatment if

2Mummolo and Peterson (2019) show that giving participants information about experimenter hypotheses does not affect participant
behavior or estimated treatment effects, even when participants are financially incentivized to conform to those hypotheses and
participants are more knowledgable about the study purpose than participants in the “no information” condition. de Quidt et al.
(2018) show that telling participants they will “do the researcher a favor” by choosing a higher or lower action than they otherwise
would generates substantial bias in estimated treatment effects, and saying that the researcher “expects participants shown these
instructions to [choose a higher or lower action] than they normally would” generates some, but much less, bias.

3These indicators were generated via coding workers’ answers to the open-ended question, “What do you think this study is about?
It’s fine if you’re uncertain, please still write something down.” The independent variable in these regressions is an indicator for
workers’ answers being about discrimination. In the promotion experiment, these were coded by external coders. Due to budget
and time constraints, in the hiring experiment, I generated the coded variables from the text responses.

4de Quidt et al. (2018) show that a strong message telling workers to work harder or less hard changes outcomes by about 0.1sd
in the incentivized effort task they test, though they are not powered to detect this small of an effect. They do not test effects
on multiple price list elicitations like the ones I use to measure reservation wages, which are less cleanly incentivized. So, as a
conservative bound, I use 0.2 as my multiplier on the standard deviation. I use an even more conservative bound on the perceived
discrimination outcome which is not incentivized at all.



participants who know the study topic have a higher (lower) value of the outcome than they would have
if they did not know the topic. There are three upper and three lower bounds; these use the first, second,
and third elicitation of beliefs about the study purpose to determine whose outcomes to replace (recall, the
first and second elicitations were each asked of half of the sample). The treatment-effect point estimates
are remarkably similar and my conclusions are unchanged, though some of the lower bounds are no longer
statistically significant. Appendix Figure B14 shows that the effects of perceived algorithmic discrimination
on performance are also robust to this adjustment.

Appendix Figure B15 shows the analogous bounds for the effects of minority-group representation on
perceived discrimination rates, now replacing the perceived discrimination measure with 0 or 1 if a worker
believed the study was about discrimination. The lower bound is about half the size of the main point
estimate and the upper bound is similar to the main point estimate. Thus, a more conservative interpretation
would be that increasing minority-group representation from 0 to 1 of 3 cuts rates of discrimination by about
20-25 percent rather than about 40-50 percent.

In the hiring experiment, I estimate similar bounds on the differences between rates of perceived dis-
crimination in each of the treatment arms, replacing the perceived discrimination indicator with a 0 or 1 if
a worker thinks the study was about discrimination. I use knowledge of the study topic measured after the
reservation wage elicitation (which was asked of all workers). The lower bound on the effect of blinding
managers and algorithms to demographics are is again about half the size of the main estimate and only
marginally significant. The effects of using an algorithm rather than a manager are less affected but also
smaller (Appendix Figure B16).

B.5 Multiple price list elicitations

The four measures of future labor supply were elicited using multiple price lists (MPLs).5 These were:
reservation wages for another round of evaluation and the same work when (1) workers would be evalu-
ated by the same manager as in the experiment and promoted or not, and (2) when baseline quiz scores
would alone determine promotion; reservation wages to do a collaborative task with their manager; and
willingness to pay to be able to choose a different manager to work with in the collaborative task. The exact
implementation of each MPL is available in the Online Supplement.

Following the literature, these were incentivized by telling workers that I would randomly choose one
row of the MPL and implement the worker’s choice in that row for randomly-selected workers. That said,
workers could report low reservation wages and just not take the job later. This was uncommon and does not
seem to matter for the results: only 10-15 percent of workers answered “I would want the job at this wage”
in all rows for each of the three reservation wages, there is no treatment effect on whether workers answer in
this way, and dropping these workers does not change the estimated treatment effects on reservation wages.

Some workers may not have understood or paid attention to the instructions for the MPL questions. In
the main results, I follow the literature and drop any worker who does not respond to the MPL questions in
a sensible way: these are workers who display multiple switching points throughout the list or those who
switch in the wrong direction (i.e, indicate downward-sloping labor supply or upward-sloping demand for
choosing their own manager). Appendix Table B3 compares the workers who are dropped for this reason
with other workers in the promotion experiment. These workers are less attentive and perform worse on the
proofreading task than those who answer the MPL questions sensibly, but have similar education (Panel A).
Consistently, the treatment effects on all other outcome variables are driven by the workers who do answer
the MPL questions sensibly (Panel B), with the exception of whether and how much workers share with
their manager.

5Budget constraints prohibited me offering all workers a second round of work to measure effects on observed future labor supply.



B.6 Deviations from the Pre-Analysis Plan

Exploiting random variation in the fraction of previously-promoted workers who are white men.
I could not predict which workers managers or the algorithm would select out of twenty-four randomly-
grouped historical-sample workers. I did not anticipate much variation in what fraction of previously-
promoted workers were white men. However, there was substantial variation, with 40 percent of workers in
the experimental sample seeing three white men being previously promoted and the rest seeing two white
men and someone else. Workers were randomly paired with managers or groups of workers jointly evaluated
by the algorithm, and indeed seeing that all previously-promoted workers are white men is not correlated
with any observable worker characteristics (Appendix Table A16). The documented differences in rates of
perceived discrimination between workers who saw three white men previously promoted and those who
saw two white men and someone else have important implications and thus are included prominently in the
paper despite not being pre-registered. There were also differences across arms in what fraction of workers
saw three white men; Figure 11 controls for this difference and allows for comparisons across evaluation
procedures conditional on whether workers saw two or three white men previously promoted.

Given these results, a second related deviation from the pre-analysis plan was to focus the analysis in the
hiring experiment on the subsample of workers who see only three white men previously promoted. All of
the main exhibits are duplicated with the full sample in the appendix and all secondary analysis is available
upon request in the full sample.

Change in sample composition. The demographic make-up of the sample also deviates from the pre-
analysis plan. I managed to over-sample racial minorities relative to the population but not to the extent
originally planned. I also exhausted a larger fraction of the white men interested in my study in recruit-
ing the historical sample than anticipated, and so I recruited fewer white men to the experimental sample
than intended. I recruited additional white women to the sample until the pre-registered overall sample
size was reached. Another deviation is that I drop the small number of white men who participate in the
promotion experiment from the majority of the analysis after showing that the treatment does not generate
perceived discrimination for white men (as expected), but results are very similar when they are added to
those analyses.

Change from pre-registered sample size. First, I recruited 120 fewer workers to the screening survey
for the promotion experiment than pre-registered. This was mainly because of difficulty recruiting the 75
managers, since they were required to be white men (the pool of which had been largely exhausted in
recruiting the historical sample). Second, in order to recruit as many racial minority participants as I did, I
had to raise the base wage paid for the screening survey for the last part of the sample. Stopping recruitment
to the screening survey early helped make up this unexpected expense in the budget. All of this occurred
before any workers were randomly assigned to treatment groups or took the experimental survey.

Second, in both the promotion and hiring experiments, one group of workers (one evaluation group of
120 (360) in the promotion (hiring) experiment) was not offered the experimental survey after completing
the screening survey because I exhausted all possible managers that could be brought back to evaluate them
and none did. Since they had no data on counterfactual decision-making by that manager, they would not
have been able to be in the main analysis sample. Since treatment was assigned within evaluation groups,
this had no implications for the analysis. Again, this decision was made before any workers were assigned
a treatment status. It also helped to make up the above-mentioned slight budgetary shortfall.

Added controls for previously-selected workers’ education and baseline performance. In the con-
trol and treatment groups, workers saw the education and baseline performance of the workers that their
manager or the algorithm had selected in the historical sample. Comparing the treated groups, which also
saw previously selected workers’ race, gender, and avatar, to the control group nets out the effect of knowing
that one was not selected and that previous workers with similar quiz scores as you were previously selected.
However, the different evaluation procedures selected workers in the historical sample with systematically



different education and baseline performance. To account for these differences—for example, to make sure
that the effects are driven by perceived racial and gender discrimination rather than feeling mis-evaluated
because one did not have a college degree—I added controls for the education and baseline performance of
the three previously-selected workers to the baseline specification. As discussed in Section B.3 however,
this does not affect the main conclusions. Estimates without these controls are in Appendix Figures B5-B11.

A mistake in the PAP’s description of control variables. The PAP described the main specification
as including νi, fixed effects for the groups of workers jointly evaluated by one manager or the algorithm.
This is not possible; treatment does not vary within these groups. The correct fixed effect is γi as described
in Section 3.1: workers’ baseline quiz-score level (taking on four values), which is the group within which
treatment was randomly assigned.

De-emphasis of IV specification. Section 3.1 discusses the challenges associated with interpreting the
IV specification, despite it being pre-registered. The results are available in the Online Supplement.

Implicit measures of perceived discrimination. The paper focuses on one primary measure of per-
ceived discrimination and shows results for the other pre-registered measures of explicit perceived discrimi-
nation, but does not show results for the pre-registered measures of implicit perceived discrimination. These
are differences in the number of stars (quiz-score quintiles) that workers report thinking they would have
needed to be promoted compared to members of different demographic groups. The signs of the treatment
effects on these variables are consistent with the explicit measures, but imprecise (available upon request).

Standard error formulation. The pre-analysis plan outlined that I would cluster standard errors by the
groups of 40 workers that were jointly evaluated by the same manager. However, random assignment to
each manager was at the individual level so this was incorrect. If anything, clustering standard errors in this
case makes them smaller, not larger.



Figure B1: Randomization inference and multiple hypothesis testing

(a) Effects of perceived manager discrimination (b) Effects of perceived algorithmic discrimination

Note: These figures plots the p-values for the effects of being in the non-blind manager group relative to the demographic-blind manager group (on
the left) and the effects of seeing that the demographic-blind algorithm previously promoted mostly white men (on the right) on the key outcomes of
interest, with the p-values calculated asymptotically (as in the main analysis, they are robust to heteroskedasticity), with randomization inference, and
corrected for multiple hypothesis testing using the Romano-Wolf correction.



Figure B2: Randomization inference and multiple hypothesis testing (historical representation)

Note: This figure plots the p-values for the differences in perceived discrimination between treatment
arms in Figure 11, with the p-values calculated asymptotically (as in the main analysis, they are robust
to heteroskedasticity) and with randomization inference.

Figure B3: Randomization inference and multiple hypothesis testing (hiring experiment)

Note: This figure plots the p-values for the differences in perceived discrimination between treatment
arms in Figure 12, with the p-values calculated asymptotically (as in the main analysis, they are
robust to heteroskedasticity), with randomization inference, and corrected for multiple hypothesis
testing using the Romano-Wolf correction.



Figure B4: Attrition and attention in the hiring experiment

Note: This figure shows the fraction of workers in each arm of the hiring experiment who finished the experiment, among those
who started it (on the left) and the share of the main sample that failed the attention check (on the right). The sample is restricted
to workers who would not have been promoted under any hiring procedure, and workers who saw that all three previous hires were
white men (a random subsample within each treatment arm—results are the same for the full sample). Shares are calculated via
the same regressions as in Figure 12. 95 percent confidence intervals (in black bars) are calculated with standard errors robust to
heteroskedasticity.



Figure B5: Alternative specifications: Effect of treatment on perceived discrimination (promotion experiment)

(a) Effect of being in non-blind manager arm (b) Effect of learning algorithm previously promoted white men

Note: This figure plots the effect of the two treatments in the promotion experiment on the main measure of perceived discrimination in the promotion
experiment. The figure iterates over sample restrictions and choices of control variables. Starting with the main sample used in the analysis of the effects
of perceived discrimination (workers who would not have been promoted under any procedure who are not white men), it then additionally restricts to
workers who passed an attention check near the end of the survey, then expands to include never-promoted white men, and then the full sample (all
workers who completed the experimental survey, including white men and workers who would have been promoted under any of the procedures). The
controls begin with the main specification, then, in Panel A, add evaluation group fixed effects (the groups of 120 who were counterfactually evaluated
by the same managers). Because the randomization within the algorithm arm was across rather than within evaluation groups, Panel B does not include
a specification that adds evaluation group fixed effects. Then, I remove the controls for the composition of previous hires’ education and performance,
as they were not pre-registered. Next, I include double-post lasso-selected controls, and then drop all control variables. 90 and 95 percent confidence
intervals are calculated with standard errors robust to heteroskedasticity.



Figure B6: Alternative specifications: Effect of perceived manager discrimination on retention and performance

(a) Retention (b) Performance

Note: This figure plots the treatment effect of being in the non-blind manager group on retention and performance in the promotion experiment, relative
to the demographic-blind manager group. The outcomes and main specification are those in Tables 2 and 3 (columns 3-5). Otherwise, the figure
parallels Appendix Figure B5, Panel A.



Figure B7: Alternative specifications: Effect of being in non-blind manager arm on future labor supply

(a) Overall effects (b) Accounting for beliefs

Note: This figure plots the treatment effect of being in the non-blind manager group on reservation wages in the promotion experiment, relative to the
demographic-blind manager group. Panel A shows effects on the reservation wage and willingness to pay overall, while Panel B shows the effects after
accounting for changes in beliefs about the likelihood of promotion. The outcomes and main specification are those in Figure 9. Otherwise, the figure
is analogous to Appendix Figure B5, Panel A.



Figure B8: Alternative specifications: Effect of being in non-blind manager arm on cooperation, generosity, and beliefs

(a) Cooperation and generosity (b) Beliefs about promotion

Note: This figure plots the treatment effect of being in the non-blind manager group on willingness to interact and share with managers in the promotion
experiment, relative to the demographic-blind manager group. The outcomes and main specification are those in Tables 5 and 6. Otherwise, the figure
is analogous to Appendix Figure B5, Panel A.



Figure B9: Alternative specifications: Effect of perceived algorithmic discrimination on worker behavior

(a) Retention (b) Performance

Note: This figure plots the treatment effect of seeing previously-promoted workers’ avatars on retention and performance in the avatar arm of the
promotion experiment. The outcomes and main specification are those in Figure 10. Otherwise, the figure parallels Appendix Figure B5, Panel B.



Figure B10: Alternative specifications: Effects of minority-group representation

Note: This figure plots the estimated share of workers perceiving discrimination by the main measure in the promotion experiment. It parallels Figure 11, plotting
only the share perceiving discrimination in the non-blind manager arm and the demographic-blind algorithm arm in which workers saw previously-promoted
workers’ demographics (though these rates are estimated using the same specification as Figure 11. The figure iterates over other sample restrictions and choices
of control variables, starting with the main specification. Starting with the main sample definition (workers who would not have been hired under any procedure),
it then additionally restricts to workers who passed an attention check near the end of the survey, then expands to the full sample. The controls begin with the
main specification, then, I remove the controls for the composition of previous hires’ education and performance, as they were not pre-registered. Next, I drop all
control variables. 90 and 95 percent confidence intervals are calculated with standard errors robust to heteroskedasticity.



Figure B11: Alternative specifications: Hiring experiment (if previous hires are all white men)

Note: This figure plots the estimated share of workers perceiving discrimination by the main measure in the hiring experiment. It parallels Figure 12, with the
sample restricted to workers who saw only white men being previously hired. The figure iterates over other sample restrictions and choices of control variables,
starting with the main specification. Starting with the main sample definition (workers who would not have been hired under any procedure), it then additionally
restricts to workers who passed an attention check near the end of the survey, then expands to the full sample. The controls begin with the main specification,
then add evaluation group fixed effects (the groups of 120 who were counterfactually evaluated by the same managers). Then, I remove the controls for the
composition of previous hires’ education and performance, as they were not pre-registered. Next, I drop all control variables. 90 and 95 percent confidence
intervals are calculated with standard errors robust to heteroskedasticity.



Figure B12: Knowledge of study topic in the hiring experiment

Note: This figure shows the fraction of workers in each arm of the hiring experiment who thought that the study was about discrimination the
first time they were asked (after learning that they weren’t hired and the reservation wage elicitations, before any survey questions) and the
second (at the end of the survey). The sample is restricted to workers who would not have been promoted under any hiring procedure, and
workers who saw that all three previous hires were white men (a random subsample within each treatment arm—results are the same for the
full sample). Shares are calculated via the same regressions as Figure 12. 95 percent confidence intervals (in black bars) are calculated with
standard errors robust to heteroskedasticity.



Figure B13: Testing experimenter demand in the manager arms of the promotion experiment

(a) Retention and performance (b) Cooperation and beliefs

Note: This figure plots the treatment effects of being in the non-blind manager arm in the promotion experiment, relative to the demographic-blind
manager arm, for all main outcomes with adjustments to account for possible experimenter demand effects. These bounds replace the outcome variable
with its value plus or minus 0.2 standard deviations of that variable in the demographic-blind manager arm if workers thought that the study was about
discrimination when they were asked after the proofreading task, willingness to pay elicitations, and at the end of the study (in the first, second, and
third estimate for each outcome). The treatment effects estimated using these alternate outcome variables are plotted below the main estimate. This
accounts for workers who knew the study topic potentially changing their answer to the question about perceived discrimination based on what they
thought the researcher “wanted” to hear, differentially by treatment group. The specifications are otherwise identical to the main tables. 90 and 95
percent confidence intervals are calculated with standard errors robust to heteroskedasticity.



Figure B14: Testing experimenter demand in the algorithm arm of the promotion experiment

(a) Retention and performance (b) Beliefs

Note: This figure plots the treatment effects of learning the demographics of previously-promoted workers in the promotion experiment among workers
evaluated by the demographic-blind algorithm with adjustments to account for possible experimenter demand effects, analogous to Appendix Figure
B13.



Figure B15: Testing experimenter demand for effects of seeing versus two white men previously promoted

Note: This figure plots the effects of seeing that three white men were previously promoted from Figure 11, with adjustments to
account for possible experimenter demand effects. These bounds replace the outcome variable (perceived discrimination) with a
zero or one if workers thought that the study was about discrimination when they were asked after the proofreading task, willingness
to pay elicitations, and at the end of the study (plotted first, second, and third, respectively). The specifications are otherwise
identical to Figure 11. 90 and 95 percent confidence intervals are calculated with standard errors robust to heteroskedasticity.

Figure B16: Testing experimenter demand in the hiring experiment

Note: This figure plots the differences in perceived discrimination between treatment arms in Figure 12, with adjustments to account
for possible experimenter demand effects. These bounds replace the outcome variable (perceived discrimination) with a zero or one
if workers thought that the study was about discrimination when they were asked just after the elicitation of the outcome variable
and the reservation wage elicitation. The specifications are otherwise identical to Figure 12. 90 and 95 percent confidence intervals
are calculated with standard errors robust to heteroskedasticity.



Table B1: Attrition

Starts experiment Finishes experiment Failed survey
(baseline sample) (among starters) attention check

(1) (2) (3)
Panel A: Manager arms of the promotion experiment

Non-blind manager -0.001 -0.004 -0.012
(0.018) (0.012) (0.025)

N 1593 1354 1295
Control mean 0.848 0.951 0.248

Panel B: Algorithm arms of the promotion experiment
See avatars -0.029 0.030 -0.051

(0.029) (0.019) (0.042)
N 763 649 615
Control mean 0.864 0.929 0.283

Panel C: Non-blind manager arm of the promotion experiment
See three white men -0.037 0.016 0.009

(0.027) (0.014) (0.039)
N 793 676 650
Mean, see two white men 0.870 0.952 0.228

Panel D: Algorithm+avatars arm of the promotion experiment
See three white men -0.012 -0.017 0.168∗∗∗

(0.047) (0.027) (0.064)
N 358 299 290
Mean, see two white men 0.839 0.975 0.207

Note: This table tests for differential attrition in the promotion experiment. The sample always drops white
men to match the primary analysis of the main experiment. In column 1, the sample is all workers who took
the baseline survey and would not have been promoted under any procedure and the outcome is an indicator for
starting the experimental survey. In column 2, the sample is all workers who start the experimental survey and
would not have been promoted under any procedure, and the outcome is an indicator for finishing the experi-
mental survey. In column 3, the sample is the main analysis sample of workers who finished the experimental
survey and would not have been promoted under any procedure, and the outcome is an indicator for failing the
attention check question near the end of the survey. Controls are the same as in all main analysis. Standard
errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 level is indicated
by *, **, and ***, respectively.



Table B2: Knowledge of study topic

After After WTP End of
proofreading elicitations survey

(1) (2) (3)
Panel A: Manager arms of the promotion experiment

Non-blind manager 0.031∗∗∗ 0.099∗∗∗ 0.108∗∗∗

(0.012) (0.022) (0.030)
N 651 644 1295
Control mean 0.009 0.032 0.395

Panel B: Algorithm arms of the promotion experiment
See avatars 0.034∗ 0.043∗∗ 0.080∗

(0.019) (0.018) (0.045)
N 316 299 615
Control mean 0.000 0.000 0.345

Panel C: Non-blind manager arm of the promotion experiment
See three white men 0.073∗∗∗ 0.070 0.098∗∗

(0.026) (0.049) (0.048)
N 321 329 650
Mean, see two white men 0.006 0.128 0.455

Panel D: Algorithm+avatars arm of the promotion experiment
See three white men 0.052 0.100∗∗ -0.012

(0.049) (0.050) (0.072)
N 144 146 290
Mean, see two white men 0.011 0.041 0.404

Note: This table tests for differential knowledge of the study topic in the promotion experiment. The sample
always drops white men to match the primary analysis of the main experiment. In column 1, the outcome is an
indicator for thinking that the study is about discrimination after the proofreading job (before the reservation
wage elicitations and other survey questions) in the random half of the sample that is asked at that time; in
column 2, it is a similar indicator but measured after the reservation wage elicitations, in the other half of the
sample; in column 3, it is an indicator for thinking the study is about discrimination at the end of the study
(asked of the whole sample). Controls are the same as in all main analysis. Standard errors, in parentheses,
are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 level is indicated by *, **, and ***,
respectively.



Table B3: Comparing workers with sensical and non-sensical MPL elicitations

Dropped from any Not dropped p-value
MPL elictation (1)=(2)

(1) (2) (3)

Panel A: Means in the blind manager arm
Indicators of worse attention:

Non-standard open response 0.075 0.036 0.031
Failed att check 1 (screener) 0.090 0.065 0.258
Failed att check 2 (screener) 0.116 0.063 0.023
Failed att check (experiment) 0.372 0.189 0.000

Education:
Less than high school 0.020 0.005 0.057
High school graduate 0.121 0.149 0.344
Some college but no degree 0.266 0.293 0.493
2 year college degree 0.106 0.097 0.734
4 year college degree 0.407 0.349 0.159
Professional or Masters degree 0.075 0.099 0.336
Doctorate 0.005 0.009 0.596

Proofreading performance, effort:
Correct highlights, required paragraphs 12.407 15.714 0.000
Incorrect highlights, required paragraphs 4.176 3.061 0.000
Time on required paragraphs 4.859 4.982 0.133

N (blind manager arm) 199 444

Panel B: Treatment effects (SEs)
Number of paragraphs 0.459 (0.483) -0.705 (0.294) 0.032
Proofread more than required 0.040 (0.035) -0.032 (0.020) 0.058
Finished all paragraphs 0.029 (0.048) -0.062 (0.030) 0.095
Time on required paragraphs 0.065 (0.105) -0.050 (0.065) 0.328
Bonus in required paragraphs 0.068 (0.042) -0.002 (0.025) 0.149
Beliefs about promotion, same mgr -4.453 (2.066) -2.474 (1.407) 0.405
Beliefs about promotion, cutoff -4.529 (2.098) 0.155 (1.485) 0.056
Pr(same manager) - Pr(cutoff) 0.076 (1.289) -2.628 (0.874) 0.069
Shared zero with manager 0.159 (0.053) 0.000 (0.034) 0.010
Amount shared with manager -0.751 (0.458) -0.064 (0.274) 0.183

N (both manager arms) 377 916

Note: This table compares those who are dropped from the sample when looking at outcomes elicited using multiple price lists
and those who are not, in the manager sample of the promotion experiment. The sample always drops white men to match the
primary analysis of the main experiment. Workers are dropped in the main analysis of the MPL-based outcomes if they display
multiple switching points or switch in the wrong direction (e.g. display downward-sloping labor supply). 80 percent of those
who are dropped only display non-sensical responses for their willingness to pay to choose their own managers (the elicitation of
which switched “direction” from the three previous reservation wage elicitations). Panel A compares the means of measures of
attention and skill/effort in the blind manager arm across the two groups. Panel B shows the estimated treatment effect of being in
the non-blind manager arm in each sample, estimated in one regression by interacting the treatment indicator with an indicator for
being dropped in the main analysis. The specification is otherwise the same as Table 2. In panel B, standard errors are robust to
heteroskedasticity (in parentheses).
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