
Essays on the Role of Identity in Economic and Political Behavior

by

Hannah K. Ruebeck

B.A, Wellesley College (2016)

Submitted to the Department of Economics in partial
fulfillment of the requirements for the degree of

Doctor of Philosophy in Economics

at the

MASSACHUSETTS INSTITUTE OF TECHNOLOGY

May 2024

©Hannah Ruebeck 2024. All rights reserved. The author hereby grants to MIT a nonexclusive,
worldwide, irrevocable, royalty-free license to exercise any and all rights under copyright,

including to reproduce, preserve, distribute and publicly display copies of the thesis, or release the
thesis under an open-access license.

Authored by: Hannah K. Ruebeck
Department of Economics
May 15, 2024

Certified by: Frank Schilbach
Associate Professor of Economics
Thesis Supervisor

Certified by: Esther Duflo
Abdul Latif Jameel Professor of Poverty Alleviation and Development Economics
Thesis Supervisor

Certified by: Parag Pathak
Class of 1922 Professor of Economics
Thesis Supervisor

Accepted by: Isaiah Andrews
Professor of Economics
Chairman, Departmental Committee on Graduate Studies



Essays on the Role of Identity in Economic and Political Behavior

by

Hannah K. Ruebeck

Submitted to the Department of Economics
on May 15, 2024, in partial fulfillment of the

requirements for the degree of
Doctor of Philosophy

Abstract. These essays consider the role of various personal and social identities and resulting decision-
making in the domains of education, work, and political participation. The first essay studies beliefs about
experiencing racial or gender discrimination, or perceived discrimination, and its consequences for worker
behavior. Using a large randomized controlled trial (RCT, N=5,000) in a constructed online labor market, I
show that perceived racial and gender discrimination has large negative effects on worker retention, future
labor supply, and cooperation with managers and that these effects are driven by large psychological costs
to interacting with a biased manager. Firms can therefore improve both equity and efficiency by reducing
perceived discrimination. I then test whether implementing hiring procedures that reduce the potential for
actual discrimination are effective at reducing perceived discrimination. The procedures I test—blinding hir-
ing managers to demographics and using unbiased algorithms—at best moderately reduce rates of perceived
discrimination when members of minority groups remain highly under-represented.

The second essay studies childhood confidence, a potential determinant of educational and labor-market
behavior when ability is imperfectly observed. This essay documents two main facts in a large, national
sample of children whose outcomes are followed for 20 years. First, childhood confidence in math and
reading is starkly gendered along stereotypical lines: girls are more likely to be under-confident in math and
over-confident in reading, and vice-versa for boys. Second, childhood over- and under-confidence in math
strongly predicts adolescent test scores, educational attainment, and majoring or working in STEM.

The final essay studies political efficacy, or beliefs about government responsiveness to citizen prefer-
ences and action in an RCT with 6,000 participants. In the context of US climate policy, we test how these
beliefs and preferences for government action change when citizens learn about the recent, largest climate
bill in US history. Learning about policy progress has small positive effects on political efficacy and small
negative effects on preferences for the government to focus on climate policy. These countervailing effects
may be why we see no effect of this treatment on citizen climate action. On the other hand, additionally
watching a short, fictional narrative about a young, initially apathetic woman who goes on to organize a
climate march has large effects on political efficacy and subsequently large effects on donations to climate
lobbying groups and revealed interest in climate marches.
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Chapter 1

Perceived Discrimination at Work

Abstract

Beliefs about experiencing discrimination are widespread but understudied. In an
online experiment (N⇡5000), I randomly assign workers to be evaluated by promo-
tion procedures with varied potential to discriminate and provide information about the
procedure. Learning that managers knew workers’ race and gender and previously pro-
moted mostly white men increases perceived discrimination rates from 3-34%, lowers
retention by 3-6%, and increases reservation wages by 9%. Reducing perceived dis-
crimination is therefore important for equity and efficiency. However, increasingly-
common anti-bias procedures—blinding managers to demographics or using unbiased
algorithms—are unlikely to alone eliminate perceived discrimination when minority
groups remain under-represented.

I am immeasurably grateful for the support of Esther Duflo, Parag Pathak, and Frank Schilbach, who have advised
this project since its earliest days. I would also like to thank Abi Adams-Prassl, David Autor, Abhijit Banerjee, Lisa
Ho, Sendhil Mullainathan, Lucy Page, Ashesh Rambachan, Nina Roussile, Kartini Shastry, Lise Vesterlund, and the
participants in MIT’s labor and behavioral lunches for insightful feedback. This project was supported by the Social
Policy and Research Initiative at the Abdul Latif Jameel Poverty Action Lab, the George and Obie Shultz Fund, Esther
Duflo and Frank Schilbach’s research funds, and the Administration for Children and Families (ACF) of the United
States (U.S.) Department of Health and Human Services (HHS). The latter was as part of a financial assistance award
(Grant #: 90PD0314) totaling $25,000 (28 percent) funded by ACF/HHS and $65,178 (72 percent) funded by non-
government sources. The contents are those of the author and do not necessarily represent the official views of, nor
an endorsement, by ACF/HHS, or the U.S. Government. I was also supported by the National Science Foundation
Graduate Research Fellowship under Grant No. 1745302. The pre-registration for the two experiments can be found
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IRB approval for both studies was obtained under MIT’s Committee on the Use of Humans as Experimental Subjects
as protocols 2201000547 and 2307001048.
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1.1 Introduction

Minority-group workers know discrimination is pervasive, have experiences that could be ex-

plained by discrimination, and often infer they have been discriminated against. In the last four

decades, social scientists have documented widespread workplace discrimination (Goldin and

Rouse, 2000; Bertrand and Mullainathan, 2004; Bertrand and Duflo, 2017; Neumark, 2018; Small

and Pager, 2020). We know little, however, about either the causes or consequences of perceived

discrimination because it is difficult to measure and its effects are difficult to separate causally

from those of discrimination itself. Perceived discrimination is widespread, so it is important for

understanding the impacts of discrimination in the labor market.1 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 discrimination.

This paper describes two large, pre-registered experiments (N⇡5000). The first experiment

tests whether perceived discrimination has quantitative importance for workers and firms; it also

provides some evidence on how to reduce perceptions of discrimination. The second experiment

tests the effects of common anti-bias hiring policies on 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. I focus

on gender and racial discrimination in a white- and male-dominated domain (science), and over-

sample women and racial minority men in the US. To my knowledge, my study is unique in the

quasi-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).

The novel design element of both experiments is that workers are randomly assigned to be
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 3,240 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 A.17).
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evaluated under procedures with varied potential to discriminate. When non-promoted workers

learn how they were evaluated, I also truthfully, randomly vary what workers know about who

was previously promoted under the same procedure. This design generates exogenous variation in

whether workers infer they have been discriminated against when not promoted and identifies how

workers respond to different evaluation procedures and their outcomes. Then, I measure perceived

discrimination and observe 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. Specifically, I observe worker performance in required scientific proof-

reading tasks and the number of optional paragraphs they proofread—which I call retention—and

elicit incentivized reservation wages for future job opportunities and cooperation with managers.

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

other methods. Prior surveys prime workers by asking directly about discrimination or differen-

tial treatment (e.g. Kessler et al., 1999; Goldsmith et al., 2004; Mukerjee, 2014). 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 for them to be promoted. I define perceived discrimi-

nation as a worker’s open-ended response mentioning demographic information, which correlates

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

Specifically, in the first experiment (N⇡2,400), 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 procedures 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 pre-

dicts performance 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.2

2There was no observable discrimination. The algorithms selected workers at similar rates regardless of race and
gender, and race and gender are not predictive of performance conditional on the algorithms’ prediction. I could not
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I focus on the two manager arms to study the effects of perceived discrimination. Before

starting the easier job, non-promoted workers see how they were evaluated and this generates dif-

ferences in perceived discrimination. Workers see demographic and work history information for

their manager and the profiles of the three workers their manager promoted in the past, which com-

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

workers are primarily white men due to their over-representation in earlier cohorts.

Perceived discrimination affects retention and performance in ways that would exacerbate

racial and gender gaps. Learning that one’s manager knew race and gender and previously pro-

moted mostly white men—i.e. being in the non-blind manager arm—increases perceived discrimi-

nation by 31pp compared to the blind manager arm. There are subsequently large effects on worker

behavior. Being in the non-blind manager arm reduces the number of optional tasks completed by

3 percent (p=0.05); this mechanically reduces the earnings of those induced to leave. On average,

however, these negative effects on total earnings are canceled out by an improvement in perfor-

mance among those who stay. The retention and performance effects are strongly gendered and

more negative for racial minority women than white women.

Perceived discrimination also reduces future labor supply, primarily due to direct disutility

from future interactions rather than lower expected wages due to future discrimination. Workers in

the non-blind manager arm have 9 percent (p=0.03) higher reservation wages for a job opportunity

with a chance for promotion that is determined 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) psychological mechanisms, e.g. disutility from interacting

with a biased manager. Only 25 percent of the 9 percent increase in reservation wages is due to

lower beliefs about the likelihood of promotion in the future. Workers are also 9 percent (p=0.09)

less likely to share with their manager in a dictator game and have 18 percent (p=0.04) higher

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

control managers’ decisions, but they did not appear to discriminate against women or racial minorities.
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Perceived discrimination therefore has quantitatively important implications for workers and

firms, so firms should care about how their hiring procedures are perceived. Reducing actual bias

may not reduce perceived discrimination, as reasoning about whether one has experienced discrim-

ination is a complex problem. Individuals only receive few, noisy signals about why they do not

receive certain opportunities and must draw their own conclusions about whether discrimination

played a role (Jones et al., 2016; Doering et al., 2023); on the other hand, they get many signals

about the prevalence of discrimination at scale.

In the second part of the paper, I test how firms might reduce perceived discrimination and

its effects. First, I test whether anti-bias hiring procedures—using unbiased algorithms to rank

candidates and blinding decision-makers to demographic information—affect perceived discrim-

ination. In my setting, workers receive a strong signal that there may be racial or gender bias

since the majority of previously-hired workers are white men. I also (truthfully) randomly vary

whether workers see previously-hired workers who are all or two-thirds white men to understand

how changes in minority-group representation affect worker perceptions. The experimental manip-

ulations mimic ongoing structural changes in the labor market: the growing ubiquity of algorithms

in managerial decision-making (Cowgill, 2020; Jarrahi et al., 2021) and pressure on companies to

de-bias and diversify their workforces (Chang et al., 2019; Brecheisen, 2023; Fath, 2023; Gallup

Inc, 2023).3 Finally, I consider whether algorithmic evaluation can mitigate the effects of perceived

discrimination. Algorithmic bias is generated by statistical processes, not explicit prejudice, which

may change how perceived discrimination affects behavior (Bigman et al., 2023).

The second experiment (N⇡2,700 new workers) tests how anti-bias hiring policies affect per-

ceived discrimination. I randomly assign workers to be evaluated by a manager or an algorithm
3Algorithms 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 are unavoidably opaque, undermining this potential.
Companies’ increasing emphasis on diversity, equity, and inclusion may successfully change perceptions, or fail or
backfire if they seem inauthentic or ineffective. Flory et al. (2021) show that job ads emphasizing company 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 penalties and less likely to hire diverse candidates. Blinding decision-makers to demographic information can
effectively improve representation of minority groups (e.g. Goldin and Rouse, 2000; Fath, 2023), but a recent survey
of HR practitioners suggests that less than 20 percent of firms are employing this strategy (Fath and Zhu, 2021).
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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. Perceived discrimination is the primary out-

come, and workers do not do an effortful task—the sample is workers who are not “hired,” rather

than not “promoted.” Everything else about the labor market is the same as the first experiment.

I test whether minority-group representation—i.e. the outcomes of these procedures rather than

the inputs—affects perceptions using additional random variation from the first experiment. Some

workers are randomly assigned to managers who previously promoted three white men while others

are assigned to managers who promoted two white men and someone else. Workers evaluated by

the demographic-blind algorithm are cross-randomized to learn previously-promoted workers’ race

and gender or not; there is similar variation in whether these are all or two-thirds white men.

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 discrimina-

tion when past decisions “seem biased,” but increasing minority-group representation effectively

does so—an example of the representativeness heuristic possibly affecting belief formation (e.g.

Kahneman and Tversky, 1972; Bordalo et al., 2021).4 Specifically, when workers see that only

white men were previously hired and know their manager knew their race and gender, 52 percent

perceive discrimination.5 Blinding managers to race and gender only reduces perceived discrim-

ination by 11pp (20 percent, p=0.04) when white men are so over-represented. Regardless of

whether decision-makers can use demographic information or not, using an algorithm increases

perceived discrimination by 9-11pp (20 percent, p<0.03). These results suggest that using algo-

rithmic decision-making or de-biasing managers can, at best, only moderately reduce perceived

discrimination if the outcomes of those procedures do not change. If these procedures increase

representation of minority groups, however, they may be more effective at reducing perceived
4This is conditional on the hiring policies used in the experiment—increasing representation via other policies, like
affirmative action, may have other effects.

5This is higher than above because all previously-hired workers are white men and women (who are more likely to
perceive discrimination) make up a higher fraction of the second experimental sample. In the second experiment all
workers see that three white men were previously promoted which also raises perceived discrimination rates.
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discrimination: seeing one woman or racial minority man among the three previously-selected

workers reduces perceived manager and algorithmic discrimination by 40-50 percent (p<0.01).

Since workers do perceive algorithmic discrimination, a final question is whether algorithmic

decision-making could mitigate the effects of perceived discrimination on worker behavior. In

the first experiment, workers evaluated by the algorithm are cross-randomized to see previously-

promoted workers’ profiles with or without demographics. This generates differences in perceived

algorithmic discrimination in the sample in which I observe workers’ subsequent performance

in the work task. Seeing that a demographic-blind algorithm previously promoted mostly white

men—which increases perceived discrimination by 17pp—reduces performance by 5-6 percent

(p=0.07, 0.09) but does not affect retention. When workers anticipate future discrimination, per-

ceived algorithmic discrimination also has similarly negative effects on future labor supply as

perceived manager discrimination.

In sum, this paper shows that rectifying the disparate impacts of discrimination will require

addressing worker perceptions due to both material and psychological costs. Furthermore, em-

ployers could improve equity and efficiency by reducing perceived discrimination, but eliminating

such perceptions will likely be unattainable as long as minority groups remain under-represented.

Implementing objectively race- and gender-neutral procedures cannot eliminate perceived discrim-

ination 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. 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; Glover et al., 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 objectively neutral. Prior work therefore understates the overall effects of a
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discriminatory labor market.

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

(i) changes in returns to effort or the wage value of work opportunities versus (ii) psychological

mechanisms like retaliation or 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). I also build on a theoretical and experimental literature on

the effects of anticipated discrimination on human capital investment due to changes in incentives

(Lundberg and Startz, 1983; Coate and Loury, 1993; Fryer et al., 2005; de Haan et al., 2017; Dianat

et al., 2020) and recent experiments showing that anticipated discrimination affects job search

behaviors (Alston, 2019; Charness et al., 2020; Lepage et al., 2022; Ridley, 2022; Agüero et al.,

2023; Aksoy et al., 2023; Angeli et al., 2023; Avery et al., 2023).6 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 in and out of jobs and increases willingness to take a pay cut

to avoid future discrimination, due to both a direct utility cost and lower expected wages.

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

Prolific workers in the UK, they show that explicitly attributing wage inequality to gender dis-

crimination further reduces lower-wage workers’ labor supply (analogous to the behavior I call

retention) relative to the effects of wage inequality alone.7 Since I study a situation in which
6Other work shows that Black workers reporting previously experiencing discrimination search for jobs more widely
and that controlling for perceived discrimination explains racial differences in labor supply and job satisfaction (Gold-
smith et al., 2004; Mukerjee, 2014; Pager and Pedulla, 2015).

7They 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
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workers learn about hiring procedures and their results and possibly infer discrimination, we learn

that perceived discrimination reduces retention in a more realistic setting and among those who

naturally perceive discrimination; I additionally 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 using revealed-preference measures. Finally,

by introducing variation in the degree to which evaluation procedures can discriminate, we also

learn in my setting that implementing anti-bias policies alone is unlikely to reduce perceived dis-

crimination unless minority-group representation improves.8

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). Consistently, there is mixed evidence on how people

perceive algorithmic versus human fairness. There is little work on perceived race and gender

bias specifically.9 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

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 have negative effects on subsequent behavior.

The paper proceeds as follows: Section 1.2 describes the setting and research design. Sec-

determine your payment per line.” This treatment has no effect on workers’ labor supply.
8I also introduce a novel measure of perceived discrimination to document these effects. There are two other no-
table 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
is stereotypically gender and racial discrimination (proofreading and summarizing scientific articles), versus their
neutral context (copying randomly-generated strings of numbers and letters).

9People 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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tion 1.3 provides evidence on the first research question—the effects of perceived discrimination.

Sections 1.4, 1.5, and 1.6 provide evidence on the effect of anti-bias policies on perceived dis-

crimination, the role of minority-group representation, and whether algorithms can mitigate the

effects of perceived discrimination, respectively. Section 1.7 discusses robustness and Section 1.8

concludes.

1.2 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.

This experiment overcomes these challenges by creating random variation in perceived discrimina-

tion. Importantly, it does so while minimizing actual discrimination, being truthful with workers,

and proxying 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

assigned to be evaluated by procedures that vary in their potential to discriminate (though in

this setting, none observably did so). 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 differences across treatment arms come only from

differences in perceptions of the procedures, and not the procedures’ decisions themselves.

1.2.1 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
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reasons. First, manipulating perceived discrimination requires experimental variation and it is

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 effects of actual discrimination (though there is none), (ii) all information workers

have about the jobs, selection procedures, and other workers, and (iii) the effect of not being

promoted. The main limitation is that, unlike most workplaces, workers and managers have short,

impersonal “interactions.” The implications for generalizability are ambiguous: with extended

interactions, workers may perceive more discrimination if they take it more personally or less

discrimination if they know more context. Effects on behavior may be larger in a more interactive

setting if they arise due to retaliation or distrust, or smaller if there are higher stakes.

In both experiments, I over-sample workers likely to experience and perceive racial and gender

discrimination. 2,080 workers make up the main analysis sample in the first experiment, of which

50 percent are white women, 21 percent each are racial minority women and men, and 8 percent

are white men. 2,527 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.10 In both samples, the racial minority men and women are one-third each

Asian, Black, and Hispanic. For comparison, the population of US workers excluding white men

is 41 percent white women, 30 percent racial minority women, and 29 percent racial minority men

(calculated from the 2021 American Community Survey, ACS).

The experimental sample includes people representative of large swaths of the US population

and 96 percent have non-Prolific work experience (Table 1.1). Seventy percent are currently em-

ployed 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,
103,240 [3,960] workers were recruited to the baseline survey for the first [second] experiment. 120 [360] are dropped

from 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 and make up the final analysis sample.
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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 on average more educated, but poorer and younger than a nationally

representative sample. The fraction with a job outside Prolific is the same as the fraction of the US

population in this age range that is in the labor force. Table 1.1 compares summary statistics from

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

3 restricts the ACS sample to individuals ages 18-71, the minimum and 99th percentile of age in

the experimental sample, and column 4 further restricts to employed women and racial minority

men. The experimental sample is more likely to have a college degree, but also more likely to have

household income betweem $20,000-$60,000 and less likely to earn above $160,000 than either

representative sample.

1.2.2 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. This experiment primarily tests whether perceived discrimination

affects worker behavior.

I refer to the second experiment as the “hiring experiment” because when workers are eval-

uated, they are either selected to do a job (the same as the “promotion 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 1.2.3; the primary goal of this experiment is to test whether hiring

policies that reduce actual discrimination affect perceptions of discrimination.
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1.2.2.1 The job

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 in the Science Jour-

nal for Kids 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 (Nature, Science,

etc.) 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.11

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 given 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, however, are only told they are paid for each

paragraph in which they do “a good job” and that on average, workers could expect to be paid for

half of the paragraphs.

The scientific proofreading job was chosen for several reasons. First, women and racial minor-

ity men are under-represented and stereotypically under-perform in most scientific fields. Second,

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. Third, unlike other science- or math-

based survey tasks, performance might be subjective, and as just described, workers knew only that

they would be paid per paragraph that they did a “good job” proofreading. The effects of perceived

discrimination could therefore have operated through workers anticipating further discrimination

in payment decisions. Empirically, however, workers anticipated the use of objective performance
11Workers 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.
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metrics when asked at the end of the survey how they thought “a good job” was determined.

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

workers are told they are working on a team that proofreads scientific articles, and that 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 Appendix Figure A.1).12 They then learn they were assigned to the easier job.

1.2.2.2 Design overview and background

Appendix Figure A.2 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 Appendix Figure A.3). 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. Then, the experimental workers see who their manager or the

algorithm previously promoted when they learn about their own evaluation (see Section 1.2.2.3).

The managers. The managers, all white men,13 are recruited from Prolific and tasked with
12At 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.
13This 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 participated in the study).
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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

(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’ self-identified race, gender, and an avatar that workers created in the

baseline survey (see below). Baseline performance is shown as 1-5 stars indicating the quintile of

workers’ average quiz scores and education is in three broad categories: no college degree, college

degree, and 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 also evaluate workers with similar quiz scores as those they evaluated in the historical sample

(see below). 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. Appendix A.2 provides details

about manager recruitment and randomization.

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). Ties are broken randomly.

It was trained on a sample of 500 workers recruited from MTurk using Cloud Research’s pre-

approved participant pool. Like the experimental sample, women and racial minority men are

over-represented in the training sample. Appendix A.3 provides more detail.

1.2.2.3 Experimental design

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

section (i.e. algorithm, demographic-blind manager, non-blind manager, and previously-promoted

workers, which refers to promoted workers in the historical sample). Appendix Figure A.4 illus-
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trates 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 and report how

well they thought they did on each.14 Workers know their performance on the quizzes could affect

their future work opportunities and are paid a small bonus for each correct answer. Workers then

answer demographic questions, build an avatar that “looks like them,”15 report a detailed work

history, including past experiences of discrimination at work, and report incentivized beliefs about

the prevalence of discrimination against different groups.

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

with average baseline quiz scores within one quintile of each other. Each group is evaluated by two

randomly-assigned managers, one demographic-blind and one non-blind, and the algorithm. Both

managers had previously been randomly assigned to evaluate workers in the same two quiz-score

quintiles in the historical sample, so workers with low scores see previously-promoted workers

with similar scores to themselves and can infer they had a chance at getting the harder job. Oth-

erwise, low-scoring workers would mainly see top-scoring workers being promoted and would be

unlikely to attribute decisions to discrimination.16

Within each group, 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 assigned 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)
14A spelling quiz of 10 scientific words, 15 grammar questions, and 11 science questions. The difference between

workers’ performance and their (incentivized) beliefs about performance is a measure of confidence, which could
predict perceived discrimination if motivated reasoning causes some workers to attribute rejection to discrimination
rather than their performance (Heidhues et al., 2019). This does not seem to be the case (Appendix Figure A.18).

15Workers made their avatars following the procedure shown in Appendix Figure A.19. They do not know what the
avatars will be used for or that they will be seen by other participants. They therefore should not have chosen their
avatars strategically, indeed, workers largely choose avatars that align with their self-reported race and gender in
expected ways (Appendix Figure A.20).

16Workers were told “[your manager/the algorithm] evaluated workers with similar quiz scores as you.” As intended,
workers at all performance levels were similarly likely to perceive discrimination, conditional on being in the higher
or lower quintile in their group, though workers in the fifth quintile in the 4-5 quintile group were more likely
to perceive discrimination than those in the higher quintile in the 3-4 and 2-3 quintile groups (Appendix Figure
A.21, Panel A). Unsurprisingly, workers in the higher of the two quintiles of their group are more likely to perceive
discrimination. Workers with more education were also more likely to perceive discrimination (Panel B).
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whereas the other half do not (like the demographic-blind manager arm). Workers are balanced

across treatment arms on baseline characteristics (Appendix Table A.1).

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

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

are all offered the same Prolific task (i.e. same wage and job description) and only learn about their

evaluation after opting in. Attrition after starting the survey was uncommon, and similar across all

treatment arms (Section 1.7). Promoted workers are offered the harder job.

Information about non-promotion and evaluation procedures. The timeline of the exper-

imental survey is shown in Appendix Figure A.5. Workers are invited to take the experimental

survey at least three weeks after taking the baseline survey. Upon starting the survey, workers

learn about the two jobs and that they were not promoted (i.e., they were assigned to the easier,

lower-paying job). Framed as context for the next question, “what do you think needed to be dif-

ferent about your profile to be assigned the harder job?,” they then learn how they were evaluated.

In the manager sample, workers learn that managers was recruited from Prolific, reviewed ex-

ample paragraphs, evaluated worker profiles, and are paid based on the performance of the workers

they promote and so should be trying to promote the best workers. They also see their manager’s

profile (avatar, age, education, gender, race, and tenure on Prolific). Thus, differences in perceived

discrimination between the two manager arms control for having a white male manager.

The differences in what workers know about their evaluation (and thus perceived discrimi-

nation) comes next: they are told 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. Appendix Figure A.6 shows

the implementation.

In the non-blind manager arm, workers see profiles that include avatars, average quiz-score

quintiles as 1-5 stars, education (no college degree, college degree, or more than college degree),

self-identified gender (Man, Woman, or Non-Binary/Other), and self-identified race/ethnicity.17

17Only 6 of 2397 participants identified as non-binary; they are grouped with women in results that split by gender as
the “not male” category.
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In the demographic-blind manager arm, the profiles show only quiz-score stars and education.

This controls for any effect of feeling misjudged for not having a college degree, misunderstanding

what the stars represented, or not being promoted.

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

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, all 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 al-

gorithm 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

in the same format as the non-blind manager arm: they include avatars, stars, education, gender,

and race. The other half see profiles in the same format as the demographic-blind manager arm:

just stars and education (Appendix Figure A.7). 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. This is random due to the random pairing of workers

with managers or groups of historical-sample workers jointly evaluated by the algorithm.

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 in their evaluation.18

18Age was not communicated directly but was somewhat observable through avatar hair color and baldness. This was
pre-registered as the main measure of perceived discrimination. The free response was coded as mentioning demo-
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To my knowledge, no other study has attempted to identify individuals who felt that they had

been discriminated against in a recent interaction.19 This measure aims to capture that feeling

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

explicit questions that identify perceived discrimination—asked at the end of the survey and de-

scribed below—correlate highly with the main measure (Appendix Figure A.8). This elicitation

and coding, all other outcomes, and control variables are described in detail in Appendices A.5 and

A.4).

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

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 highlights

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

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

workers also complete a standard psychological scale that elicits current emotional states.

Incentivized survey outcomes. I elicit reservation wages via a multiple price list: workers

indicate for various wage schedules whether they would like to participate in a future round of the

survey at the given wage schedule 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: (1) if they would be evaluated by the

graphics independently by two MIT undergraduates and a PhD psychologist who professionally codes qualitative
data and was hired on Upwork. The externally-generated variables used in the analysis are highly correlated with
variables generated by the author. The full coding scheme for this and other text-based variables is in Appendix A.5.

19Surveys (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.
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same procedure as in the experiment and (2) if their assignment would depend only on whether

they had the highest baseline quiz scores. After each multiple price list, they report what they think

is the probability that they will be promoted if they participate in the future round with the given

evaluation procedure.

In the manager arms only, I similarly elicit incentivized reservation wages to participate in a

collaborative task with their manager from the experiment and their willingness to pay to be able

to choose a different manager to work with in that task.20 Workers in the manager arms also play

a dictator game. They know they may be randomly chosen to receive a $20 thank-you bonus

for their participation and choose how much they would want to share with their manager if they

are selected, in which case their choice will be implemented. These outcomes measure workers’

willingness to share and work cooperatively with their manager, proxying for e.g. willingness to

stay late at work or take on extra tasks.

Self-reported outcomes. Workers next 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 similar methods as the

main measure (Appendix A.5). 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. These more direct measures of perceived discrimination are

highly correlated with the main measure (Appendix Figure A.8). Finally, they answer incentivized

questions about whether they thought various groups of workers were over- or under-represented
20Workers summarize the paragraphs used in the harder version of the proofreading job, managers provide edits, and

workers make revisions. They earn a base wage that the manager cannot influence, but worker-manager pairs who
provide some of the best summaries will earn a bonus, and the manager has discretion over how it is split.
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(or neither) among promoted workers, a measure of perceived discrimination in general rather than

against themselves specifically.21

1.2.3 The hiring experiment

The hiring experiment tests how firms’ hiring policies affect whether workers perceive discrimi-

nation. Specifically, it identifies the effects of using an algorithm versus a manager and the effect

of blinding 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 (Section 1.2.1); the only sampling difference is that white women are more

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

who had not already participated in the promotion experiment. The not-hired workers take an ex-

perimental survey without any proofreading job, and the key outcome is perceived discrimination.

3,960 new workers are recruited to take a shortened baseline survey and then are evaluated

by various procedures. There are six treatment arms; four replicate the arms of the promotion

experiment (Appendix Figure A.9). Workers are randomly assigned to be evaluated by a manager

or an algorithm and cross-randomized to arms where the decision-maker can use 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 A.2).

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. The rest are offered the experimental survey

without any proofreading job.
21All of these “explicit” measures of perceived discrimination require the worker to think about or describe an expe-

rience of discrimination. I also observe implicit measures—differences in the number of stars that workers report
thinking they would have needed to be promoted compared to other demographic groups. The signs of the treatment
effects on these variables are consistent with the explicit measures, but generally imprecise (available upon request).
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The demographic-blind algorithm is the same as in the promotion experiment. The non-blind

algorithm interacts each baseline performance and education variable in the demographic-blind

algorithm with the eight race ⇥ gender groups and predicts performance. Most algorithms would

not explicitly use race and gender information, but a realistic hiring algorithm would use sufficient

predictors to be able to approximate race and gender. I aim to proxy this type of black-box al-

gorithm in a setting without large amounts of data. The non-blind algorithm does not observably

discriminate—it meets the same calibration criteria as the demographic-blind algorithm (Appendix

A.3)—and in fact, would hire more racial minorities than the demographic-blind algorithm (Ap-

pendix Table A.3).

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.

1.2.4 Experimental fidelity: Attention and comprehension

The mechanism ensuring attention to the information about evaluation procedures 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 a reason outside the

standard codes (Appendix A.5).

In the hiring experiment, workers also answered comprehension questions about the proce-

dures at the end of the survey. Approximately 80 percent of workers in all manager arms correctly

identified the managers’ payment structure and approximately 70 percent of workers in all algo-

rithm arms correctly identified that the algorithm predicts performance. 88-98 percent of workers

correctly identified that the decision-makers did use education and average quiz-score quintiles
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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 un-incentivized

survey section. 75 and 80 percent of workers answered the question correctly in the promotion and

hiring experiments, respectively.22 There is no differential attention across treatment arms and the

main results are robust to dropping the workers who failed the attention check (Section 1.7).

1.3 The effects of perceived discrimination

1.3.1 Estimation

To understand the effects of perceived discrimination, 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 = a +bTi +X 0d +H 0l + gg + eig (1.1)

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

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

previously promoted mostly white men. gg 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.23 Appendix A.4 provides details on

all outcome and control variables. Standard errors are robust to heteroskedasticity.

One threat to the causal interpretation of this specification as the effects of interventions that

change only perceptions of discrimination is that different evaluation procedures could have pro-
22Workers were asked to select one column for both rows in a matrix with two Likert-scale questions.
23In the main specification, X includes baseline quiz scores, education, income, age, family 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 had one fewer star) and ten exhaustive and mutually-
exclusive indicators for how the workers’ education compared to the education of the previously-promoted workers
they saw. The controls in H were not pre-registered; the results are the same excluding these controls (Section 1.7).
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moted different types of workers. Since their real decisions were implemented, this could generate

differences between the treatment arms among workers who are not promoted. To eliminate this

threat, 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—i.e. the workers not promoted or hired under any proce-

dure. In the promotion experiment, this is 2,080 workers of 2,317. In the hiring experiment, this

is 2,527 workers of 2,680. In practice, the different procedures do not appear to select systemati-

cally different workers (Appendix Table A.3) and the workers who are selected under at least one

procedure appear similar to those who are never selected (Appendix Table A.4).

The choice of controls and analysis sample do not affect the main results. They are also robust

to multiple hypothesis testing and using randomization inference (Section 1.7).

An instrumental variables (IV) specification. I also present IV specifications in Appendix

A.6, instrumenting for the main measure of perceived discrimination with random assignment.

These effectively divide the ITT estimates of the effects on behavior by the “first stage” effect

on perceived discrimination rates. 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 in-

strumented measure of perceived discrimination. This assumption may be violated—for example,

there may be a certain degree of perceived discrimination that has effects, which may be more or

less frequent than the measures of perceived discrimination I collect. Of those I collect, the main

measure has the largest first stage, and thus implies 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 and

represent a lower bound on the average effects of perceived discrimination caused by a particular

treatment.
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1.3.2 Manipulation check: Treatment affects perceptions

Workers’ perception of discrimination strongly depends on whether they learn that their manager

knew demographic information and previously promoted mostly white men. Figure 1.1 plots rates

of perceived discrimination in each manager arm estimated using Equation 1.1 for the full sample

and separately for women, racial minority men, and white men.24

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 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 discrim-

ination by 31pp (se=2pp).25 Being in the non-blind manager arm increases perceived discrimina-

tion by 37pp (se=3pp) for women and 20pp (se=4pp) for racial minority men. Appendix Figure

A.10 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.26

Appendix Table A.5 shows parallel results using the secondary measures of perceived discrim-

ination. There is always a large, significant effect, and patterns across demographic groups are

the same for all measures, though the prevalence in the demographic-blind manager group and
24Heterogeneity by race and gender was pre-registered, along with heterogeneity by past experiences of discrimination,

beliefs about the prevalence of discrimination, and confidence. I focus on gender and race as they most systematically
predict perceived discrimination, but multivariate regressions that include all pre-registered characteristics are in
Appendix Figure A.18.

25Almost 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 (27 and 13 percent, se=2.4pp and 2.6pp), respectively (Appendix Table A.10). Note
that 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 by 18pp (se=2pp, Appendix Table A.5).

26Why are there such stark gender differences? Gender discrimination could have been more salient than racial dis-
crimination in this experiment, as the avatars’ shirt colors differed by gender but race was only partially commu-
nicated in the avatar via skin tone. However, among racial minority women, the majority of those who perceive
discrimination report that they think they would have been hired if they had a different race or if they had a different
gender; of those who only mention one or the other, about twice as many perceive only racial discrimination. Ak-
soy et al. (2023) similarly find that women are more likely to anticipate discrimination on the basis of some other
negatively-discriminated characteristic than men (in their case, sexual orientation).
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magnitude of treatment effects vary.

1.3.3 Results: Effects of perceived discrimination

1.3.3.1 Retention and performance

Learning that one’s manager knew race and gender and previously promoted mostly white men

lowers retention—persistence in the work task—and performance, particularly for women, though

it also improves some workers’ performance.

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

then choose to proofread up to eighteen. Learning that one’s manager knew race and gender and

previously promoted mostly white men—i.e. being in the non-blind manager arm—causes workers

to proofread 0.5 fewer paragraphs (3 percent, se=0.25, p=0.05) and reduces the probability that they

proofread all eighteen paragraphs by 4.9pp (6 percent, se=2.5pp, p=0.06) (Table 1.2).

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

mance in the first six required paragraphs, before treatment causes 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). It also does not affect performance—

the number of correct or incorrect highlights, or earned bonus (Table 1.3). This masks substantial

heterogeneity, however, which is discussed below.

Total earnings. If the bonus was a piece-rate per paragraph, the negative retention effect

would correspond to the same reduction in total earnings. Instead, the bonus 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, perceived discrimination decreases total earnings for some but increases total earnings

for others. The overall effect of being in the non-blind manager arm on total earnings is zero (Ap-

pendix Figure A.11). Combined with the negative effect on retention, this implies that those who
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stay experience a positive treatment effect of perceived discrimination on earnings in the later para-

graphs, canceling out the negative earnings effect on those induced to quit early. While this effect

cannot be quantitatively separated from selection effects in who chooses to stay, heterogeneous

treatment effects by race and gender provide a sense of magnitudes.

Heterogeneity by race and gender. The negative effects on retention are driven by women,

and racial minority women experience a negative performance effect in the required paragraphs,

where selection cannot play a role. In contrast, racial minority men experience positive perfor-

mance effects. Figure 1.2 plots the effect of being in the non-blind manager arm on the cumulative

percent quit, bonus earned, and correct and incorrect highlights separately by race and gender.

White and racial minority women drive the negative effects on retention. White women proof-

read 0.65 (4 percent, se=0.32) fewer paragraphs and are 3.9pp (70 percent, se=2.1pp, p=0.07) more

likely to immediately quit. Racial minority women proofread one (6 percent, se=0.56, p=0.07)

fewer paragraph and are 12pp (16 percent, se=5.7pp) less likely to complete all eighteen para-

graphs. In contrast, racial minority men proofread 0.81 more paragraphs, though the estimate is

not statistically significant. The effects on retention for men and women are significantly different

from each other at a less than 5 percent level (Appendix Table A.6).

Racial minority men and women’s performance is also affected. Racial minority men correctly

highlight 1.3 (10 percent, se=0.47) more mistakes in the required paragraphs, whereas racial minor-

ity women incorrectly highlight 0.8 (30 percent, se=0.41) more non-mistakes. They also highlight

about 5 percent more words correctly, but the effect is not statistically significant (Appendix Table

A.7, Panel A). Thus, women and men respond differently when they perceive discrimination—on

average, white and racial minority women disengage and do worse, while men try to prove them-

selves, in this case, successfully. Racial minority women may similarly try to prove themselves

by highlighting more words, but do so unsuccessfully, or disengage and simply highlight more

words less thoughtfully. The positive performance effect for racial minority men in the required

paragraphs is significantly higher (p=0.03) from the zero effect for women when white and racial
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minority women are pooled together (Panel B).27

Gender differences in confidence and competitiveness (Niederle and Vesterlund, 2007; Coff-

man, 2014; Bordalo et al., 2019) could underly this result, though other factors may also be at play.

Consistently, though not statistically significant, there is a weakly positive effect of being in the

non-blind manager arm on racial minority men’s psychological well-being—they are less upset,

discouraged, annoyed, and anxious—and a weakly negative effect for racial minority women—

they are more annoyed and less motivated, though also less anxious (Appendix Figure A.12).28

In summary, perceived discrimination overall negatively affects retention, with important het-

erogeneous effects on performance. Some workers may react by trying to prove themselves to

biased managers, but only some do so successfully. Even if future evaluations are race- and gender-

neutral, perceived discrimination may 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.29

1.3.3.2 Future labor supply

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

by beliefs about lower expected wages but derive primarily from disutility from additional interac-

tions with a biased manager or employer.30

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. The reservation wages are measured in terms of both the
27This 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 1.2).
28There are no effects on self-efficacy or job satisfaction (Appendix Tables A.11 and A.12).
29I focus on heterogeneity by race and gender as it yields the most consistent patterns of the pre-registered hetero-

geneity analysis. Appendix A.7 looks at other pre-registered dimensions of heterogeneity. The negative effect of
perceived discrimination on retention is most negative for workers with below-median confidence, after accounting
for racial and gender heterogeneity. The stark gender heterogeneity remains after accounting for confidence.

30The 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 the labor supply outcomes were also measured in the hiring experiment; this was
pre-registered as a replication of the promotion experiment results. Indeed the results are very similar (Appendix
A.8).
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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 multiple price list reflected two wages, e.g.

“Earn $0.20 per paragraph if not promoted and $0.40 per paragraph if promoted.” Table 1.4 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.31 I use a 50 percent probability because the

average worker in the control group believes this is the likelihood of future promotion.32

Thus, the effect on this formulation of reservation wages could be driven either by beliefs about

future discrimination or psychological mechanisms like anticipated disutility. I decompose these

channels in Section 1.3.3.3.

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 cent) if workers

would be evaluated by the same manager (Table 1.4). Those in the non-blind manager arm are also

willing to pay an additional 1 cent per paragraph (se=0.5 cents) to be evaluated by a cutoff rule

in baseline performance in which there is no potential for future discrimination or interaction with

your manager, measured as the difference in reservation wages if they would be evaluated by their

manager or the cutoff rule. This willingness to pay is economically meaningful: it is 4 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 (Table 1.5). Being in the non-blind manager arm increases workers’ willing-

ness to pay to be able to choose a different manager in a cooperative job by 4.1 cents per paragraph

(18 percent, se=2 cents). Workers in the non-blind manager arm are 5pp (10 percent, se=3pp,

p=0.09) more likely to share $0 with their manager of their possible $20 bonus, and overall share
31Sample sizes are slightly smaller for these variables as I drop observations in which workers make inconsistent

choices indicating they do not understand the MPL elicitation method, as is standard in this type of analysis. Ap-
pendix A.9 shows that the effects on retention and performance are similar in this restricted sample.

32This 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). Appendix Figure A.22 plots the CDFs of beliefs by treatment group; a large share of workers
guess 50 percent but there is wide variation.
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about 26 cents (9 percent, se=23 cents, p-value=0.28) less with their manager (Table 1.5).33

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.34

1.3.3.3 Mechanisms

The effects on willingness to interact with and generosity towards managers suggest that animus

or avoidance may underly 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.35

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. Next, I describe a framework to disentangle

these effects, map the framework into the experimental design, and then describe results.

Simple framework. In a standard model, perceived discrimination affects reservation wages

only through beliefs about the probability of future promotion. Reservation wages equalize ex-
33This “dictator game” measures distributional preferences and retaliatory preferences if one has already interacted

with the recipient. Workers whose managers did not see demographic information shared on average $2.80 (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 affects
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.

34In terms of race and gender, being in the non-blind manager arm increases all workers’ willingness to pay to avoid
their manager and causes retaliation (Appendix Table A.13). That said, managers may react more negatively to
women or racial minorities who are less cooperative or generous. Appendix A.7 looks at other pre-registered dimen-
sions of heterogeneity. The positive effect of perceived discrimination on willingness to pay to choose one’s own
manager is largest for workers who report experiencing discrimination at work in the past in the baseline survey.

35Theory 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). Experiments studying identity-based
(gender, age, sexual orientation, caste) 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., 2023).
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pected utility from work and an outside option, where

Expected utility = p̂U(wH)+(1� p̂)U(wL),

p̂ 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 ŝ be beliefs about the

likelihood of future discrimination. In the standard model, perceived discrimination can only lower

expected utility and thus reservation wages if beliefs about future discrimination are increasing in

perceived discrimination: ŝ = s(D), with ∂s
∂D > 0, and if beliefs about future promotion are a

decreasing function of anticipated discrimination: p̂ = p(ŝ), with ∂p
∂ ŝ < 0. This simple framework

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 reser-

vation wages through two other channels. First, beliefs about future promotion may depend on

D independently of ŝ : p̂ = p(ŝ ,D). This could be because perceived discrimination changes

e.g. self-confidence or trust in the employer. Second, workers may experience or anticipate a

cost C(ŝ ,D) which can affect expected utility independently of p̂ . In words, workers may dislike

discrimination or dislike interacting with a biased manager or an employer who hires biased man-

agers, even if they do not anticipate future discrimination. The anticipation cost is increasing in

both ŝ and D. Altogether, now:

Expected utility = p(ŝ ,D)U(wH)+(1�p(ŝ ,D))U(wL)�C(ŝ ,D).

Results. The evidence from my setting rejects both implications of the standard model. First,

anticipated discrimination and changes in e.g. trust or self-confidence each explain about half of
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the effect of perceived discrimination on beliefs about the likelihood of promotion. Second, the

resulting change in expected utility from wages explains only 25 percent of the overall effect on

reservation wages. The effect on disutility C(ŝ ,D) explains the rest. It seems to derive about

equally from (i) disutility from anticipated discrimination or interactions with biased managers

and (ii) disutility from continuing to work for the employer.

First, I estimate the effects on the likelihood of future promotion, separately when future dis-

crimination is possible (when one will be evaluated by the same manager, i.e. ŝ � 0) and when it

is not (when one will be promoted based on a cutoff rule in baseline performance, i.e. ŝ = 0). In

the standard model there may be an effect when ŝ � 0, but not when ŝ = 0.

Being in the non-blind manager arm increases anticipated discrimination and affects beliefs

about promotion when no future discrimination is possible. Being in the non-blind manager arm

lowers beliefs about the likelihood of future promotion by 2.7pp (6 percent, se=1.2pp). About

40 percent of this effect, however, can be explained by changes in beliefs about the likelihood

of promotion when no future discrimination is possible. 1.5pp (se=0.7pp) of the effect of per-

ceived discrimination on beliefs about the likelihood of future promotion comes from increased

anticipated discrimination (Table 1.6).

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(ŝ ,D). Recall that the reservation wages described earlier

(Table 1.4) were constructed from the multiple price list assuming that workers had the average

worker’s belief about the likelihood of promotion. Now, the high and low wages in the multiple

price list are multiplied by workers’ own belief about the probability that they would be assigned

to each type of job.36 This adjusts for any effect of perceived discrimination on beliefs about the

probability of promotion, but average reservation wages in the demographic-blind manager arm
36E.g. if a worker thinks there is a 20 percent chance of being promoted, and they switch from not wanting and wanting

to be evaluated between the piece rates 30 and 35 cents per paragraph for the lower-paying job (and correspondingly
60 cents and 70 cents per paragraph for the higher-paying job), then their reservation wage would be calculated as
0.8⇥32.5+0.2⇥65 = 39 cents per paragraph, whereas a worker with a higher expected probability of promotion
but the same switching point would have a higher estimated reservation wage.
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using both measures are the same and the treatment effects can be interpreted on the same scale.

When future discrimination is possible, effects on reservation wages constructed in this way can

come from ∂C
∂ ŝ or from ∂C

∂D ; when future discrimination is not, the effects isolate ∂C
∂D .

Being in the non-blind manager arm increases reservation wages for future evaluation by the

same manager by 1.7 cents per paragraph (a 6.5 percent increase, se=1 cent, p=0.10) using this

construction of reservation wages. This is 74 percent of the total effect on reservation wages (2.3

cents per paragraph) when beliefs about promotion can also play a role (Figure 1.3, top panel).

When workers will be evaluated by the cutoff rule, treatment increases reservation wages by 0.9

cents per paragraph after accounting for beliefs (though this is statistically insignificant). Taking

the point estimates at face value, this means that about half of the overall effect on C(D,s) is

therefore due to disutility from anticipated discrimination or continued interactions, and the other

half 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 7.9pp (12 percent, se=2.7pp), are interested in more jobs with

tasks assigned like this one by 5.3pp (9 percent, se=2.9pp, p=0.07), and are interested in doing the

harder job in the future by 6.3pp (12 percent, se=2.9pp) (Appendix Table A.8).

Altogether, these results suggest that the standard model cannot explain the effects of perceived

discrimination on future labor supply. Thus, models of anticipated discrimination that focus on

changing returns to effort may be missing an important, psychologically-driven element. As such,

perceived and anticipated discrimination may have even more pernicious effects than previously

considered because they have a direct utility cost. Even if workers face no monetary consequences,

perceived or anticipated discrimination makes them worse off.

In fact, these costs are also the most likely explanation for the negative effects on retention

discussed in the previous section. While proofreading, workers were not aware of the specifics of

the future work opportunities or that they would possibly interact with their manager again, and

they did not think that their manager would be involved in determining their bonus payment.37

37This 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”
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Thus, it is unlikely that perceived discrimination affected worker behavior through the channel of

changes in expected wages, so the large negative effects of perceived discrimination on retention

for women are most likely due to similar retaliation or avoidance mechanisms.

One psychological channel that could explain the effects of perceived discrimination on perfor-

mance I find is by activating stereotype threat (e.g. Spencer et al., 2016; Liu et al., 2021) for women

or stereotype challenge (e.g. Alter et al., 2010) for men. This is not something the experiment was

designed to isolate from other psychological channels but could be considered an underlying chan-

nel through which perceived discrimination affected effort costs and thus performance.

Together, the results from the promotion experiment show that perceived discrimination has

quantitatively important effects on worker behavior and subsequent outcomes. These effects would

exacerbate gender gaps conditional on race and racial gaps among women. Addressing the dis-

parate impacts of discrimination therefore requires addressing worker perceptions alongside dis-

crimination itself. In addition to these equity concerns, these results show that employers face an

efficiency rationale to reduce perceived discrimination. They could improve retention, some work-

ers’ performance, and worker-manager cooperation by doing so. The next sections test how firms

might achieve this goal.

1.4 The effects of anti-bias policies on perceptions

1.4.1 Estimation

The hiring experiment tests whether procedural changes that reduce the likelihood of discrimination—

blinding managers to demographics and using unbiased algorithms—mitigate perceptions of dis-

[and thus are paid for] proofreading these paragraphs?” Fewer than 1.5 percent of workers in either manager
arm mentioned “manager” or “person/people reviewing” 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, and many workers also mentioned a cutoff rule in the number of correct answers.
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crimination. I estimate the following:

Yi = a +hAlgi +q1BAi +q2NBi +c1BA⇥Algi +c2NB⇥Algi +X 0d +H 0l + gg + eig,

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. All other variables are the same as in the previous analysis (Section 1.3.1). Now, I focus

on one outcome: Yi is an indicator for whether workers perceive discrimination.

The effect of being evaluated by an algorithm is h when decision-makers are demographic-

blind and workers do not know previous hires’ race and gender, c1 (c2) when the decision-maker

is demographic-blind (non-blind) and workers do know that previous hires were mostly white men.

The effect of learning that a demographic-blind manager previously hired mostly white men is q1

and the effect of learning that a manager knew race and gender is q2 �q1. The effect of learning

that a demographic-blind algorithm previously hired mostly white men is q1 +c1 and the effect of

learning that an algorithm used race and gender is q2 �q1 +c2 �c1.

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

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. In the main analysis, the above regression is estimated only on those

workers (a random subset, as in the promotion experiment).38

38Results for the full sample are similar but conflate perceptions of procedures with minority-group representation.
(Appendix Figure A.23). The procedures are differentially likely to hire entirely white men in the historical sample.
This exacerbates differences in perceived discrimination between the algorithm and manager arms compared to the
results in the main text (by depressing perceived discrimination in the manager arms) and reduces differences be-
tween the demographic-blind with avatars arm and non-blind manager arm (by depressing perceived discrimination
by more in the non-blind manager arm than in the demographic-blind manager arm).
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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 (2,527 workers of 2,680). Again, in practice, this

does not seem to be a concern (Appendix Tables A.3 and A.4). Standard errors are robust to

heteroskedasticity. The results do not depend on any of these specification decisions (Section 1.7).

1.4.2 Results

Changing hiring procedures in a way that reduces or eliminates the scope for human bias to affect

decisions cannot eliminate perceptions of discrimination, when workers see only white men were

previously promoted. Figure 1.4 plots rates of perceived discrimination in each treatment 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 and 63 percent evaluated by an algorithm perceive

discrimination, an 11pp difference (se=5pp). This difference is similar when decision-makers do

not know demographics (a 9pp difference, se=4pp, Figure 1.4).

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 differences are similar using the secondary

measures of perceived discrimination (Appendix Figure A.13).39

39As in the promotion experiment, in each treatment arm, white and racial minority women perceive similar rates of
discrimination and these rates are about twice as high as those for racial minority men (Appendix Figure A.25).
Treatment effects are similar for white and racial minority women. Blinding managers to demographics is more
effective at reducing perceived discrimination for racial minority men; but using a demographic-blind algorithm
rather than managers when workers know that previous hires were all white men increases perceived discrimination
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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—in other words, they see

previous decisions that “look like” discrimination, and convincing them otherwise is hard. In fact,

while 50-60 percent of workers in the other four arms correctly identify the information that their

manager or the algorithm knew when making hiring decisions, only 7 and 16 percent of workers

do so when they are evaluated by a demographic-blind manager and algorithm, respectively, if

they see previous hires’ avatars, race, and gender (Appendix Figure A.14). This is not due to

(differential) inattention or general confusion (Section 1.2.4).

Instead, they are more likely to be incorrect precisely because they are highly likely to think

the decision-maker knew their race and gender (Appendix Figure A.14). 95 percent of workers

correctly identify that the non-blind manager and algorithm knew race and gender, but 87 and 70

percent of workers incorrectly think so when they are evaluated by a demographic-blind manager

and algorithm, respectively but see that the previously-promoted workers are all white men. That

said, I cannot separate disbelief or motivated reasoning from differential forgetfulness or confusion

about this particular decision input.40

At least some workers perceive algorithmic discrimination even if they know the algorithm

only uses past performance and education as inputs. In the demographic-blind arms that did not see

avatars, race, and gender for previous hires, 21 and 7 percent of workers thought that the manager

and algorithm used demographic information, respectively. The difference is likely due to work-

ers’ seeing managers’ demographics in all manager treatment arms. Thus, there is no significant

difference in the effect of seeing the previous hires’ avatars, race, and gender on whether work-

ers think demographic-blind decision-makers used demographic information between the manager

arms and the algorithm arms (66pp versus 64pp, Appendix Figure A.14). Recall that workers are

9pp (21 percent) more likely to perceive discrimination by an algorithm than a manager when both

are demographic-blind. Together, the results suggests that workers are more likely to know that

by 5 times.
40The information about decision-makers’ inputs and who was previously promoted were both communicated visually,

so should have been similarly salient (Appendix Figure A.24).
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the algorithm didn’t use demographic information but perceive discrimination all the same. One

explanation is that they understand that algorithms can discriminate without using demographics

as inputs but managers cannot. In general, however, workers do not understand the implications of

what they are told about the algorithm’s design, whereas they do understand the manager’s incen-

tives (Appendix Figure A.15). So instead, general distrust or misunderstanding of the algorithm

may make them more likely to jump to conclusions when they see what “looks like discrimination.”

1.5 The effects of minority-group representation

1.5.1 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 in the experimental sample saw (Appendix Figure A.4).

In the manager arms, workers were randomly assigned to managers who had made different

choices in the historical sample. In the non-blind manager arm of the promotion experiment, 46

percent of workers were randomly assigned to managers who had previously promoted three white

men and 54 percent were assigned to managers who had promoted two white men and someone

else. Workers who see that two versus three white men were previously promoted have similar

observable characteristics (Appendix Table A.9).41 In the demographic-blind arm, this was 40

percent and 60 percent, respectively, but note that these two groups of workers did not actually see

anything different about the previously-promoted workers.

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

in others it was two white men and someone else. Recall that workers in the algorithm arm were
41One concern is that the fraction of white men among previously-promoted workers could co-vary with other man-

ager characteristics, but this is not reflected in the data and there was minimal heterogeneity in manager profiles
(Appendix Table A.14).
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cross-randomized to either learn the demographics of previously-promoted workers or not. When

workers learned previously-promoted workers’ demographic information, 33 percent saw three

white men and 67 percent saw two white men and someone else. Workers who see that two versus

three white men were previously promoted have similar observable characteristics (Appendix Table

A.9). I estimate the following:

Yi = a +d13WMi + g1T M
i +b1T M ⇥3WMi +q1Ai +d2A⇥3WMi + g2T A

i

+b2T A ⇥3WMi +X 0d +H 0l + gg + eig,

where 3WMi is an indicator for seeing three white men 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 indi-

cator for being evaluated by the demographic-blind algorithm and learning previously-promoted

workers’ demographics. All other variables are the same as previously (see Section 1.3.1), and Yi

indicates perceived discrimination.

The effect of seeing that only white men were previously promoted is b1 when workers were

evaluated by a non-blind manager and b2 when workers were evaluated by a demographic-blind al-

gorithm. These are the primary coefficients of interest. d1 and d2 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. Note that this

analysis was not pre-registered (see Section 1.7).

1.5.2 Results

More representation of women and racial minority men among previously-promoted workers sub-

stantially reduces perceived discrimination. Seeing one minority-group member among the three
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previously-promoted workers reduces rates of perceived discrimination by 17pp (40 percent, se=3pp)

in the non-blind manager arm and by 15pp (50 percent, se=5pp) in the algorithm arm when workers

see previously-promoted workers’ demographics (Figure 1.5).

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), and seeing one minority-group member from

one’s own group reduces perceived discrimination by an additional 18pp (se=5pp). The pattern is

the same in the algorithm arm (Appendix Figure A.16).

Thus, worker beliefs about discrimination are much more responsive to signals from decision

outputs—who was selected—than they are to signals about inputs—information about how the

decision was made. When a decision “looks like discrimination,” workers pay little attention to

decision inputs—a potential application of the representativeness heuristic affecting belief forma-

tion (e.g. Kahneman and Tversky, 1972; Bordalo et al., 2021). When previously-promoted workers

include members of minority groups, especially one’s own group, workers are much less likely to

perceive discrimination even when there could have been discrimination.

Taken together, these results have several implications for settings where some demographic

groups are severely under-represented. First, anti-bias policies—like transitioning to algorithmic

screening or censoring demographic identifiers from resumes—may slightly reduce perceptions of

discrimination, but workers may still be likely to perceive that discrimination played a role if there

is no change in the demographics 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 also suggest that settings with more equal representation may have less perceived

discrimination. Future study of other policies concerned with minority-group representation—e.g

affirmative action—should consider the channel of perceived discrimination and perceptions of the
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policy more broadly.

1.6 The effects of perceived algorithmic discrimination

Since implementing algorithmic hiring procedures cannot fully eliminate perceived discrimination

(Section 1.4), even if it improves minority-group representation (Section 1.5), a final related ques-

tion is whether algorithmic hiring procedures can mitigate the effects of perceived discrimination.

People are less morally outraged by depictions of algorithmic bias than human bias and are less

likely to attribute algorithmic bias to prejudice when it does occur (Bigman et al., 2023); if the

effects documented in Section 1.3 are due to perceived prejudice rather than perceived discrimina-

tion, they may not arise when workers perceive algorithmic discrimination.

1.6.1 Estimation

To understand the effects of perceived algorithmic discrimination, I focus on intent-to-treat (ITT)

specifications that are analogous to those in Section 1.3.1. Restricting to workers randomly as-

signed to be evaluated by the algorithm in the promotion experiment, I now compare outcomes

between workers who were cross-randomized to see previously-promoted workers’ race, gender,

and avatar versus those who did not. Now, Ti in Equation 1.1 indicates seeing the demographics

of previously-promoted workers; b is the effect of learning that the demographic-blind algorithm

previously promoted mostly white men.

1.6.2 Manipulation check: Treatment affects perceptions

Again, worker perceptions depend on whether they learn that the (demographic-blind) algorithm

previously promoted mostly white men. No workers perceive discrimination when they do not see

the avatars, race, and gender of previously-promoted workers and are evaluated by a demographic-
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blind algorithm.42Learning that the algorithm previously promoted mostly white men increases

perceived discrimination rates from 0 to 17 percent (se=2.6pp), even though workers know the

algorithm did not access demographic information (Figure 1.6). The effect is 22pp for women

(se=3.4pp) and 8.5pp (se=5pp) for racial minority men.43

1.6.3 Results: Effects of perceived algorithmic discrimination

The effects of perceived algorithmic discrimination seem to be negative, but differ in some ways

from the effects of perceived manager discrimination.

Retention. Learning that the demographic-blind algorithm previously promoted mostly white

men does not statistically significantly affect retention. The point estimates across all three out-

comes (number of paragraphs proofread, proofreading more than the required six paragraphs, and

finishing all eighteen paragraphs) are positive, but the confidence intervals are wide and the ITT

effect of the algorithm sub-treatment cannot be statistically distinguished from the negative ITT

effect of being in the non-blind manager arm on retention (Figure 1.7, Row 1).

Performance and earnings. Learning that the demographic-blind algorithm previously pro-

moted mostly white men negatively affects performance in the first six required paragraphs (the

number of words correctly highlighted and bonuses earned), and these effects are statistically

significantly different from the ITT effect of being in the non-blind manager arm relative to the

demographic-blind manager arm (Figure 1.7, Row 3). Learning that the demographic-blind algo-

rithm previously promoted mostly white men lowers performance by about 5 percent.

Future labor supply. Learning that the demographic-blind algorithm previously promoted

mostly white men has no significant effect on reservation wages or willingness to pay for the unbi-

ased cutoff, but these are not statistically distinguishable from the positive effects in the manager
42Given high-profile articles about algorithmic discrimination (e.g. ‘Amazon scraps secret AI recruiting tool that

showed bias against women’, Reuters), this was not obvious ex ante. It was possible that individuals would infer
bias just from the word “algorithm.”

43Results are similar using the secondary measures of perceived discrimination (Appendix Table A.15). In turn, it
reduces the share who cite the primary reason for their non-promotion being their education by 7pp (21 percent,
se=3.4pp, Appendix Table A.16) while it increases the share who cite discrimination as the primary reason by 9pp
(se=2pp, Appendix Table A.15).
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arms (Figure 1.7, Row 4). These smaller, less distinguishable effects may be due to the fact that

there is no effect of learning that the demographic-blind algorithm previously promoted white

men on beliefs about future promotion or anticipated discrimination (Figure 1.7, Row 5). This

did not, however, replicate in the hiring experiment, where these beliefs and reservation wages

were the only outcomes collected that related to worker behavior. Appendix A.8 describes these

results, which were pre-registered as a replication exercise. In the hiring experiment, perceived

algorithmic discrimination did significantly increase anticipated discrimination in the future and

reservation wages for future work (as did perceived manager discrimination). Thus, the anticipated

psychological costs of algorithmic discrimination and manager discrimination may be similar.

In summary, the use of algorithmic hiring procedures changes the effects of perceived discrimi-

nation but the effects are still generally 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, they are consistent with the idea that workers react

differently to perceived prejudice than they do to perceived discrimination (Bigman et al., 2023),

though many other things are different about perceived human versus algorithmic discrimination

that may drive these differences. Other potential explanations are differences in who perceives

discrimination and heterogeneous treatment effects, the fact that algorithms cannot themselves

“benefit” from a worker’s performance, or the fact that an algorithm cannot be “proven wrong.”

1.7 Robustness

The results are broadly quite robust to accounting for standard concerns with experiments in gen-

eral and survey experiments in particular. This section provides a broad overview of these analyses;

Appendix A.9 provides the details and results.

Multiple hypothesis testing and randomization inference. The statistical significance of my

main results does not change when I (1) account for multiple hypothesis testing using a Romano-

Wolf (2005; 2016) correction or (2) when I relax the normality assumptions associated with asymp-
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totic standard errors and instead use treatment randomization to estimate the distribution of treat-

ment effects under a null hypothesis of no treatment effect (Fisher, 1935; Rosenbaum, 2002).

Attrition and attention. There is no differential attrition in either experiment that can explain

my results for the effects of perceived manager discrimination on worker behavior, the effects of

anti-bias hiring procedures or minority-group representation on perceived discrimination rates, or

the effects of perceived algorithmic discrimination. There is one difference in the rate at which

workers failed the attention check (between workers who saw three white men versus two white

men previously promoted in the demographic-blind algorithm arm of the promoted experiment);

the specification charts described next show that the corresponding effect on perceived discrimina-

tion is robust to dropping workers who failed the attention check. Section 1.2.4 discusses overall

experimental fidelity and shows that worker attention and comprehension was high overall.

Specification choices. The main results largely do not depend on the choice of control vari-

ables or sample definition. The effects of perceived manager discrimination and the effects of

anti-bias hiring procedures and minority-group representation on perceived discrimination rates

are unchanged if I further restrict the sample to workers who passed the attention check near the

end of the survey 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 are less negative and are 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 the lack of observable differences between the treatment arms. The

results are robust to replacing the specifications with the exact pre-registered specification along

two dimensions, using lasso-selected control variables (Chernozhukov et al., 2018), or dropping

all control variables.

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 randomly-

determined) in an open-ended text response. I use coded measures of whether they think the study
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is about discrimination (Appendix A.5) 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 fraction

of workers who believed the study was about discrimination, the rates at which workers 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. I use the more conservative bound for the latter since this outcome was not incentivized.

The effects of perceived discrimination on worker behavior are unchanged by this exercise.44

The effects of blinding hiring procedures to demographics and the effect of minority-group repre-

sentation on perceived discrimination all fall by about half when replacing the perceived discrim-

ination measure with zero for workers who believe the study is about discrimination, but remain

statistically significant.

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 (Appendix A.4 shows exact implementations). These were incentivized following the lit-

erature 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 A.9 discusses how these workers compare to those
44This is consistent with Mummolo and Peterson’s (2019) result that workers do not change their behavior when they

are told the purpose of a study.
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who did answer sensibly. 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 exper-

iment, and follow them closely. Here, I outline the main deviations from the pre-analysis plans;

again, see Appendix A.9 for details and smaller deviations.

The primary deviation from the pre-analysis plan was to exploit random variation in the fraction

of previously-promoted workers that were white men, which was built into the original experimen-

tal design by randomly assigning workers to managers and jointly-evaluated groups of historical

workers. I did not anticipate 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 rep-

resentation 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 experiment 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.

1.8 Conclusion

This paper shows that addressing the disparate impacts of discrimination will require addressing

worker perceptions in addition to discrimination itself. Perceived discrimination negatively af-

fects retention and future labor supply, which would 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

psychological costs as well as material ones.
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While employers stand to benefit from higher retention and easier or cheaper recruitment by

reducing perceptions of discrimination, I show that it is going to be difficult to do so purely by

implementing anti-bias procedures in contexts where minority-group workers are severely under-

represented. Reducing biased decision-making itself is of course the right place to start. But

just changing procedures so that they have less potential for bias—in this case, blinding decision-

makers to race and gender or using unbiased algorithms—at best only mildly reduces perceived

discrimination if the outcomes of those procedures—who is hired or promoted—remain the same

and members of under-represented groups continue to see decisions that “look like discrimination.”

Increased diversity may be a more promising tool, and perceptions of discrimination after affirma-

tive action or other diversity initiatives warrant additional future study. Implicit bias trainings seem

not to be very effective at reducing bias (Chang et al., 2019), but an effect on perceptions could

help explain their popularity.

These results offer other interesting avenues for future research on perceptions of discrimina-

tion as well. 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

information about de-biased decision-making—unbiased algorithms in particular. On the other

hand, my results suggest that beliefs about discrimination may be very difficult to change. If that is

the 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 1.1: 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 for women
(of all races), racial minority men, and white men in the two manager treatment arms. The plotted means are estimated from the
coefficients estimated by Equation 1.1 separately for each subgroup. The figure restricts to workers who would not have been
promoted under any promotion procedure. For breakdowns by race ⇥ gender, see Appendix Figure A.10. 95 percent confidence
intervals calculated with standard errors robust to heteroskedasticity are indicated by the black bars. The corresponding effects on
the secondary measures of perceived discrimination are in Appendix Table A.5.
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Figure 1.2: 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 1.1 is estimated interacting the treatment indicator with indicators
for each race/gender group; white men are dropped. 95 percent confidence intervals are calculated with standard errors robust to
heteroskedasticity.

Figure 1.3: 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 1.2. 90 and
95 percent confidence intervals are calculated with standard errors robust to heteroskedasticity.
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Figure 1.4: 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 Table 1.2. p-values and 95 percent confidence intervals are calculated with
standard errors robust to heteroskedasticity.

Figure 1.5: 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 (40 percent of each arm) 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 sample and controls are the same as Table 1.2. p-values and 95 percent confidence intervals are calculated with standard errors
robust to heteroskedasticity.
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Figure 1.6: Perceived discrimination in the algorithm arm of the promotion experiment

Note: This figure is analogous to Figure 1.1 but compares perceived discrimination rates in the two sub-arms of the algorithm
treatment arm. The corresponding effects on the secondary measures of perceived discrimination are in Appendix Table A.15.
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Figure 1.7: 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 1.2, 1.3, 1.4, and
1.6. 90 and 95 percent confidence intervals are calculated with standard errors robust to heteroskedasticity.
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Table 1.1: Summary statistics and comparison to ACS sample

Experimental Samples ACS 2021, ages 18-71
Promotion Hiring All Subsample

(1) (2) (3) (4)
Male 0.29 0.13 0.50 0.31
Race:

Asian 0.13 0.06 0.06 0.09
Black 0.14 0.12 0.12 0.17
White, Hispanic 0.14 0.10 0.18 0.27
White, Non-Hispanic 0.59 0.71 0.59 0.40

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 0.01 0.10 0.09
High school graduate 0.13 0.10 0.27 0.24
Some college but no degree 0.27 0.25 0.21 0.21
2 year college degree 0.09 0.10 0.09 0.09
4 year college degree 0.37 0.39 0.21 0.23
Professional or Masters degree 0.11 0.14 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 0.18 0.15 0.15
$40,000-$60,000 0.18 0.19 0.14 0.14
$60,000-$80,000 0.15 0.17 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 0.17 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 2527 2216940 1005688

Note: The samples in columns 1 and 2 are the analysis samples 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.
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Table 1.2: Effects on retention

Num paragraphs More than 6 Did all 18
(1) (2) (3)

Non-blind manager, -0.497⇤⇤ -0.015 -0.049⇤
see avatars (0.252) (0.018) (0.025)

N 1387 1387 1387

Control mean 15.916 0.915 0.776

Note: This table reports treatment effects of being in the non-blind manager arm in the promotion experiment on retention (Equation
1.1. 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. 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 levels
indicated by *, **, and ***, respectively.

Table 1.3: Effects on effort and performance in the first six (required) paragraphs

Minutes Clicks Correct Incorrect Bonus
(1) (2) (3) (4) (5)

Non-blind manager, -0.027 0.615 0.312 0.217 0.007
see avatars (0.055) (1.787) (0.227) (0.217) (0.022)

N 1389 1389 1389 1389 1389

Control mean 4.957 36.804 14.817 3.422 0.919

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 1.2. Standard errors, in parentheses,
are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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Table 1.4: Effects on future labor supply

Res. wage WTP unbiased
(same procedure) procedure

(1) (2)
Non-blind manager, 0.023⇤⇤ 0.010⇤⇤
see avatars (0.010) (0.005)

N 1338 1325

Control mean 0.265 -0.014

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 1.2. Standard errors, in
parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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Table 1.5: 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, 0.008 0.041⇤⇤ 0.049⇤ -0.255
see avatars (0.015) (0.020) (0.029) (0.233)

N 1349 1030 1383 1383

Control mean 0.341 0.223 0.522 2.857

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 1.2. Standard errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels
indicated by *, **, and ***, respectively.

Table 1.6: Effects on beliefs about future promotion

Pr(Promoted|Same) Pr(Promoted|Cutoff) Diff Pr(Promoted)
(1) (2) (3)

Non-blind manager, -2.699⇤⇤ -1.156 -1.544⇤⇤
see avatars (1.163) (1.212) (0.728)

N 1385 1385 1385

Control mean 47.219 48.491 -1.272

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 stated 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 1.2. Standard
errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***,
respectively.
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Chapter 2

Childhood Confidence, Schooling, and the
Labor Market: Evidence from the PSID

With Lucy Page

Abstract

We link over- and under-confidence in math at ages 8-11 to education and employ-
ment outcomes 22 years later among the children of PSID households. About twenty
percent of children have markedly biased beliefs about their math ability, and beliefs
are strongly gendered. Conditional on measured ability, childhood over- and under-
confidence predict adolescent test scores, high school and college graduation, majoring
or working in STEM, earnings, and unemployment. Across all metrics, higher confi-
dence predicts better outcomes. These biased beliefs persist into adulthood and could
continue to affect outcomes as respondents age, since intermediate outcomes do not
fully explain these long-run correlations.

We are grateful to David Autor, Esther Duflo, Amy Finkelstein, Kartini Shastry, Rohini Pande, Frank Schilbach, and four anony-
mous referees and the editor for thoughtful and helpful comments. Both authors are supported by the National Science Foundation
Graduate Research Fellowship under Grant No. 1745302. This project is also supported by the George and Obie Shultz Fund at
MIT. \newline \indent The majority of data used in this paper is publicly available on the website of the Panel Study of Income
Dynamics: https://psidonline.isr.umich.edu/. Several control and outcome variables used in the analysis rely on the restricted PSID
dataset, which can be obtained via the process described at https://simba.isr.umich.edu/restricted/ProcessReq.aspx.
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2.1 Introduction

Long-standing research in psychology finds that people have biased beliefs about their abilities in a

range of domains.1 Prior research has focused on “optimism bias,” or over-confidence about one’s

performance, belief accuracy, or future outcomes (Moore and Healy, 2008; Sharot et al., 2011;

Taylor and Brown, 1988). In contrast, psychologists also document “imposter syndrome,” a form

of systematic under-confidence in which people attribute their successes to luck or effort rather

than skill (Langford and Clance, 1993; Sakulku, 2011). Recent lab-based work in behavioral

economics has sought to microfound this empirical evidence of biased beliefs by documenting

that people systematically under-weight or over-weight signals about the truth, especially in ego-

relevant domains like intelligence and beauty (see Benjamin (2019) for a review).

Do these confidence gaps matter for economic decision-making in the real world? There are

key reasons to expect that they might. For example, if adolescents or young adults perceive ability

and educational investment to be complements, under-confident students might exert less effort in

school or end their education earlier (Bénabou and Tirole, 2002). Later, under-confident adults

may be less likely to complete costly and uncertain job applications, or may select away from jobs

with higher returns to performance (Dohmen and Falk, 2011).2 Individuals’ beliefs about their

own ability could also affect outcomes by shaping how others perceive them. If parents or teachers

mistake confidence for aptitude and expect the returns of education to increase with ability, they

may invest more in more confident children (Papageorge et al., 2018; Dizon-Ross, 2019). More

confident applicants may appear more capable during job interviews, improving their employment

prospects (Mobius and Rosenblat, 2006; Schwardmann and van der Weele, 2019).

As yet, there is limited evidence for how confidence affects economic outcomes in realistic

settings and over the long term. In addition to the lab-based work on the short-term implications of
1We refer throughout the paper to ability and beliefs about ability, but we do not mean to imply that ability or beliefs are innate or
fixed. Rather, we are referring to someone’s ability or perceived ability to perform well in a certain domain or task at a particular
time.

2Psychological theories of motivation, including Bandura’s (1986) Social Cognitive Theory or Expectancy-Value Theory (see
Wigfield and Eccles (2000)) also emphasize that individuals increase effort in domains in which they feel competent.
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confidence gaps cited above (Mobius and Rosenblat, 2006; Dohmen and Falk, 2011; Schwardmann

and van der Weele, 2019), a small parallel literature in economics and sociology examines longer-

term outcomes and finds that those with higher self-esteem get more education, are more likely to

be employed, and earn higher wages (Murnane et al. 2001; Waddell 2006; Drago 2011; de Araujo

and Lagos, 2013). However, this literature has struggled to demonstrate that these associations are

not driven by omitted variables like unobserved ability. These papers typically control for IQ in an

attempt to account for cognitive ability, but it is not feasible to control for subjects’ “ability” across

all domains that affect generalized self-esteem.

In this paper, we address the limitations of both prior literatures by examining the real-world

and long-term implications of a dimension of confidence in which we can observe and control for

demonstrated ability: childhood over- and under-confidence in math.3 We use unique data from the

Panel Study of Income Dynamics (PSID) to identify biased beliefs in math in a sample of 2,985

children in core PSID households; we then relate their childhood over- and under-confidence to

educational and employment outcomes up to 22 years later, controlling for test scores, general

confidence, and other key confounders.

The PSID is an ideal setting in which to examine long-term links with childhood confidence.

Our sample is based on child-focused PSID supplements that measure children’s performance on

a standardized math test and their own reports of how “good” they are at math. We combine these

measures to identify over-confident children as those who scored poorly on the math assessment

and yet said they were good at math, and to identify under-confident children as those who scored

well but said they were bad at math. The structure of the PSID also allows us to observe much of

respondents’ young adulthood: the child supplements and core survey followed our sample from

1997 through 2019, so we observe our oldest respondents from age 12 into their thirties.

Biased beliefs about math ability are prevalent in our sample: 5-20 percent of children are

markedly over-confident and 7-16 percent are markedly under-confident (using several definitions
3We report all of the following analysis for parallel measures of reading over- and under-confidence in Appendix Tables B.2-B.5.
We discuss our focus on math confidence in Section 2.2.
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of biased beliefs, described in more detail below).4 Over- and under-confidence in math are highly

gendered: girls are 2.3 percentage points (pp) (17 percent) more likely to be under-confident and

2.7 pp (27 percent) less likely to be over-confident in math than boys. In contrast, girls are 30

percent less likely to be under-confident in reading than boys. This pattern is consistent with evi-

dence that adults are more likely to be over-confident in stereotypically gender-congruent domains

(Coffman, 2014; Coffman et al., 2019; Bordalo et al., 2019; Shastry et al., 2020).

One key concern with our measures of over- and under-confidence is that they may just capture

children’s private information about their own ability, driven by measurement error in the cognitive

tests. We have several key pieces of evidence against this concern. First, the math assessment

that we use has high test-retest reliability (Hicks and Bolen, 1996). Second, over- and under-

confidence persist between waves of the child survey among the 60 percent of our sample with

multiple measurements, so our measures seem to capture a stable psychological trait. Next, as

we’ve noted, our measures show gender variation that is consistent with prior work on gendered

patterns in belief updating, and which we would not expect to see in random testing error. Finally,

our results largely persist when we use alternate measures of childhood over- and under-confidence

that are less vulnerable to measurement error; we calculate these measures based on test scores and

self-reported ability averaged over two waves of the PSID child supplement.5

Our main analysis is simple: we estimate the associations between biased beliefs about one’s

math ability in childhood and later educational and employment outcomes, controlling for child-

hood math and reading score deciles, working memory, general confidence, and a host of informa-

tion on respondents’ demographics and family backgrounds.

Children’s biased beliefs in math strongly predict many of their medium- and long-term ed-

ucational and employment outcomes. First, confidence has large associations with educational

achievement: over-confident children score higher than others with comparable prior scores on

math assessments five years later, while under-confident children score lower. Biased beliefs in
4Using weights that adjust our sample to be nationally representative, these ranges are 6-30 percent and 6-15 percent, respectively.
5While these four pieces of evidence strongly suggest that our measures of over- and under-confidence capture more than random
measurement error on the cognitive test, they do not negate the possibility that children have private information on a form of math
ability that the test systematically excludes. We discuss this possibility in detail in Section 2.3.3.
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math also predict educational attainment: over-confident children are more likely to graduate from

high school and under-confident children are less likely to graduate from college than others with

comparable childhood scores. Under-confident children are also less likely to major in STEM

during college and attend less selective colleges, though the latter result is imprecisely estimated.

Finally, childhood math confidence predicts key employment outcomes at ages 26 and up. Under-

confident children are less likely to work in STEM occupations as adults, and we find suggestive

evidence that more confident children earn more and are less likely to be unemployed.

While we do not claim that these associations are causal, we do show that they are robust to

several key potential confounders. First, children may form inaccurate beliefs about their ability in

part because of how their parents or teachers perceive them, and these adult beliefs may themselves

affect children’s later success (Papageorge et al., 2018; Jussim and Harber, 2005; Wang et al.,

2018). However, our main results are robust to controlling for parent and teacher expectations for

children’s later educational attainment, teacher perceptions of children’s competence, and parent-

reported measures of investment like often doing homework with their child. Second, children may

assess their own ability relative to their school or classroom, while we evaluate their demonstrated

ability relative to a national sample. We are limited in our ability to measure school quality, but

the measures we do have – proxies for school income, investment, and average achievement – do

not correlate with over- and under-confidence, conditional on our other controls. Controlling for

these measures of school quality does not change our results. Finally, our results are also robust to

controlling for childhood “Big-Five” personality traits, suggesting that over- and under-confidence

in math are distinct from these more commonly-studied attributes.6

In addition to testing these confounders, we also show that our results hold when we use four-

teen different formulations of over- and under-confidence – varying all of the key decision points

in constructing our main measures – as our key independent variables.

Two dynamic patterns could underlie the associations we estimate. First, children’s over- and

under-confidence could alter early patterns of educational investments by parents, teachers, or chil-
6The PSID child assessments do not include standard psychometric scales for the Big Five, so we construct proxies for these traits
using parents’ reports of children’s behavior and personality. See Appendices B.2 and B.5 for details.
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dren themselves; these early investment patterns could then snowball forward into long-term gaps

in education and employment. On the other hand, if children’s biased beliefs persist, they may have

direct psychological effects on choices and performance at each stage in a young adult’s develop-

ment, conditional on his or her performance up to that point. Our evidence suggests that this latter

explanation may play a role in the associations we observe. Over- and under-confidence persist

through adolescence and into young adulthood (ages 18-27), so biased beliefs could continue to

directly affect young adults’ decision-making as they age. Childhood confidence also continues to

substantially predict later-life education when we hold fixed all intermediate outcomes.

Our results suggest that over- and under-confidence merit study as psychological traits with

key economic implications. While our results are not causally identified, they are consistent with

childhood confidence having important effects on later-life outcomes. Our evidence is also consis-

tent with the idea that those with more confidence fare uniformly better: under-confident children

have worse outcomes than their peers with comparable test scores, while over-confident children

have better.7 Our results leave ample room for future work: to experimentally test the impacts of

childhood biased beliefs, to clarify the mechanisms underlying the associations we observe, and to

design and test interventions that build confidence in childhood and later life.

Our paper contributes to three literatures in economics.8 First, we add to a recent literature

estimating the returns to psychological or social attributes in the labor market; we provide the first

evidence on the returns to over- or under-confidence in the specific academic domain of math. In

addition to the work on general self-esteem and long-term outcomes that we cite above, parallel lit-

eratures examine the associations between economic outcomes and the Big-Five personality traits

(Almlund et al., 2011; Heckman et al., 2019), competitiveness (Buser et al., 2021), and children’s

time, risk, and social preferences (List et al., 2021). While our data do not measure children’s

competitiveness or time and risk preferences, our results are robust to controlling for measures of
7Since girls are more likely to be under-confident in math and less likely to be over-confident, these associations could help to
explain key gender gaps in the labor market. Unfortunately, our results are too imprecise for us to conclude whether controlling
for biased beliefs in math reduces the gender gaps in adolescent test scores, majoring or working in STEM, or earnings.

8Psychology research on academic confidence studies how these beliefs develop as children age (e.g. Eccles et al. 1984) and depend
on social constructs like gender and race (e.g. Herbert and Stipek 2005; Usher and Pajares 2006). This work relies on self-reported
psychometric scales and does not compare self-reported ability to a measure of objective ability, as we do in this paper.
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the Big-Five traits in childhood. Together with this prior work, our paper suggests that future work

should disentangle the economic importance of these various traits.

Second, we extend the literature on asymmetric belief updating in adults by documenting over-

and under-confidence in a large sample of children in a real-world setting. This heterogeneity

matches the lab-based economics literature, which has found mixed patterns of asymmetric updat-

ing (Benjamin, 2019; Zimmermann, 2020). As we’ve noted, the gender gaps in math confidence

that we observe are consistent with lab-based evidence that people over-weight positive ability

signals in stereotypically gender-congruent domains (e.g. Coffman et al., 2019).

Finally, the studies most relevant to our own examine the role of beliefs about ability in edu-

cational settings. Owen (2020) shows that male college students over-estimate their own ability

in STEM and under-estimate the ability of others, while women are more likely to over-estimate

others’ ability; giving students information about their ability then shrinks gender gaps in beliefs

and STEM credits. We find that even children have biased beliefs about their own abilities, with

similar gendered patterns. Since children’s beliefs may be more malleable than those of college

students, our work suggests that interventions like Owen’s may be fruitful at younger ages. Owen

does not assess whether the de-biasing intervention has effects beyond the same semester, but our

results suggest that longer-term effects could be substantial.

While Owen (2020) intervenes specifically to change students’ beliefs about their ability, other

interventions target self-perceptions more broadly. For example, several studies show that build-

ing children’s generalized self-efficacy and grit can narrow gender gaps in both confidence and

willingness to compete in math (Falco et al., 2010; Alan and Ertac, 2019). Similarly, Carlana et

al. (2018) find that a multifaceted career-counseling intervention among high-achieving immigrant

students in Italy increases self-efficacy and successfully closes native-immigrant gaps in pursuing

a more academic high-school track. In contrast, we study math-specific confidence.9 We also show
9Contemporaneous work by Anaya et al. (2021) uses the same data from the PSID and its child supplements to examine the
relationship between majoring in STEM and early childhood achievement, self-assessed ability, and parent occupation, though
they focus on including parent occupation as a novel explanatory variable in this regression. Like theirs, our main specifications
include indicators for whether children’s parents work in STEM, but adding these controls does not change our results. Anaya et
al. also describe similar gender gaps in ability beliefs to those we document, but they do not specifically study over- and under-
confidence or their relationships with long-term outcomes. In addition to this difference in our central research questions, we see
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that math confidence predicts long-term outcomes even when controlling for general confidence,

so interventions to close math confidence gaps may be important complements to interventions

that build general self-efficacy or grit.

Finally, Diamond and Persson (2017), the only related paper that considers both biased aca-

demic beliefs and long-term outcomes, show that receiving an undeservedly marked-up grade on

a test at ages 14-16 leads to higher later test scores, more likely high school and college grad-

uation, and higher earnings. Since marked-up scores in one subject raise later scores across all

subjects, the authors argue that these effects arise in part by changing students’ beliefs about their

own ability. However, they do not actually observe students’ beliefs about their own ability, as we

do. Together, our papers strongly suggest that students’ biased beliefs about ability matter for later

educational and employment outcomes.

The paper proceeds as follows. Section 2.2 lays out a conceptual framework for how child-

hood confidence might affect economic outcomes, and Section 2.3 describes our sample and our

measures of biased beliefs. Section 2.4 analyzes the prevalence and predictors of childhood over-

and under-confidence in our sample, and Section 2.5 describes our strategy for estimating the links

between biased beliefs in math and long-run economic outcomes. Section 2.6 presents results, Sec-

tion 2.7 describes the stability of our results to potential confounders and alternate definitions of

confidence, and Section 2.8 explores the dynamic patterns that these long-term associations might

follow.

2.2 How might childhood math confidence affect economic out-

comes?

Ability or skill is a primary independent variable in almost every economic model of student and

worker decision-making. These include settings where agents are investing in their own futures,

our work as building on theirs in three ways: (1) We use a more comprehensive set of available data from the PSID and its child
supplements; (2) We consider a larger set of outcomes observed over a much longer time frame; and (3) We define several new
measures of over- and under-confidence to deal with complications with the raw data, an issue that Anaya et al. do not discuss.
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like deciding to continue with schooling, choosing a college major or career, or searching for a job

(e.g. Becker, 1964; Roy, 1951; McCall, 1970; Borjas, 1987; Kirkeboen et al., 2016), as well as

settings where teachers or parents decide, for example, how to invest in or tailor their pedagogy to

a child (Fryer, 2018; Dizon-Ross, 2019).

Over- and under-confidence would enter any of these models if ability is imperfectly observed:

by parents, teachers, and even by the student or worker themself. Where ability and effort are

complements, like college applications, over-confident agents may work harder. Consistent with

these cases, psychological theories of motivation, including Bandura’s (1986) Social Cognitive

Theory or Expectancy-Value Theory (see Wigfield and Eccles (2000)), emphasize that individuals

are more likely to attempt and succeed at tasks in which they feel competent. Where ability and ef-

fort are substitutes, like some school tests, over-confident agents may reduce their effort. Bénabou

and Tirole (2002) model how over-confidence can persist in equilibrium in either setting.

Over- and under-confidence may also affect outcomes in any setting where teachers or parents

decide how to invest time and resources into children based on their perceptions of each child’s

ability. If adults interpret more confident children as more skilled, they may over-invest in over-

confident children and under-invest in under-confident children. Dizon-Ross (2019) shows that

parents have inaccurate beliefs about their children’s academic performance, and that correcting

those beliefs causes them to adjust their investments. Similarly, Papageorge et al. (2018) show that

having a teacher with higher expectations increases a student’s chance of completing college. The

same forces could operate in job applications, where potential employers are uncertain about ap-

plicants’ skill: in lab experiments, Schwardmann and van der Weele (2019) show that interviewers

rate more confident job applicants more favorably, and Mobius and Rosenblat (2006) show that

employers offer higher wages to more confident workers.

Our focus on confidence gaps in math, not reading

Our data allows us to identify over- and under-confidence in both math and reading, but we focus

the remainder of the paper on biased beliefs in math for several reasons. First, performance in math
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can be measured more objectively than performance in reading, so children’s beliefs about their

math ability may be more precise. Next, past work suggests that math ability during childhood and

young adulthood more strongly predicts later achievement than does reading ability (e.g. Duncan

et al., 2007; Castex and Kogan Dechter, 2014; Goodman, 2019). We find similar patterns in our

data in Appendix Table B.1, where we regress our main education and employment outcomes on

childhood test scores and the set of controls that we will use throughout our main analysis. While

both math and reading score percentiles predict later academic achievement and attainment, only

math scores predict earnings, unemployment, and majoring in STEM. Thus, children’s perceptions

of their own ability in math may also link more strongly with later-life achievements than do

their self-perceptions in reading. Finally, the Bureau of Labor Statistics predicts that employment

in STEM occupations will continue to grow at faster rates than non-STEM occupations through

2030, so math ability may become an even more important predictor of success in the labor market.

That said, we conduct all of the subsequent analysis for reading confidence (Appendix Tables

B.2-B.5). Reading confidence robustly predicts few educational or employment outcomes.

2.3 Measuring confidence and later-life outcomes in the PSID

2.3.1 Sample and survey design

We explore the links between biased childhood beliefs and outcomes in young adulthood using

the rich data of the Panel Study of Income Dynamics (PSID). The PSID was first collected in

1968 among 5,000 nationally-representative households from two independent samples: a national

sample of low-income families from the Survey of Economic Opportunity (the “SEO sample”)

and a national sample drawn by the Survey Research Center (the “SRC sample”). The PSID has

since surveyed the descendant households of the original sample annually from 1968 to 1997 and

biennially thereafter, adjusting the sample in 1997 to again make it nationally representative.

We combine the core PSID with two supplements that follow respondents from childhood into
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young adulthood: the Childhood Development Supplement (CDS) and the Transition into Adult-

hood Supplement (TAS). The CDS was introduced in 1997, sampling up to two children per PSID

household who were then between the ages of 0 and 12 (3,563 children). The CDS collects detailed

information from children themselves, from their primary caregivers, and from their elementary

school teachers on areas including children’s cognitive and emotional development, health, and

exposure to parenting practices. The original CDS sample was re-interviewed in 2002-2003, then

aged 5-17, and those still below age 18 were included in a third CDS wave in 2007.

In 2005, the PSID introduced the TAS as a bridge between the CDS and the main PSID survey

for CDS respondents, the oldest of whom had reached ages 18 to 20 by that year. The TAS has

been collected biennially since 2005, with younger CDS respondents aging into the TAS sample

at 18. Individuals participate in the TAS until they become economically-independent heads of

their own household, at which point they enter the adult PSID sample and are surveyed every two

years. The TAS is designed to capture respondents’ social and career development as they enter

adulthood; we use its modules on education, employment, income, and personality.

The PSID-CDS-TAS data structure is uniquely suited to exploring the links between childhood

confidence and long-term educational and employment outcomes. First, the CDS both administers

a math test and asks children to evaluate their own math ability; we combine children’s test scores

and self-assessments to identify over- or under-confidence in math. Section 2.3.2 below details

the CDS tests, self-assessments, and our confidence measures. Second, following CDS children

into the TAS and then the PSID allows us to observe detailed data on educational and employment

outcomes over 22 years, following our oldest respondents into their mid-thirties. Finally, the ex-

tensive data on parents’ employment and income in the PSID and on parenting practices and other

child characteristics in the CDS allows us to control for many covariates that could confound the

relationship between biased beliefs and long-run outcomes.

For example, the detailed child module in the CDS allows us to control for other forms of

ability and confidence that are distinct from skill and confidence in math, but which may correlate

with them. We construct a measure of general confidence as the mean of standardized variables
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capturing whether children see themselves as broadly competent (see Appendix B.2 for details);

we have no measure of true ability by which to normalize this general confidence scale, so we use

it as a control for unobserved abilities and other dimensions of confidence that may correlate with

biased beliefs in math and also affect later-life outcomes. We also control for children’s scores

on the Digit Span subtest of the Wechsler Intelligence Scale for Children (Revised), a measure

of short-term memory. Next, the CDS and core PSID collect detailed household information on

total family income, household heads’ education, primary caretakers’ values and mental health,

household structure, and financial characteristics like whether the household receives food stamps.

Section 2.5 will detail the family and child variables that we control for in our main analysis.

Our final sample consists of the 2,985 CDS respondents with at least one year of math cognitive

tests and self-assessments in the CDS, about 84 percent of all CDS respondents.10 We report

summary statistics for this sample in Appendix Table B.6; all variables are observed in the same

year in which we first observe childhood over- or under-confidence in math.

Our sample is non-randomly selected from the national population, both because the initial

1968 PSID sample oversampled low-income families and because there is unobserved selection in

whether CDS participants report math test scores and self-assessments.11 This selection appears in

our sample statistics in notable ways. First, our sample is disproportionately Black: 45.8 percent

are White, 41.7 percent are Black, and only 7.5 percent are Hispanic, while the U.S. Census Bureau

reports that 69.1 percent of the US residents were White, 12.1 percent Black, and 12.5 percent

Hispanic in 2000 (Greico and Cassidy, 2001). While the Census Bureau reports median household

income in 1997 of $55,336, our sample’s median taxable income is slightly lower, at $52,029

(both in 2016 USD). On the other hand, our study sample performs disproportionately well on the

CDS standardized tests: we observe median CDS math and reading score percentiles of 60 and 54,
10In both the full CDS sample and our final analysis sample, 53 (38) percent of children are descended from the SRC (SEO) sample

and 9 percent of children are from the immigrant sample added to the PSID in 1997.
11Most children who are missing test scores or self-assessments lack this data because they skipped the entire section of the CDS

administered to the child, while completing the survey portions administered to the primary caregiver. These respondents largely
have similar demographics to those for whom we observe confidence measures, but their mothers are less likely to have a high
school degree, they have lower total family income, and they are about a year younger. Students who take the math cognitive
assessments but do not give self-assessments (about 25 percent of the children who are missing test scores or self-assessments)
score much lower on both the math assessment and the Digit Span memory test (Appendix Table B.17).
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respectively, relative to national norming samples.

While we do not weight our sample to be nationally representative in our main analysis, we

include results that do so in Appendix Tables B.7-B.10. These weights are based on those pub-

lished by the CDS, which capture the inverse probability of respondents’ inclusion in the CDS

sample; we then recalibrate these CDS weights via iterative proportional fitting, or raking, to en-

sure that our sample matches marginal distributions of percentile CDS math scores, race in 2000,

and total household income in 1997. Our main results are less precisely estimated when we use

weights, though they remain qualitatively similar.12 We present all descriptive statistics both for

the weighted and unweighted samples.

2.3.2 Measuring over- and under- confidence in math

Data on children’s self-reported and demonstrated ability in math

The CDS assesses children’s math skills using the Woodcock-Johnson Psycho-Educational

Battery-Revised (WJ-R), a test of academic achievement commonly used by school psychologists

in the 1990s (Stinnett et al., 1994; Hicks and Bolen, 1996; Duffy and Sastry, 2014). The CDS

administers the Applied Problems subtest of the WJ-R, comprising 60 word problems of increasing

difficulty that assess math reasoning and knowledge.13 Each child completes only a subset of the

test, beginning at a “basal” level, where they answer six consecutive questions correctly, and ending

at a “ceiling” level, where they get six consecutive questions wrong. The CDS then reports each

respondent’s percentile rank relative to the nationally-representative WJ-R norming sample for

their age group; we use these percentile ranks as our measure of each child’s demonstrated ability
12Since the error terms in our regressions are unrelated to the sampling criterion, conditional on our extensive controls for family

income, race, and other characteristics, weighting may not improve the estimator’s consistency and may reduce its precision
(Solon et al., 2015). These recalibrated weights put less weight on children with high CDS math scores, in some cases leaving
us underpowered to detect the correlations between under-confidence and long-term outcomes. A natural concern is that our
unweighted regressions may estimate non-representative partial relationships between confidence and outcomes, if these asso-
ciations are heterogeneous by race or income. However, weighted least squares estimates are not necessarily closer to the true
population average partial relationship than ordinary least squares estimates (Solon et al., 2015). Instead, we directly estimate
heterogeneity by characteristics related to the sampling scheme, like family income, race, age, and being in an SRC-sample
family. These results are imprecise and show no robust patterns of heterogeneity (results available upon request).

13The 1997 CDS wave also included 58 WJ-R questions on calculation skills, and we use this test in the next section to assess the
reliability of our over- and under-confidence measures.
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in math. Panel A of Figure 2.1 shows the distribution of these scores in our sample.

In addition to collecting this measure of performance in math, the CDS also asks all respondents

ages 8 or older to assess their own ability in math, asking them to answer “How good at math are

you?” on a scale of 1 (not at all good) to 7 (very good). Children never receive their scores on the

WJ-R math test, so these self-reports do not reflect feedback from the CDS. Panel B of Figure 2.1

shows the distribution of these self-assessments. Math self-perceptions are highly skewed towards

positive responses, with over 89 percent of respondents ranking themselves as “Okay” or better

at math. This skew may be partially explained by the distribution of percentile scores in Panel

A, which skews heavily towards higher-performing children. While shifted upwards, children’s

self-reports do contain information about objective ability: in Panel C of Figure 2.1, average math

test percentiles rise almost linearly with self-reported ability in math.

We measure children’s over- and under- confidence in math in the first wave of the CDS in

which they have non-missing cognitive test scores and self-assessments, leaving us with a sample

of 2,985 children.14 We first measure confidence for the median child before age 12, and we

observe confidence by age 13 for 83 percent of children. Thus, we will interpret our measures as

childhood over- and under-confidence in math. Throughout, our analysis will control for both birth

year and the age at which we first observe confidence.

Defining binary measures of over- and under-confidence

We first identify over- and under-confidence in math using large mismatches between children’s

score percentiles and their self-assessments. In particular, we classify any respondent as under-

confident in math if she scored above the 75th percentile nationally and ranked her own ability at

1 to 4, corresponding to the bottom 47 percent of the subjective-ability distribution in our sample,

or if she scored above the 50th percentile nationally and ranked herself at 1 to 3, corresponding

to the bottom 10 percent of the subjective-ability distribution. We define over-confidence among

low-achievers using similar thresholds, but we account for the skewed self-assessment distribution

by using stricter cut-offs to identify biased beliefs. In particular, we identify any respondent as
14We first observe confidence from the 1997 CDS wave for 1,075 children, from the 2002 CDS wave for 1,347 children, and from

the 2007 CDS wave for 563 children.
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over-confident in math if she scored below the 25th percentile nationally and rated her own ability

at 6 or 7, corresponding to the top 39 percent of the subjective-ability distribution in our sample, or

if she scored below the 50th percentile and rated herself at 7, corresponding to the top 22 percent

of the subjective-ability distribution.

These measures of math over- and under-confidence have several key strengths: they are easy

to define and observe, they refrain from putting too much stock in the cardinal value of children’s

self-assessed ability, and they account for the upward skew in self-assessments, which we consider

to be a form of response bias separate from over- or under-confidence.15

However, our measures also have several limitations. First, we can only identify over-confidence

among children scoring below the 50th percentile and under-confidence among those scoring above

the 50th percentile; however, this strategy matches the existing literature, which typically doc-

uments under-confidence (imposter syndrome) among high-achievers (Sakulku, 2011). Another

limitation is that these measures are not directly comparable to measures of over- and under-

confidence from the lab-based literature, which can precisely measure respondents’ beliefs about

their quiz performance or rank relative to a group (e.g. Coffman et al., 2019; Möbius et al., 2014;

Eil and Rao, 2011). Our measures of over- and under-confidence, in contrast, identify coarse cate-

gories of children with large gaps between their self-assessments and observed scores. Our second

measure of biased beliefs, described below, aims to partially address these limitations.

Defining a more continuous measure of biased beliefs

Our second confidence measure identifies biased beliefs as the difference between children’s

self-reports and their observed performance on the CDS math test. To transform these objects to

the same scale, we split the distribution of children’s percentile scores uniformly into seven bins,

where 1 includes the lowest 14 score percentiles and 7 includes the highest 14 score percentiles

relative to the national norming sample. We then assume that students with full information about
15For example, upward response bias could arise based on children’s interpretation of the qualitative labels on the scale (“Not at

all good” at 1, “Okay” at 4, and “Very good” at 7) if, for example, they think that nearly everyone is at least “Okay” at math.
Upward skew could also arise if self- or social-image concerns make children unwilling to tell a surveyor that they are worse than
“Okay” at math. If, on the other hand, this upward skew does reflect true aggregate over-confidence, our estimates for long-term
associations with over-confidence would simply reflect links with particularly over-confident beliefs in math.
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the national distribution of scores and their place in it would have self-reported their math ability

as the bin from 1 to 7 in which their score percentile falls; we take the difference between their

actual self-report and this bin as our measure of biased beliefs. This measure then takes on integer

values from -6 to 6. For ease of interpretation, we standardize this variable to have mean 0 and

standard deviation 1 throughout the rest of the paper.

This measure has three strengths relative to our main measure: it allows for more granularity

in the extent of biased beliefs, aligns more closely with measurements of biased beliefs in the lab-

based literature, and relies on fewer choices by the authors. However, by assuming that we can

identify even small biases in beliefs about math ability, it is more likely to conflate actual biased

beliefs with children’s private information about their math ability (described in more detail in the

next section). It may also be confounded by forms of reporting bias other than over-confidence

that generate the overall upward skew in self-reports (see footnote 15).

We present results for all outcomes using both the binary and more continuous formulations of

biased beliefs, and in general the results are extremely consistent. To ensure that our main results

do not arise just from our particular choice of confidence measures, we show that they are robust

to a range of alternate definitions of both our indicators for over- and under-confidence and this

more continuous measure of biased beliefs. We describe these alternate measures in Section 2.7.

2.3.3 Biased beliefs or measurement error?

One key concern with our measures of biased beliefs in math is that they may conflate over- and

under-confidence with children’s private information about their math ability, perhaps driven by

measurement error in the WJ-R assessment. Four key pieces of evidence support the claim that our

measures truly capture biased beliefs in childhood.

First, prior work has shown that the WJ-R assessment is a reliable measure of children’s math

skills, with test-retest reliability for the applied math problems of about 0.85 in large samples

(Hicks and Bolen, 1996).16 We can also verify WJ-R reliability across math domains in our sample
16Several studies find test-retest reliability of about 0.75 for certain ages, though these studies use small samples (Shull-Senn et al.,
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using the 1997 wave of the CDS, which administered both the Calculation and Applied Problems

subtests of the WJ-R. For the 1,450 children who took both tests, the correlation in percentile ranks

on the two sections is 0.69. Our binary designations of children as over-confident, under-confident,

or neither are also highly consistent whether we measure objective math ability using children’s

percentile scores on the Calculation or Applied Problem subtest: 81 percent of children with both

measures are classified in the same category regardless of which ability measure we use. Another

ten (nine) percent switch from under-confident (over-confident) to neither or vice versa.17

Second, our measures of childhood math confidence persist over time. About 60 percent of the

children in our sample appear in two waves of the CDS, allowing us to construct two measures

of over- and under-confidence taken five years apart. Children appear in a second CDS wave at

ages 13 to 19, so these second-wave measures capture biased beliefs in adolescence. Table 2.1

regresses our adolescent measures of biased beliefs on our childhood measure of the same vari-

able, controlling for a set of demographics and parent characteristics that we will use throughout

our later empirical analysis; we outline these specifications in detail in Section 2.5.18 These re-

gressions show substantial persistence: respondents who were over-confident in math as children

are about 3 times as likely (12pp more likely) to be over-confident in math as adolescents, while

under-confident children are about 1.7 times as likely (4pp more likely) to be under-confident as

adolescents.19 Similarly, a one-standard-deviation increase in the degree of biased beliefs in child-

hood predicts 0.18sd more biased beliefs in adolescence. If our confidence measures just captured

random testing variability, we would not expect to see such substantial persistence.

1995)
17We find similar reliability using our more continuous measure of degrees of confidence, which takes on integer values from -6 to

6. There, 32 percent of children are assigned the same value regardless of which math test we use as the measure of demonstrated
ability, 62 percent are within one integer, and 83 percent are within two integers. See Appendix Figure B.3 for the full joint
distribution of the more continuous confidence measures based on the two math subtests.

18The regressions in Table 2.1 add controls for children’s adolescent test score deciles in math and reading to our main specification.
We add these controls to purge any correlations induced by the effects of childhood confidence on adolescent test scores, since
childhood over- and under-confidence predict later test scores (see Section 2.6) and higher-scoring (lower-scoring) children are
mechanically more likely to be classed as over-confident (under-confident).

19While our main measure of under-confidence persists only weakly into adolescence, several alternate definitions of under-
confidence are strongly persistent (Appendix Figure B.4). Our main measure’s limited persistence may relate to the fact that
adolescent test scores are much less upward-skewed than childhood test scores, so fewer respondents can be classified as under-
confident in adolescence. The more persistent alternate definitions of under-confidence, in contrast, identify under-confidence
among respondents with a wider set of test scores and thus are less affected by this distributional shift. Like our main measure,
these alternate measures predict substantial gaps in long-run outcomes (Appendix Figures B.5-B.16).
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Third, our main results are largely robust to using measures of over- and under-confidence that

reduce potential measurement error by combining observations of children’s test scores and self-

reported ability across two waves of the CDS. We discuss these measures and results in more detail

in Section 2.7. If measurement error is uncorrelated across tests taken 5 years apart, these average

confidence measures will be less vulnerable to it than are our main measures.20

Finally, we describe in the next section that we observe substantial gender gaps in math over-

and under-confidence, with girls more likely to be under-confident and less likely to be over-

confident. This pattern is consistent with gender stereotypes about math ability, which may shape

children’s beliefs even at young ages, and mirrors results for adults in the lab (e.g. Coffman

et al., 2019). Our measures of over- and under-confidence could only be entirely explained by

measurement error if this error took a similar gendered pattern, beyond its correlation with WJ-R

Applied Problems scores and with the many other controls we outline in Section 2.5.21 We consider

a few possible sources of non-random measurement error that could generate these patterns: skill in

some dimension of math that the test does not cover, test-taking anxiety, and test-taking motivation.

First, the CDS data allow us to test for gender gaps in one central dimension of math skill that

our main test scores do not directly capture: calculation skills. Using the 1997 CDS sample, when

children took both the WJ-R Calculation subtest and the WJ-R Applied Problems subtest, we find

no evidence that boys have better calculation skills conditional on the applied problems scores that

we use in our main analysis.22

Next, differential measurement error in the CDS math tests could arise if boys or girls are more
20Despite this benefit, we do not use these averages as our preferred measures of confidence for three reasons: (i) over- and under-

confidence at older ages may be more likely to be confounded by unobserved variables; (ii) we are interested in adolescent test
scores and confidence measures as outcome variables; and (iii) only 60 percent of our sample has confidence measurements over
multiple waves of the CDS.

21Differential random error by gender could not fully explain the gendered patterns of over- and under-confidence we observe, since
the gender with more variable performance would be more likely to be both over- and under-confident. Nonetheless, comparing
boys’ and girls’ performance on the Calculations and Applied Problems subtest in the 1997 CDS sample suggests that neither
gender has differentially variable test performance. 81% of both boys and girls receive the same binary confidence designation
when calculated using either the Calculations or Applied Problems percentile score as a measure of math skill, and the joint
distributions of the more continuous measures are very similar for boys and girls (Appendix Figure B.3).

22We estimate the following regression: CALCpctilei = b0 +b1APpctilei +b2Femalei +b3APpctilei ⇥Femalei + ei. Coefficient
b3 is not significantly distinguishable from zero, and b2 is significant and positive. Thus, girls have stronger calculation skills than
boys conditional on their Applied Problems scores, which would tend to make girls look more over-confident by our measures,
the opposite of what we find.
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prone to testing anxiety that impairs performance. While past work finds that boys show higher

physiological stress during test-taking (Weekes et al., 2006; Stroud et al., 2002), other research sug-

gests that physiological stress only impairs performance when students psychologically appraise

it as an indicator of potential failure (Jamieson et al., 2013; Mattarella-Micke et al., 2011). Girls

tend to have higher psychological test anxiety and math anxiety, and most commentary suggests

that it is these psychological manifestations of anxiety that pose first-order risks to test perfor-

mance (Devine et al., 2012; Erturan and Jansen, 2015; Ballen et al., 2017). Thus, we would expect

girls’ test performance to differentially lag their true skill, producing gender gaps in confidence

that would conflict with our empirical results.

Finally, we turn to test-taking motivation. Past work finds that girls are somewhat more moti-

vated than boys to exert effort on low-stakes tests, so boys’ CDS math scores may be differentially

low relative to their true skill in math (Segal, 2012; DeMars et al., 2013; Gneezy et al., 2019).

Then, boys may appear more over-confident by our measures. While it is hard to fully eliminate

this possible confounder in our setting, our results are robust to controlling for agreeableness and

conscientiousness, two Big-5 personality traits that are positively correlated with unincentivized

test effort (DeMars et al., 2013; Segal, 2012). (See Section 2.7 for more details.)

Together, most evidence from our empirical setting and from past work on test-taking strongly

suggests that our confidence measures capture a meaningful psychological trait. However, we

cannot fully eliminate the risk that these measures capture children’s private information on some

aspect of math ability that the test systematically excludes. Any such confounder could only ex-

plain our results if it is differentially weak among girls and affects outcomes beyond its correlation

with demonstrated math ability, general confidence, digit span score, reading ability, and the many

other controls we outline in Section 2.5.
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2.4 Patterns of over- and under-confidence in the population

This section documents the prevalence and correlates of over- and under-confidence in our sample.

Besides documenting biased beliefs in math in a real-world setting, these results are useful both to

validate our measures of biased beliefs and to inform our strategy for estimating the links between

childhood confidence and long-run outcomes, which we describe in Section 2.5.

2.4.1 Prevalence of biased beliefs

We find substantial over- and under-confidence among children in our sample: using our main

binary measures, 8.5 percent of children are over-confident at their first measurement, while 12

percent are under-confident.23 Since these measures identify large gaps between children’s self-

assessed and objective performance, these shares are strikingly high. Turning to our more con-

tinuous measure of biased beliefs, 21 percent of children report the same bin as their percentile

score would imply, 8.7 percent of children report ability levels that are at least 3 bins lower than

that of their score, and 17 percent report ability levels that are at least 3 bins higher, where each

bin spans 14 score percentiles. See Appendix Figure B.1 for the full distribution of the continuous

confidence measure. It is notable that over- and under-confidence are both prevalent in this large

sample, given psychology’s focus on over-confidence (Moore and Healy, 2008) and the mixed

evidence from lab experiments on asymmetric belief updating (Benjamin, 2019).

Next, older children have more accurate beliefs. Panel A of Appendix Figure B.2 plots the

share of children who are over- or under-confident in math by age; Panel B plots the cumulative

density function for the continuous confidence measure for three age groups, pooling respondents’

observations across CDS waves. Both panels show that younger children are more likely to have

incorrect beliefs about their math ability, and average belief accuracy increases almost monoton-
23We find similar results when applying our raked weights to obtain nationally representative estimates: 9.2 percent of children are

over-confident and 9.8 percent are under-confident.
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ically as children age. We focus on the associations between confidence and later-life outcomes

using first-observed confidence, so our confidence observations are drawn from young ages with

more biased beliefs. We eliminate bias due to the timing of our confidence measurements by

including fixed effects for the age at which confidence was measured in all regressions.

2.4.2 Biased beliefs and other child characteristics

Over- and under-confidence correlate with other child characteristics in largely expected ways (Ta-

ble 2.2 and Appendix Table B.11). Unsurprisingly, children with higher general confidence are

more likely to be over-confident and less likely to be under-confident in math, and children with

higher digit span scores are less likely to be under-confident. Math test score deciles strongly pre-

dict confidence gaps (though some of this correlation arises mechanically from how our measures

are constructed), while reading test score deciles do not (Appendix Table B.11). We will control

for children’s general confidence, digit span scores, and test score decile fixed effects in math and

reading in all regressions of later-life outcomes on childhood biased beliefs.

Conditional on these measures of ability, children who have ever been in a gifted program

are 8.7pp less likely to be under-confident in math and 2.6pp more likely to be over-confident.

These correlations could reflect that schools and children share private information on children’s

ability conditional on CDS scores, that being in a gifted program alters children’s confidence, or

that children’s confidence influences their treatment at school conditional on ability. To avoid

controlling for mediators of the effects of confidence, our regressions will not control for this

variable or other signals of ability from schools, like repeating a grade.24

Finally, gender is the strongest demographic predictor of math confidence. Girls are 2.3pp (20

percent) more likely to be under-confident and 2.7pp (27 percent) less likely to be over-confident in

math than boys with the same score deciles, and on average, girls’ biased beliefs are 0.1 standard

deviations (sd) lower than the average boy’s. Note that girls do not have more accurate beliefs,
24Math over- and under-confidence also correlate with children’s other attitudes towards math and school in reasonable ways

(Appendix Table B.18), suggesting that our measures isolate over- and under-confidence in the particular domain of math. See
Appendix B.3 for more discussion.
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simply more negatively-biased ones.25,26 This finding is consistent with prior literature showing

that adults are more over-confident in gender-congruent domains (e.g. Coffman et al., 2019), but

it is notable that we find it in children, the majority of whom have not yet entered puberty. These

gender differences are present at almost all ages, but due to small sample sizes the patterns are

imprecise (available upon request).27

Perhaps surprisingly, we find no significant links between children’s math confidence and their

parents’ education or occupation, household income, or race, conditional on all other characteris-

tics. However, noise in these estimates means we cannot reject potentially large correlations.

2.5 Confidence and long-term outcomes: Empirical strategy

Our empirical strategy is simple: we estimate the associations between biased ability beliefs in

math and later education and work outcomes, holding fixed measured childhood ability. We use

the PSID’s rich data on childhood environment and family characteristics to control for extensive

pre-determined confounders, but we refrain from interpreting our estimates as the causal effects of

confidence. We estimate the following specification:

Yit = a +b1Overi0 +b2Underi0 +A0
i0µ +XC0

i0 d1 +XP0
i0 d2 + gs +wt + eit

where Yit is individual i’s outcome of interest in adolescence or adulthood, measured in wave t of

the TAS or PSID, and Overi0 and Underi0 are indicators for being over- or under-confident in math

as a child, respectively. All of our main tables also include regressions in which we replace Overi0

25In fact, there is no gender gap in the likelihood of having accurate or almost accurate beliefs (degrees of over- and under-
confidence equal to zero, or between -1 and 1, respectively). Results are available upon request.

26Appendix Figure B.17 shows that this gender gap is extremely robust to using alternate definitions of over- and under-confidence
and alternate ways of calculating the more continuous degrees of confidence measure. This figure plots the coefficient on the
female indicator when we exchange the dependent variables in Table 2.2 with these alternate measures (discussed further in
Section 2.7).

27We also test whether childhood gender gaps in math under-confidence explain gender gaps in later education and employment
outcomes: adolescent test scores, majoring in STEM, and earnings. Specifically, we estimate the change in the coefficient on
gender when we estimate our preferred specification with and without the indicator for under-confidence (following Buser et al.
(2021)). The results (available upon request) are quite noisy, so we leave it to future research to determine whether confidence
gaps in math can help explain these and other gender gaps.
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and Underi0 with the single ZCon fi0 variable, which captures the degree to which a child is over-

or under-confident in standard deviations. Due to power limitations, we assume that ZCon fi0 has

a linear relationship with our outcomes of interest.28

Next, all of our regressions include Ai0, a vector of controls for childhood ability. In particular,

Ai0 includes linear controls for childhood digit span score and general confidence, as well as fixed

effects for test score deciles in both reading and math.29 Our basic specification also includes

state fixed effects gs, TAS or PSID wave fixed effects wt when the outcome is observed multiple

times for each individual,30 a set of child controls XC
i0, and a set of parent controls XP

i0. In our

first specification, XC
i0 and XP

i0 include only variables that are certainly unaffected by respondents’

childhood math confidence: XC
i0 includes fixed effects for race, birth year, quarter of birth, gender,

and age at which we observe confidence,31 and XP
i0 includes family income, its square, and fixed

effects for both parents’ levels of education. All variables indexed at t = 0 are from the first CDS

wave in which a child had WJ-R scores and an ability self-assessment. Since about two-thirds of

the children in our sample have a sibling in the sample, we cluster standard errors by family. Our

coefficients of interest are b1 and b2.

Our second specification takes advantage of the detailed caregiver interviews in the CDS to add

additional controls for child and family characteristics that may correlate with both confidence and

long-run outcomes. In addition to expanding the set of child controls, XC
i0, with the primary care-

28Appendix Figures B.18, B.19, and B.20 show our main results when we relax this assumption; we plot the coefficients on
indicators for each integer value of the variable underlying ZCon fi0: Con fi0 = �6, Con fi0 = �5, ..., Con fi0 = 6. While these
results are noisy, the point estimates suggest that this linearity assumption is reasonable. We also show in Appendix B.4 that
we cannot generally reject the null hypothesis that over- and under-confidence predict economic outcomes in similar (opposite-
signed) ways, further supporting this linearity assumption.

29One might worry that controlling for general confidence absorbs too much of the variation in math over- and under-confidence if
over- and under-confidence in math are dimensions of confidence in general. While the economic impacts of general confidence
are certainly of interest, we take the conservative approach of isolating math-specific over- and under-confidence as cleanly as
possible by controlling for general confidence. That said, our results are remarkably similar with or without the control for general
confidence (available upon request).

30For some outcome variables, like earnings and unemployment, we have multiple years of outcomes across TAS and PSID waves
for each respondent. In contrast, we observe our educational outcomes (e.g. whether respondents ever majored in STEM) only
once per respondent; we do not include survey wave fixed effects in regressions linking childhood confidence to these outcomes.
Note that we do not include respondent fixed effects even in regressions with multiple outcome observations per respondent, since
we only measure childhood confidence once. We cluster standard errors by family in all regressions.

31Age at which confidence is first observed and birth year are not collinear. For example, children who had their confidence
measured when they were 8 years old could have been born in 1989, 1995, or 1999 (and had their confidence measured in the
1997, 2003, or 2007 CDS, respectively).

96



giver’s assessment of the child’s general health, this specification supplements XP
i0 with additional

parent and family controls: whether the family receives government transfers; whether the house-

hold includes the father or has two adults; parents’ beliefs about gender norms and the qualities that

are most important for success; and parent mental health (see Appendix B.2 for details). Finally,

we add four indicators for whether the child’s parents work in STEM or another high-education oc-

cupation (based on Anaya et al. (2021); see footnote 9). We focus on this specification throughout

the text, but results are generally consistent across these two specifications.

2.6 Confidence and long-term outcomes: Results

The following section presents our results, documenting strong associations between childhood

under- and over-confidence in math and key later-life outcomes: adolescent test scores, graduation

from high school and college, college major, career choice, earnings, and unemployment. We

present these results in Tables 2.3, 2.4 and 2.5.

2.6.1 Medium-term educational achievement

We first examine the links between childhood confidence and medium-term educational achieve-

ment, measured as adolescent scores on the CDS math assessments. We observe these scores at

children’s second CDS observation, about 5 years after we first observe their confidence in math.

Children’s biased beliefs in math significantly predict adolescent math performance (Table 2.3,

columns 1 and 2). Using our binary measures (Panel A), children who are over-confident in math

score 2.7 percentiles (standard error = 1.5p) higher on the math assessment five years later than

others with comparable baseline scores, while under-confident children score 5.9 percentiles (se

= 1.5p) lower. Using our more continuous measure (Panel B), a child with 1 standard deviation

(sd) higher math confidence in childhood scores 2.8 percentiles (se = 0.57p) higher on the math

assessment 5 years later than others with comparable baseline scores. Children marked as over- or
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under-confident in our binary metrics differ from others by an average gap of 1.8sd and -1.6sd in

continuous degrees of confidence, respectively, so our estimate magnitudes are remarkably consis-

tent across the two panels. In contrast, there is no relationship between childhood math over- or

under-confidence and adolescent reading scores using either measure of biased beliefs (Table 2.3,

columns 3-4).

These associations are large relative to the links between raw math ability and later scores:

increasing one’s childhood math score by 10 percentiles is associated with scoring on average 5.3

percentiles higher in adolescence (Column 1 of Appendix Table B.12).32 Thus, being over- (under-

) confident in math predicts as large a gap in adolescent test scores as does increasing (decreasing)

one’s childhood math test score by 5-11 percentiles.

2.6.2 Educational attainment

Biased beliefs in math during childhood also predict important gaps in high school and college

graduation. Children who are over-confident in math are 6.2 percentage points (se = 2.6pp) more

likely to graduate from high school, and children who are under-confident in math are 5.8pp (se

= 2.8pp) less likely to graduate from college (Table 2.3, columns 5-8, Panel A). Since only 30

percent of our sample graduates from college, being under-confident predicts a 20 percent drop

in the likelihood of college graduation. We find very similar results using our more continuous

measure in Panel B: a child with 1sd higher math confidence in childhood is 1.8pp (se = 1.0pp)

more likely to graduate from high school and 3.3pp (se = 1.1pp) more likely to graduate from

college, though the first is only marginally significant. Again, the magnitudes of these results are

similar regardless of which confidence measure we use.

These gaps are large relative to the associations between childhood math scores and educational

attainment in our data: childhood math scores generally do not substantively predict high school
32While we estimate the relationships between confidence and later outcomes in regressions with test score decile fixed effects,

here we run an otherwise identical regression replacing these fixed effects with linear controls for test scores. We benchmark the
links between biased beliefs against the coefficients on these linear score controls throughout Section 2.6.
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graduation,33 and increasing test scores by one decile is associated with being 2.9pp more likely

to graduate from college on average (Appendix Table B.12, columns 3-4).

2.6.3 College quality, college major choice, and graduate education

Next, we consider later-education outcomes among those who went to college: college quality,

college major choice, and whether respondents complete a graduate degree. Since we restrict to

college graduates, these regressions use much smaller samples than for our previous outcomes.

First, we find imprecise links between childhood math confidence and the quality of colleges

that children later attend. We consider two quality measures: first, an index of general college

quality, and second, colleges’ 75th-percentile math SAT scores among incoming freshmen – a

more specific measure of math quality.34 We focus our discussion on colleges’ 75th-percentile

math scores (Table 2.4, column 3 and 4), but our results are similar using the more general college

quality index (columns 1 and 2). Under-confident children attend schools whose 75th-percentile

math SAT scores are 11.3 points (se = 5.9 points) lower than others with the same childhood scores

(p = 0.07); with 95 percent confidence, we can reject that under-confident children attend schools

with math SAT scores that are over 0.3 points higher or 22.9 points lower. Over-confidence is not

significantly associated with college quality among childhood low-scorers, but again we observe

wide confidence intervals: we cannot reject that over confident children attend colleges that have 20

points lower to 26 points higher SAT scores than their peers. Using our more continuous measure

of biased beliefs in Panel B yields consistent, but imprecise, results.

Next, we find that childhood under-confidence in math is starkly associated with major choice

among those who go to college (Table 2.4, columns 5 and 6). Among those with a 4-year college
33Math scores do significantly predict high school graduation, but the coefficient is precisely estimated and very small (increasing

test scores by 10 percentiles is associated with being 0.8pp more likely to graduate from high school). The magnitude of this
linear coefficient is half of the size of the coefficient on reading scores. Reading skills may be more important for high school
graduation than math (e.g. since fewer years of math study are required to graduate).

34Using restricted data from the TAS, we link respondents with college quality data from the National Center for Education Statistics
(NCES) for the first college they attended in the first year they attended that college. Following Cohodes and Goodman (2014), we
construct an index of college quality as the first component from a principal component analysis of colleges’ 75th-percentile math
SAT scores among incoming freshmen, graduation rates, and per-pupil instructional expenditures, separately by year. Details on
variable construction are available in Appendix B.2. We then standardize this index to have mean 0 and standard deviation 1 in
the full sample of four-year colleges in the US by year.
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degree, students who were under-confident in math are 16.2pp (se = 3.6pp) less likely to earn

a STEM major35 than their peers with comparable childhood scores, an 86 percent drop from the

share of STEM majors across all college graduates in our sample. This large gap means that under-

confident children who score above the 50th percentile on the CDS math test are only 1.3 times

as likely to major in STEM, conditional on going to college, than the average child who scores

below the 50th percentile; in contrast, other childhood high-scorers are 3.5 times as likely to major

in STEM as low-scorers. We obtain very similar results using our more continuous measure of

biased beliefs in Panel B: a 1sd increase in confidence is associated with a 7.8pp (se = 2.3pp)

increase in the likelihood of majoring in STEM.

Finally, we find no significant relationships between biased beliefs and getting a graduate de-

gree, though again our standard errors are large (Table 2.4, column 7 and 8).

2.6.4 Employment outcomes

Next, we examine the links between childhood over- and under-confidence in math and employ-

ment outcomes in young adulthood: occupation type, earnings, and employment status. We follow

respondents in the adult PSID when they age out of the TAS, so we observe our oldest CDS respon-

dents through age 36 at the end of our sample period. Since respondents’ employment outcomes in

their early twenties may not yet be representative of their long-term career trajectories, we restrict

the sample to observations in which respondents are older than 25; we observe about 70 percent of

our sample above this threshold at least once.36

We first consider job choice. Under-confident children are about 4.9pp (se = 1.6pp) less likely

to work in a STEM occupation37 than their peers (Table 2.5, columns 1 and 2), a gap that is

approximately equal to the baseline rate at which respondents later work in STEM in our sample.
35We define STEM fields as engineering, math and computer sciences, and natural sciences. We find similar results if we also

include health fields.
36Appendix Table B.19 replicates these results using one observation per child, where the dependent variable is calculated as the

average outcome observed over ages 28-33. The results are meaningfully the same.
37We define STEM fields to include computer and mathematical occupations, architecture and engineering occupations, and life,

physical, and social science occupations. We find similar results if we include healthcare occupations as STEM.
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We find a similar result with our measure of the degrees of over- and under-confidence, where

a 1sd increase in childhood confidence is associated with a 1.8pp (se = 0.6pp) increase in the

likelihood that one works in STEM. These confidence gaps are large relative to the link between

childhood math scores and later STEM employment, which is precisely estimated but very close

to zero (Appendix Table B.12, column 9).

On the other hand, there are no gaps in the likelihood that over- or under-confident children

work in non-STEM high-education occupations38 (Table 2.5, columns 3 and 4). These results are

reassuring for our empirical design: the fact that math confidence matters for STEM employment,

but not other high-education employment, helps to validate that we properly isolate long-term asso-

ciations with children’s biased beliefs in math, rather than picking up correlations with unobserved

self esteem or other abilities. Taking these point estimates at face value, about half of the under-

confident children who do not pursue STEM careers switch into other high-education occupations,

while the rest pursue other work. However, our 95-percent confidence intervals include estimates

suggesting that under-confident children are up to 3.9pp less likely or up to 9.0pp more likely to

work in other high-education occupations than their peers.

Next, we consider respondents’ earnings. Our regression results are imprecisely estimated,

but they broadly suggest that higher math confidence is associated with higher earnings later in

life (Table 2.5, columns 5 and 6). While our binary measures of over- and under-confidence are

not significantly associated with earnings (Panel A), a 1sd increase in the degree of childhood

confidence is associated with 5.9 percent (se = 2.9 percent) higher earnings in adulthood. This gap

is large relative to the association between childhood math scores and adult earnings: increasing

test scores by one decile is associated with 7 percent higher earnings on average (Appendix Table

B.12, column 11).

Finally, we consider unemployment. Our regressions suggest that higher confidence may be as-

sociated with lower unemployment risk (Table 2.5, columns 7 and 8). Again, our binary indicators
38We define non-STEM high-education occupations as management, business, and financial occupations, legal occupations, edu-

cation, training, and library occupations, and occupations that focus on writing and communication (a subset of media, arts, and
entertainment occupations).We exclude health fields, as they are STEM-adjacent.
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for over- and under-confidence are not significantly associated with unemployment (Panel A), but

a 1sd increase in childhood confidence is associated with a 2.3pp (se = 0.9pp) lower likelihood of

having been unemployed in the previous year. This gap is large relative to the association between

childhood math scores and unemployment: increasing test scores by 10 percentiles is associated

with 1.6pp lower unemployment risk on average (Appendix Table B.12, column 12).

While most of our results are quite stable – both in magnitude and precision – to the many

robustness tests we run in Section 2.7, our results for earnings and unemployment should be in-

terpreted with caution. They are only statistically significant when using our more continuous

measure of biased beliefs, which is more vulnerable to measurement error, and we show in Section

2.7 below that they are not robust to using measures of confidence that minimize measurement er-

ror by using data from two waves of the CDS. That said, they are suggestive and are consistent with

our other findings on the long-term links between childhood confidence and later-life outcomes.

2.7 Robustness

In this section, we show that our main results are robust to controlling for a range of possible

confounding variables and to many alternate definitions of our key measures of biased beliefs.

2.7.1 Key confounders: Personality, adult investment, and school quality

First, we show that math over- and under-confidence predict long-run outcomes beyond their cor-

relation with (1) more commonly-studied personality traits, (2) parent and teacher beliefs and

investment, and (3) and elementary school quality. We do not control for these variables in our

main specifications because they are likely jointly determined with math confidence, but they may

confound the links we estimate. See Appendix B.5 for more details on data used in this section.

Section 1 of Appendix Table B.13 adds controls for children’s Big-Five personality traits: con-

scientiousness, agreeableness, neuroticism, openness, and extroversion. The CDS did not admin-

ister standard psychometric scales to identify the Big-Five traits among children, so we construct
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these measures from caregivers’ reports of child behavior (see Appendices B.2 and B.5 for de-

tails.) These traits could confound the long-term associations that we observe: other work shows

that Big-Five personality traits correlate with contemporaneous educational and employment out-

comes (e.g. Almlund et al. 2011; Heckman et al. 2019), and we find some correlations between

these common personality traits and measures of over- and under-confidence in our sample (Ap-

pendix Table B.14). However, our estimates of the links between over- and under-confidence and

long-run outcomes are broadly robust to controlling for them.39

Next, we add controls to our main specification for parent investments, like reading or doing

homework with the child, teacher ratings of children’s academic, social, and physical competence,

and the educational attainment that parents and teachers predict for the child. Note that we only

observe teacher perceptions for 20-34 percent of the sample. Teacher and parent beliefs and invest-

ments do correlate with children’s beliefs in math in our sample (Appendix Table B.15). If these

adults’ investments affect children’s later-life success, they may drive the links between childhood

math confidence and later outcomes that we observe (Papageorge et al., 2018; Dizon-Ross, 2019).

However, Section 2 of Appendix Table B.13 shows that children’s over- and under-confidence con-

tinue to predict long-run outcomes in similar ways when we add controls for adult perceptions and

investment to our main regressions.

Finally, we show that our results are robust to controlling for the quality of school a child

attended when we first observe their biased beliefs in math. If children assess their own abil-

ity relative to their peers, not the national distribution, school quality may shape children’s self-

assessments in math; over-confident children could just be those with low-performing peers, for

example. However, these patterns would tend to bias our results towards zero, since later-life out-

comes may be worse for children from lower-performing schools. We use restricted data from the

CDS to match students with data on the percent of students at their school who qualified for free or

reduced-price lunch (a proxy for income), the average student-teacher ratio at their school (a proxy

for educational inputs), and levels and trends of their school’s mean achievement levels in math
39Appendix Table B.20 shows the coefficients on the personality measures in this regression; they correlate with long-run outcomes

in expected ways (Almlund et al., 2011).
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and reading. Reassuringly, our results do not change meaningfully when we control for school

quality (Appendix Table B.13, Section 3).

2.7.2 Alternate definitions of biased beliefs

Next, we show that our results are robust to a range of alternate measures of biased childhood

beliefs in math. Appendix B.6 describes each of these alternate measures in more detail. None of

these changes affects our main conclusions: that over- and under-confidence strongly and mean-

ingfully predict long-term education and working in STEM.

Redefining over- and under- confidence: We first redefine our binary measures of over- and

under-confidence by altering the CDS math score and self-report cutoffs on which they rely, mak-

ing those designations more or less strict than our main measures. Second, we construct more

data-driven measures of over- and under-confidence—what we refer to as the relative confidence

measures—that identify over- and under-confident children as those in the tails of the distribu-

tion of math scores at each self-reported ability level. Finally, a third class of binary over- and

under-confidence measures marks a child as over-confident if the degrees of confidence measure

is greater than 2 and under-confident if it is less than -2.

Redefining degrees of confidence: Next, we also test robustness to the key design choice in

our more continuous measure of confidence: how we map self-assessed ability and observed scores

to the same scale. Our main measure assumes that children with accurate beliefs would report the

numbered bin from 1 to 7 in which their CDS score falls when test score percentiles are uniformly

distributed across 7 bins (i.e. each bin covers about 14 percentiles). We test robustness to two other

transformations: the first assumes that children should have reported the bin from 1-7 in which their

test score would fall if they had the CDS’ empirical self-assessment distribution in mind, and the

second instead differences children’s percentiles of self-assessed ability and demonstrated ability.

Each of these is converted to standard deviation units to facilitate comparisons.

Measurement error: To reduce the likelihood that our results are driven by measurement error,

we also construct alternate confidence measures using testing and self-assessment data from two
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waves of the CDS for the 60 percent of children with multiple measures. We take two approaches

to redefining our indicators for over- and under-confidence. In the first, we average children’s test

scores and self-reported ability over two waves and then apply our standard cutoff rules to these

average scores and self-reports. In the second, we calculate indicators for being over- or under-

confident separately in each of two waves and then average these indicators. We use the same logic

in defining multi-wave versions of the more continuous confidence measure.

Results: Appendix Figures B.4-B.16 present specification charts showing results for each of

our main outcomes of interest using these alternate measures of biased beliefs.40 For simplicity,

Appendix Table B.16 presents a subset of these results: we iterate through alternate definitions of

biased beliefs for each outcome, always using the control variables from our preferred specifica-

tion. Panel A shows the results for over- and under-confidence, and Panel B shows the results for

our more continuous measure of biased beliefs. Most coefficients that are statistically significant

in our main results are remarkably stable, leaving our conclusions unchanged. The only exceptions

are our results for earnings and unemployment, which disappear when we use the more continuous

measure of biased beliefs based on two waves of the CDS.

2.8 Snowballing investment or persistent over- and under-confidence?

Childhood over- and under-confidence in math are associated with gaps in key educational and em-

ployment outcomes down the line, from adolescent math performance to career choices in young

adulthood. As we outlined in Section 2.2, these confidence gaps could arise if over- and under-

confidence shape children’s own investment decisions or those of parents, teachers, or potential

employers. In this section, we explore the dynamic patterns through which these confidence gaps

open up and persist. On one hand, math confidence could produce investment gaps in childhood

that in turn snowball through children’s later education and occupational choices. On the other
40Besides testing alternate confidence measures, the specification charts also show that our main results are robust to dropping

children in the lowest and highest math score deciles from our sample. Across all confidence measures, children at the upper
(lower) tail of the score distribution are mechanically most likely to be identified as under-confident (over-confident).
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hand, childhood over- and under-confidence in math may persist into adulthood and directly affect

choices and performance at each stage of life, conditional on past achievement.

This section explores whether biased beliefs persist into adulthood, and whether gaps in later-

life outcomes can be fully accounted for by the links between confidence and intermediate invest-

ments that we observe.

2.8.1 The persistence of childhood confidence in math

While Table 2.1, discussed in Section 2.3.2, shows that over- and under-confidence in math persist

from childhood into adolescence, we also find that childhood biased beliefs persist even until we

last observe respondents in the TAS at ages 18 through 27 (Table 2.6). This persistence is a nec-

essary condition for children’s biased beliefs to have direct behavioral effects on their educational

and career choices as they age. We use the wealth of questions in the TAS to construct mea-

sures of young adults’ confidence in math and reading, generalized academic confidence, career

confidence, and general confidence.41 See Appendix B.2 for more detail each of these measures.

First, we calculate an index of adult math confidence as the mean of standardized ratings of

how good respondents think they would be in a job requiring math or technology. By this metric,

childhood math confidence strongly persists into adulthood. Respondents who were over-confident

in math as children score about 0.26sd (se = 0.06sd) higher in math confidence as adults than oth-

ers with comparable childhood test scores, while under-confident children score about 0.25sd (se =

0.05sd) lower (Table 2.6, columns 1 and 2, Panel A). Likewise, a 1sd increase in our more continu-

ous measure of childhood math confidence predicts 0.17sd (se = 0.02sd) higher math confidence as

an adult (Panel B). In contrast, children who were under-confident in math score about 0.17sd (se

= 0.05sd) higher in adult reading confidence—measured by standardizing subjects’ ratings of how

good they would be in a job requiring them to read and write a lot—than others with comparable
41Unlike our measures of biased beliefs from the CDS, these TAS confidence variables are not paired with measures of demonstrated

ability in adulthood. However, the ideal regressions would test the links between childhood over- and under-confidence and biases
in adult confidence, so as to avoid conflating the persistence of biased beliefs with the links between childhood confidence and
adult achievement. We approximate this ideal by controlling for adolescent math and reading scores, digit span scores, and
general confidence as proxies for adult ability.
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childhood test scores (Table 2.6, columns 3 and 4). This pattern may arise because under-confident

children are less likely to work in STEM occupations, making them more likely to have a job

requiring reading and writing.

Next, childhood over- and under-confidence in math predict gaps in general academic confi-

dence and career confidence in adulthood (Table 2.6, columns 5-8). Generalized academic confi-

dence captures respondents’ beliefs in their skill at solving problems, thinking logically, listening,

and teaching others, and career confidence captures respondents’ belief that they can attain and suc-

ceed in their dream job. Children who are over-confident in math score about 0.08sd (se = 0.05sd)

higher in adult academic confidence and 0.11sd (se = 0.05sd) higher in adult career confidence

than peers with comparable childhood test scores. Similarly, a 1sd increase in childhood math

confidence predicts a 0.04sd (se = 0.02) increase in adult academic confidence and a 0.05sd (se =

0.02) increase in adult career confidence. While it is unsurprising that adult math, academic, and

career confidence are correlated, it is reassuring that the links between continuous childhood and

adult math confidence are 3-4 times as large as those with these other forms of adult confidence.

However, there are no significant relationships between childhood math confidence and a mea-

sure of adult general confidence (Table 2.6, columns 9-10), which captures respondents’ conviction

in their ability to lead and supervise, their independence and decisiveness, and their life’s direction.

Since these regressions control for childhood and adolescent general confidence, they suggest that

while general confidence correlates with math confidence in childhood, childhood math confidence

is not significantly linked with the evolution of general confidence as respondents age.42

In sum, childhood over- and under-confidence in math persist through childhood and into young

adulthood as confidence gaps across academic domains and in one’s career. If these biased beliefs

directly affect respondents’ educational or employment success in adulthood, this persistence may

be a key factor in the long-term economic associations that we observe.
42As additional evidence that our results capture links with math confidence, not general self esteem or ability, we consider a set

of placebo outcomes: individuals’ relationship status, general mental health, social anxiety, alcohol consumption, and dangerous
behavior as young adults (all from the TAS). We expect each of these outcomes to be affected by general self-esteem, but not by
math over- and under-confidence specifically. Reassuringly, we generally find no relationships between biased beliefs in math and
any of these placebo outcomes, except that math over-confidence predicts a lower likelihood of being in a romantic relationship
(Appendix Table B.21).
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2.8.2 Gaps in intermediate outcomes do not fully explain results

Despite the persistence of childhood confidence, the links we observe between childhood biased

beliefs and later-life outcomes could still be fully explained by gaps in intermediate educational

investments. In Figure 2.2, we explore the role of past investment by estimating the marginal rela-

tionships between childhood biased beliefs and later-life outcomes, conditional on all intermediate,

observable outcomes along the chronological chain of education and entry into the labor market.

We then compare these results to those from our baseline specification. If childhood biased beliefs

continue to predict long-run gaps conditional on intermediate outcomes, these remaining gaps may

be related to contemporaneous adult confidence. Of course, this analysis is imperfect, especially

since we cannot control for all intermediate investments.

Figure 2.2 reproduces our baseline estimates (Tables 2.3, 2.4, and 2.5, even-numbered columns)

for math over- and under-confidence in darker blue, while the lighter blue points present our es-

timates with controls for all outcomes that precede the outcome of interest. In particular, we

re-examine educational outcomes through college holding fixed adolescent math and reading test

scores, re-examine having a graduate degree and occupation choice holding fixed all previously-

observed educational outcomes, and re-examine log earnings and unemployment history with con-

trols for all educational outcomes and past occupation choices.

Many of the large confidence gaps we’ve observed in educational and employment outcomes

persist when we condition on observable intermediate outcomes. Controlling for adolescent aca-

demic achievement does not change the relationship between childhood biased beliefs and any of

our educational outcomes, and under-confidence remains half as predictive of working in STEM

when we control for all educational outcomes, including whether respondents majored in STEM.

Gaps in respondents’ earnings fall by up to 60 percent when we condition on intermediate out-

comes, though our standard errors remain large. The unemployment coefficients are largely unaf-

fected when we add intermediate outcomes as controls.

Together with the persistence of math confidence into adulthood, these results suggest that over-
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and under-confidence may continue to directly affect economic outcomes as respondents age.

2.9 Conclusion

In this paper, we identify over- and under-confidence in math among a large sample of children. In

doing so, we are the first to show that even children have markedly biased beliefs about their own

math ability. These beliefs are distinct from Big-Five personality traits and general confidence.

Girls are less confident in math than boys with the same test scores and general confidence, so

gender stereotypes about math may shape ability perceptions even at young ages.

We then estimate striking associations between respondents’ childhood over- and under-confidence

in math and their educational and employment outcomes up to 22 years later, including comprehen-

sive controls for children’s demonstrated ability and family backgrounds. In the near term, under-

confident children perform worse on the CDS math tests five years later, while over-confident

children score higher. In the longer term, childhood math confidence significantly predicts key

aspects of later education and work trajectories: whether respondents graduate from high-school

and college, their college major and occupation choices, their earnings, and whether they experi-

ence unemployment. We do not observe similar associations with long-run outcomes for childhood

confidence in reading, a puzzle that we leave for future work.

Our results suggest that biased beliefs about math ability in childhood may predict later-life

outcomes both through accumulated differences in educational investments and by continuing to

affect economic outcomes as respondents age. Childhood over- and under-confidence persist into

adolescence and adulthood, and childhood confidence continues to broadly predict later-life out-

comes, particularly in education, when we control for all observable educational and career invest-

ments along the chronological chain of education and labor-market entry.

While our results are not causal, they suggest that confidence in math may crucially shape the

education we achieve and jobs we get, with effects possibly taking root as early as childhood. Our

results provide key early evidence on the importance of math confidence, but they leave substantial
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room for future exploration. Besides re-examining the associations we estimate for math over- and

under-confidence in an experimental setting, research should explore the mechanisms by which

childhood math confidence affects later-life outcomes. For example, do less confident children

perform worse later because they get less encouragement from teachers, or do they simply choose

to exert less effort at school? Next, we’ve seen that high-achievers with low confidence are less

likely to work in STEM jobs; do they fare worse in job interviews for those positions, or do they

simply not apply? Finally, if future research verifies that confidence causally affects later-life

outcomes, what interventions can close those gaps?

110



Fi
gu

re
2.

1:
D

is
tri

bu
tio

ns
of

se
lf-

as
se

ss
ed

an
d

de
m

on
st

ra
te

d
ab

ili
ty

Pa
ne

lA
:D

em
on

st
ra

te
d

ab
ili

ty
Pa

ne
lB

:S
el

f-
as

se
ss

ed
ab

ili
ty

Pa
ne

lC
:D

em
on

st
ra

te
d

vs
se

lf-
as

se
ss

ed
ab

ili
ty

024681012
Percent of sample

0
2

0
4

0
6

0
8

0
1

0
0

M
at

h
 p

er
ce

n
ti

le
 r

an
k

 i
n

 n
at

io
n

al
ly

n
o

rm
ed

 s
am

p
le

N
o

t 
at

 a
ll

g
o

o
d

 (
1

)

O
k

ay
 (

4
)

V
er

y
 g

o
o

d
(7

)

0
1

0
2

0
3

0
4

0
P

er
ce

n
t 

o
f 

sa
m

p
le

H
o

w
 g

o
o

d
 a

t 
m

at
h

 a
re

 y
o

u
?

304050607080

Math pctile rank in nationally
normed sample

N
o

t 
at

al
l 

g
o

o
d

O
k

ay
V

er
y

g
o

o
d

H
o

w
 g

o
o

d
 a

t 
m

at
h

 a
re

 y
o

u
?

N
ot

e:
W

e
pl

ot
fir

st
-o

bs
er

ve
d

m
at

h
te

st
sc

or
es

an
d

se
lf-

as
se

ss
m

en
ts

fo
rt

he
29

85
C

D
S

re
sp

on
de

nt
s

w
ith

at
le

as
to

ne
ye

ar
of

bo
th

m
ea

su
re

m
en

ts
.W

e
m

ea
su

re
re

sp
on

de
nt

s’
ab

ili
ty

an
d

se
lf-

be
lie

fs
in

m
at

h
at

ag
es

ra
ng

in
g

fr
om

8
to

19
,t

ho
ug

h
w

e
ob

se
rv

e
th

e
m

ed
ia

n
ch

ild
at

11
an

d
m

or
e

th
an

90
%

of
ch

ild
re

n
by

ag
e

13
.P

an
el

A
pl

ot
s

th
e

di
st

rib
ut

io
n

of
re

sp
on

de
nt

s’
pe

rc
en

til
e

ra
nk

s
(c

al
cu

la
te

d
re

la
tiv

e
to

a
na

tio
na

lly
-r

ep
re

se
nt

at
iv

e
no

rm
in

g
sa

m
pl

e)
on

a
po

rti
on

of
th

e
W

oo
dc

oc
k-

Jo
hn

so
n

Ps
yc

ho
-E

du
ca

tio
na

lB
at

te
ry

R
ev

is
ed

(W
J-

R
)t

es
tin

g
m

at
h

re
as

on
in

g
an

d
kn

ow
le

dg
e.

Pa
ne

lB
pl

ot
s

th
e

di
st

rib
ut

io
n

of
ch

ild
re

n’
s

re
sp

on
se

s
w

he
n

as
ke

d
to

an
sw

er
“H

ow
go

od
at

m
at

h
ar

e
yo

u?
”

on
a

sc
al

e
fr

om
1

(n
ot

at
al

lg
oo

d)
to

7
(v

er
y

go
od

).
Fi

na
lly

,P
an

el
C

pl
ot

s
th

e
av

er
ag

e
m

at
h

pe
rc

en
til

e
ra

nk
w

ith
in

ea
ch

ca
te

go
ry

fr
om

1
to

7
of

ch
ild

re
n’

s
se

lf-
re

po
rte

d
ab

ili
ty

in
m

at
h.

111



Figure 2.2: Controlling for intermediate outcomes
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Note: This figure plots the coefficient on over- or under-confidence in our baseline specification (2) and the same coefficient when we add
controls for mediating factors. When the outcome is high school or college graduation, majoring in STEM, or college quality, we add controls
for adolescent math and reading test scores. When the outcome is earning a graduate degree, we add controls for all previously-observed
education outcomes. When the outcome is occupation choice, we add controls for all observed education outcomes: math and reading scores
in adolescence, whether the respondent graduated from high school, college, or graduate school, the 75th percentile of the math SAT score
distribution of the college he or she attended, and whether he or she majored in STEM. When the outcome is earnings or unemployment, we
add controls for all observed educational outcomes and occupational choice.
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Table 2.1: The persistence of math over- and under-confidence

(1) (2)
Panel A: Math over-confidence 0.118⇤⇤⇤ 0.116⇤⇤⇤

(0.031) (0.032)
N 1747
Sample mean 0.041

Panel B: Math under-confidence 0.042⇤ 0.042⇤
(0.024) (0.025)

N 1747
Sample mean 0.063

Panel C: Math confidence (SD units) 0.182⇤⇤⇤ 0.185⇤⇤⇤
(0.025) (0.025)

N 1747
Sample mean 0.000

Basic controls: X X
Added background controls: X

Notes: This table regresses adolescent confidence outcomes on various definitions of childhood math confidence with
various controls. Adolescent confidence is measured five years after the childhood measurement. In each row, the
dependent variable is the adolescent measurement of the independent variable described. The measures of over- and
under-confidence are our main binary measures. Our secondary measure of degrees of confidence takes on values from
-6 to 6 and persistence of that variable is shown in the third row. The fourth row standardizes the degrees of confidence
measure to have mean 0 and standard deviation 1, to facilitate ease of interpretation. All controls that are time-variant are
observed in the same year as the confidence measures. Basic controls include child gender, race, decile fixed effects for
math and reading test percentile scores, digit span test scores, a general confidence index, family taxable income and its
square, parent education, quarter-of-birth fixed effects, year-of-birth fixed effects, age at which confidence was measured
fixed effects, and state fixed effects. We also include fixed effects for adolescent test score deciles in math and reading.
Added background controls are parents’ rating of child health, indicators for receiving government transfers, household
structure, parenting practices, parent occupation, and parent mental health and confidence measures. All controls are
recoded to zero if missing and we include a missing indicator. Standard errors are clustered by family, and included in
parentheses below each estimate. *, **, and *** indicate significance at the 0.1, 0.05, and 0.01 percent level, respectively.

113



Table 2.2: Demographic predictors of over- and under-confidence

Over-confidence Under-confidence Confidence (sd)
Demographic Characteristics

Female -0.027*** 0.023** -0.097***
(0.01) (0.01) (0.03)

Black 0.014 0.015 0.031
(0.02) (0.02) (0.04)

Hispanic -0.038* 0.019 -0.037
(0.02) (0.03) (0.07)

Asian or Native American -0.021 0.024 -0.042
(0.02) (0.03) (0.06)

Only child 0.005 0.016 0.008
(0.02) (0.02) (0.05)

First child 0.015 0.038** -0.012
(0.02) (0.02) (0.04)

Second child 0.029* 0.004 0.055
(0.02) (0.02) (0.04)

Father graduated high school -0.011 -0.039 0.072
(0.02) (0.02) (0.06)

Father has bachelors 0.014 -0.009 0.024
(0.01) (0.02) (0.04)

Mother graduated high school -0.019 -0.010 -0.013
(0.02) (0.02) (0.05)

Mother has bachelors -0.007 -0.025 -0.024
(0.01) (0.03) (0.05)

Father works in STEM 0.004 -0.036 0.044
(0.02) (0.03) (0.05)

Mother works in STEM -0.010 -0.006 -0.009
(0.01) (0.02) (0.04)

Father works in non-STEM high-educ 0.000 -0.008 0.022
(0.01) (0.03) (0.05)

Mother works in non-STEM high-educ -0.017 0.019 -0.062*
(0.01) (0.02) (0.04)

Family taxable income (thous 2016 USD) 0.000 0.000 0.000
(0.00) (0.00) (0.00)
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Table 2.2: Demographic predictors of over- and under-confidence (continued)

Over-confidence Under-confidence Confidence (sd)

Other Child Characteristics
Child ever in gifted prog 0.026** -0.087*** 0.146***

(0.01) (0.02) (0.03)
Child ever in special ed prog 0.007 -0.008 0.071

(0.02) (0.02) (0.05)
Child has repeated grade -0.016 -0.012 0.007

(0.02) (0.01) (0.05)
Parent’s rating of child health -0.001 -0.013** 0.022

(0.01) (0.01) (0.01)
School Quality Measures

Percent FRPL -0.027 0.058* -0.074
(0.03) (0.03) (0.08)

Student-teacher ratio 0.000 -0.000 0.002***
(0.00) (0.00) (0.00)

Average math and reading achievement -0.003 0.003 -0.015
(0.00) (0.00) (0.01)

Difference btwn math and reading achievement 0.010 -0.004 0.030
(0.01) (0.02) (0.04)

Cohort slope of average achievement -0.036 0.079 -0.228
(0.06) (0.06) (0.15)

Unable to link to NCES id 0.049* 0.013 0.109
(0.03) (0.03) (0.07)

Other Child Ability Measures
Digit span score -0.000 -0.004** 0.009**

(0.00) (0.00) (0.00)
General confidence 0.038*** -0.054*** 0.211***

(0.01) (0.01) (0.02)

Mean of dependent variable 0.085 0.121 0.000

N 2985 2985 2985
R-squared 0.21 0.21 0.57

Notes: Each column regresses a measure of childhood biased beliefs in math on child characteristics. In columns 1 and 2, the dependent
variable is our main indicator for over-confidence or under-confidence, respectively. In column 3, the dependent variable is a linear measure
of biased beliefs that ranges from -6 to 6, where negative values represent under-confidence, which has been standardized to have mean 0
and standard deviation one in our sample. All variables are taken from the first year in which we observe the child’s confidence in math.
Additional controls include fixed effects for math and reading test score deciles, birth year, birth quarter, state, and age at which confidence
was measured fixed effects. The coefficients on the ability deciles are shown in Appendix Table B.11. All controls are recoded to be zero if
missing and the regressions include missing indicators for each variable (not shown). All variables are either continuous or binary indicators,
except for child race and birth order. The omitted category for race is non-Hispanic whites, and the omitted category for birth order is any
birth order higher than two. Standard errors are clustered by family. *, **, and *** indicate significance at the 10, 5, and 1 percent level,
respectively.
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Chapter 3

The Narrative of Policy Change: Fiction

Builds Political Efficacy and Climate Action

With Lucy Page and James Walsh

Abstract

Can fictional narratives contribute to building political momentum? In an online experi-
ment (N ⇡ 6,000), learning about the Inflation Reduction Act (IRA) strengthens beliefs about
government responsiveness to citizen action by only 0.07sd. Watching a short, fictional story
about political climate advocacy as a loose backstory to the IRA yields much larger effects on
beliefs (0.5sd). While IRA information alone does not affect climate advocacy, the story in-
creases information-gathering about climate marches by 54 percent and donations to lobbying
organizations by 19 percent. We show evidence that beliefs and emotions may drive this effect.

We are grateful to Abhijit Banerjee, Esther Duflo, Karla Hoff, Rohini Pande, and Frank Schilbach for their advice and helpful
comments. Page and Ruebeck are supported by the National Science Foundation Graduate Research Fellowship under Grant No.
1745302. This project is also supported by the George and Obie Shultz Fund at MIT and the Strengthening American Democracy
Program at Beyond Conflict. The pre-registration for this experiment can be found here: https://www.socialscienceregistry.org/trials/10351.
IRB approval for the project was obtained from the Massachusetts Institute of Technology Committee on the Use of Humans as
Experimental Subjects (Protocol 2208000715).
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3.1 Introduction

Concern about climate change is widespread in the US: about two-thirds of Americans report that

they are at least somewhat worried about global warming, and over 60% support a range of policies

to reduce greenhouse gas emissions. Moreover, 28% of registered voters say they would be willing

to contact government officials about climate change. However, few Americans follow through

on doing so: only 8% of registered voters say they contacted government officials about global

warming in the last year (Leiserowitz et al., 2021).

Longstanding research in psychology and political science suggests that weak political efficacy—

the belief that government responds to citizen demands—is a key barrier to political engagement

on climate change and other issues.1 In a survey of 500 young adults fielded on Prolific in June

2022, the most common reason cited for why respondents had not previously pushed for policy

change was that it would make no difference (Appendix Figure C.1, Panel A). In this study’s base-

line survey, collected in November 2022 through March 2023, only 18% of participants at least

somewhat agreed that when groups of citizens push for policy on issues like climate change, the

US government responds to their demands (Appendix Figure C.1, Panel B).2

This randomized experiment examines how two interventions aimed at building political effi-

cacy affect subsequent climate action. The first intervention informs participants about the real-

world policy progress of the Inflation Reduction Act (IRA), passed in August 2022 as the largest

climate bill in US history (Bistline et al., 2023). Our second intervention pairs this information

with an explicitly fictional, animated story linking this policy change to citizen advocacy. In this
1Political scientists distinguish between external political efficacy—beliefs about how government responds to citizen demands—
and internal political efficacy—beliefs about one’s own ability to engage with political processes (e.g. Campbell et al., 1954;
Balch, 1974; Niemi et al., 1991; Craig et al., 1990; Scotto et al., 2021). We focus throughout the paper on external political
efficacy; for brevity, we refer to it as “political efficacy.” A lengthy literature documents correlations between political efficacy
and engagement (e.g. Shaffer, 1981; Abramson and Aldrich, 1982; Finkel, 1985). Political-efficacy beliefs are also related to the
social-cognitive concept of collective efficacy: beliefs in a group’s ability to accomplish shared goals (Bandura, 2000).

2While our focus is not the impacts of citizen advocacy on government action, experimental work in subnational contexts finds
that both citizen contacts (Bergan, 2009; Bergan and Cole, 2015) and providing information on constituents’ opinions (Butler and
Nickerson, 2011) can shift legislators’ votes.
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5-minute video, a young woman—devastated by her dog’s death from heatstroke—mobilizes a

climate march that attracts national media attention and contributes to policy change.

We conducted our study via three surveys fielded on Prolific, a paid online survey platform, in

the six months following the IRA’s passage. From an initial screening survey, we recruited about

6,000 Americans—all of whom believe that climate change is human-caused and were unaware of

the IRA’s recent advances—to complete a main survey in which we implemented our treatments

and measured political efficacy and costly climate action. Finally, 85% of the sample took an ob-

fuscated follow-up survey with additional outcome measures 1-4 days later, allowing us to estimate

treatment effects with little or no experimenter demand and with a moderate delay (Haaland and

Roth, 2020, 2023; Settele, 2022).

Learning about the IRA’s real-world policy advance yields small increases in political efficacy

(0.07sd) and no effects on climate action. The fictional story, in contrast, has striking effects: it

increases political efficacy by an additional 0.5sd, increases donations to climate-lobbying groups

by 19%, and makes participants 54% more likely to seek information on nearby climate marches,

though it has no detectable effects on efforts to email Congress. The story’s effects persist strongly

in the obfuscated follow-up survey.

The story’s impacts on climate action appear to arise both through its effects on efficacy be-

liefs and its emotional resonance. The story had a range of emotional effects, strongly increasing

feelings of hope or strength (0.52sd) and motivation (0.60sd) as well as making participants feel

less anxious, sadder, more connected to others, angrier, and less anxious. In suggestive mediation

analysis, the story’s treatment effects fall substantially when we control for either efficacy beliefs

or motivation-related emotions, with the largest drops when we control for both of these possible

mediators. The story does not seem to affect action by changing participants’ beliefs about Amer-

icans’ support for or engagement in climate action or by improving recall of the IRA information.

This paper contributes to several literatures in economics, political science, and psychology.

First, we add to the large literature on the effect of narratives on social and economic outcomes

(Jensen and Oster, 2009; Paluck, 2009; La Ferrara et al., 2012; Kearney and Levine, 2015; Shiller,
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2017; Banerjee et al., 2019b,a; Kearney and Levine, 2019; Hoff et al., 2021; Riley, 2022; Walsh et

al., 2022). We add to this research in three respects.

Most importantly, we show that a fictional story can increase contributions to a public good

and collective action, whereas the existing literature on stories targets behavior with direct private

benefits, such as personal health and educational investment. Thus, narratives may be a useful

tool to drive efficient mobilization towards common goals. Stories may in fact be particularly

useful in promoting behavior with primarily public benefit, like political engagement (Riker and

Ordeshook, 1968; Feddersen, 2004; Feddersen and Sandroni, 2006; Fowler, 2006), in which the

emotional or self-image returns of doing one’s part are primary drivers of action (Bryan et al.,

2011). Second, we show that even low-budget, simple stories can have meaningful effects on

political beliefs and behavior. Namely, the effects of fictional narratives embedded in commer-

cial entertainment—“edutainment”—may be explained by other features like celebrities, popular

songs, or mass distribution. In contrast, our story is watched in isolation during a survey exper-

iment, is five minutes long, was produced for $11,000, and was written by this paper’s authors,

all of which mitigate these possible confounds. Finally, we find that the climate-action story has

large effects both on participants’ causal narratives of policy change and on their emotions, both

of which seem to contribute to the story’s effects on climate action. This finding builds on re-

cent theoretical work focusing on how narratives compliment pure information as persuasive tools

(Eliaz and Spiegler, 2020; Schwartzstein and Sunderam, 2021; Kendall and Charles, 2022) and the

effects of emotions on preferences and decision-making (Elster, 1998; Loewenstein, 2000; Lerner

et al., 2015).

Next, we contribute to large political science and environmental psychology literatures on po-

litical efficacy. We show for the first time that seeing real-world policy change builds political

efficacy, and our short, fictional story about a young climate advocate has effects more than four

times as large. These impacts contrast sharply with prior work testing a range of light-touch inter-

ventions aiming to build political efficacy around climate change, with limited success (Feldman

and Hart, 2016; Hart and Feldman, 2016; Hornsey and Fielding, 2016; Jugert et al., 2016; Xue
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et al., 2016; Hamann and Reese, 2020; Angill-Williams and Davis, 2021; Ettinger et al., 2021;

Hornsey et al., 2021)

Finally, we add to the growing literature on the drivers of support for climate policy and climate

action (e.g. Drews and van den Bergh, 2016; Andre et al., 2022; Dechezlepretre et al., 2022;

Bernard et al., 2023). To our knowledge, this project is the first experimental work testing ways to

build political climate advocacy. Prior work on climate action focuses on donation outcomes (e.g.

Andre et al., 2022) and consumer choices (e.g. Allcott, 2011; Ho and Page, 2023).

The paper proceeds as follows: Section 3.2 describes our experimental design, Section 3.3

presents our results, and Section 3.4 concludes.

3.2 Research design

Appendix Figure C.2 depicts the study procedure. The study unfolds over three surveys: a screen-

ing survey (Section 3.2.1), the main survey in which we implement randomized treatments (Section

3.2.2), and an obfuscated follow-up survey (Section 3.2.3).

3.2.1 Sample selection

We recruited a sample of American adults via a 1-minute screening survey on Prolific3 and used

two questions to screen participants for the experimental survey. First, participants were only el-

igible if they answered “No” or “I don’t know” when asked whether, to their knowledge, the US

government had made substantial progress on climate change so far during 2022. Second, partici-

pants were only eligible if they answered that climate change is mostly human-caused when asked

if it is mostly human-caused, caused mostly by natural changes in the environment, not happening,

or other. Together, these restrictions allows us to identify participants who likely support the goals
3Participants were recruited to the study in two “waves,” first in November 2022 and again in January 2023. We paused the study
due to concerns that proximity to the 2022 midterm elections could affect our results. Our main specifications control for the wave
in which a participant completed the survey, and Appendix C.2 disaggregates results by wave.
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of climate policy but are unaware of the IRA and its implications.4

Of 13,361 participants who completed the screening survey, 8,591 (64%) met these restric-

tions. We recontacted all qualifying participants, of whom 6,329 participants consented to the

main survey and 6,015 completed it. We then exclude 122 participants who failed at least one

of two attention checks embedded in the main survey; the first asked participants to select a cer-

tain multiple choice answer, while the second asked them to move a 100-point slider to within a

10-point range.

Appendix Table C.1 presents summary statistics for our final sample of 5,879 participants. We

stratify recruitment on gender and whether participants are above or below 35 years old; our final

sample is 53% female, with an average age of 37. Our sample is predominantly white (74%) and

liberal: about 59% identify as Democrats, 28% as Independents, and 9% as Republicans. The

sample’s baseline political activity broadly matches nationally representative surveys: 25% say

that they’ve contacted elected representatives in the last two years, while 23% of a Pew Research

Center (2018) Pew Research sample reported having done so in the last year. Participants are

also highly concerned about climate change (Appendix Figure C.3): 85% place themselves at 5

or higher on a 7-point scale of climate worry, and when asked how much they want the federal

government to do on climate change, 78% place themselves at 6 or 7 on a scale from 1 (Much less

than currently) to 7 (Much more than currently).

3.2.2 Experimental survey

We recontacted all qualifying participants via Prolific to take the main, experimental survey, during

which we administered our treatments and measured key outcomes.
4Our goal was not to isolate those who had never heard of the IRA, a high-profile bill with extensive media coverage, but rather to
identify those who are unaware of the bill’s importance in US climate policy. Indeed, 49% of our final sample selected that they
had heard of the IRA among a list of four recent bills.
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3.2.2.1 IRA information randomization

All participants begin the experimental survey by watching a baseline video (available here) with

visual information on global temperature rise, the Paris Agreement’s goal of limiting warming to

1.5º C, and the speed of global emissions reductions required to meet that goal.

IRA information treatment: Two-thirds of participants are then randomized to watch the IRA

information treatment video (available here). This video highlights the US 2030 Paris commit-

ment and visually plots projected emissions under policies as of February 2022, which would fall

only halfway to the 2030 goal. The video then introduces the IRA as a major legislative advance

after years of advocacy, explains the magnitude of the bill’s spending, and summarizes its climate

provisions. The video plots projected emissions cuts under the IRA—then estimated to achieve

65% of the remaining cuts required to reach the 2030 target (Jenkins et al., 2022)—and ends with

the following: “That means that the IRA takes a big step towards US emission commitments, but

we still need to make major additional emissions cuts by 2030 to meet our Paris goal and limit

catastrophic warming.”

Basic control video: We randomize half of the remaining participants to watch a “basic-control”

video (available here) that exactly reproduces all information and visuals in the IRA treatment

other than information about the IRA itself. Thus, we control for any effect that essential context on

US climate goals and business-as-usual emissions could have on climate action. After presenting

projected emissions under February-2022 policies, this video ends with an adaptation of the IRA

treatment video’s final sentence: “From this baseline, we would still need to make major emissions

cuts by 2030 to meet our Paris goal and limit catastrophic warming.”

Extended control video: While the basic-control video exactly reproduces the beginning of the

IRA treatment video, it is 60 seconds shorter. To eliminate concerns that treatment effects arise

just from this additional content, we randomize half of the remaining participants to an “extended-

control” video (available here) that adds 60 seconds of filler detail5 to the basic-control video. This
5This information describes countries’ nationally-determined contributions under the Paris Agreement, the units in which green-
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video closes with the same statement as the basic-control video.

3.2.2.2 Fictional climate-advocacy story

Half of those who watched the IRA information video were randomly assigned to subsequently

watch a 5-minute fictional, animated story about citizen climate advocacy (available here). The

script was written by the authors of this paper, narrated by professional voice actors, and illustrated,

animated, and set to music by a UK-based animation company for a total budget of about $11,000.

See Appendix C.4 for details.

The story centers on a young woman named Annie whose dog, Gilbert, dies in a heatwave.

Following Gilbert’s death, Annie is angry and hopeless about government progress on climate

change. She encounters an elderly man organizing a climate march, and he convinces her that

living in a democracy means that citizens can demand change, and that historical movements (e.g.

for women’s suffrage and civil rights) advanced through collective citizen advocacy. Annie decides

to fight for change and begins recruiting people for the march. Thousands show up to march for

Gilbert. Annie speaks to a newsperson at the march, and her interview is broadcast across the

country. The story ties the climate march to passage of a climate bill, saying that it was part

of a movement all over the country that finally forced government action. While the story never

explicitly mentions the IRA, it operates as a loose, fictional backstory to policy progress. The story

concludes by saying that if we and others around the country don’t give up, the government may

keep hearing our demands.

Story-duration control: To ensure that the story’s effects do not derive just from a longer survey,

we cross-randomized half of all participants not assigned to watch the climate-advocacy story to

answer filler questions paced by timers to also take five minutes. All results control for whether

participants answered these extra questions.6

house gases are measured, when the US issued its most recent Paris commitments, example policies that could help achieve US
commitments (the same components attributed to the IRA in the treatment video), and a precise numeric statement about how
much emissions are expected to fall under February-2022 policies (matching the numeric precision of the IRA treatment).

6We used two different sets of filler questions; details are in Appendix C.5. The first wave used open-ended questions that in-
tentionally primed some of the story’s themes; in the second, participants took a general science-knowledge quiz. We changed
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3.2.3 Experimental fidelity

Attention. In addition to screening the sample with two attention checks (Section 3.2.1), we incen-

tivized attention to our treatments: ahead of each video, participants were told that 10 randomly-

selected participants would earn $5 for correct answers on each of 3 to 7 subsequent comprehension

questions (described in Appendix C.6). Overall, participants answered 86% of comprehension

questions correctly. Finally, receiving the IRA information substantially increased participants’

knowledge of the IRA elicited at the end of the experimental survey (Appendix Table C.2).

Balance. Our sample is largely balanced across treatment conditions (Appendix Table C.1). The

exception is that those assigned to receive IRA information, with or without the story, have higher

baseline political engagement. Our main specifications control for dummies for each past political

behavior, and our results are robust to controlling for a political-engagement index.

Attrition. In total, 95% of those randomized to a treatment status finished the experimental survey

and are included in our sample. Those assigned to watch the fictional story are 2pp less likely to

finish the experimental survey (Appendix Table C.3), but our main results are robust to Lee (2009)

bounding (Appendix Tables C.4 and C.5).

Demand effects. To ensure that our results do not arise from experimenter demand effects, we

elicited additional measures of our main outcomes in an “obfuscated” follow-up survey that par-

ticipants did not know was connected with the previous surveys. Thus, any treatment effects we

observe on follow-up outcomes are free of experimenter demand effects (Haaland and Roth 2020,

2023; Settele, 2022). The follow-up survey was advertised under a different researcher’s account

and described as being about political activity in general rather than climate change, and no par-

ticipants indicated that they connected the obfuscated follow-up survey with the earlier surveys

(see Appendix C.3 for details). 85% of those who finished the experimental survey complete the

obfuscated follow-up survey, with no differential completion by treatment conditional on finishing

the design of these questions between the two waves—and updated our pre-analysis plan accordingly—to more cleanly control
just for duration. The filler version that cleanly controls for duration has no impacts on our main outcomes of interest (Appendix
Tables C.10 and C.11).
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the main survey (Appendix Table C.3).

3.2.4 Main outcomes

3.2.4.1 Political efficacy

We elicit both qualitative and quantitative measures of political efficacy in the experimental survey;

we detail these and all other outcomes in Appendix C.7. The qualitative measures elicit partici-

pants’ agreement from 1 (Strongly disagree) to 7 (Strongly agree) with three statements about the

role of citizens in climate policy, adapted from Craig et al. (1990). Next, we develop a quantitative

measure of political efficacy by asking participants to estimate the probability that a hypothetical

climate bill would pass if it was introduced to Congress in the next few months, separately if 2%

or 10% of Americans contacted their national representatives to support it. The difference between

participants’ guesses in each of these cases provides a numeric measure of external collective effi-

cacy: the impact of additional citizen pressure on government action.

In the obfuscated follow-up survey, we measure political efficacy by asking participants to rate

their agreement from 0 (Disagree completely) to 7 (Agree extremely strongly) with the statement

that “Citizen movements on issues like gun control and climate can make real change.” We also

ask participants to rate how effective they think (1) marches or rallies and (2) contacting politicians

by phone or email are in affecting government policy, from 1 (Not effective at all) to 6 (Extremely

effective).7

3.2.4.2 Climate action

Donations to climate advocacy organizations. We observe real-stakes donations to climate-

advocacy organizations during both the experimental and follow-up surveys. During the exper-

imental survey, we tell participants that we will randomly choose one participant to win an $80
7Note that we added these questions to the follow-up survey shortly after beginning data collection (added as secondary outcomes
in an amendment to our pre-analysis plan), so we observe them for only 78% of those who took the obfuscated follow-up survey
and 66% of the total sample.
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bonus and allow them to earmark any portion of that bonus to one of three policy-oriented cli-

mate advocacy organizations in the case that they are chosen. We observe whether and how much

participants choose to donate.

In the obfuscated follow-up, participants similarly distribute a $100 bonus—which one par-

ticipant will win—between take-home money and donations to advocacy organizations lobbying

for environmental policy, abortion access, gun control, and free-market policy. We frame these

donation choices as opportunities to advocate for policy change by supporting effective lobbying

groups.

Direct citizen advocacy. We also observe participants’ engagement with direct citizen advocacy.

During the experimental survey, we offer participants an opportunity to email Congress about

climate change via a portal hosted by an NGO. We observe whether participants opt in to the

process of writing a letter, whether they compose a custom email to Congress,8 and whether they

click a link to the portal from which to send the email.

Halfway through data collection, we added an additional outcome to the experimental survey

to capture interest in participating in a climate march, since the story centers so heavily on this type

of action.9 We observe whether participants click a link to a map of upcoming climate marches

published by Fridays for Future, a decentralized group that organizes climate marches around the

world.

Finally, we observe in the follow-up survey whether participants download “Call the Halls,” a

guide to contacting legislators that we suggest they read and share with others.
8The portal includes a form letter, so participants do not need to write out a personalized message in order to later send an email.
Note that we use these indirect measures of whether participants email Congress, rather than having them send emails directly
from our survey, to protect Prolific participants’ anonymity.

9We introduced this secondary outcome in an amendment to our pre-registration posted on January 11, 2023 before starting our
second round of data collection (see Footnote 3 and Appendix C.2). We elicit this outcome after the other main outcomes to avoid
contaminating their interpretation.
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3.3 Results

3.3.1 Specifications

We estimate the impacts of the IRA information and fictional story in the following specification:

Yi = a0 +b1IRAIn f oi +b2Storyi +AT Xi + ei (3.1)

where Yi is our outcome of interest, IRAIn f oi indicates watching the IRA information video (i.e.

being in either the T1 or T2 treatment groups in Appendix Figure C.2), and Storyi indicates also

watching the fictional story video (i.e. being in the T2 treatment group). Xi is a vector of con-

trols and ei is an individual-specific error term. This specification pools the basic and extended

control arms, which are rarely statistically or economically distinguishable, as the omitted group.

Appendix Figures C.4 through C.15 show that our results are robust to estimating treatment effects

relative to either control.

Our main specifications control for demographics, climate worry, desire for additional govern-

ment climate policy, baseline political efficacy, baseline political engagement, and indicators for

whether participants were assigned to the 5-minute filler questions and participated in the first or

second wave of data collection. Demographics include sex, 5-year age bins, ethnicity, indicators

for having a 4-year college degree interacted with indicators for being over age 25, and political

affiliation. Appendix C.7 describes these controls in detail, and Appendix Figures C.4 through

C.15 show that our results do not change with any choice of controls.

3.3.2 Political efficacy

While learning about the actual policy progress of the IRA somewhat increases political efficacy,

also watching the fictional climate-advocacy story yields much larger effects (Table 3.1). Learning

about the IRA increases participants’ agreement that the US government responds to citizen de-
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mands for policy change by 0.11sd and the index of overall external political efficacy by 0.07sd. In

contrast, the story affects all three political efficacy statements by between 0.36 and 0.42sd and in-

creases the overall political efficacy index by 0.51sd. Note that the dependent variables in columns

1 and 2 are agreement with negative efficacy statements, which are flipped when added to the in-

dex. The story also increases the quantitative measure of political efficacy (column 5): watching

the climate story increases participants’ beliefs about the effect of an additional 8pp (from 2 to

10%) of Americans calling to support a climate bill on the likelihood that Congress would pass it

by 0.9pp, a 10 percent increase over the control mean. Learning about the IRA does not affect this

measure.10

The IRA information’s relatively small effects on political efficacy do not persist in the ob-

fuscated follow-up, but the large impacts of the story remain (columns 6-9). The story increases

agreement that citizen movements can make real change, beliefs that marches or rallies and con-

tacting Congress are effective in changing government policy, and an index of these measures by

0.23sd, 0.16sd, 0.11sd, and 0.2sd, respectively. In addition to eliminating any demand effects,

these results show that the story persistently changes beliefs at least in the short term and that par-

ticipants substantially extrapolate the story’s emphasis on marches to other forms of advocacy –

contacting Congress by phone or email – that it did not highlight.

3.3.3 Climate action

Learning about the IRA has no impact on climate action, but the fictional story substantially in-

creases participants’ interest in climate marches and climate-advocacy donations in both the main

and follow-up surveys (Table 3.2).

Donations to climate advocacy organizations. Learning about the IRA has no effect on

climate donations in either the main (columns 1 and 2) or follow-up survey (columns 3 and 4).

In contrast, participants who watched the climate-advocacy story are 5pp more likely to donate
10Appendix Table C.12 separates this result into treatment effects on the likelihood of passing a climate bill if 2% or 10% of

Americans contacted Congress to support it, alongside effects on participants’ beliefs about the probability that we will meet key
national and global climate goals.
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to a climate organization in the experimental survey, a 10% increase relative to the control group,

and donate $2.88 more overall, a 19% increase over the average control donation of $14.94 of a

possible $80. The story had similar effects on donations during the obfuscated follow-up. Those

who watch the story are 6pp more likely to donate to climate advocacy, a 13% increase, and donate

on average $1.41 more, a 16% increase over the average control donation of $8.55 of a possible

$100. Notably, these higher climate donations do not crowd out donations to other causes in the

follow-up. The story increases total donations by $3.02, an effect that is twice as large as that on

donations to climate advocacy alone (Appendix Table C.6).11

Citizen advocacy. In contrast, the climate-advocacy story has only narrow effects on interest

and engagement in personal climate advocacy (Table 3.2, columns 5-9). Neither the IRA infor-

mation nor the story affect whether participants opt into the letter-writing process, write a custom

letter, or click to the portal to send the letter. With 95% certainty, we can rule out that the story

made participants more than 2.3pp more or less likely likely to click to the portal, though this

range is fairly wide relative to the control mean of 15%. On the other hand, the story does have

large effects on participants’ revealed interest in climate marches, the form of advocacy it portrays.

Participants who watch the story are 4.3pp more likely to click the link to Fridays for Future, a

54% increase relative to the control group.

Neither the IRA information nor the story has a detectable effect on whether participants down-

load the “Call the Halls” guide in the follow-up survey (column 9). With 95% confidence, we can

rule out that the story made participants more than 4.9pp more likely or 1.3pp less likely to down-

load the guide (relative to a control mean of 21%).

3.3.4 Mechanisms

While the climate-advocacy story’s effects on political efficacy could underlie its impacts on action,

other mechanisms could also explain these effects. This section explores additional secondary
11Point estimates suggest that the fictional story comparably increased donations across all of the other causes, though only its

impacts on donations to the free-market lobbying group are statistically significant. The story’s impacts on donations to the
climate organization are twice as large as on donations to any other cause (Appendix Table C.6).
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outcomes collected in the main and follow-up surveys to understand the processes through which

the story drives action.

3.3.4.1 Emotions

First, the story may drive action through its impacts on emotion. We elicited participants’ emo-

tions immediately after the treatment videos in the experimental survey, providing them with three

blanks and asking them to list at least one emotion they were currently feeling. Participants then

rated how strongly they felt each emotion they listed. Two authors hand-coded these free-response

emotions into categories from a treatment-blind list, generating the classification scheme detailed

in Appendix C.7. Figure 3.1 plots the impacts of each treatment on standardized measures of how

strongly participants felt each emotional category. Note that because we elicited emotions before

participants are offered the chance to take action, any impacts on emotion are not due to action

itself.

Both learning about the IRA and the climate-advocacy story had sizable effects on participants’

emotions, with especially stark effects from the story. Panel A explores the emotional spectrum

of motivation versus apathy. While both the IRA information and story substantially increase

participants’ reports of feelings of hope or strength and reduce expressions of pessimism, the story

also increases feelings of motivation (0.6sd) and reduces apathy or fatigue (0.2sd). Turning to other

positive and negative emotions in Panels B and C, we find that learning about the IRA increases

happiness, peacefulness and connectedness, while reducing sadness, anger, and anxiety. While

the story also increases feelings of connectedness, its other emotional effects diverge starkly from

those of the IRA: participants feel less peaceful, much sadder, and angrier. At the same time, the

story sharply reduces feelings of anxiety and doubt.

The disparate emotional effects of the story and IRA information are largely consistent with

the story’s much larger effects on climate action. Unlike the IRA information, the story pushes

participants towards feelings like anger and motivation that have been shown to increase political

interest and engagement (Brader, 2005; Valentino et al., 2011), and which are correlated with ac-

134



tion in our experimental control group (Appendix Table C.7). On the other hand, IRA information

pushes participants towards “complacent” emotions, like peacefulness and happiness, which show

no or negative associations with action in our control group.

3.3.4.2 Desire for climate policy

The story and IRA treatments’ impact and lack of impact, respectively, on climate action could

also arise from their effects on concern about climate change and desire for continuing government

action. During the experimental survey, we elicit participants’ worry about climate change from

1 (Not at all worried) to 7 (Extremely worried), how much they want the federal government to

do about climate change, from much less (1) to much more (7) than it’s currently doing, and

their rankings of how highly Congress should prioritize climate change in a list of policy issues.

We elicit a similar measure in the obfuscated follow-up by asking participants how much they

want the newly-elected Congress to focus on gun control, climate change, reducing inflation, and

reproductive rights, each on a scale from 1 (Not at all) to 6 (Very much so).

Learning about the IRA reduces participants’ desire for government climate action by 0.11sd

(Appendix Table C.8).12 In contrast, the story significantly increases all three measures of policy

demand: worry about climate change by 0.09sd, desire for more government climate action by

0.16sd, and legislative priority on climate change by 0.07sd. The impacts of the treatments on

desire for climate policy are similar in the obfuscated follow-up survey, where the story increases

hope that the new Congress will focus on climate change by 0.07sd. The impact of the IRA

information treatment on climate priority in the follow-up is statistically insignificant (p = 0.17),

but the negative point estimate is consistent with results in the experimental survey.

These results are notably consistent with the climate-action patterns we observe, and they sug-

gest that they story could drive action by evoking the urgency of climate change—through Gilbert’s

death in the heatwave or depictions of fires and floods—rather than by building political efficacy.
12The IRA information should only affect desire for government action by changing participants’ beliefs about current climate

policy, not beliefs about the urgency of climate change. The IRA information treatment matches the control videos in stating
truthfully that the US is not on track to meet its climate goals, and all three videos end in parallel statements emphasizing the
need for continuing emissions cuts.
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That said, Section 3.3.4.5 discusses suggestive evidence that the story’s effects on desire for climate

policy are not the main drivers of its effects on action.

3.3.4.3 Beliefs about others

Learning about the IRA could signal that many Americans support climate policy or are engaged in

the climate movement. Moreover, the story shows a large a climate march and states that “millions

of people” across the US could advocate for climate policy. While the story is explicitly fictional,

this image and rhetoric could shift participants’ beliefs about other Americans’ climate beliefs or

action. Growing research in economics finds that shifting up beliefs about anonymous others’

political participation tends to reduce engagement in collective political action (Cantoni et al.,

2019; Hager et al., 2022, 2023). On the other hand, Americans underestimate support for climate

policy on average, and correcting these beliefs could increase action if participants conform to the

norms of policy support that they perceive (Sparkman et al., 2022).

Learning about the IRA does not change beliefs about support for or engagement in the climate

movement (Appendix Table C.9). While the story does not change participants’ belief about the

share of Americans who support climate policy, it does increase their beliefs about the share of

those Americans who would contact Congress to support a climate bill by 2.5pp (8% of the control

mean). Existing work suggests that this increase may reduce the story’s impacts on action, rather

than driving them.

3.3.4.4 Memory

While recent work suggests that the story could affect action by helping participants encode the

IRA information (Graeber et al., 2022), this explanation is unlikely given that information about

the IRA has no effect itself on action. Moreover, Appendix Table C.2 shows that the story had

no differential effect on whether participants reported having heard of the IRA at the end of the

experimental survey.
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3.3.4.5 Combining mechanisms

In Figure 3.2, we explore suggestive evidence on the role of each possible mechanism in the story’s

effects on action. Here, we plot the story-treatment coefficients in a series of regressions that

separately control for each possible mediator—efficacy beliefs, indices of emotion strength, policy

desire, and beliefs about others’ political engagement—and then gradually add these controls to

a single regression. Across all action outcomes, controlling for political efficacy and the index

of motivation-related emotions each substantially reduce the story-treatment coefficient, with the

largest drops when controlling for both together. Controlling for policy desire or beliefs about

others’ action reduce the story-treatment by a lesser degree and not at all, respectively. These

patterns suggest that the story’s effects on action can be explained in large part by its effects on

both political-efficacy beliefs and feelings of motivation and strength.13

3.4 Conclusion

In a large online experiment, we find that people update their beliefs and behavior substantially

more in response to a fictional narrative about citizen climate advocacy than to learning about re-

cent, major legislative progress. These results are all the more striking because of the comparative

strength of each treatment: the IRA is the most significant climate legislation ever passed in the

United States; the story was produced on a small budget (and written by economists). Suggestive

evidence implies that the story’s substantial effects on climate action can be attributed to both its

“cold” effects on beliefs about government responsiveness to citizen action and its “hot” effects on

emotions of motivation and hope.
13A related, but conceptually distinct, question is what aspect of the story treatment drives its impacts on political efficacy and

emotions. For example, these effects could arise from the story’s musical soundtrack, its animated imagery, the fictional storyline
itself, informational signals about real-world facts, or, most likely, a combination of these elements. While our treatment variation
does not allow us to separate these components, we argue that the story’s informational content is unlikely to play a large role.
The only direct quasi-factual statement included in the story is that citizen activism contributed to the success of movements for
women’s right to vote, labor laws, and civil rights. While these historical examples could add to the story’s effects on political
efficacy, they only take up about 8 seconds near the midpoint of a 5-minute video and are unlikely to play a substantive role
relative to the much more salient fictional storyline.

137



Figure 3.1: Impacts on emotions

Note: This figure plots the impacts of the IRA information treatment and the fictional climate-action story on emotions expressed

during the main experimental survey. Panel A presents impacts on motivation-related emotions: Hope or strength, motivation,

pessimism, and apathy or fatigue. Panel B presents impacts on other positive emotions: Happiness, peacefulness, connectedness,

and yearning. Finally, Panel C presents impacts on other negative emotions: Sadness, anger, anxiety, surprise or doubt, and guilt. We

define each emotion outcome as the standardized strength at which participants said they felt that emotion, unprompted. Appendix

Section C.7 describes in detail how we constructed these measures of emotions. We estimate treatment impacts by regressing each

emotion outcome on an indicator for receiving IRA information and an indicator for additionally watching the climate story. These

regressions include the same control variables listed in the note for Table 3.1 and detailed in Appendix Section C.7.2. Points in

the figure marked with solid circles and open squares denote coefficients on the IRA information treatment and story treatment,

respectively; the error bars denote 95% confidence intervals.
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Figure 3.2: Impacts of the story on climate action: Controlling for mediating emotions and beliefs
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Note: This figure plots our main estimates for the impacts of the fictional story on key climate-action outcomes and how these

estimates change when we control for possibly-mediating beliefs and emotions. In particular, we sequentially add controls for the

standardized index of political-efficacy beliefs, for standardized indices of motivation-related emotions, other positive emotions,

and other negative emotions, and finally for both the standardized indices of political efficacy and motivation-related emotions.

We construct the indices of motivation-related emotions, other positive emotions, and other negative emotions by standardizing the

sum of standardized variables for the strength with which each participant reported feeling an emotion in that category, as grouped

in Appendix Section C.7. Note that in constructing an index of motivation-related beliefs, we flip the signs of the strength with

which participants feel pessimism and apathy or fatigue. The point estimates plotted are the coefficients on the story treatment in

regressions of each action outcome on an indicator for receiving IRA information and an indicator for additionally watching the

fictional climate story. In addition to the controls for potentially mediating intermediate outcomes, these regressions including the

same control variables listed in the note for Table 3.1 and detailed in Appendix Section C.7.2. Sample sizes for the regressions

involving each outcome are given in the corresponding columns of Table 3.2. The error bars plot 95% confidence intervals.
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Appendix A

Appendix to Perceived Discrimination at

Work

Appendix A.1 contains supplementary tables and figures. Appendix A.2 describes manager recruit-

ment and the manager task. Appendix A.3 describes the algorithms and how they were trained.

Appendix A.4 shows the elicitation of all survey-based measures and includes detailed defini-

tions of all variables used in the analysis. Appendix A.5 outlines the process used to code the

free-text response-based variables. Appendix A.6 reproduces the main results for the effects of

perceived discrimination using an IV strategy, instrumenting for the main measure of perceived

discrimination with treatment assignment in the promotion experiment. Appendix A.7 contains

the heterogeneity analysis that was pre-registered but not included in the main text. Appendix

A.8 describes the replication of the effects of perceived discrimination on future labor supply in

the hiring experiment. Appendix A.9 shows the robustness of the results to standard and specific

concerns.
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A.1 Supplementary figures and tables

Figure A.1: Information workers received about the job(s)

Panel A: Promotion experiment

Panel B: Hiring experiment

Note: This figure shows the information that workers received about the easier, lower-paying (“non-promotion”) job and
the harder, higher-paying (“promotion”) job in the promotion experiment (Panel A) or the job that they were not hired to
do in the hiring experiment (Panel B).
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Figure A.2: 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 and did not complete the survey afterwards to reduce costs. The design of the hiring experiment was the same
except that workers were assigned to be evaluated by one of four procedures (see Figure A.9). In addition, 97.5% of workers were
not hired under their randomly assigned procedure.
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Figure A.3: 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.
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Figure A.4: Design of 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 (Appendix Table A.14). 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.
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Figure A.5: Timeline of experimental survey (promotion experiment)

Information about 
non-promotion:  Tell 
workers about how they 
were evaluated, and 
show them who their 
manager/the algorithm 
promoted in the past 
(primarily white men due 
to over-representation)

Elicit perceived 
discrimination

Proofreading task: 
effort, performance, 
retention, psychological 
well-being

Incentivized elicitations: reservation wages 
for future work, willingness to pay for a new 
manager, willingness to pay for a 
transparently unbiased assignment 
mechanism

Survey outcomes: 
self-efficacy, job 
satisfaction, additional 
measures of perceived 
discrimination

Note: This figure describes the timeline of the experimental survey in the promotion experiment. The experimental survey in the
hiring experiment was the same except that workers did not complete the easier proofreading job so I do not observe the corre-
sponding outcome variables, and the survey outcomes additionally included comprehension questions about the hiring procedures.
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Figure A.6: 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.
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Figure A.7: Treatment variation in algorithm groups (promotion experiment)

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 their manager previously promoted depending on whether they were randomly assigned
to see those workers’ avatars, race, and gender or not.
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Figure A.8: 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 arm of the promotion experiment. 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.
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Figure A.9: Design of 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.
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Figure A.10: 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. 95 percent confidence intervals are indicated by the black bars.
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Figure A.11: Effects on retention and overall earnings in the promotion experiment

0.00 0.00 0.00 0.13 0.19 0.21 0.22
Control mean:

-.05

0

.05

.1

1 3 6 9 12 15 18
Paragraph Number
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Percent quit

0.14 0.44 0.92 1.4 1.8 2.2 2.6
Control mean:

-.15

-.1

-.05

0

.05

.1

1 3 6 9 12 15 18
Paragraph Number

(1-6 required, 7-18 optional)

Cumulative bonus

Note: This figure plots the effect of being in the non-blind manager arm relative to the demographic-blind manager arm (Panel
A) and the effect of seeing the avatars, race, and gender of previously-promoted workers in the algorithm arm (Panel B) of the
promotion experiment on whether workers have quit and how much they have earned, cumulatively by the given paragraph on the
x-axis. Workers were required to proofread the first six paragraphs, after which they could quit after any paragraph, so treatment
effects absent selection are available in the first six paragraphs. The regressions restrict to workers who would not have been
promoted under any promotion procedure. 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. 95 percent confidence intervals are calculated with standard errors robust to heteroskedasticity.

Figure A.12: 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
promotion experiment on emotional states, measured with an affective well-being scale and reported in standard deviations, sepa-
rately by race and gender. The regressions restrict to workers who would not have been promoted under any promotion procedure.
Regressions control for quiz scores, education, income, age, marital and parental status, race, gender, quiz-score group fixed ef-
fects, and the educational and previous-performance composition of the previously-promoted workers each worker saw. 90 and 95
percent confidence intervals are calculated with standard errors robust to heteroskedasticity.
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Figure A.14: 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 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 regressions
that 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. 95 percent confidence
intervals (in black bars) are calculated with standard errors robust to heteroskedasticity.
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Figure A.15: Comprehension of hiring procedure incentives (manager arms) and design (algorithm arms)

Note: This figure shows worker knowledge of managers’ incentives and algorithm design. In the top left, it plots the share of workers
in the manager arms who know the manager’s pay structure. When asked, “what was the basis of your manager’s bonus payment?,” this
requires checking off “The performance in the proofreading task of the workers they hired,” and “How many workers they hired showed
up to do the proofreading task,” and not checking off, “How many workers they hired,” “Whether they chose workers with the highest
screening quiz scores,” or “Whether they chose diverse workers.” On the right, it plots the share of workers in the algorithm arms who
correctly identify the algorithm’s design. When asked “what do you know about how the algorithm was designed?,” this requires checking
off “It was predicting worker performance at the proofreading task,” “It hired whoever had the highest predicted [performance],” and, in the
demographic-blind decision-maker groups only, “It would provide the same predicted [performance] for any worker with the same education
and quiz score,” and not checking off “It was predicting whether a manager would have hired a worker,” or “It could favor certain people
and hire them even if they didn’t have the highest predicted [performance].” The lower panel plots the share of workers checking off each
of these options. Approximately zero workers thought it was predicting managers’ previous decisions. 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 regressions that 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. 95 percent confidence intervals (in black bars) are calculated
with standard errors robust to heteroskedasticity.
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Figure A.17: Reported past experiences of discrimination at work in the experimental sample

Panel A: Perceived racial discrimination

Panel B: Perceived gender discrimination

Note: The sample is 3,240 workers recruited for the promotion experiment on Prolific. The share of each group who reported having
experienced discrimination at work in the past is plotted with standard errors in this sample indicated by black bars. Perceived
discrimination includes during job search, promotion, termination, and daily work activities. “Asian” refers to those who identify
as Asian (no participants identified as Asian and Hispanic), “Black” is those who identify as Black or African American, regardless
of whether they identify as Hispanic, “Hispanic” is those who identify as white and Hispanic, and “White” refers to those who
identify as white and non-Hispanic. 9 non-binary participants are included with “Women” (those who are more likely to experience
and perceive discrimination).
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Figure A.18: 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.
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Figure A.19: Avatar-making procedure

Note: This figure depicts the procedure by which workers created their avatars in the baseline survey.
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Figure A.20: 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.
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Figure A.21: 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 the “treatment effect” pools the effect of being in any of the arms with positive perceived discrimination
in Figures 1.1 and 1.4 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 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.
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Figure A.22: CDFs of workers’ beliefs about the likelihood of future promotion

0

.2

.4

.6

.8

1

C
um

ul
at

iv
e 

Pr
ob

ab
ili

ty

0 20 40 60 80 100
Pr(promoted) when evaluated by the same procedure

0

.2

.4

.6

.8

1

C
um

ul
at

iv
e 

Pr
ob

ab
ili

ty

0 20 40 60 80 100
Pr(promoted) using cutoff rule

Blind manager arm Non-blind manager arm Algorithm, no avatars Algorithm, with avatars

Note: This figure plots the raw CDF of workers’ reported beliefs about the likelihood that they will be selected to do the harder task
in the future, separately by treatment arm in each experiment. The sample is workers who would not have been selected under any
of the relevant promotion or hiring procedures.

Figure A.23: Perceived discrimination in the hiring experiment (full sample)

Note: This figure replicates Figure 1.4 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.
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Table A.1: 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. 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.
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Table A.4: Balance table, never versus ever promoted/hired

Promotion experiment Hiring experiment
Main Ever Main Ever

sample promoted p-value sample promoted p-value
(1) (2) (1)=(2) (3) (4) (3)=(4)

Male 0.29 0.32 0.34 0.13 0.16 0.30
Race:

Asian 0.13 0.19 0.03 0.06 0.13 0.01
Black 0.14 0.11 0.12 0.12 0.07 0.02
White, Hispanic 0.14 0.14 0.74 0.10 0.17 0.03
White, Non-Hispanic 0.59 0.57 0.60 0.71 0.63 0.03

Married 0.54 0.53 0.80 0.58 0.61 0.39
Kids 0.43 0.35 0.02 0.46 0.42 0.37
Education:

Less than high school 0.01 -0.00 0.00 0.01 0.00 0.00
High school graduate 0.13 0.02 0.00 0.10 0.01 0.00
Some college but no degree 0.27 0.05 0.00 0.25 0.02 0.00
2 year college degree 0.09 0.09 0.77 0.10 0.07 0.26
4 year college degree 0.37 0.49 0.00 0.39 0.45 0.12
Professional or Masters degree 0.11 0.29 0.00 0.14 0.39 0.00
Doctorate 0.01 0.05 0.00 0.02 0.05 0.06

Income:
Less than $20,000 0.14 0.09 0.02 0.11 0.07 0.04
$20,000-$40,000 0.22 0.17 0.04 0.18 0.10 0.01
$40,000-$60,000 0.18 0.15 0.26 0.19 0.24 0.17
$60,000-$80,000 0.15 0.12 0.26 0.17 0.15 0.60
$80,000-$100,000 0.10 0.16 0.03 0.13 0.14 0.70
$100,000-$120,000 0.07 0.10 0.19 0.07 0.11 0.13
$120,000-$140,000 0.04 0.05 0.38 0.06 0.03 0.02
$140,000-$160,000 0.04 0.08 0.03 0.04 0.07 0.12
More than $160,000 0.06 0.08 0.20 0.07 0.10 0.20

Age:
18-24 0.17 0.11 0.01 0.15 0.16 0.82
25-34 0.32 0.38 0.07 0.33 0.29 0.31
35-44 0.22 0.24 0.38 0.22 0.24 0.57
45-54 0.14 0.12 0.37 0.17 0.17 0.91
55-64 0.11 0.08 0.17 0.10 0.09 0.65
65 or older 0.05 0.07 0.28 0.04 0.06 0.33

Employment:
Currently employed outside Prolific 0.67 0.76 0.00 0.69 0.81 0.00
Ever employed outside Prolific 0.96 0.98 0.05 0.97 0.99 0.01

Past experienced discrimination:
Job search 0.25 0.29 0.22 – – –
Promotion 0.18 0.17 0.78 – – –
Termination 0.10 0.07 0.14 – – –
Daily work activities 0.33 0.38 0.12 – – –
Any discrimination 0.50 0.56 0.14 – – –

Beliefs about prevalence (own group) 0.46 0.44 0.54 – – –
N 2080 237 2527 153

Note: This table shows means of worker demographic characteristics, all measured in the baseline survey, for workers who are
included in the analysis sample (because they would not have been selected by any of the relevant promotion or hiring procedures)
and those who are not, separately for the promotion and hiring experiments. The p-values test the null that ever-selected and never-
selected workers are the same and are calculated with standard errors robust to heteroskedasticity.
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Table A.5: 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, 0.182⇤⇤⇤ 0.195⇤⇤⇤ 0.168⇤⇤⇤ 0.081⇤
see avatars (0.016) (0.021) (0.033) (0.042)

Control mean 0.010 0.014 0.000 0.000

Panel B: Yes, would be promoted if different race or gender
Non-blind manager, 0.251⇤⇤⇤ 0.288⇤⇤⇤ 0.166⇤⇤⇤ 0.084
see avatars (0.024) (0.029) (0.056) (0.052)

Control mean 0.127 0.130 0.159 0.000

Panel C: Complaint about job assignment mentions discrimination
Non-blind manager, 0.099⇤⇤⇤ 0.116⇤⇤⇤ 0.050⇤⇤ 0.059
see avatars (0.013) (0.016) (0.022) (0.049)

Control mean 0.003 0.004 0.000 0.000

Panel D: Members of my race * gender group underrepresented among promoted
Non-blind manager, 0.162⇤⇤⇤ 0.208⇤⇤⇤ -0.009 0.015
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, 0.157⇤⇤⇤ 0.196⇤⇤⇤ 0.024 0.327⇤⇤
see avatars (0.026) (0.030) (0.062) (0.141)

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 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 1.1. Standard
errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***,
respectively.
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Table A.6: Effects on retention, gender and racial heterogeneity

Num paragraphs More than 6 Did all 18
(1) (2) (3)

Panel A: Race and gender heterogeneity
Non-blind manager arm*White women -0.645⇤⇤ -0.039⇤ -0.046

(0.316) (0.021) (0.032)

Non-blind manager arm*Minority women -1.001⇤ -0.029 -0.120⇤⇤
(0.557) (0.038) (0.057)

Non-blind manager arm*Minority men 0.808 0.065 0.065
(0.560) (0.042) (0.054)

p-values:
White=minority, women 0.566 0.809 0.247
Men=women, minority 0.020 0.094 0.016

N 1293 1293 1293

Panel B: Gender heterogeneity
Non-blind manager arm*Women -0.741⇤⇤⇤ -0.036⇤ -0.066⇤⇤

(0.285) (0.019) (0.029)

Non-blind manager arm*Minority men 0.808 0.065 0.065
(0.560) (0.042) (0.054)

p-values:
Men=women 0.011 0.026 0.027

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 1.2, 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.
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Table A.10: Effects on other reasons for non-promotion in manager sample of the promotion
experiment

All Workers Women Minority Men White Men
Panel A: Free response, first answer is more school

Non-blind manager, -0.109⇤⇤⇤ -0.116⇤⇤⇤ -0.146⇤⇤ 0.099
see avatars (0.024) (0.028) (0.057) (0.104)

Control mean 0.414 0.410 0.428 0.408

Panel B: Free response, first answer is higher quiz score
Non-blind manager, -0.056⇤⇤ -0.079⇤⇤ 0.005 -0.041
see avatars (0.027) (0.031) (0.066) (0.110)

Control mean 0.484 0.488 0.476 0.469

Panel C: Free response, first answer is it was random
Non-blind manager, 0.000 0.007 0.001 -0.081
see avatars (0.011) (0.013) (0.021) (0.064)

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. 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 1.1. Standard errors, in parentheses, are robust to
heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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Table A.11: 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, 0.006 -0.013 -0.038
see avatars (0.035) (0.040) (0.029)

N 1389 1382 1389

Control mean 0.011 -0.013 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 panel A) and the effect of seeing that previously-promoted workers were mostly white men in
the algorithm arm (in panel B) 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 proofreading
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 1.2. Standard errors, in parentheses, are
robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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Table A.12: 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 arm*White women -0.004 0.006 -0.015
(0.048) (0.052) (0.039)

Non-blind manager arm*Minority women -0.064 -0.055 -0.056
(0.079) (0.094) (0.062)

Non-blind manager arm*Minority men 0.106 -0.026 -0.062
(0.071) (0.085) (0.059)

p-values:
White=minority, women 0.506 0.563 0.562
Men=women, minority 0.110 0.818 0.937

N 1295 1288 1295

Panel B: Gender heterogeneity
Non-blind manager arm*Women -0.020 -0.010 -0.026

(0.042) (0.047) (0.034)

Non-blind manager arm*Minority men 0.106 -0.026 -0.062
(0.071) (0.085) (0.059)

p-values:
Men=women 0.124 0.870 0.580

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 A.11, but white men are additionally dropped from the sample.
The specification is the same as Appendix Table A.6. Standard errors, in parentheses, are robust to heteroskedasticity. Significance
at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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Table A.15: Effects on secondary measures of perceptions of discrimination in the algorithm sam-
ple of the promotion experiment

All Workers Women Minority Men White Men
Panel A: Free response, primary reason is discrimination

See avatars 0.086⇤⇤⇤ 0.107⇤⇤⇤ 0.044 –
(0.019) (0.025) (0.043)

Control mean 0.003 0.004 0.000 0.000

Panel B: Yes, would be promoted if different race or gender
See avatars 0.166⇤⇤⇤ 0.204⇤⇤⇤ 0.111 0.003

(0.030) (0.036) (0.079) (0.066)

Control mean 0.054 0.045 0.096 0.022

Panel C: Complaint about job assignment mentions discrimination
See avatars 0.039⇤⇤⇤ 0.042⇤⇤⇤ 0.030 –

(0.012) (0.015) (0.032)

Control mean 0.000 0.000 0.000 0.000

Panel D: Members of my race * gender group underrepresented among promoted
See avatars 0.107⇤⇤⇤ 0.115⇤⇤ 0.114 0.041

(0.039) (0.049) (0.107) (0.110)

Control mean 0.294 0.285 0.446 0.065

Panel E: White men are overrepresented among promoted
See avatars 0.127⇤⇤⇤ 0.134⇤⇤ 0.258⇤⇤ -0.273

(0.043) (0.053) (0.114) (0.202)

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 A.5. Specifications are otherwise the same as in Figure 1.6. Standard errors, in parentheses, are robust to heteroskedasticity.
Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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Table A.16: Effects on other reasons for non-promotion in algorithm sample of the promotion
experiment

All Workers Women Minority Men White Men
Panel A: Free response, first answer is more school

See avatars -0.069⇤⇤ -0.037 -0.058 -0.073
(0.034) (0.040) (0.082) (0.156)

Control mean 0.340 0.310 0.349 0.478

Panel B: Free response, first answer is higher quiz score
See avatars 0.000 -0.053 0.163 -0.119

(0.040) (0.048) (0.102) (0.165)

Control mean 0.526 0.562 0.482 0.413

Panel C: Free response, first answer is it was random
See avatars -0.014 0.005 -0.062⇤ 0.012

(0.019) (0.024) (0.034) (0.102)

Control mean 0.059 0.058 0.048 0.087

N 691 464 151 76

Note: This table shows the effects of learning that mostly white men were previously promoted 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 other workers evaluated by the algorithm. The outcomes are the
same as in Appendix Table A.10. Specifications are otherwise the same as in Figure 1.6. Standard errors, in parentheses,
are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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A.2 Manager recruitment and manager task

Managers were recruited from Prolific. They were required to be white men and employed outside of
Prolific. Having all managers be white men serves three purposes: (i) to best proxy for cases in which a
women or racial minority man might be the most likely to feel discriminated against, (ii) to minimize noise
in the experiment caused by having large variation in manager characteristics, since only 54 managers partic-
ipated in the promotion experiment and only 20 in the hiring experiment, and (iii) to preserve the sample of
possible women and racial minority men to participate in the experiment itself. As illustrated in Figure A.3,
initially 75 managers were recruited to evaluate the 1800 workers in the historical sample, at which point
they were randomly assigned to be a demographic-blind or non-blind manager. They were independently
randomly assigned to evaluate workers who scored in the bottom two quintiles of average baseline quiz
scores, the second and third quintiles, third and fourth quintiles, or fourth and fifth quintiles. Demographic-
blind managers saw workers’ education level (no college, college degree, or more than college) and 1-5
stars indicating the workers’ approximate quintile of average baseline quiz scores, which are predictive of
the workers’ proofreading skill. Non-blind managers also saw workers’ self-identified race/ethnicity and
gender as well as an avatar that workers built to look like themselves in the baseline survey.

Managers were shown examples of the paragraphs that workers would be asked to proofread in the
harder job and then chose three out of 24 historical workers to promote, viewing worker profiles that had
either just quiz scores and education, or also avatars, race, and gender, depending on the manager’s ran-
dom assignment. The promoted workers’ performance in the harder job determined the managers’ bonus
payment, which represented the majority of their total payment, and thus managers were incentivized to
choose the workers they thought would do the best at the harder job. Specifically, managers were paid $1 to
complete the survey, which took on average 7 minutes, and on average earned $4 in bonuses based on the
performance of the workers in the historical sample that they had promoted.

The same managers were brought back to evaluate the workers in the experimental samples. They
were randomly assigned to a group of 120 workers in the promotion (hiring) experiment who fell into
the managers’ (previously randomly assigned) quiz-score quintile group but had otherwise been randomly
grouped together, with one demographic-blind and one non-blind manager assigned to evaluate the workers
in each group. Managers saw workers in the same quiz-score quintile groups in both the historical and main
samples and the same information about workers in the historical and main samples.

After a reminder about the harder proofreading job and that they had done this worker-selection task
before, each manager evaluated workers in groups of forty. In the promotion experiment, they evaluated
three sets of forty workers independently, promoting three in each group, and in the hiring experiment,
they evaluated nine sets of forty workers independently, hiring one in each group. Managers knew that
their decisions for one of the three or nine groups would be randomly chosen to be implemented, and the
workers they chose in that group would determine their bonus payment. This ensured that every worker
was evaluated by both a demographic-blind and non-blind manager, though only the decisions of one—or
(one of) the algorithm(s)—were implemented. This generated counterfactual data on how workers would
have been assigned to jobs under all three (four) procedures, which were used in the analysis (but not in
the implementation of the experiment). In the promotion experiment, managers were paid $2 to complete
the survey, which took on average 10 minutes, and on average earned $4 in bonuses based on their chosen
workers’ performance. In the hiring experiment, managers were paid $2 to complete the survey, which took
on average 15 minutes, and on average earned $3.25 in bonuses based on their chosen workers’ performance.

Of course, there was attrition between the original manager recruitment and their return to evaluate the
main sample workers. Initially 75 managers were recruited in order to account for up to 20 percent attrition.
Then, after the promotion experiment baseline survey was complete, one demographic-blind and one non-
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blind manager were each matched with a random group of 120 workers in their same (randomly assigned
to managers) quiz-score quintile group. After several days and several reminders, when a manager failed to
return to evaluate the new workers, they were replaced with a randomly chosen manager who matched their
random assignment (demographic-blind or not ⇥ quiz-score quintile group) from the group of managers that
had not been assigned to evaluate workers initially. This continued until all workers had been evaluated. 54
managers participated in the promotion experiment.

The same managers were invited back for the hiring experiment, now eight months following their
initial recruitment. Again, one demographic-blind manager and one non-blind manager was each matched
with a random with a group of 360 workers in their same (randomly assigned to managers) quiz-score
quintile group. The number of groups of workers per manager was larger so that fewer managers would
be needed, assuming there would be major attrition given the amount of time since the initial survey. This
time, managers were matched with groups randomly but those who had returned to evaluate workers in the
promotion experiment (a signal that they would return again) and had previously promoted mostly white
men (in order to try to minimize variation in that dimension of treatment) had a higher chance of being
initially paired with workers and offered the worker-evaluation task. The same replacement procedure was
followed when managers did not return after several days and reminders. 20 managers participated.

In one group of 120 workers in the promotion experiment, I ran out of managers who could be paired
with the group because none of the eligible managers returned. I invited two managers who had already
evaluated a group of 120 workers in the same quiz-score quintile group to return and evaluate another set.
However, only one returned. In the hiring experiment, in one group of 360, one of the initially-assigned
managers returned but none of the other eligible managers returned. In both experiments, I implemented the
decisions of the one manager who returned and paid them accordingly, but the workers are dropped from the
experimental sample. Results are fully robust to their inclusion in the promotion experiment (in the hiring
experiment, only the worker who was hired, not the ones who were not, were offered the corresponding
survey due to budget constraints and the fact that they could not be included in the main sample). These
results are available upon request.
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A.3 Training the algorithm

The demographic-blind algorithm is a regression-based random forest model that uses workers’ average
quiz-score quintile fixed effects and education fixed effects (no college, college degree, more than college) to
predict which workers will do the best if they are promoted. The algorithm used these variables to estimate
a model predicting good performance in the harder job. As described in Section 1.2.2.1, the harder job
involved proofreading 12 paragraphs from articles published in leading scientific journals.

The algorithm predicted the average number of mistakes correctly highlighted minus the number of non-
mistakes incorrectly highlighted, each standardized to have mean zero and standard deviation one. Since
workers could choose to stop proofreading at any time in the harder job, using the total performance across
all 12 paragraphs also includes a component of retention. For the purposes of the experiment, the accuracy
and predictiveness of the algorithm were irrelevant – what mattered was its inputs and that it predicted
performance, as this is what was communicated to workers.

The non-blind algorithm, used only in the hiring experiment, simply adds interactions of each of the
above predictors with race and gender fixed effects. Both algorithms are unbiased using calibration: con-
ditional on predicted performance, race and gender are not independently predictive of performance in the
training sample or the small number of promoted/hired workers for whom I observe both predicted per-
formance and performance. If anything, the non-blind algorithm promotes more racial minorities in the
experimental sample.

The algorithms were trained on a sample of 500 workers recruited from MTurk using Cloud Research’s
pre-approved participant pool. The sample for the entire study was originally was going to be recruited
from MTurk, since these types of tasks are more common there. However, in recruiting this training sample,
it became evident that it would be impossible, or at least prohibitively expensive, to recruit enough racial
minority participants from CloudResearch’s pre-approved pool of MTurk workers. Like the experimental
sample, women and racial minorities are also over-represented in the training sample: 33 percent are white
women, 18 percent are non-white women, 18 percent are non-white men, and 30 percent are white men.
There are no significant race or gender differences in performance in the training sample. These workers
completed (in one survey) both the baseline survey and paragraphs the proofreading job.

The random forest model was used to predict worker performance in the harder job after completing
only the baseline survey in the historical and two experimental samples. Like the managers, the algorithm
selected three workers in each group of 24 (in the historical sample) or 40 (in the promotion experiment
sample) to do the harder job. In the hiring experiment, again like the managers, the algorithm selected one
worker in each group of 40. In each group, the algorithm ranked workers by their predicted performance,
and assigned the top three or one worker(s) to the harder job. Ties were resolved randomly (e.g. if four
workers tied for the second-highest predicted performance, two were randomly assigned to the higher-status
job along with the worker with the highest predicted performance, etc.). Similarly to how the managers
actually evaluated all worker groups in order to generate counterfactual data to use in the analysis, the
algorithm’s “decisions” were determined for all workers, not just those in groups randomly assigned to have
the algorithms’ decisions implemented.
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A.4 Variable definitions

Unless otherwise specified, definitions apply in both the promotion experiment and hiring experiment.
The measures of perceived discrimination are described in full detail in the text and so are not included here.

A.4.1 Outcome variables

Retention. (Promotion experiment only). After the sixth paragraph, workers had the option to skip to
the end of the survey after proofreading each paragraph. The measures of retention are the number they
proofread, whether they do more than six (i.e. don’t quit right away), and whether they do all eighteen.
The question about skipping to the end of the survey was the following: “Would you like to continue to the
next paragraph? You’ve done the required six paragraphs to receive your participation payment. Remember,
you can earn $0.25 per paragraph that you do a good job proofreading. There are X more paragraphs to
proofread. There is no penalty for stopping now, but you can only be paid for paragraphs that you complete.”

• “I’d like to proofread another paragraph”

• “I do not want to proofread any more paragraphs. (By selecting this option, you will continue to the
end of the survey)”

Effort and performance. (Promotion experiment only). The effort measures come from data collected
passively while workers do the proofreading job. This includes the number of times they click on the page
per paragraph, the amount of time they spend on each paragraph, how many words they correctly highlight
that are mistakes, how many words they incorrectly highlight that are not mistakes, and the bonus they earn.

Future labor supply. All reservation wages are elicited using a multiple price list. Workers are told that in
each case, one of the wages/wage schedules in the rows below would be randomly selected and their answer
in that row would determine whether they would be evaluated in the future and offered the corresponding
wage/job depending on their evaluation, and that workers who said they were interested at a given wage
may be randomly selected to be offered the job if interest exceeds the number of workers we needed to hire.
Note that there are many long blocks of text below; workers were always shown text in shorter blocks and
with key words bolded for emphasis which has been removed here.

Promotion experiment

• Same procedure: “We will offer some workers a chance to be evaluated again and assigned to more
proofreading tasks like this in the future. In one future round, the mechanism used to assign people
to the easier, lower-paying task versus the harder, higher-paying task will be the same as today:”

In the demographic-blind manager arm: “a manager will review your average quiz score and edu-
cation and assign you to proofread science articles for kids or articles published in leading scientific
journals”
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In the non-blind manager arm: “a manager will review your applicant profile (avatar, average quiz
score, etc.) and assign you to proofread science articles for kids or articles published in leading
scientific journals”

In the algorithm arm: “an algorithm will use your average quiz score and education to determine
which task you would be assigned to”

[All arms] “You can earn twice as much per hard paragraph than easy paragraph. At what wages
would you be interested in being evaluated again under this task assignment mechanism?”

• Cutoff rule: “In another future round, we will use screening quiz scores to determine who is assigned
to the easier, lower-paying task vs the harder, higher-paying task: Among workers interested in the
job, the top scorers on the screening quizzes will be offered the harder job. You can earn twice as
much per hard paragraph than easy paragraph. At what wages would you be interested in being
evaluated again under this task assignment mechanism?”

Multiple price list in both cases:

I would not want this

job (at these wages)

I would want this job (at

these wages)

Earn $0.05 for each high-quality easy paragraph; $0.10 for

each high-quality hard paragraph
⇤ ⇤

Earn $0.10 for each high-quality easy paragraph; $0.20 for

each high-quality hard paragraph
⇤ ⇤

... ... ...

Earn $0.50 for each high-quality easy paragraph; $1.00 for

each high-quality hard paragraph
⇤ ⇤

The calculation of the outcome variables from the multiple price lists are described in detail in the
paper; the overall reservation wage is a function of the point at which they switch from not wanting
the job to wanting the job and the decomposed reservation wage imagines that each worker saw an
individualized multiple price list with their expected wages, given their beliefs about the probability
that they would be assigned to the harder, higher-paying task.

Hiring experiment:

• Same procedure: “We will offer some workers a chance to be evaluated again and potentially hired
for the proofreading task in the future. In one future round, workers will be evaluated and hired the
same way as today:”

In the demographic-blind manager arms, regardless of whether they see previous hires’ avatars, race
and gender: “a manager will review your and others’ average quiz scores and education again and
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decide who to hire for the proofreading task. The outcome may be different from today (you might be
hired this time) because they would be reviewing a different set of workers.”

In the non-blind manager arm: “a manager will review your and others’ applicant profiles (avatar,
average quiz score, etc.) and decide who to hire for the proofreading task. The outcome may be
different from today (you might be hired this time) because they would be reviewing a different set of
workers.”

At what wages would you be interested in being evaluated again under this task assignment mecha-
nism?”

• Cutoff rule: “In another future round, we will use screening quiz scores to determine who is hired
to do the proofreading task: Among workers interested in the job, the top scorers on the screening
quizzes will be offered the harder job. At what wages would you be interested in being evaluated
again under this task assignment mechanism?”

Multiple price list in both cases:

I would not want this

job (at these wages)

I would want this job (at

these wages)

Earn $0.10 for each high-quality paragraph ⇤ ⇤

Earn $0.20 for each high-quality paragraph ⇤ ⇤

... ... ...

Earn $1.00 for each high-quality paragraph ⇤ ⇤

The reservation wage is the midpoint between the two wages at which the worker switches from not
wanting the job to wanting the job.

Cooperation and sharing with managers. (Promotion experiment only, manager sample only). This
section of the survey started with, “The next three questions are going to ask you about whether you would
want to work together with your manager on a task in the future and how you would want to share a thank-
you bonus with your manager. So, we’ll give you a reminder about what you know about your manager.”
Workers then saw the same manager profile and three previously-promoted workers from the beginning of
the survey (Appendix Figure A.6).

• Cooperative task reservation wage. Workers were told the following: “In other future jobs, we will
also be asking workers to work together with their manager from today’s task or a similar manager to
produce high-quality summaries of the more complicated scientific texts. Instead of using managers
to assign workers to the harder summarizing task: (1) All workers will summarize complicated scien-
tific paragraphs (summarizing round) (2) Managers will review worker summaries, leave comments
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and choose a bonus payment for the worker (3) Workers will have another chance to revise their work
(editing round). The manager will have some discretion over how much workers are paid, but there
will be a base payment per paragraph. Below, we would like to know if you would be interested in
the job at each of the given base payments per paragraph, where this base payment applies to both
to first summarizing round and the second editing round. We will randomly choose one of the base
payments below, and among the workers who said they would be interested in the job at that wage,
we will randomly choose 20 workers to be offered the job.” The reservation wage is the midpoint
between the two wages at which the worker switches from not wanting the job to wanting the job.

I would not want this job

(with this base payment)

I would want this job

(with this base payment)

Earn $0.05 for each high-quality summary and edit ⇤ ⇤

Earn $0.10 for each high-quality summary and edit ⇤ ⇤

... ... ...

Earn $1.00 for each high-quality summary and edit ⇤ ⇤

• Willingness to pay to choose own manager. Next, workers are told the following: “Now, imagine
that we will pay $1.00 per high-quality completed summary and you are interested in doing this future
task at this wage. The default in this future task is that you will be assigned to the same or a similar
manager as in the survey today. This manager will review your summaries, leave comments, and
suggest your bonus payment. But, you can give up part of your wage in order to be able to choose
who you want to review your work from a list of 5 managers, including the one who assigned you
today. Below, we would like to know if you would want to keep your same manager or pay to choose
your manager, if it costs the amount of money in the leftmost column to choose your own manager.
We will be randomly choosing 20 additional workers who are interested in this job if we pay $1.00 per
high-quality summary in the first round and edit in the second round, and offer them this job. We will
randomly choose one of the prices below and implement their choices at that price. For example, if we
choose the price $0.10, and you said that you would want to choose your own manager at that price,
you would get to choose your own manager, and be paid $0.90 per high-quality summary. Otherwise,
you will work with the same manager as today and be paid $1.00 per high-quality summary. In either
case, your manager would determine your bonus payment.” The willingness to pay is the midpoint
between the two prices at which the worker switches from wanting to switch to not wanting to switch.
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I would keep the

manager from today (at

this price)

I would want to choose a

new manager (at this

price)

Pay $0.05 per summary/edit to choose a manager ⇤ ⇤

Pay $0.10 per summary/edit to choose a manager ⇤ ⇤

... ... ...

Pay $0.95 per summary/edit to choose a manager ⇤ ⇤

Pay $1.00 per summary/edit to choose a manager ⇤ ⇤

• Generosity. Finally workers play a standard dictator game with their manager. They are told, “Fi-
nally, as a thank-you for your participation in the study, 20 workers will be randomly selected to
receive an extra $20 bonus. If you are chosen, you have the option of allocating some of your thank-
you bonus to your manager, whose job was to assign you and other workers to different tasks. If you
are selected as to receive the extra $20 bonus, how much, if any, of your extra $20 bonus would you
share with your manager? If you are selected to receive the extra bonus, your choice here will be
implemented. (Your manager will not know who did or did not share thank-you bonuses with them.)”

Workers chose how much they would like to keep on a sliding scale, with labels “You keep nothing,
Manager gets $20” at 0, “You keep $10, Manager gets $10” at 10, and “You keep $20, Manager gets
nothing” at 20. The outcome is the chosen amount they share.

Beliefs about promotion. After the reservation wage elicitations for the case where they would be evaluated
by the same procedure as in the experiment, they were asked, “if you are selected to participate in this round,
what do you think is the probability that [your manager/the algorithm] ... will assign you to the higher-
paying, harder task? (in the promotion experiment) ...would choose you to do the proofreading task? (in the
hiring experiment).

After the reservation wage elicitation for the case where they would be evaluated using the cutoff rule in
baseline quiz scores, the question was instead “If you are selected to participate in this round, what do you
think is the probability that you would be among the highest scorers on the quizzes and therefore ... assigned
to the higher-paying, harder task? (in the promotion experiment) ... hired to do the proofreading task (in the
hiring experiment).

In both cases, workers answered by dragging a sliding scale from 0 to 100, labeled as “I will definitely
be assigned to the lower-paying, easier task” at 0, “It’s the same as a coin flip” at 50, and “I will definitely
be assigned to the higher-paying, harder task” at 100. The outcome is workers’ reported probability.

Comprehension of evaluation procedures. At the end of the hiring experiment, workers learned that 100
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workers would be randomly selected to earn a small bonus for each of two comprehension questions they
answered correctly.

• Decision-maker inputs. In both the manager and algorithm samples, workers were asked to select all
that apply to the question “What information did [your manager/the algorithm] have about workers
when deciding who to hire for the proofreading job? The list below was in a random order.

Age; Gender; Race/Ethnicity; An avatar; All three numeric quiz scores from the baseline survey
(science, spelling, and grammar); The average quiz score (for example, 85%); 1-5 stars representing
average quiz scores; Work history; Time on Prolific; Education

Workers were correct if they selected only the italicized and italicized+underlined options above in
the non-blind decision-maker arms, and if they selected only the italicized (without an underline)
options in the demographic-blind decision-maker arms.

• Manager incentives (payment structure). In the manager sample, workers were asked to select all
that apply to the question, “What as the basis of your manager’s bonus payment?” The list below was
in a random order.

The performance in the proofreading task of the workers they hired; How many workers they hired;
Whether they choose workers with the highest screening quiz scores; Whether they chose diverse
workers; How many workers they hired showed up to do the proofreading task

Workers were correct if they only selected the italicized options in any manager treatment arm

• Algorithm design. In the algorithm sample, workers were also to select all that apply to the question,
“What do you know about how the algorithm was designed?”

It was predicting worker performance at the proofreading task; It was predicting whether a manager
would have hired a worker; Call the thing the algorithm was predicting Y. The algorithm hired who-
ever had the highest predicted Y; Call the thing the algorithm was predicting Y. The algorithm would
provide the same predicted Y for any worker with the same education and quiz score; Call the thing
the algorithm was predicting Y. The algorithm could favor certain people and hire them even if they
didn’t have the highest predicted Y.

Workers were correct if the selected only the italicized and italicized+underlined options above in the
demographic-blind decision-maker arms, and if they selected only the italicized (without an under-
line) options in the non-blind decision-maker arms.

Psychological mechanisms. Note: before these questions were asked, workers were assured that their
answers to them were confidential and would not affect their evaluation or chances of future work.

• Affect. Workers are asked to indicate to what extent they feel each of the following emotions right
now, on a scale from 1 (not at all) to 6 (very much): happy, at ease, anxious, annoyed, motivated,
calm, tired, bored, gloomy, active. This is the standalone short- form 10-item Daniels five-factor
measure of affective well-being (D-FAW; Russell and Daniels, 2018). Mixed in with the standard
items, they are also asked how discouraged and upset they are in order to validate responses to how

204



motivated and at ease they are, key emotions of interest. I standardize their rating of each emotion to
have mean zero and standard deviation one in the demographic-blind manager group and the overall
index of psychological well-being is the mean of the twelve standardized variables, with the sign of
negative emotions (anxious, annoyed, tired, bored, gloomy, discouraged, upset) flipped.

• Self-efficacy. Work self-efficacy is one’s confidence in their ability to do the tasks required of them in
a particular job. To assess participants’ work self-efficacy about the tasks at hand, workers are asked
how much they agree or disagree with the following statements on a Likert scale from 1 (Strongly
disagree) to 5 (Strongly agree):

(1) I am capable of doing the harder proofreading job well; (2) I would have liked a chance to do the
harder proofreading task; (3) I am confident in my ability to work under pressure; (4) I am capable of
doing the easier proofreading job well; (5) I did a good job on the proofreading task today; (6) I was
able to improve as I proofread more paragraphs

And to understand their self-efficacy related to the the underlying skills they posses, they are asked
to indicate their skill level in the following areas on a Likert scale from 1 (Not at all skilled) to 5
(Completely skilled):

(1) Written communication; (2) Oral communication; (3) Problem solving; (4) Numeracy; (5) Moti-
vation; (6) Learning new material

For both measures, I standardize workers’ responses to each component to have mean zero and stan-
dard deviation one in the control group and take the average to form an index of task-specific and
skills-based self-efficacy. In the promotion experiment, I average both together as a total index in
Appendix Table A.11, but the (lack of) effects on the two indices separately are similar. In the hiring
experiment, I only observe the index of underlying skills.

• Self-reported interest in future work. Workers were asked to indicate how much they agreed or
disagreed with the following on a Likert scale from 1 (Strongly disagree) to 5 (Strongly agree):

(1) I want to complete more surveys for this employer; (2) I want to complete more surveys with
tasks that are assigned in this way; (3) I want to complete more proofreading tasks of this level of
difficulty; (4) I want to complete more difficult proofreading tasks.

The outcomes in columns 1-4 of Appendix Table A.8 are indicators for whether workers strongly
agreed with each of the above statements. The outcome in column 5 comes from a question in
which they were briefly reminded of their evaluation and non-promotion and asked, “Would you have
preferred to be assigned to the harder, higher-paying task?” The outcome of interest is an indicator
for answering “Definitely” or “I think so,” rather than “I don’t think so,” “Definitely not,” or “I don’t
care.” These questions were only asked in the promotion experiment.

• Job satisfaction. Workers were asked to indicate how satisfied they were with the following on a
Likert scale from 1 (Very dissatisfied) to 4 (Very satisfied):

(1) How satisfied are you on the whole with the work that you were offered in this survey?; (2) How
satisfied are you on the whole with the work that is available on Prolific?; (3) How satisfied are you
on the whole with the work that you do outside of Prolific (if applicable)?
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The measure of job satisfaction is an indicator for whether they said that they were very satisfied
with the work they were offered in this survey. These questions were only asked in the promotion
experiment.

A.4.2 Control variables

All control variables are the same in the promotion and hiring experiments.

Demographic controls.

• Education: What is the highest level of education you have attained? I control for seven mutually-
exclusive groups {Less than high school, high school graduate, some college but no degree, 2 year
college degree, 4 year college degree, Professional or Masters degree, Doctorate}

• Income: What is your annual household income (pre-tax)? I control for nine mutually-exclusive
groups {Less than $20,000, $20,000-40,000, $40,000-60,000, $60,000-80,000, $80,000-$100,000,
$100,000-120,000, $120,000-140,000, $140,000-160,000, More than $160,000}

• Married: Are you married or in a long-term partnership? I control for an indicator for answering
“Yes” rather than “No”

• Kids: Do you have children? I control for an indicator for answering “Yes” rather than “No”

• Age: How old are you? I control for six mutually-exclusive groups {18-24, 25-34, 35-44, 45-54,
55-64, over 65}

• Race: With what racial group do you most strongly identify? and Do you identify as Hispanic or
Latino? I code workers as one of Asian, Black, white and Hispanic, or white and non-Hispanic and
control for these four mutually-exclusive categories. Workers who identified as multiracial, other
race, or Native American were grouped with Asian, Black, or Hispanic workers based on the race
recorded in Prolific’s administrative data, which matched one of those groups. Black, Hispanic work-
ers were grouped with Black, Non-Hispanic workers.

• Gender: What is your gender? I control for an indicator for answering “Man” rather than “Woman,”
“Non-binary,” or “Other”

Baseline quiz scores. I control for the number of questions workers got correct on each of the following
three quizzes:

• Spelling quiz: Workers had 12 seconds to play an audio recording of the word and type it into a text
box. They earned a bonus of $0.025 for each word they spelled correctly. The words were: hypoth-
esis, paleontology, equilibrium, herbivore, aerobic, enzyme, homeostasis, chlorophyll, sedimentary,
and vertebrae. They were reminded to have their audio on and volume up before beginning, and had
two practice words to make sure the audio was working.

• Grammar quiz: Workers had 4 minutes to answer as many of 15 questions as they could. They earned
a bonus of $0.04 for each question they answered correctly.
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– Which of these is not a word or phrase? [a lot, alot, allot]

– You’ve probably heard the phrase “i before e except after c” ...but which of these words defies
this rule? [species, science, policies, all of them]

– A plural subject needs [a singular verb, a plural verb]

– When two singular subjects are connected by ’or,’ use [a singular verb, a plural verb]

– Which phrase is incorrect? [should’ve, should have, should of ]

– If an opinion-adjective and a fact-adjective are used before a noun, which comes first? [a fact-
adjective, an opinion-adjective, it doesn’t matter]

– Fill in the blank: “Bad weather can _____ people’s ability to work” [affect, effect]

– Every sentence must have a subject and [an object, a verb, an adjective, an adverb, a phrase]

– If someone says “I’m sorry” you can ____ their apology [except, accept]

– The order of a basic positive sentence is [subject-verb-object, verb-object-subject, object-verb-
subject, subject-object-verb]

– Which is correct? [they’re looking good, their looking good, there looking good]

– Fill in the blank. “____ so hot outside!” [it’s, its]

– Which is correct? [the boy’s dog bark loudly, the boy’s dog loudly barks, the boy’s dog barks
loudly, they boys dog barks loudly]

– Select all of the sentences that are written in the active voice [grass is eaten by cows, the books
were written by that author I like, she drove over the bridge, horses eat hay, they clued us in]

– Select all that apply: The contraction “she’s” can mean... [she is, she has, she was]

• Science quiz: Workers had 4 minutes to answer as many of 11 questions as they could. They earned
a bonus of $0.05 for each question they answered correctly.
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Previously-selected worker education and baseline performance. In all treatment groups, workers saw
the education and baseline performance (as 1-5 stars representing quintiles of average quiz scores) of three
workers who were previously promoted or hired by their manager or the algorithm that evaluated them.
Recall that workers were in “quiz-score groups” that only included workers within one quiz-score quintile
of each other, and I include controls for the quiz-score group in all regressions. I also include controls that
measure how a worker compares to the previously-promoted workers, conditional on their quiz-score group:

• Performance: I control for four mutually-exclusive indicators: Whether they see three previously-
selected workers with the maximum number of stars, two previously-selected workers with the max-
imum number of stars (and thus one with the minimum), one worker with the maximum number
of stars (and thus two with the minimum), or three previously-selected workers with the minimum
number of stars.

• Education: I control for whether they see three previously-selected workers with more education than
themselves, two with more education than themselves, one with more education than themselves,
three with the same education as themselves, one with less education than themselves, two with less
education as themselves, or three with less education than themselves

A.4.3 Variables used in heterogeneity

Past experiences of discrimination. Workers answered a module on their prior work history at the
end of the baseline survey. They are told that the remaining questions are about if they’ve ever felt treated
unfairly at work because of their age, race, gender, etc., and asked:

• Do you think you have ever been discriminated against while applying for a job? That is, do you
think you were or weren’t hired unfairly because of some characteristic like your race, age, gender,
disability status, religion, etc. rather than because of your qualifications?

• Do you think you have ever been discriminated against by your employer in a promotion decision?
That is, do you think you were or weren’t promoted unfairly because of some characteristic like your
race, age, gender, disability status, religion, etc. rather than because of your qualifications?

• Do you think you have ever been discriminated against by your employer in a termination decision?
That is, do you think you were or weren’t fired unfairly because of some characteristic like your race,
age, gender, disability status, religion, etc. rather than because of your qualifications?

• During day-to-day activities at work or while working, do you feel that you have been treated differ-
ently than others based only on your gender, race, age, or some other demographic characteristic?

After each question, they could answer “Yes,” “No,” or “It’s impossible to know.” If they answered yes, they
were asked if they thought they were discriminated against based on gender, race, age or something else, and
to select all that apply, including an option to write in “other.” Finally, they were asked if they experienced
positive or negative discrimination: e.g. “I was fired because of some demographic characteristic and I
shouldn’t have been,” or “I was not fired because of some demographic characteristic and I should have
been fired.”
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In the heterogeneity analysis, I code someone as having experienced discrimination in the past if they say
yes to any of the four questions and say that the discrimination was on the basis of race and gender and say
that it was negative discrimination (almost none of the workers report experiencing positive discrimination,
likely because they did not think of that as discrimination in the first place and so were not asked whether it
was positive or negative).

Confidence. After each of the quizzes, workers were asked how many questions they thought they
got right from a multiple choice list from 0-10, 11, or 15 in the case of spelling, science, and grammar,
respectively. They earned a $0.20 bonus if they were correct about how many questions they got right for
each quiz. The difference from their actual score is a measure of domain-specific confidence. As a general
measure, I standardize the difference between their belief and their score to have mean zero and standard
deviation one in the demographic-blind manager group, average the standardized variables across the three
quizzes, and use an indicator for having this statistic be above-median to test whether confidence matters in
heterogeneity analysis.

Beliefs about the prevalence of discrimination. Directly after the questions about past experiences of
discrimination, I ask workers, “What fraction of each of the following demographic groups they think would
answer “yes” to any of the previous questions? That is, what percent of each demographic group do you
think reports that they have been discriminated against while searching for a job, in promotion or termination
decisions, or in day-to-day work?” I tell them that the sample is other workers recruited on Prolific. They
answer on a slider for the eight {Asian, Black, Hispanic, White} ⇥ {men, women} groups from 0 to 100,
labeled at 0 and 100 “No one in this group reports experiencing discrimination” and “Everyone in this group
reports experiencing discrimination,” respectively.

Their answer is incentivized; I randomly select one group and workers are paid a $0.50 bonus if their
answer is within 5pp of the truth. The measure used in heterogeneity analysis is an indicator for whether
their beliefs about the prevalence of discrimination for their own group is above- or below-median. The
figure below shows the average belief compared to the truth separately for workers in each group.
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Note: This figure plots the fraction of workers in each race ⇥ gender group who report ever experiencing discrimination
at work in the past and the average belief about workers in that group about the same statistic. Standard errors are shown
in black bars.

Racial- and gender-identity centrality. Workers completed two standard scales that measure racial- and
gender-identity centrality, or the degree to which race and gender are, respectively, important to one’s sense
of self. In both cases, workers were asked to rate statements on a Likert scale from 1 (Strongly disagree)
to 7 (Strongly agree). Indices are formed by standardizing each response to have mean zero and standard
deviation one and taking the average, flipping the items marked with a (-) to have the opposite sign.

• Racial identity centrality:

– Overall, my racial group identity has very little to do with how I feel about myself (-)

– In general, identifying with my racial group is an important part of my self-image (+)

– My destiny is tied to the destiny of other people in my racial group (+)

– The racial group I identify with is unimportant to my sense of what kind of person I am (-)

– I have a strong sense of belonging to my racial group (+)

– I have a strong attachment to other people in my racial group (+)

– The racial group I identify with is an important reflection of who I am (+)

– Belonging to the racial group I identify with is not a major factor in my social relationships (-)

• Gender identity centrality:

– I often think about the fact that I am a [man/woman] (+)
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– Overall, being a [man/woman] has very little to do with how I feel about myself (-)

– The fact that I am a [man/woman] rarely enters my mind (-)

– I am not usually conscious of the fact that I am a [man/woman] (-)

– In general, being a [man/woman] is an important part of my self-image (+)

– Being a [man/woman] is an important reflection of who I am (+)

– In my everyday life, I often think about what it means to be a [man/woman] (+)
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A.5 Coding the text data

As the first step for coding all three variables that came from open-ended responses, I read every re-
sponse and coded them myself. These measures are not used in the paper, but correlate extremely highly
with the final measures. To ensure that the process was entirely blind to the study purpose and treatment
assignment, external coders generated equivalent measures and these are what are used in the paper. In the
promotion experiment, the measures used in the paper were coded by two MIT undergraduate economics
majors and their disagreements were resolved by a professional hired on Upwork (all three blind to study
purpose and treatment assignment). The process with these coders was as follows:

1. Given my initial reading, I generated coding schemes (described in each subsection below) for each
variable and provided them in an Excel spreadsheet with all of the open-ended responses, stripped of
all identifiers and other variables.

2. The two undergraduate coders each received the same spreadsheet and separately coded each variable
according to the coding scheme using a drop-down menu in Excel. Each variable was a different sheet
in the spreadsheet. When they had questions, the questions and my response were shared with both
of them, but they did not otherwise communicate about the exercise. They could attach up to three
codes to each response answer.

3. Any observations with a discrepancy between the two coders (details on frequency follow) were
reviewed by a PhD psychologist who professionally codes qualitative data hired on Upwork. Dis-
crepancies included having the same codes but in a different order or having a different set of codes
from each other. She could either indicate agreeing with one of the two original coders or she could
re-code the response (which generally meant combining/re-ordering the original coders’ tags).

In the hiring experiment, due to budget and time constraints, I only hired the professional coder on Upwork
to code the data. Now, she was carrying out the same process as the undergraduate coders did for the data
from the promotion experiment. Again, her measures correlate extremely highly with those that I coded
myself. The codebooks for each variable were the same in both experiments and are described next.

In the promotion experiment, the external coders generated the indicators used in the paper for the main
measure of perceived discrimination, whether workers complained about bias, and whether they knew the
study purpose. In the hiring experiment, due to budget and time constraints, the external coder generated
the indicators used in the paper for the main measure of perceived discrimination and whether workers
complained about bias, but I generated the indicators for whether workers knew the study purpose myself.

A.5.1 The main measure of perceived discrimination

Reasons workers gave for their perception of what needed to be different about their profile to be as-
signed to the harder job could be classified into one of the following five categories, with the descriptions
below provided to each coder. They ranked up to three given reasons.

1. More school: Needing more school or a higher degree

2. Higher quiz score: Needing a higher score, higher quiz score, or “more stars”
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3. Demographics: They would have been promoted if they had (a) different demographic(s) character-
istic(s) or reference bias or discrimination

4. Random: It was random, or they don’t know because they have the same qualifications as the others

5. Other

The undergraduate coders disagreed for 317 of 2,397 observations and these were resolved by the coder
on Upwork. Of these, she agreed with coder 1 for 33 percent of observations, coder 2 for 58 percent of
observations, and provided new codes for 8 percent of observations.

The main measure of perceived discrimination is an indicator for whether the final code was that the
worker mentioned demographics as a reason they weren’t promoted, regardless of its rank in their reasons.
Of the workers who mentioned demographics at all, 58 percent mentioned it as their primary reason.

The control group means and treatment effects of evaluation by a non-blind manager on whether the
primary reason was demographics, more school, higher quiz scores, or random are in Appendix Tables A.5
and A.15 (Panel A) and Appendix Tables A.10 and A.16 (Panels A, B, and C), respectively.

A.5.2 Secondary measure of perceived discrimination (complaints about bias)

Workers were asked near the end of the survey if they had any complaints about how they were assigned
to jobs. If they said yes (N=368, 15 percent of workers), they were asked to describe their complaint.
Workers’ complaints could be classified into one of the following five categories, with the descriptions
below provided to each coder. They ranked up to three reasons the worker had a complaint.

1. Discrimination: On the basis of any demographics

2. Unfair: Any unfairness other than discrimination on the base of demographics

3. College degree: College degree is irrelevant and shouldn’t have been used to make promotion deci-
sions, or a worker “was discriminated against because they didn’t have a degree.”

4. Confusion: They seem confused about the job or job-assignment mechanism, or don’t remember
taking the screening quiz

5. Other

The undergraduate coders disagreed for 128 of 368 observations and these were resolved by the coder
on Upwork. Of these, she agreed with coder 1 for 35 percent of observations, coder 2 for 61 percent of
observations, and provided new codes for 4 percent of observations. The complaints-based measure of
perceived discrimination is an indicator for whether the final code was that the worker complained about
discrimination, regardless of its rank. Of those who complained about discrimination, it was the primary
complaint for 93 percent (only 33 workers gave more than one reason for their complaint). Of those who
had a complaint, 30 percent referenced discrimination in their description (23 percent referenced other types
of unfairness, 18 percent referenced college degrees, and 10 percent were confused; 29 percent had some
other complaint).
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A.5.3 Study topic

Workers were asked about their beliefs about the study topic at two times in the survey. In the proof-
reading experiment, half of the sample was randomly chosen to be asked for the first time between the
proofreading section and the reservation wage and willingness to pay elicitations, the other half was asked
after the reservation wage elicitations, and all workers were asked a second time at the very end of the
survey. In the hiring experiment, all were asked after the reservation wage elicitations and at the very end
of the survey. Their beliefs about the study topic could be broadly categorized into six categories, with the
following descriptions given to each coder. The coders ranked up to three codes per response (no response
referenced more than three topics).

1. Proofreading: The study is about proofreading, including gender, race, or education differences in
proofreading ability

2. Motivation/persistence: The study is about persevering through a long and difficult or tedious job

3. Perceptions of job assignment: The study is about perceptions of job assignment but don’t mention
discrimination or bias specifically. Can include fairness.

4. Discrimination/bias: The study is about (perceptions of) discrimination or bias in job assignment

5. I don’t know

6. Other
Study topic 1: The undergraduate coders disagreed for 933 of 2,397 observations and these were re-

solved by the coder on Upwork. Of these, she agreed with coder 1 for 38 percent of observations, coder
2 for 52 percent of observations, and provided new codes for 10 percent of observations. Study topic 2:
The undergraduate coders disagreed for 885 of 2,397 observations and these were resolved by the coder
on Upwork. Of these, she agreed with coder 1 for 55 percent of observations, coder 2 for 33 percent of
observations, and provided new codes for 12 percent of observations.

Appendix Table A.30 shows treatment effects on whether workers mentioned discrimination/bias. Of
those who mentioned discrimination/bias when asked what they thought the study topic was the first time
(N=102), 67 percent mentioned discrimination primarily. Of those who mentioned discrimination/bias at
the end of the survey (N=1013), 79 percent mentioned discrimination primarily.

In the promotion experiment, the primary study topic participants hypothesized the first time and second
time they were asked followed this distribution:

1st time asked 2nd time asked
Proofreading 28 percent 11 percent
Motivation 16 percent 5 percent

Perceptions of assignment 12 percent 13 percent
Discrimination/bias 3 percent 33 percent

I don’t know 31 percent 30 percent
Other 10 percent 8 percent

The share of workers who thought the study was about discrimination in the hiring experiment is plotted
in Appendix Figure A.48.
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A.6 Instrumental variables (IV) specification results

As described in Section 1.3.1, an IV strategy estimating the effects of perceived discrimination has in-
terpretation challenges due to the amorphous nature of perceived discrimination. The general exclusion
restriction—that treatment only affects outcomes via “perceived discrimination”—is valid, because the ex-
perimental design carefully eliminates any other channels. That said, IV estimates effectively scale the ITT
estimates by the “first stage,” in this case, the effect of treatment assignment on perceived discrimination.

I measure many (highly correlated) measures of perceived discrimination, but they vary substantially
in the size of the first stage. Thus, IV estimates vary greatly depending on which measure of perceived
discrimination is used. For example, the first stage for the main measure of perceived discrimination is
31pp, but the first stage for the measure based on whether workers make a complaint about bias is only
10pp. One can think of the frequency of a variable as the inverse of its seriousness or severity, so it is
expected that these two measures are different in this way.

Interpreting an IV estimate in this case requires taking a stand on the “type” of perceived discrimination
through which the treatment has effects, and assuming away treatment heterogeneity depending on the
severity of the perceived discrimination. For example, if only those who make a complaint about bias are
affected, the implied effect of perceived discrimination is 3.3 times as large as the case where anyone who
thinks demographics played a role in their evaluation is affected.

Thus, the paper presents the ITT estimates. These are a lower bound on the average effects of perceived
discrimination in the case that everyone perceives some discrimination. Here, I present the results from an
IV specification that instruments the main measure of perceived discrimination with treatment assignment.
The main measure of perceived discrimination has the largest first stage of all of the measures of perceived
discrimination, making these the most conservative IV estimates using any observed measure.
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Table A.17: The effect of perceived discrimination (IV estimates) on retention

Num paragraphs More than 6 Did all 18
(1) (2) (3)

Panel A: Manager sample, promotion experiment
Perceived manager bias -1.596⇤⇤ -0.050 -0.156⇤

(0.806) (0.056) (0.081)
N 1387 1387 1387
Control mean 15.916 0.915 0.776

Panel B: Algorithm sample, promotion experiment
Perceived algorithmic bias 0.820 0.169 0.029

(2.266) (0.170) (0.226)
N 691 691 691
Control mean 15.456 0.881 0.730

Note: This table shows instrumental variables estimates of the effect of the main measure of perceived discrimination on retention,
instrumented with random assignment to treatment. This effectively transforms the ITT effects in Table 1.2 by dividing them by the
first-stage ITT effects on the main measure of perceived discrimination (in column 1 of Figure 1.1). Outcomes and control variables
are otherwise the same as Table 1.2. Standard errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05,
and 0.01 levels indicated by *, **, and ***, respectively.
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Table A.18: The effect of perceived discrimination (IV estimates) on effort and performance

Minutes Clicks Correct Incorrect Bonus
(1) (2) (3) (4) (5)

Panel A: Manager sample, promotion experiment
Perceived manager bias -0.085 1.975 1.003 0.698 0.023

(0.175) (5.652) (0.719) (0.687) (0.068)
N 1389 1389 1389 1389 1389
Control mean 4.957 36.804 14.817 3.422 0.919

Panel B: Algorithm sample, promotion experiment
Perceived algorithmic bias 0.356 -10.615 -4.137⇤ 1.321 -0.348⇤

(0.481) (15.439) (2.238) (1.612) (0.206)
N 691 691 691 691 691
Control mean 4.817 37.941 15.016 3.679 0.935

Note: This table shows instrumental variables estimates of the effect of the main measure of perceived discrimination on effort and
performance in the first six required paragraphs, instrumented with random assignment to treatment (analogous to Appendix Table
A.17 for the outcomes in Table 1.3). Standard errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05,
and 0.01 levels indicated by *, **, and ***, respectively.
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Table A.19: The effect of perceived discrimination (IV estimates) on future labor supply

Res. wage (same) WTP cutoff
(1) (2)

Panel A: Manager sample, promotion experiment
Perceived manager bias 0.072⇤⇤ 0.032⇤⇤

(0.032) (0.014)
N 1338 1325
Control mean 0.265 -0.014

Panel B: Algorithm sample, promotion experiment
Perceived algorithmic bias 0.066 0.007

(0.086) (0.033)
N 672 660
Control mean 0.282 -0.008

Note: This table shows instrumental variables estimates of the effect of the main measure of perceived discrimination on reservation
wages, instrumented with random assignment to treatment (analogous to Appendix Table A.17 for the outcomes in Table 1.4).
Standard errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **,
and ***, respectively.
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Table A.20: The effect of perceived discrimination (IV estimates) on beliefs about promotion

Pr(Promoted|Same) Pr(Promoted|Cutoff) Diff Pr(Promoted)
(1) (2) (3)

Panel A: Manager sample, promotion experiment
Perceived manager bias -8.668⇤⇤ -3.711 -4.957⇤⇤

(3.675) (3.831) (2.298)
N 1385 1385 1385
Control mean 47.219 48.491 -1.272

Panel B: Algorithm sample, promotion experiment
Perceived algorithmic bias -2.722 -8.743 6.021

(9.552) (10.455) (5.582)
N 689 689 689
Control mean 45.908 48.201 -2.293

Note: This table shows instrumental variables estimates of the effect of the main measure of perceived discrimination on beliefs
about promotion, instrumented with random assignment to treatment (analogous to Appendix Table A.17 for the outcomes in Table
1.6). Standard errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *,
**, and ***, respectively.

Table A.21: The effect of perceived discrimination (IV estimates) on sharing with and avoidance
of manager

Cooperative WTP new Shared Amt bonus
task RW manager zero shared

(1) (2) (3) (4)
Perceived manager bias 0.025 0.124⇤⇤ 0.158⇤ -0.815

(0.046) (0.060) (0.091) (0.733)
N 1349 1030 1383 1383

Control mean 0.341 0.223 0.522 2.857

Note: This table shows instrumental variables estimates of the effect of the main measure of perceived discrimination on sharing
and willingness to work with managers, instrumented with random assignment to treatment (analogous to Appendix Table A.17 for
the outcomes in Table 1.5). Standard errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01
levels indicated by *, **, and ***, respectively.
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A.7 Other heterogeneity

In the main analysis, I focus on heterogeneity by race and gender as it yields the most consistent patterns
of the pre-registered heterogeneity analysis. Here, I test for heterogeneity along other dimensions.

All pre-registered dimensions of heterogeneity. Appendix Tables A.22, A.23, and A.24 show re-
sults for these outcomes from a single multivariate regression that simultaneously tests gender and all other
pre-registered dimensions of heterogeneity (an indicator for whether an individual reported experiencing
discrimination at work in the past, has above-median beliefs about the prevalence of discrimination against
their group, or has above-median confidence in related domains). The effects on retention are most nega-
tive for workers with below-median confidence. The pattern of gender heterogeneity for the retention and
effort/performance outcomes persists strongly. The effect on willingness to pay to be able to choose one’s
own manager is largest for workers who reported experiencing discrimination at work in the past. There are
no other significant dimensions of heterogeneity.

Heterogeneity by outside options. This dimension of heterogeneity was not pre-registered, but I also
test for treatment heterogeneity by whether workers are currently employed outside of Prolific, a proxy for
their outside options. Perhaps surprisingly, there is no differential effect on retention, but the negative effect
on performance is driven by workers who are currently employed outside Prolific (Appendix Tables A.25
and A.26), so perhaps workers with higher outside options are more likely to mentally disengage when they
perceive discrimination. There is no differential effect on any measures of future labor supply by whether
workers are currently employed outside Prolific or not, though the effects are driven by the workers who are
currently employed outside Prolific (Appendix Table A.27).
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Table A.22: Effects on retention, all measures of heterogeneity

Num paragraphs More than 6 Did all 18
(1) (2) (3)

Non-blind mgr -0.916⇤ -0.034 -0.107⇤⇤
(0.480) (0.034) (0.048)

Non-blind mgr*Minority Men 1.429⇤⇤ 0.100⇤⇤ 0.112⇤
(0.614) (0.046) (0.060)

Non-blind mgr*Exp Past Discr -0.545 0.004 -0.066
(0.488) (0.034) (0.049)

Non-blind mgr*High Discr Beliefs 0.258 -0.011 0.038
(0.483) (0.033) (0.049)

Non-blind mgr*High Confidence 0.610 0.003 0.108⇤⇤
(0.481) (0.033) (0.048)

N 1293 1293 1293
Control Mean 15.916 0.915 0.776

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, allowing the effect to vary by all pre-registered dimensions of experiment-specific heterogeneity.
The outcomes and sample are the same as in Table 1.2, but white men are additionally dropped from the sample. The specification
is also the same, but the treatment indicator is also interacted with being a racial minority man (omitted group: women), reporting
experiencing discrimination in the past (omitted group: not), having above-median beliefs about the prevalence of past experienced
discrimination in this sample (omitted group: below-median), and having above-median confidence in the spelling, science, and
grammar quizzes in the baseline survey (omitted group: below-median). Standard errors, in parentheses, are robust to heteroskedas-
ticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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Table A.23: Effects on effort and performance, all measures of heterogeneity

Minutes Clicks Correct Incorrect Bonus
(1) (2) (3) (4) (5)

Non-blind mgr -0.056 2.656 0.070 0.583⇤ -0.015
(0.104) (3.119) (0.441) (0.335) (0.040)

Non-blind mgr*Minority Men 0.155 -6.437⇤ 1.136⇤⇤ -0.284 0.079
(0.131) (3.295) (0.539) (0.534) (0.051)

Non-blind mgr*Exp Past Discr 0.111 1.589 0.436 0.189 0.012
(0.109) (3.606) (0.448) (0.394) (0.043)

Non-blind mgr*High Discr Beliefs -0.087 -1.102 -0.396 -0.450 0.014
(0.109) (3.447) (0.455) (0.418) (0.043)

Non-blind mgr*High Confidence -0.006 -1.691 0.167 -0.377 -0.002
(0.106) (3.479) (0.442) (0.384) (0.042)

N 1295 1295 1295 1295 1295
Control Mean 4.957 36.804 14.817 3.422 0.919

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, allowing the effect to vary by all pre-registered dimensions of experiment-specific
heterogeneity. The specification is the same as in Appendix Table A.22 and the outcomes are the same as in Table 1.3. Standard
errors, in parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***,
respectively.
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Table A.26: Effects on effort and performance, heterogeneity by employment outside Prolific

Minutes Clicks Correct Incorrect Bonus
(1) (2) (3) (4) (5)

Non-blind mgr*Employed -0.001 0.809 0.523⇤ 0.149 0.014
(0.067) (2.221) (0.277) (0.262) (0.026)

Non-blind mgr*Not employed -0.076 0.312 -0.063 0.370 -0.005
(0.087) (3.074) (0.372) (0.319) (0.035)

p-values:
Employed = not 0.475 0.896 0.196 0.564 0.661

N 1389 1389 1389 1389 1389

Control Mean, employed 4.909 37.302 14.807 3.635 0.925
Control Mean, not employed 5.050 35.844 14.835 3.013 0.909

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 workers who are currently employed outside prolific and those who are
not. The specification is the same as Appendix Table A.25 and the outcomes are the same as in Table 1.3. Standard errors, in
parentheses, are robust to heteroskedasticity. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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A.8 Effects on future labor supply in the hiring experiment

Unlike in the promotion experiment, both perceived manager and algorithmic discrimination increase
beliefs about the likelihood of future discrimination (thus reducing beliefs about the likelihood of future
job offers) when a worker will be evaluated by the same procedure in the future. There are two possible
explanations for this difference between experiments. The difference may be due to differences in the
timing of the reservation wages and belief elicitations relative to when workers learned about how they were
evaluated, or due to the size of the “first stage,” both of which differ between the two experiments and make
it more likely for there to be a larger effect on anticipated future discrimination in the hiring experiment. In
Panel A of Table A.28, I pool the two manager arms with positive perceived discrimination and compare
to the demographic-blind manager arm where workers do not see previous hires’ avatars, race, and gender;
in Panel B, I do the same in the algorithm arms. I pool the arms to improve power (as pre-registered), but
results are similar in each arm separately (Appendix Figure A.26). Column 1 shows the effect of treatment
on perceived discrimination in the pooled treatments (36pp and 53pp when evaluated by a manager or
algorithm, respectively, se=2pp for both). Being in the manager arms with perceived discrimination lowers
beliefs about the probability of being hired by 2.5pp (5 percent, se=1.2pp) in the manager arms or 7.8pp
(15 percent, se=1.1pp) in the algorithm arms (Table A.28, column 2). 90 percent and 51 percent of these
effects, respectively, remain after subtracting workers’ beliefs about the likelihood of promotion under the
cutoff rule, and is therefore due to increased anticipated discrimination (column 3).

I also measure reservation wages for future work in the hiring experiment. Effects on these reservation
wages are purely indicative of psychological costs from anticipated discrimination: workers’ choices depend
only on one wage, not an expected wage, so movement of their switching point along the multiple price list
cannot be caused by changes in beliefs about the likelihood of being hired.

Workers do have higher reservation wages when they perceive (and anticipate) discrimination, even
though they will not interact with any manager or employer in the future if they are not hired. That is, they
only want to be offered the job at higher wages, implying a direct utility cost from anticipated discrimi-
nation or future interactions, just like in the promotion experiment. Unlike in the promotion experiment,
this seems to be largely due to avoidance of the employer who hires biased managers or uses biased algo-
rithms, because reservation wages increase similarly when workers will be evaluated by the same procedure
as in the experiment (Table A.28, column 4) as when they will be evaluated by a cutoff rule in baseline
performance (column 5). As with the promotion experiment, these results imply that workers will sort in or
out of jobs based on anticipated discrimination and require higher wages in situations where they may face
discrimination. Consistently, I find suggestive evidence that the treatments worsen workers’ psychological
well-being.
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A.9 Robustness analyses

A.9.1 Alternative inference methods

Randomization inference. Randomization inference is a standard method used to determine the sta-
tistical significance of an estimate without making assumptions about its asymptotic distribution (Fisher,
1935; Rosenbaum, 2002). Specifically, I re-assign treatment status using the same procedure as in the ex-
periments 500 times, indexed by k 2 (1,500), and for each iteration k, estimate the parameter of interest b̂ k

using the re-assigned “treatment” with the same specification as the main analysis. The distribution of b̂ k’s
provides the empirical distribution of the treatment effect parameter under the null hypothesis that b = 0.
The two-sided randomization inference p-value is the fraction of absolute values of b̂ k’s that are greater than
the absolute value of the observed b̂ true estimated using the real treatment assignment.

All of the main results and conclusions of the paper are unaffected by using randomization inference.
Appendix Figure A.27 plots the p-values of the effects of assignment by a non-blind manager in the pro-
motion 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 0.06. The p-value on whether workers share with their manager (originally signifi-
cant at the 10 percent level) is only marginally significant with a p-value of 0.16 when using randomization
inference. Appendix Figure A.28 plots randomization-inference p-values for the differences in rates of per-
ceived 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 instead of a manager
when the decision-maker is demographic-blind remains significant at the 10 percent level. The effects of
increasing minority-group representation retain p-values less than 0.02 (Appendix Figure A.29). The effects
of learning that the demographic-blind algorithm previously promoted mostly white men on performance
retain significance at the 10 percent level (Appendix Figure A.30).

Multiple hypothesis testing. All of the figures reference above also plot the corresponding asymp-
totic p-values when they are corrected for multiple hypothesis testing; all results except the effects of per-
ceived algorithmic discrimination are unaffected. Specifically, I control the family-wise error rate using
the Romano-Wolf (2005; 2016) correction with 500 bootstrap iterations. In Appendix Figure A.27 the four
“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. The effects
of being in the non-blind manager arm relative to the demographic-blind manager arm are generally robust;
p-values change the most for the future labor supply outcomes, which in some cases are now only marginally
significant (p-values around 0.16). Again, 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 instead of a manager when the decision-maker is
demographic-blind remains significant at the 10 percent level (Appendix Figure A.28). Appendix Figure
A.29 does not include MHT-corrected p-values 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. The results that are not robust to using MHT-corrected inference are the effects of learn-
ing 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.
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A.9.2 Attrition and attention

Differential attrition and attention also cannot explain any of the results Appendix Table A.29, 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 demo-
graphics (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, respec-
tively. Appendix Figure A.47 shows that there is similarly no differential attrition in the hiring experiment.

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 A.29, Panel D, column 3). Note that workers who failed the attention check are included
in the main sample, and the results are robust to dropping them, as discussed next. Section 1.2.4 shows that
worker attention to and comprehension of the experiment was high overall.

A.9.3 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. Appendix Figures A.31-A.38
show the resulting estimates for the effects of being in the non-blind manager arm relative to the blind
manager arm in the promotion experiment on rates of perceived discrimination and all of the main worker-
behavior outcomes. Appendix Figures A.39 and A.40 test the robustness of the effects of anti-bias hiring
policies on rates of perceived discrimination, Appendix Figure A.41 tests the robustness of the effects of
minority-group representation, and A.42-A.46 test the robustness of the effects of perceived algorithmic
discrimination.

A.9.3.1 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 specification charts iterate over
other sample definitions: further restricting to workers who passed the “attention check” in the final survey
section or expanding to the full sample of workers who completed the experimental survey. The effects of
perceived manager discrimination on behavior, effects of anti-bias hiring procedures on perceived discrim-
ination, and effects of minority-group representation on perceived discrimination are generally unchanged
by either of these changes. The effects of perceived algorithmic discrimination are again 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 (Appendix Figure A.45). Being in the non-blind manager arm also seems to
negatively affect time spent per paragraph when restricting to these workers (Appendix Figure A.33).

A.9.3.2 Included controls

The main specification controls for demographic information (age, education, income, race, gender,
family status), baseline quiz scores, quiz-score group fixed effects, and the educational experience and quiz-
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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, the procedure was the following: I run a linear lasso model
separately for each outcome and treatment-group indicators including all possible control variables as in-
dependent 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 sepa-
rately 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 experi-
ment 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.

A.9.4 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
bias from experimenter demand effects, relative to an older literature of lab experiments in psychology in

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, indicators for being currently or ever employed outside of Prolific, 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, and scales of racial and gender identity centrality. 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.
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which the phenomena was originally documented.2

Unsurprisingly, Appendix Table A.30 (promotion experiment) and Appendix Figure A.48 (hiring ex-
periment) 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 0-1 percent and 3-4 percent of the control (no salient demographics) and treat-
ment (salient demographics) groups, respectively, know that the study is about perceived discrimination
when asked after the proofreading task, and 0-4 and 4-13 percent say the same when asked after the reser-
vation 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 possi-
bility of discrimination is salient increased this by 5pp (se=4pp) and 10pp (se=2pp) 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 5-9pp (depending on when they were ask 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 2-9pp more likely to do so.

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 A.48). 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 differential demand effects if workers do not alter their behavior based on this knowl-
edge.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 conserva-
tively, I replace the perceived discrimination outcome with 0 or 1 if the worker guesses that the topic of the
study was discrimination.4 Appendix Figures A.49 and A.50 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
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,

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 (Appendix A.5). 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 worker 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.
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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 Figures A.51 and A.52 shows that the effects of perceived algorithmic
discrimination on performance are also robust to this adjustment.

Appendix Figures A.53 show 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 (but still statistically significant) 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 25 percent rather than about 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 effect of blinding managers and algo-
rithms to demographics are unchanged. The lower bound on the effects of using an algorithm rather than a
manager fall to about half the magnitude and are no longer statistically significant (Appendix Figure A.54).

A.9.5 Multiple price list elicitations

The four measures of future labor supply were elicited using multiple price lists (MPL).5 These were
reservation wages for future work when (1) one would be evaluated by the same manager as in the experi-
ment 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. Appendix A.4 shows the exact implementation of each
MPL.

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 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, report downward-sloping labor supply or upward-sloping demand for
choosing their own manager). Appendix Table A.31 compares the workers who are dropped for this reason
with other workers. 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.

A.9.6 Deviations from the Pre-Analysis Plan:

Exploiting random variation in the fraction of previously-promoted workers who are white men.
5Budget constraints prohibited me offering all workers a second round of work to measure effects on observed future labor supply.
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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 A.9). 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 in the paper despite
not being pre-registered. There were also differences across arms in what fraction of workers who saw three
white men; Appendix Figure 1.5 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 recruiting
the historical sample than anticipated, and so I recruited fewer white men to the experimental sample than
intended. Thus, a much larger fraction of the sample is white women than planned. That said, I am still able
to test for racial and gender heterogeneity and obtain moderately precise results.

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 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 A.9.3 however, this does
not affect the main conclusions. Estimates without these controls are in Appendix Figures A.39-A.46.
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De-emphasis of IV specification. Section 1.3.1 and Appendix A.6 discusses the challenges associated
with interpreting the IV specification, despite it being pre-registered, and the appendix presents all of the
results for the pre-registered specifications.

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 generally imprecise. Due to space
constraints, these are available upon request.
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Figure A.27: Randomization inference and multiple hypothesis testing (effects of perceived discrimination)

Note: This figure plots the p-values for the effects of being in the non-blind manager group relative to
the demographic-blind manager group in the promotion experiment on the key outcomes of interest
for the specifications in Tables 1.2, 1.3, 1.4, 1.5, and 1.6, 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 A.28: 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 1.4, 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.
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Figure A.29: 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 1.4, with the p-values calculated asymptotically (as in the main analysis, they are
robust to heteroskedasticity) and with randomization inference.

Figure A.30: Randomization inference and multiple hypothesis testing (perceived alg. discrimination)

Note: This figure plots the p-values for the effects of learning that the demographic-blind algorithm
previously promoted mostly white men in the promotion experiment on the key outcomes of interest
for the specifications in Figure 1.7, with the p-values calculated asymptotically (as in the main anal-
ysis, they are robust to heteroskedasticity), with randomization inference, and corrected for multiple
hypothesis testing using the Romano-Wolf correction.
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Figure A.31: Alternative specifications: Effect of being in non-blind manager arm on perceived discrimi-
nation

Note: This figure plots the treatment effect of being in the non-blind manager group on the main measure of
perceived discrimination in the promotion experiment, relative to the demographic-blind manager group. The
figure iterates over sample restrictions and choices of control variables, starting with the main specification.
Starting with the main sample definition (workers who would not have been promoted 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 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.

240



Figure A.32: Alternative specifications: Effect of being in non-blind manager arm on retention

Note: This figure plots the treatment effect of being in the non-blind manager group on retention in the promotion experiment,
relative to the demographic-blind manager group. The outcomes and main specification are those in Table 1.2. Otherwise, the
figure is analogous to Appendix Figure A.31.
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Figure A.33: Alternative specifications: Effect of being in non-blind manager arm on effort

Note: This figure plots the treatment effect of being in the non-blind manager group on effort in the promotion experiment, relative to
the demographic-blind manager group. The outcomes and main specification are those in columns 1 and 2 of Table 1.3. Otherwise,
the figure is analogous to Appendix Figure A.31.
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Figure A.34: Alternative specifications: Effect of being in non-blind manager arm on performance

Note: This figure plots the treatment effect of being in the non-blind manager group on performance in the promotion experiment,
relative to the demographic-blind manager group. The outcomes and main specification are those in columns 3-5 of Table 1.3.
Otherwise, the figure is analogous to Appendix Figure A.31.
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Figure A.35: Alternative specifications: Effect of being in non-blind manager arm on future labor supply
for the same job

Note: This figure plots the treatment effect of being in the non-blind manager group on reservation wages in the promotion exper-
iment, relative to the demographic-blind manager group. The outcomes and main specification are those in Table 1.4. Otherwise,
the figure is analogous to Appendix Figure A.31.
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Figure A.36: Alternative specifications: Effect of being in non-blind manager arm on future labor supply
(cooperative task) and generosity

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 Table 1.5. Otherwise, the figure is analogous to Appendix Figure A.31.
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Figure A.37: Alternative specifications: Effect of being in non-blind manager arm on beliefs about promo-
tion

Note: This figure plots the treatment effect of being in the non-blind manager group on beliefs about promotion in the promotion
experiment, relative to the demographic-blind manager group. The outcomes and main specification are those in Table 1.6. Other-
wise, the figure is analogous to Appendix Figure A.31.
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Figure A.38: Alternative specifications: Effect of being in non-blind manager arm on future labor supply,
accounting for beliefs

Note: This figure plots the treatment effect of being in the non-blind manager group on reservation wages after accounting for the
effects on beliefs about promotion in the promotion experiment, relative to the demographic-blind manager group. The outcomes
and main specification are those in the second specification (in blue) in Figure 1.3. Otherwise, the figure is analogous to Appendix
Figure A.31.
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Figure A.42: Alternative specifications: Effects of seeing avatars on perceived algorithmic discrimination
(promotion experiment)

Note: This figure plots the treatment effect of seeing that the demographic-blind algorithm previously promoted mostly white men
on perceived discrimination in the promotion experiment, relative to the other workers in the demographic-blind algorithm group
who do not see the avatars, race, and gender of previously-promoted workers. Because the randomization within the algorithm arm
was across rather than within evaluation groups, this chart does not include a specification that adds evaluation group fixed effects.
Otherwise, the figure is analogous to Appendix Figure A.31.
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Figure A.43: Alternative specifications: Effects of seeing avatars in the algorithm arm on retention

Note: This figure plots the treatment effect of seeing previously-promoted workers’ avatars on retention in the avatar arm of the
promotion experiment. The outcomes and main specification are those in Table 1.2. Otherwise, the figure is analogous to Appendix
Figure A.42.

252



Figure A.44: Alternative specifications: Effects of seeing avatars in the algorithm arm on effort

Note: This figure plots the treatment effect of seeing previously-promoted workers’ avatars on effort in the avatar arm of the
promotion experiment. The outcomes and main specification are those in columns 1 and 2 of Table 1.3. Otherwise, the figure is
analogous to Appendix Figure A.42.
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Figure A.45: Alternative specifications: Effects of seeing avatars in the algorithm arm on performance

Note: This figure plots the treatment effect of seeing previously-promoted workers’ avatars on performance in the avatar arm of
the promotion experiment. The outcomes and main specification are those in columns 3-5 of Table 1.3. Otherwise, the figure is
analogous to Appendix Figure A.42.
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Figure A.46: Alternative specifications: Effects of seeing avatars in the algorithm arm on future labor
supply

Note: This figure plots the treatment effect of seeing previously-promoted workers’ avatars on reservation wages in the avatar arm
of the promotion experiment. The outcomes and main specification are those in Table 1.4. Otherwise, the figure is analogous to
Appendix Figure A.42.
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Figure A.47: 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 regressions that 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. 95
percent confidence intervals (in black bars) are calculated with standard errors robust to heteroskedasticity.

Figure A.48: 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 regressions that 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. 95 percent confidence intervals (in black bars) are calculated with standard errors robust to heteroskedasticity.
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Figure A.49: Accounting for possible demand effects in the manager arms of the promotion experiment:
effort and future labor supply

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 the outcomes in Tables 1.2, 1.3, and 1.4, 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.
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Figure A.50: Accounting for possible demand effects in the manager arms of the promotion experiment:
secondary outcomes

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 the outcomes in Tables 1.6 and 1.5, and Figure 1.3, with adjustments to account for possible
experimenter demand effects. The figure is otherwise analogous to Appendix Figure A.49.
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Figure A.51: Accounting for possible demand effects in the algorithm arm of the promotion experiment:
effort and future labor supply

Note: This figure plots the treatment effects of learning the demographics of previously-promoted workers in the promotion experi-
ment among workers evaluated by the demographic-blind algorithm 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 (for workers
in the algorithm arm who do not learn the demographics of previously-promoted workers) 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 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. The three estimates for each replacement outcome variable use workers’
ideas of the study topic at its first, second, and third elicitation, respectively. 90 and 95 percent confidence intervals are calculated
with standard errors robust to heteroskedasticity.
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Figure A.52: Accounting for possible demand effects in the algorithm arm of the promotion experiment:
secondary outcomes

Note: This figure plots the treatment effects of learning the demographics of previously-promoted workers in the promotion experi-
ment among workers evaluated by the demographic-blind algorithm with adjustments to account for possible experimenter demand
effects, analogous to Appendix Figure A.51 for the secondary outcomes in Figure 1.7.

260



Figure A.53: Accounting for possible demand effects among workers who saw three versus two white men
previously promoted

Note: This figure plots the effects of seeing that three white men were previously promoted from Figure 1.5, 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). 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 whether they saw that two or three white men were previously promoted. The
specifications are otherwise identical to Figure 1.5. 90 and 95 percent confidence intervals are calculated with standard errors
robust to heteroskedasticity.
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Figure A.54: Accounting for possible demand effects in the hiring experiment

Note: This figure plots the differences in perceived discrimination between treatment arms in Figure 1.4, 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 differences between treatment arms 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 Figure 1.4. 90 and 95 percent confidence intervals are calculated
with standard errors robust to heteroskedasticity. 262



Table A.29: 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 -0.011 -0.002 -0.003
(0.018) (0.012) (0.024)

N 1735 1450 1389
Control mean 0.837 0.953 0.239

Panel B: Algorithm arms of the promotion experiment
See avatars -0.027 0.033⇤ -0.044

(0.028) (0.018) (0.040)
N 859 727 691
Control mean 0.860 0.932 0.275

Panel C: Non-blind manager arm of the promotion experiment
See three white men -0.036 0.012 0.015

(0.026) (0.014) (0.037)
N 865 722 695
Mean, see two white men 0.851 0.954 0.223

Panel D: Algorithm+avatars arm of the promotion experiment
See three white men -0.040 -0.020 0.156⇤⇤

(0.044) (0.024) (0.062)
N 396 329 320
Mean, see two white men 0.844 0.977 0.213

Note: This table tests for differential attrition in the promotion 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 experiment. In the third column, 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 levels indicated by *, **, and ***, respectively.
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Table A.30: 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 0.030⇤⇤⇤ 0.085⇤⇤⇤ 0.101⇤⇤⇤
(0.011) (0.022) (0.029)

N 697 692 1389
Control mean 0.011 0.038 0.399

Panel B: Algorithm arms of the promotion experiment
See avatars 0.039⇤⇤ 0.042⇤⇤ 0.053

(0.019) (0.016) (0.042)
N 353 338 691
Control mean 0.000 0.000 0.353

Panel C: Non-blind manager arm of the promotion experiment
See three white men 0.065⇤⇤⇤ 0.053 0.086⇤

(0.023) (0.047) (0.046)
N 344 351 695
Mean, see two white men 0.005 0.132 0.449

Panel D: Algorithm+avatars arm of the promotion experiment
See three white men 0.022 0.090⇤⇤ -0.009

(0.051) (0.045) (0.067)
N 161 159 320
Mean, see two white men 0.018 0.038 0.389

Note: This table tests for differential knowledge of the study topic in the promotion 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 levels indicated by *, **,
and ***, respectively.
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Table A.31: 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 0.082 0.033 0.006
Failed att check 1 (screener) 0.087 0.062 0.244
Failed att check 2 (screener) 0.120 0.058 0.005
Failed att check (experiment) 0.361 0.184 0.000

Education:
Less than high school 0.019 0.008 0.217
High school graduate 0.120 0.143 0.432
Some college but no degree 0.279 0.293 0.699
2 year college degree 0.106 0.099 0.792
4 year college degree 0.399 0.349 0.212
Professional or Masters degree 0.072 0.099 0.257
Doctorate 0.005 0.008 0.623

Proofreading performance, effort:
Correct highlights, required paragraphs 12.471 15.806 0.000
Incorrect highlights, required paragraphs 4.346 3.017 0.000
Time on required paragraphs 4.872 4.992 0.130

N (blind manager arm) 208 484

Panel B: Treatment effects (SEs)
Number of paragraphs 0.234 (0.469) -0.796 (0.281) 0.050
Proofread more than required 0.041 (0.034) -0.037 (0.019) 0.032
Finished all paragraphs 0.011 (0.047) -0.074 (0.028) 0.104
Time on required paragraphs 0.081 (0.102) -0.068 (0.062) 0.191
Bonus in required paragraphs 0.038 (0.040) -0.009 (0.024) 0.306
Beliefs about promotion, same mgr -4.284 (1.980) -1.917 (1.341) 0.301
Beliefs about promotion, cutoff -4.701 (2.016) 0.304 (1.422) 0.034
Pr(same manager) - Pr(cutoff) 0.417 (1.251) -2.221 (0.830) 0.066
Shared zero with manager 0.159 (0.051) 0.003 (0.033) 0.008
Amount shared with manager -0.770 (0.436) -0.033 (0.263) 0.134

N (both manager arms) 402 985

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. Workers are dropped if they display multiple switching
points or switch in the wrong direction (e.g. display downward-sloping labor supply) for any of the three reservation wage elici-
tations or the elicitation of willingness to pay to be able to choose one’s own manager. 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 “direc-
tion” 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. The specification is the same as Table 1.2. In panel B, standard errors are robust
to heteroskedasticity (in parentheses). 265



Appendix B

Appendix to Childhood Confidence,

Schooling, and the Labor Market

Appendix B.1 contains supplementary tables and figures. Appendix B.2 describes the vari-

ables that make up each index used as an outcome or control variable in our main analysis and

details index construction. Appendix B.3 describes how our measures of childhood over- and

under-confidence in math correlate with a range of children’s attitudes towards math and school.

Appendix B.4 compares our results for over- versus under-confidence, and Appendix B.5 provides

more detail on our measures of childhood personality, teacher and parent beliefs and investment,

and elementary/middle school quality. Finally, Appendix B.6 outlines the alternate definitions of

biased beliefs in math that we use in our robustness checks.
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B.1 Supplementary Figures and Tables

Figure B.1: Distribution of the degrees of over- and under-confidence measure
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Note: This figure plots the distributions of our more continuous measure of confidence for our sample and when we use weights that make
the sample nationally representative. The measure takes on value of integers from -6 (under-confident) to 6 (over-confident) and is calculated
as the difference between children’s self-assessed ability from 1-7 and the bin in which they should have placed themselves if they knew
their score and the (uniform) national distribution of test scores. Weights are calculated using iterative proportional fitting (raking) on the
original weights provided by the CDS so that our sample matches population shares in quintiles of income, in race categories, and in deciles
of nationally-normed WJ-R math percentile scores.
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Figure B.2: Patterns in over- and under-confidence by age

Panel A: Proportion over- and under-confident (binary measure)
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Panel B: CDF of degrees of over- and under-confidence
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Note: Panel A plots the proportion of respondents that are over- and under-confident by age. Panel B plots the cumulative density function
for the degrees of confidence measure, which takes on values from -6 to 6, separately for children in three age groups. We estimate these
proportions using all observations of self-reported ability and test scores in math for our 2985 respondents, including two reports for the
60% of our sample with confidence measures in two CDS waves. In Panel A, we identify over- and under-confidence in math using gaps
between children’s self-reported math ability and their performance on the WJ-R math test administered in the CDS. In particular, we classify
a respondent as under-confident if she scored above the 75th percentile on the WJ-R math assessments and ranked herself at 1-4 on the
7-point scale of math ability, or if she scored above the 50th percentile and ranked herself at 1-3. Similarly, we identify any respondent as
over-confident in math if she scored below the 25th percentile and rated herself at 6 or 7 on the response scale, or if she scored below the 50th
percentile and rated herself at 7. In Panel B, we measure biased beliefs as the difference between children’s self-assessed ability (between
1 and 7) and the bin of the ability distribution in which they should have placed themselves if they had full information about the national
distribution of scores and their place in it. 268



Figure B.3: Differences in over- or under-confidence classification using 2 subtests of the WJ-R

Note: This figure plots the joint distribution of children’s degree of over- and under-confidence, which takes on values
of integers from -6 (under-confident) to 6 (over-confident), when we use two different measures of demonstrated ability:
percentile scores on the applied reasoning section of the WJ-R test (our main measure) and percentile scores on the
calculation section of the WJ-R test (only administered in 1997).
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Figure B.4: Specification chart for persistence into adolescence
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Figure B.4, continued
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Note: This figure plots the coefficient of interest on either over- or under-confidence or our degrees of confidence measure
for a large number of specification tests. The outcome is the same confidence measure as the main independent variable,
observed 5 years later. We test the relationship between childhood biased beliefs and adolescent biased beliefs when
we (a) change our definitions of over- and under-confidence and the degrees of confidence measure, (b) drop the bottom
and top ten percent of the ability distribution, since those children are mechanically the most likely to be over- or under-
confident, respectively, and (c) iterate through each of five sets of control variables. Appendix B.6 describes each alternate
confidence definition in detail.
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Figure B.5: Specification chart for adolescent math scores
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Figure B.5, continued
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Note: This figure is analogous to Appendix Figure B.4, but the outcome is adolescent math test scores.
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Figure B.6: Specification chart for adolescent reading scores
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Figure B.6, continued
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Note: This figure is analogous to Appendix Figure B.4, but the outcome is adolescent reading test scores.
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Figure B.7: Specification chart for graduating from high school
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Figure B.7, continued
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Note: This figure plots the coefficient of interest on either over- or under-confidence or our degrees of confidence measure
for a large number of specification tests. The outcome is an indicator for graduating from high school. We test the
relationship between childhood biased beliefs and high-school graduation when we (a) change our definitions of over-
and under-confidence and the degrees of confidence measure, (b) drop the bottom and top ten percent of the ability
distribution, since those children are the mechanically most likely to be over- or under-confident, respectively, and (c)
iterate through each of five sets of control variables. Here, our alternate definitions of biased beliefs include measures of
confidence that replicate the main measure but are based on information from multiple waves of the CDS. Appendix B.6
describes each alternate confidence definition in detail.
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Figure B.8: Specification chart for graduating from college
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Figure B.8, continued
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Note: This figure is analogous to Appendix Figure B.7, but the outcome is an indicator for graduating from college.
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Figure B.9: Specification chart for college quality index
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Figure B.9, continued
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Note: This figure is analogous to Appendix Figure B.7, but the outcome is the index of college quality for a student’s first
college attended (conditional on going to college).
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Figure B.10: Specification chart for college’s 75th percentile math SAT score
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Figure B.10, continued

-10
-7.5

-5
-2.5

0
2.5

5
7.5
10

12.5
15

Confidence defn
Main measure

Percentiles
Empirical dist

Main of averages
Average of main

Sample
Full sample

10-90th pctile
Controls

Basic
Added Demog

Personality
Parent/teacher beliefs

School quality

Coefficient

Main spec. Point estimate 95% CI 90% CI

Degrees of confidence

Note: This figure is analogous to Appendix Figure B.7, but the outcome is the 75th percentile math SAT score at a
student’s first college attended (conditional on going to college).
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Figure B.11: Specification chart for majoring in STEM
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Figure B.11, continued
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Note: This figure is analogous to Appendix Figure B.7, but the outcome is an indicator for majoring in STEM (conditional
on going to college).
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Figure B.12: Specification chart for having a graduate school degree
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Figure B.12, continued
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Note: This figure is analogous to Appendix Figure B.7, but the outcome is an indicator for having a graduate degree
(conditional on going to college).
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Figure B.13: Specification chart for working in STEM
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Figure B.13, continued
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Note: This figure is analogous to Appendix Figure B.7, but the outcome is an indicator for working in STEM.
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Figure B.14: Specification chart for working in non-STEM high-education occupation
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Figure B.14, continued
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Note: This figure is analogous to Appendix Figure B.7, but the outcome is an indicator for working in a non-STEM
high-education job.
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Figure B.15: Specification chart for ln(earnings)
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Figure B.15, continued
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Note: This figure is analogous to Appendix Figure B.7, but the outcome is log earnings.
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Figure B.16: Specification chart for unemployment
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Figure B.16, continued
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Note: This figure is analogous to Appendix Figure B.7, but the outcome is an indicator for being ever unemployed in that
year.
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Figure B.17: Specification chart for gender differences
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Note: This figure presents the gender gap in confidence for every measure of confidence we consider. For all measures,
there is a robust gender gap: girls are less likely to be over-confident, more likely to be under-confident, and have lower
degrees of confidence. Each point plots the coefficient on the female indicator when we replace the dependent variables
in Table 2.2 with each of our alternate measures. Note that the more continuous measures of degrees of over- and under-
confidence are all divided by 5 so that the resulting coefficient is on a similar scale as the coefficients when the outcome
is an indicator for over- and under-confidence. This chart aims to communicate the stability of these coefficients, but one
can obtain the gender gap in standard deviations by multiplying the coefficient for the more continuous measures by 5.
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Table B.2: The persistence of reading over- and under-confidence

(1) (2)
Panel A: Reading over-confidence 0.194⇤⇤⇤ 0.198⇤⇤⇤

(0.037) (0.037)
N 1732
Sample mean 0.153

Panel B: Reading under-confidence 0.098⇤⇤⇤ 0.102⇤⇤⇤
(0.034) (0.034)

N 1732
Sample mean 0.061

Panel C: Reading confidence (SD units) 0.165⇤⇤⇤ 0.166⇤⇤⇤
(0.024) (0.024)

N 1732
Sample mean -0.002

Basic controls: X X
Added background controls: X

Notes: This table regresses adolescent confidence outcomes on childhood reading confidence with various controls. All
controls are the same as described in Table 1. Standard errors are clustered by family, and included in parentheses below
each estimate. *, **, and *** indicate significance at the 0.1, 0.05, and 0.01 percent level, respectively.
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Table B.6: Summary statistics

Mean SD Med. Share Mi.
Panel A: Child Demographics

Child is female 0.497 0.500 0 0.000
Child is white 0.458 0.498 0 0.000
Child is black 0.417 0.493 0 0.000
Child is hispanic 0.075 0.264 0 0.000
Child’s birth year 1990.020 3.748 1990 0.000

Panel B: Parent and Family Demographics
Father at least graduated high school 0.835 0.371 1 0.370
Father at least has bachelors 0.257 0.437 0 0.369
Mother at least graduated high school 0.817 0.387 1 0.110
Mother at least has bachelors 0.134 0.341 0 0.113
Mother works in STEM 0.018 0.133 0 0.157
Father works in STEM 0.072 0.259 0 0.321
Mother works in other high-educ field 0.169 0.375 0 0.157
Father works in other high-educ field 0.109 0.311 0 0.321
Total family taxable income (thous 2016 USD) 69.777 80.333 52.03 0.000
HH receives govt transfers 0.478 0.500 0 0.000
# Siblings in the HH 1.415 1.081 1 0.000

Panel C: Parenting Practices and Beliefs
Father figure in HH 0.727 0.445 1 0.008
Two adults in HH 0.645 0.479 1 0.000
Parent says key thing for success is:

to obey 0.278 0.448 0 0.023
to think for one’s self 0.711 0.453 1 0.023
to work hard 0.284 0.451 0 0.023
to help others in need 0.174 0.380 0 0.023

At least once/week, parent:
reads with child 0.386 0.487 0 0.004
does art with child 0.072 0.258 0 0.004
plays sports with child 0.157 0.364 0 0.005
does homework with child 0.634 0.482 1 0.005
plays board games with child 0.145 0.352 0 0.004
shows phys. affection to child 0.912 0.283 1 0.642
says I love you to child 0.894 0.308 1 0.005

Parent’s traditional gender norms (index) 0.019 0.561 0 0.147
Parent’s poor mental health (index) -0.001 0.674 -0 0.116
Parent’s self esteem (index) 0.011 0.992 0 0.146
Parent’s self efficacy (index) 0.012 0.994 -0 0.144
Aggravation in parenting (index) 0.006 1.008 -0 0.143
Parent expectations for educ. attainment:

Graduate degree 0.125 0.331 0 0.010
Bachelors’ degree 0.493 0.500 0 0.010
High school degree 0.376 0.484 0 0.010
High school dropout 0.006 0.078 0 0.010
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Table B.6: Summary statistics (continued)

Mean SD Med. Share Mi.
Panel D: Other Child Characteristics

Child ever in gifted prog 0.243 0.429 0 0.031
Child ever in special ed prog 0.127 0.333 0 0.032
Child has repeated grade 0.122 0.327 0 0.021
Child qualifies for FRP lunch 0.598 0.490 1 0.256
Parent’s rating of child health 0.014 1.000 1 0.005
Big 5 personality scores (indices)

Conscientiousness -0.003 0.684 0 0.007
Extroversion 0.005 0.618 -0 0.005
Neuroticism -0.006 0.622 -0 0.009
Agreeableness -0.003 0.644 0 0.008
Openness to experiences -0.001 0.500 0 0.010

Panel E: Teacher Beliefs
Perceptions of competence (stdized):

Academic competence 0.003 0.992 -0 0.806
Social competence -0.011 1.002 -0 0.805
Physical competence 0.003 1.006 -0 0.818

Teacher expectations for educ. attainment:
Graduate degree 0.155 0.362 0 0.660
Bachelors’ degree 0.358 0.480 0 0.660
High school degree 0.425 0.495 0 0.660
High school dropout 0.062 0.241 0 0.660

Panel F: School Quality
Percent FRPL 0.000 0.000 0 0.000
Student-teacher ratio 0.000 0.000 0 0.000
Average math and reading achievement 0.000 0.000 0 0.000
Difference btwn math and reading achievement 0.000 0.000 0 0.000
Cohort slope of average achievement 0.000 0.000 0 0.000

Panel G: Child Ability Measures
Math score percentile 58.477 29.214 60 0.000
Reading score percentile 55.386 28.907 54 0.004
Digit span score 14.246 3.718 14 0.041

Notes: All variables marked as indices are standardized to mean 0 and a standard deviation of 1 by year. All variables
are taken from the first year in which we observe the child’s over-confidence in reading or math. Except for the indicator
that the child lives in a two-adult household, all variables in Panel C are reported by the child’s primary caregiver. We
identify two-parent households by whether a family has both a head and a wife in the main PSID.
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Table B.7: The persistence of math over- and under-confidence (weighted)

(1) (2)
Panel A: Math over-confidence 0.179⇤⇤⇤ 0.177⇤⇤⇤

(0.042) (0.041)
N 1747
Sample mean 0.036

Panel B: Math under-confidence 0.046 0.041
(0.033) (0.033)

N 1747
Sample mean 0.065

Panel C: Math confidence (SD units) 0.260⇤⇤⇤ 0.256⇤⇤⇤
(0.039) (0.040)

N 1747
Sample mean -0.008

Basic controls: X X
Added background controls: X

Notes: This table regresses adolescent confidence outcomes on childhood math confidence with various controls. All
controls are the same as described in Table 1. Observations are weighted so that the analysis sample matches the racial
makeup of the US population in the 1990 census and so that the distribution of math percentile scores is uniform by
decile, and the distribution of income is uniform by quartile. All controls that are indices are normalized relative to the
weighted distribution. Standard errors are clustered by family, and included in parentheses below each estimate. *, **,
and *** indicate significance at the 0.1, 0.05, and 0.01 percent level, respectively.
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Table B.11: Demographic predictors of over- and under-confidence (decile coefficients)
Over-confidence Under-confidence Confidence (sd)

Math score deciles
Decile 1 0.147*** -0.257*** 1.918***

(0.04) (0.03) (0.09)
Decile 2 0.212*** -0.257*** 1.767***

(0.03) (0.03) (0.07)
Decile 3 0.204*** -0.246*** 1.564***

(0.03) (0.03) (0.07)
Decile 4 0.140*** -0.250*** 1.231***

(0.02) (0.02) (0.06)
Decile 5 0.189*** -0.250*** 1.075***

(0.02) (0.02) (0.05)
Decile 6 -0.001 -0.163*** 0.945***

(0.01) (0.03) (0.06)
Decile 7 -0.003 -0.161*** 0.675***

(0.01) (0.03) (0.06)
Decile 8 -0.004 0.028 0.250***

(0.01) (0.03) (0.05)
Decile 9 0.004 0.049 0.064

(0.01) (0.03) (0.05)
Decile 10 0.000 0.000 0.000

(.) (.) (.)
Reading score deciles

Decile 1 0.160** -0.026 0.281
(0.07) (0.08) (0.21)

Decile 2 0.074 -0.021 0.114
(0.07) (0.08) (0.21)

Decile 3 0.001 -0.030 -0.006
(0.07) (0.08) (0.20)

Decile 4 0.021 -0.034 0.043
(0.07) (0.08) (0.20)

Decile 5 0.001 -0.001 -0.098
(0.07) (0.08) (0.20)

Decile 6 -0.012 0.006 -0.157
(0.07) (0.08) (0.20)

Decile 7 0.002 0.010 -0.197
(0.07) (0.08) (0.20)

Decile 8 -0.000 0.041 -0.240
(0.07) (0.08) (0.20)

Decile 9 -0.018 0.051 -0.277
(0.07) (0.08) (0.20)

Decile 10 -0.019 0.093 -0.301
(0.07) (0.08) (0.20)

Mean of dependent variable 0.085 0.121 0.000

N 2985 2985 2985
R-squared 0.21 0.21 0.57

Notes: This table shows the coefficients on math and reading test score decile fixed effects
that are not included in Table 2.2 due to space constraints.
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Table B.16: Robustness to definitions of confidence

Math Reading HS grad College College College math STEM Grad STEM High-educ ln(Earn) Unempl
Score Score grad quality SAT 75p major degree occup occup

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Panel A: Independent variables are binary measures of over- and under-confidence
Main measure:

Over-confidence 2.666⇤ -0.286 0.062⇤⇤ 0.031 0.037 3.133 0.076 0.032 0.014 -0.025 0.064 -0.035
(1.496) (1.385) (0.026) (0.024) (0.148) (11.829) (0.097) (0.087) (0.017) (0.026) (0.085) (0.030)

Under-confidence -5.860⇤⇤⇤ 0.162 0.022 -0.058⇤⇤ -0.127 -11.312⇤ -0.162⇤⇤⇤ 0.006 -0.049⇤⇤⇤ 0.026 -0.075 0.005
(1.497) (1.452) (0.017) (0.028) (0.082) (5.925) (0.036) (0.048) (0.016) (0.033) (0.057) (0.017)

More strict (1):
Over-confidence 2.412 0.091 0.034 0.016 0.052 9.116 -0.154 -0.042 0.019 -0.071⇤⇤⇤ 0.042 -0.020

(1.717) (1.609) (0.036) (0.027) (0.190) (13.872) (0.121) (0.115) (0.022) (0.024) (0.105) (0.038)
Under-confidence -7.246⇤⇤⇤ 1.150 0.012 -0.066⇤⇤ -0.144 -11.660⇤ -0.183⇤⇤⇤ -0.014 -0.056⇤⇤⇤ -0.009 -0.023 0.004

(1.668) (1.629) (0.020) (0.032) (0.096) (6.749) (0.039) (0.054) (0.018) (0.037) (0.064) (0.020)
More strict (2):

Over-confidence 2.631⇤ -0.290 0.062⇤⇤ 0.030 0.038 3.173 0.075 0.032 0.014 -0.025 0.063 -0.035
(1.495) (1.384) (0.026) (0.024) (0.148) (11.827) (0.097) (0.087) (0.017) (0.026) (0.085) (0.030)

Under-confidence -6.820⇤⇤⇤ 1.046 0.021 -0.058⇤ -0.152 -11.870⇤ -0.165⇤⇤⇤ -0.012 -0.055⇤⇤⇤ -0.016 -0.010 0.001
(1.622) (1.595) (0.019) (0.031) (0.093) (6.464) (0.039) (0.052) (0.017) (0.035) (0.061) (0.019)

Less strict (1):
Over-confidence 1.344 -0.161 0.043⇤ 0.037 -0.000 0.537 0.066 0.030 0.014 -0.033 0.102 -0.028

(1.406) (1.300) (0.024) (0.023) (0.126) (9.982) (0.073) (0.076) (0.015) (0.025) (0.076) (0.026)
Under-confidence -5.859⇤⇤⇤ -1.266 0.005 -0.069⇤⇤⇤ -0.135⇤ -12.247⇤⇤ -0.128⇤⇤⇤ 0.022 -0.048⇤⇤⇤ -0.003 -0.055 0.004

(1.311) (1.255) (0.017) (0.024) (0.074) (5.400) (0.035) (0.043) (0.012) (0.026) (0.049) (0.016)
Less strict (2):

Over-confidence 1.873 0.411 0.057⇤ 0.016 0.106 11.714 -0.038 0.012 0.011 -0.031 0.064 -0.015
(1.607) (1.570) (0.030) (0.024) (0.156) (12.051) (0.081) (0.102) (0.017) (0.025) (0.089) (0.031)

Under-confidence -5.895⇤⇤⇤ -1.265 0.004 -0.071⇤⇤⇤ -0.136⇤ -12.345⇤⇤ -0.128⇤⇤⇤ 0.021 -0.048⇤⇤⇤ -0.002 -0.057 0.005
(1.309) (1.253) (0.017) (0.024) (0.074) (5.408) (0.035) (0.043) (0.012) (0.026) (0.048) (0.015)

Relative:
Over-confidence 2.795⇤ 2.308⇤ 0.041⇤ -0.004 0.004 -5.672 0.066 0.121⇤ 0.000 -0.030 0.049 -0.023

(1.480) (1.361) (0.023) (0.023) (0.122) (9.029) (0.062) (0.067) (0.010) (0.024) (0.070) (0.022)
Under-confidence -9.674⇤⇤⇤ -1.848 0.025 -0.066⇤ -0.049 -6.820 -0.160⇤⇤⇤ 0.003 -0.051⇤⇤⇤ 0.003 0.035 -0.017

(2.081) (1.956) (0.022) (0.034) (0.105) (7.755) (0.049) (0.064) (0.016) (0.040) (0.069) (0.022)
Continuous tails:

Over-confidence 1.127 1.751 0.033 0.008 0.098 7.333 0.084 0.149⇤ 0.011 -0.043⇤⇤ 0.055 -0.031
(1.372) (1.339) (0.023) (0.021) (0.112) (9.301) (0.071) (0.081) (0.013) (0.021) (0.071) (0.024)

Under-confidence -6.680⇤⇤⇤ 2.244 -0.001 -0.057⇤ -0.136 -12.011⇤ -0.191⇤⇤⇤ -0.017 -0.050⇤⇤⇤ -0.004 -0.046 0.017
(1.664) (1.655) (0.021) (0.032) (0.100) (6.948) (0.038) (0.052) (0.018) (0.036) (0.067) (0.021)

Main of averages:
Over-confidence – – 0.008 0.036 -0.143 -11.712 -0.082 0.036 -0.015 -0.001 -0.071 0.002

(0.041) (0.032) (0.144) (14.373) (0.095) (0.122) (0.012) (0.033) (0.124) (0.043)
Under-confidence – – 0.017 -0.040 -0.087 -5.400 -0.116⇤⇤⇤ -0.049 -0.038⇤⇤ 0.028 -0.047 -0.035⇤

(0.022) (0.033) (0.107) (7.458) (0.042) (0.055) (0.018) (0.039) (0.075) (0.021)
Average of main:

Over-confidence – – 0.057 0.023 0.031 1.166 0.036 0.110 0.005 -0.023 0.031 -0.016
(0.036) (0.028) (0.177) (15.192) (0.117) (0.120) (0.016) (0.030) (0.107) (0.038)

Under-confidence – – 0.012 -0.054 -0.062 -6.511 -0.186⇤⇤⇤ -0.084 -0.051⇤⇤ 0.030 -0.133 -0.019
(0.023) (0.036) (0.113) (7.963) (0.057) (0.065) (0.023) (0.041) (0.082) (0.022)
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Table B.16: Robustness to definitions of confidence (continued)

Math Reading HS grad College College College math STEM Grad STEM High-educ ln(Earn) Unempl
Score Score grad quality SAT 75p major degree occup occup

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Panel B: Independent variable is degrees of over- and under-confidence in standard deviation units
Main measure 2.827⇤⇤⇤ 0.128 0.018⇤ 0.033⇤⇤⇤ 0.041 3.631 0.078⇤⇤⇤ 0.022 0.018⇤⇤⇤ 0.001 0.059⇤⇤ -0.023⇤⇤

(0.569) (0.580) (0.010) (0.011) (0.046) (3.417) (0.023) (0.025) (0.006) (0.012) (0.029) (0.009)

Percentiles 2.631⇤⇤⇤ 0.356 0.016⇤⇤ 0.027⇤⇤⇤ 0.047 3.814 0.062⇤⇤⇤ 0.006 0.017⇤⇤⇤ -0.005 0.045⇤ -0.012
(0.528) (0.505) (0.008) (0.010) (0.038) (2.803) (0.019) (0.020) (0.006) (0.011) (0.025) (0.008)

Empirical dist 2.525⇤⇤⇤ 0.318 0.018⇤⇤ 0.027⇤⇤⇤ 0.027 2.517 0.065⇤⇤⇤ 0.018 0.016⇤⇤⇤ 0.006 0.050⇤⇤ -0.019⇤⇤
(0.487) (0.497) (0.008) (0.009) (0.039) (2.895) (0.020) (0.022) (0.006) (0.010) (0.025) (0.008)

Main of averages – – 0.016 0.019⇤ -0.048 -2.972 0.042⇤ 0.047⇤ 0.012⇤ -0.007 0.001 -0.009
(0.010) (0.011) (0.048) (3.633) (0.025) (0.026) (0.007) (0.012) (0.031) (0.010)

Average of main – – 0.017⇤ 0.018 -0.038 -2.434 0.047⇤ 0.040 0.010 -0.008 0.012 -0.009
(0.010) (0.011) (0.048) (3.609) (0.025) (0.026) (0.007) (0.012) (0.031) (0.010)

Notes: This table presents the robustness of our main results to changing our definitions of our main measures of confidence. All regressions estimate our main
specification in the even-numbered columns of Tables 2.3, 2.4, and 2.5, replacing the main measure of over-confidence and under-confidence or the main measure
of degrees of confidence with alternate definitions. Sample sizes for each regression are the same as in each main table. In Panel A, we iterate over our definitions
of binary over- and under-confidence variables. Each pair of over- and under-confidence measures are estimated in the same regression. The definitions labeled
’more strict’ or ’less strict’ change the self-assessment and percentile score cutoffs in our main measure. The relative measure identifies children who score in the
top or bottom 25 percent of test scores within each self-assessment bucket as under- or over-confident, respectively. The ’continuous tails’ measure identifies over-
confident children as those whose more continuous measure of confidence is between 3 and 6, and under-confident children as those whose continuous measure
of confidence is between -6 and -3. Finally, the last two measures combine data over the two waves of the CDS where we observe confidence measurements,
when available. The first averages test scores and self-reports over the two waves and then applies our main cutoffs, and the second averages the main measure
over the two waves. In Panel B, we iterate over our definitions of the more continuous measure of biased beliefs. The one labeled ’percentiles’ differences the
percentile of children’s self-assessment and their percentile score, and the one labeled ’empirical dist’ assumes that children knew the empirical distribution of
self-reports and should have correspondingly reported their self-assessments (instead of assuming a uniform distribution). Again, the last two measures combine
data over the two waves were possible: the first averages test scores and self-reports over the two waves and then applies the transformation to the same scale,
and the second averages the main measure over the two waves. Further iteration is presented in specification charts for each outcome, found in Appendix Figures
B.5-B.16. Standard errors are clustered at the family level and included in parentheses below each estimate. *, **, and *** indicate significance at the 0.1, 0.05,
and 0.01 percent level, respectively.
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Table B.17: Sample means by whether missing confidence variables in the CDS

Sample Non-Sample p-value
(1) (2) (1)=(2)

Panel A: Demographic Characteristics
Child is female 0.497 0.458 0.089

(2985) (578)
Child is white 0.458 0.481 0.303

(2985) (578)
Child is black 0.417 0.370 0.036

(2985) (578)
Child is hispanic 0.075 0.076 0.928

(2985) (578)
Child’s birth order 1.625 1.521 0.067

(2645) (457)
Child’s birth year 1990.020 1991.478 0.000

(2985) (573)
Panel B: Parent and Family Characteristics

Father at least graduated high school 0.835 0.811 0.256
(1882) (365)

Father at least has bachelors 0.257 0.260 0.880
(1883) (365)

Mother at least graduated high school 0.817 0.735 0.000
(2657) (499)

Mother at least has bachelors 0.134 0.123 0.490
(2648) (496)

Total taxable family income (thous 2016 USD) 69.777 61.977 0.032
(2985) (578)

HH lives in public housing 0.061 0.076 0.178
(2985) (577)

HH receives food stamps 0.198 0.213 0.404
(2985) (577)

Two adults in HH 0.645 0.666 0.329
(2985) (578)

Panel C: Other Child Characteristics
Child ever in gifted prog 0.243 0.077 0.000

(2893) (568)
Child ever in special ed prog 0.127 0.067 0.000

(2888) (568)
Child has repeated grade 0.122 0.033 0.000

(2921) (568)
Child qualifies for FRP lunch 0.598 0.510 0.005

(2220) (288)
Parent’s rating of child health 0.014 0.025 0.802

(2969) (572)
# Siblings in the HH 1.415 1.178 0.000

(2985) (578)
Big 5 personality scores (indices)

Conscientiousness -0.003 0.014 0.754
(2964) (153)

Extroversion 0.005 0.060 0.282
(2970) (154)

Neuroticism -0.006 0.040 0.374
(2957) (152)

Agreeableness -0.003 0.025 0.605
(2962) (153)

Openness to experiences -0.001 -0.069 0.102
(2955) (151)

Panel D: Child Ability Measures
Math score percentile 58.477 49.256 0.000

(2985) (156)
Reading score percentile 55.386 52.587 0.449

(2973) (63)
Digit span score 14.246 7.403 0.000

(2863) (149)

Notes: This table regresses an indicator for whether a child is in our final sample on child characteristics. The sample is all 3563 children in
the CDS survey. 578 children are dropped from our analysis sample. These are children for whom we never observe both a self-assessed and
observed ability measure. Of those, 99 percent are missing a self-assessed measure and 73 percent are missing a math test score.
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Table B.18: Correlations between math confidence and other attitudes

Math
Over-Conf Under-Conf Confidence (sd) General Conf

Panel A: Other Math Attitudes
Math skill relative to peers 0.275 -0.307 0.534 0.242
Expected performance in math this year 0.189 -0.219 0.403 0.209
How good at learning new thing in math 0.152 -0.190 0.316 0.242
How easy is math for you 0.078 -0.095 0.166 0.044
How useful is what you learn in math 0.055 -0.056 0.130 0.207
Being good in math is important 0.063 -0.057 0.146 0.199
Working on math is interesting 0.157 -0.120 0.291 0.167
How much do you like math 0.240 -0.189 0.404 0.142

Panel B: Social and School Performance
Do you feel like part of your school -0.000 -0.036 0.054 0.213
Do you feel close to people at your school 0.001 -0.051 0.049 0.247

Note: This table shows the partial correlations between over- and under-confidence in math and general con-
fidence and children’s other attitudes towards math and social experiences at school after partialling out the
relationship with math test score deciles.
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B.2 Constructing Indices

College quality measures:

Using restricted data from the TAS, we identify the first college that each child in our

sample attended, if they attended college. We then match those schools to college quality

data from the first year that they attended the college. Following Cohodes and Goodman

(2014), we construct an index of college quality by taking the first component from a prin-

cipal component analysis of colleges’ 75th-percentile math SAT scores among incoming

freshmen, graduation rates, and per-pupil instructional expenditures, separately by year

from 2005-2019.

We impute SAT scores where possible to increase our sample size; some schools report

75th-percentile math ACT scores but not SAT scores. For those schools, we impute 75th-

percentile math SAT scores as predicted values from a regression of 75th-percentile SAT

scores on 75th-percentile ACT scores among schools with both measures. We also use

the 6-year graduation rate rather than the 4-year graduation rate because the 6-year rate is

available for more schools and the two measures are highly correlated.

Depending on the year, the first principal component captures 70-80 percent of the vari-

ation between these three variables and assigns nearly equal weights to all three variables

in all years. We standardize the first principal component to have mean 0 and standard

deviation 1 in the full sample of four-year colleges in the US by year, and call this our

college quality index.
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Secondary outcome variables:

To minimize the number of outcomes and controls include in our analysis, we create

many indices of similar variables. Here we list each index with its underlying variables.

All underlying variables are scales from 1-3, 1-4, 1-5, or 1-7. When the variable applies

to parents, we standardize by year before taking the average. When the variable applies to

children, we standardize by year and age group (8-11, 12-14, and 15-19).

Adult math confidence:

• How good would you be in a career that required you to use math?

• How good would you be in a career that required you to use physical science or
technology?

Adult reading confidence:

• How good would you be in a career that required you to read and write a lot?

Adult general academic confidence:

• How good would you be in a career that required you to be creative?

• How good are you at solving problems you encounter?

• How good are you at logical, analytic thinking?

• How intelligent are you, compared to others?

• How good are you at listening to and understanding others?

• How good are you at teaching and explaining to others?

Adult career confidence:

• How successful do you think you could be in the type of job you most want?

• How likely do you think you are to end up in the job you most want at age 30?

Adult general confidence: (variables marked with a * are flipped so that a higher score
means more confident)

• How confident are you, compared with others?
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• How decisive are you, compared with others?

• How independent are you, compared with others?

• How good are you at being a leader?

• How good are you at supervising others?

• How often do you feel discouraged about the future*

• How often, in the last month, did you feel that you had something important to
contribute to society?

• How often, in the last month, did you feel good at managing responsibilities of daily
life?

• How often, in the last month, did you feel confident to think or express your own
ideas and opinions?

• How often, in the last month, did you feel that your life had a direction or purpose?

Adult Big-Five personality measures: (variables marked with a * are flipped so that a
higher score means more conscientious, agreeable, etc.)

• Conscientiousness:

– You are someone who does a thorough job. Does this describe you not at all, a
little, some, or a lot?

– You are someone who tends to be lazy. Does this...?*

– You are someone who does things efficiently. Does this...?

• Agreeableness:

– You are someone who is sometimes rude to others. Does this...?*

– You are someone who has a forgiving nature. Does this...?

– You are someone who is considerate and kind to almost everyone. Does this...?

• Extroversion:

– You are someone who is talkative. Does this...?

– You are someone who is outgoing, sociable. Does this...?

– You are someone who is reserved. Does this...?*

• Neuroticism:
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– You are someone who worries a lot. Does this...?

– You are someone who gets nervous easily. Does this...?

– You are someone who is relaxed, handles stress well. Does this...?*

• Openness to experience:

– You are someone who is original, comes up with new ideas. Does this...?

– You are someone who values artistic experiences. Does this...?

– You are someone who has an active imagination. Does this...?

Dangerous behavior index:

• How often in the last 6 months did you do something you knew was dangerous just
for the thrill of it?

• How often in the last 6 months did you damage public or private property?

• How often in the last 6 months did you get into a physical fight?

• How often in the last 6 months did you drive when you were drunk or high on drugs?

• How often in the last 6 months did you ride with a driver who had too much to drink?

Control variables:

Child general confidence:
• Does the statement never, sometimes, always apply to you ... I do things as well as

most people

• ... When I do something, I do it well

• ... I’m as good as most other people

• ... A lot of things about me are good

• ... I have a lot to be proud of

Child Big-Five personality measures, reported by primary caregiver: (variables marked
with a * are flipped so that a higher score means more conscientious, agreeable, etc.)

• Conscientiousness:
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– According to [child’s] behavior, [he/she] cheats or tells lies*

– ... [he/she] has difficulty concentrating, cannot pay attention for long*

– Thinking about [child], tell me if [child] waits [his/her] turn in games and other
activities

– ... tell me if [child] does neat, careful work

– ... tell me if [child] usually does what you tell [him/her] to do

• Agreeableness:

– ... [he/she] argues too much*

– ... [he/she] bullies or is cruel or mean to others*

– ... [he/she] is disobedient*

– ... [he/she] has trouble getting along with other children*

– ... [he/she] is stubborn, sullen, or irritable*

– ... [he/she] breaks things on purpose or deliberately destroys [his/her] own or
another’s things*

– ... tell me if [child] is cheerful, happy

– ... tell me if [child] gets along well with other children

– ... tell me if [child] is admired and well-liked by other children

• Extroversion:

– ... [he/she] is withdrawn, does not get involved with others*

– ... [he/she] demands a lot of attention

• Neuroticism:

– ... [he/she] has sudden changes in mood or feeling

– ... [he/she] is rather high strung, tense and nervous

– ... [he/she] is too fearful or anxious

– ... [he/she] has a lot of difficulty getting [his/her] mind off certain thoughts

– ... [he/she] feels others are out to get [him/her]

– ... [he/she] worries too much

– ... tell me if [child] can get over being upset quickly*

• Openness to experience:
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– ... [he/she] is impulsive, or acts without thinking

– ... [he/she] clings to adults*

– ... [he/she] hangs around with kids who get into trouble

– ... tell me if [child] is curious and exploring, likes new experiences

Parent adherence to traditional gender norms: (variables marked with a * are flipped so
that a higher score means more traditional gender norms)

• Most of the important decisions in the life of the family should be made by the man
of the house

• Women are much happier if they stay at home and take care of their children

• There is some work that is men’s and some that is women’s and they should not be
doing each other’s

• It is much better for everyone if the man earns the living and the woman takes care
of the home and family

• It is more important for a wife to help her husband’s career than to have one herself

• Preschool children are likely to suffer if their mother is employed

• An employed mother can establish as warm and secure a relationship with her chil-
dren as a mother who is not employed*

• Parents should encourage just as much independence in their daughters as their
sons*

• A father should be as heavily involved in the care of his child as the mother*

• If a husband and wife both work full-time, they should share household tasks equally*

Parent aggravation in parenting:

• Thinking about [child], there are some things that [he/she] does that really bother
me a lot

• ... I find myself giving up more of my life to meet [child’s] needs than I ever expected

• ... I often feel angry with [child]

• Thinking about my child[ren], being a parent is harder than I thought it would be

• ... I feel trapped by my responsibilities as a parent

• ...I find that taking care of my child[ren] is much more work than pleasure
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• ...I often feel tired, worn out, or exhausted from raising a family

Parent self-esteem: (variables marked with a * are flipped so that a higher score means
higher self-esteem)

• I feel that I’m a person of worth, at least on an equal basis with others

• I feel that I have a number of good qualities

• All in all, I am inclined to feel that I am a failure*

• I am able to do things as well as most other people

• I feel I do not have much to be proud of*

• I take a positive attitude toward myself

• On the whole, I am satisfied with myself

• I wish I could have more respect for myself*

• I certainly feel useless at times*

• At times I think I am no good at all*

Parent self-efficacy: (variables marked with a * are flipped so that a higher score means
higher self-efficacy)

• There is really no way I can solve some of the problems I have*

• Sometimes I fell that I’m being pushed around in life*

• I have little control over the things that happen to me*

• I can do just about anything I really set my mind to

• I often feel helpless in dealing with the problems of life*

• What happens to me in the future most depends on me

• There is little I can do to change many of the important things in my life*
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B.3 Biased Beliefs and Other Attitudes Towards School

Our confidence measures consistently correlate with children’s other attitudes towards

math in ways we would expect. Appendix Table B.18 shows the pairwise correlations

between children’s attitudes towards math and school, our measures of over- and under-

confidence in math, and the general confidence index. Over-confidence in math is posi-

tively correlated with children’s self-assessed ability relative to their peers, their expected

performance in math that year, how good they think they are at learning a new skill in math,

how interesting they think math is, and how much they like math (r 2 [0.15,0.28]). All of

the same correlations are negative and of similar magnitude for children who are under-

confident in math. The correlations between over- and under-confidence and how easy,

useful, or important math is are much smaller in magnitude but have the expected signs.

There are very similar patterns using the more continuous measure of math confidence.

General confidence is also positively correlated with these attitudes (r 2 [0.14,0.24]), ex-

cept for how easy a child thinks math is.

On the other hand, whether children report feeling like part of their school community

or close to their peers are both uncorrelated with math over- or under-confidence (r <

|0.05|), but are positively correlated with our index of general confidence (r ⇡ 0.23).

Together, these patterns suggest that our measures isolate over- and under-confidence in

the particular domain of math, but our regressions also control for general confidence and

other measures of child ability to further isolate the relationship between children’s biased

beliefs about their math ability and their medium- and long-run outcomes.
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B.4 Over- versus under-confidence

One ex-ante strength of our binary measures of biased beliefs is that they offer a clear way

to test whether over- and under-confidence correlate with later-life outcomes with symmet-

ric magnitudes; we display p-values for all of these comparisons at the bottom of Panel A

in Tables 2.3, 2.4, and 2.5. In practice, we find that the coefficient magnitudes for over-

and under-confidence are only significantly different for two of our twelve outcomes: high-

school graduation and working in STEM. Over-confidence predicts high-school gradua-

tion significantly more strongly than does under-confidence, while only under-confidence

predicts working in STEM.

We also test for heterogeneity in the direction of biased beliefs using our more contin-

uous measure of degrees of confidence. In Appendix Table B.22, we allow the coefficient

on this measure to differ by whether a child is over-confident (assessing one’s ability at

least 3 bins, or 42 percentiles, too high), under-confident (assessing one’s ability at least 3

bins too low), or neither. We cannot reject that the slope of the outcome with respect to the

degrees of confidence variable is equal across these groups for any outcome, though we are

likely under-powered to do so. This result supports the functional-form assumptions we

make in Panel B of each of our main tables, where degrees of confidence enter linearly for

all outcomes. More broadly, these results and those using our binary measures of over- and

under-confidence suggest that over- and under-confidence largely predict similarly-sized,

oppositely-signed gaps in long-term educational and employment outcomes.

332



B.5 Measuring key confounders

Big-Five Personality Traits

In Section 2.7.1, we show that our results are robust to controlling for children’s Big-

Five personality traits. The CDS did not measure these traits using standard psychometric

scales, so we approximate them using parents’ reports of child behavior. See Appendix

B.2 for the variables that make up the index for each trait.

While our proxies for these traits may be noisy, they do correlate with other variables

in expected ways. First, the TAS did collect standard psychometric scales to measure

Big-5 traits among young adults, and our childhood measures correlate with these adult

measures at levels similar to other estimates of the longitudinal persistence of the Big-

Five traits (Hampson and Goldberg, 2006; Edmonds et al., 2013). The intercorrelations

of our childhood Big-Five personality measures are also broadly similar to those found

in studies that use more standard scales to measure these traits (van den Akker et al.,

2014; Soto, 2016). Finally, if we regress contemporaneous math and reading cognitive

test scores on our childhood Big-Five measures while controlling for IQ, race, and gender,

the coefficients on the Big-Five characteristics follow similar patterns as those reported in

Almlund et al. (2011) (results available upon request).

We also consider the extent to which the Big-Five traits predict long-term outcomes in

our data. We present the coefficients on each personality trait in the specifications above

in Appendix Table B.20. Some correlations are consistent with prior estimates of the con-

temporaneous links between personality and economic outcomes (Almlund et al., 2011;

Heckman et al., 2019), but we find fewer significant relationships than expected. These

null results may reflect noise in our constructed measures of personality, or they could

reflect that childhood personality traits only moderately persist into adulthood (Hampson

and Goldberg, 2006; Edmonds et al., 2013).
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Parent and Teacher Beliefs and Investment

In Section 2.7.1, we also test that our main results are robust to controlling for measures

of parents’ and teachers’ investments and beliefs. We construct these controls using data

from the CDS. We measure caregiver investment from self-reports of how often they do

certain activities with their child (e.g. do homework, play games), and we observe both

caregiver and teacher reports of the level of educational attainment they expect the child

to achieve. Our data also include teacher ratings of the student’s academic, social, and

physical competence on a scale from 1 (extremely competent) to 4 (not at all competent);

we standardize these ratings by year and age group as a measure of teacher perceptions,

which likely relate to teacher investment. See Appendix Table B.6 for summary statistics

on these variables.

We have relatively low data coverage for teacher reports because the CDS only inter-

viewed elementary school teachers, while the CDS sample includes older children, and

because questionnaires were mailed to teachers and had relatively low response rates. In

total, 54 percent of our final sample had a teacher respond in any wave of the CDS. We ob-

serve teacher predictions of educational attainment in the same year in which we observe

biased beliefs for 34 percent of our sample, and we observe teacher reports of student com-

petence for 20 percent of our sample (this variable was only recorded in the 1997 CDS). In

contrast, we observe caregiver reports of investment and predicted educational attainment

for more than 99 percent of our sample.

These measures of teacher and parent beliefs and investments correlate with children’s

beliefs in math in our sample, making them potential confounders of the main associa-

tions we estimate. Appendix Table B.15 regresses childhood over- and under-confidence

in math on our variables for teacher perceptions and expectations, parent investment and

expectations, and child test scores. First, teacher expectations of educational attainment

predict children’s biased beliefs: children that teachers think are going to get a graduate
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degree are more confident, and in particular are less likely to be under-confident. Next,

parent investment predicts children’s under-confidence but not over-confidence: children

whose parents read or do homework with them more than once per week are (marginally

significantly) more likely to be under-confident in math, whereas we find suggestive evi-

dence that children with parents who play sports or games with them are less likely to be

under-confident. Similar to the results for teacher expectations of educational attainment,

children whose parents think they are likely to get a graduate degree are less likely to be

under-confident.

Overall, these results show that our measures of children’s over- and under-confidence

in math are correlated with parent and teacher beliefs and investment in largely expected

ways, even when we control for children’s ability and general confidence. This suggests

that one mechanism through which childhood over- and under-confidence could relate

to long-term outcomes could be through parent and teacher behavior. However, adding

controls for these adult beliefs and behaviors does not change the relationship between

children’s over- and under-confidence and long-run outcomes – if anything, children’s

biased beliefs become more predictive of long-run outcomes when we condition on these

variables.

School quality when confidence is measured

Finally, Section 2.7.1 tests that our results are robust to controlling for the quality of the

school that children were attending when we observe their first measures of over- and

under-confidence in math. We match respondents with school IDs using restricted data

from the CDS.

Then, we collect data on free or reduced-price lunch and student-teacher ratios from

the NCES, while we collect data on testing achievement from the Stanford Education Data

Archive (SEDA; Fahle et al., 2021). The measures are scaled relative to national grade-

and subject-specific test score distributions. SEDA’s data for school test scores pools data
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from 2009-2018 and is unavailable in earlier years. The students in our sample attended

these schools in 1997, 2003, or 2007; we are forced to assume that relative school quality

was similar in the decade before we observe testing data. 60 percent of our sample attends

a school where we observe test scores in 2009-2019; 80 (50) percent of students attend a

school where we observe the student-teacher ratio (percent FRPL) in the year in which we

observe confidence. We also include an indicator for missing an NCES School ID in the

CDS data.
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B.6 Alternate definitions of childhood biased beliefs

This section describes the alternate definitions of over-confidence, under-confidence, and

more continuous degrees of confidence to which we test robustness in Section 2.7 above.

Throughout the following definitions, p refers to children’s score percentiles in math and

r refers to children’s self-reported math ability from 1 to 7. The names referring to each

definition match those used in the specification charts given in Appendix Figures B.4-B.16.

Section A. Over-confidence:

1. Main measure:

• Over-confident if

8
>><

>>:

p < 25 r 2 {6,7}

p < 50 r = 7

2. Main - more strict (1):

• Over-confident if

8
>><

>>:

p < 15 r 2 {6,7}

p < 40 r = 7

3. Main - less strict (1):

• Over-confident if

8
>><

>>:

p < 35 r 2 {6,7}

p < 60 r = 7

4. Main - less strict (2):

• Over-confident if

8
>><

>>:

p < 15 r 2 {5,6,7}

p < 40 r 2 {6,7}

• Estimated with under-confidence measure Original - less strict

5. Relative:

• Over-confident if p < the 25th percentile of people who report the same self-

reported ability (r) in the same age bucket and if r < 5
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6. Continuous tails (3 to 6):

• Over-confident if Main degrees of confidence measure (Section C #1) � 3

7. Main of averages:

• Take average of first and second self-reported ability (r) and first and second

percentile scores (p)

• Apply cutoffs of Main measure (Section A #1) to these averages

8. Average of main:

• Take the average of the first- and second-observed Main (Section A #1) over-

confidence measures

Section B. Under-confidence

1. Main measure::

• Under-confident if

8
>><

>>:

p > 75 r 2 {1,2,3,4}

p > 50 r 2 {1,2,3}

2. Main - more strict (1):

• Under-confident if

8
>><

>>:

p > 85 r 2 {1,2,3,4}

p > 60 r 2 {1,2,3}

3. Main - more strict (2):

• Under-confident if

8
>><

>>:

p > 85 r 2 {1,2,3,4}

p > 60 r 2 {1,2,3}

• Estimated with over-confidence measure Original - more strict

4. Main - less strict (1):
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• Under-confident if

8
>><

>>:

p > 65 r 2 {1,2,3,4}

p > 40 r 2 {1,2,3}

5. Relative:

• Under-confident if p > the 75th percentile of people who report the same self-

reported ability (r) in the same age bucket and if r > 3

6. Continuous tails (-6 to -3):

• Over-confident if Main degrees of confidence measure (Section C #1)  -3

7. Main of averages:

• Take average of first and second self-reported ability (r) and first and second

percentile scores (p)

• Apply cutoffs of Main measure (Section B #1) to these averages

8. Average of main:

• Take the average of the first- and second-observed Main (Section B #1) under-

confidence measures

Section C. Degrees of confidence

• Main measure:

– Assume that kids with accurate beliefs would have reported r⇤ = 1 if p 2

{1,14}, r⇤ = 2 if p 2 {15,28}, ... r⇤ = 7 if p 2 {86,100}.

– Confidence measure is self-reported ability (r 2 {1, ...,7}) minus what they

would have reported if they had accurate beliefs (r⇤ 2 {1, ...,7}). This variable

has range -6 to 6.

• Percentiles:
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– Convert empirical distribution of self-reports (r) into percentiles from 0 to 100

(pr)

– Degree of confidence = pr � p, or percentile of self-reported ability minus

actual score percentile in our sample

• Empirical distribution:

– Assume that the empirical distribution of self-reported ability is correct, but

kids may be wrong about their place in it. In other words, if the full sample

had accurate beliefs, the bottom 4% of scorers in our sample would report

r⇤ = 1, the next 2% would report r⇤ = 2, and the top 22% of scorers would

report r⇤ = 7. These values come from the empirical distribution of r, graphed

in Figure 2.1.

– Degree of confidence = r � r⇤, or self-reported ability minus what children

would have reported if they had accurate beliefs by this measure. This variable

has range -6 to 6.

• Main of averages:

– Take average of first and second self-reported ability (r) and first and second

percentile scores (p)

– Apply the same rule as the Main measure (Section C #1) to these averages

• Averages of main:

– Take the average of the first- and second-observed Main measures (Section C

#1) of degrees of confidence.

• To make the specification charts, we standardize all of these measures of de-

grees of confidence to have mean 0 and standard deviation 1 in our analysis

sample so that they can be compared on the same scale.
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Appendix C

Appendix to The Narrative of Policy

Change

Appendix C.1 contains supplementary tables and figures. Appendix C.2 discusses addi-

tional details of study recruitment. Appendix C.3 describes the obfuscation process for

the follow-up survey. Appendix C.4 describes the production of the story. Appendix C.5

describes the 5 minutes of filler questions that half of all participants who did not watch

the climate-advocacy story were randomly assigned to complete. Appendix C.6 describes

the comprehension questions used to assess attention to all videos. Finally, Appendix C.7

describes additional details on how the variables used in our main analysis were measured

and defined.
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C.1 Supplementary tables and figures

Figure C.1: Political efficacy among those who want more climate policy

Panel A. June 2022 Prolific survey: Share citing each option as top-2 reason for not
previously contacting Congress about climate change

.042

.062

.16

.22

.24

.25

.33

.38

0 .1 .2 .3 .4
Proportion of respondents

I do enough to support climate
policy through other political acts

I do enough to fight CC by
changing my lifestyle

I forget to do it

I just do not have time

I am not an activist by nature

I do not know how to contact
my reps

I would not know what to say
once I made contact

It would not make a difference

Panel B. Screening sample for main study: Agreement that “When groups of citizens
push for policy on issues like climate change, the US government responds to their

demands.”

14.7

21.6

26.6

19.2

14.1

2.45
1.31
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%
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Strongly
disagree
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2 3 Neutral
4

5 6 Strongly
agree

7

Note: Panel A plots responses from a sample of 445 Prolific participants recruited in June 2022. These participants
were split evenly by gender, live in the 48 contiguous United States, and were between the ages of 18 and 25. All of
these participants reported that they had not phoned, emailed, or called Congress about climate change in the previous
12 months. We asked participants to rank each of the 8 reasons in Panel A from most important (1) to least important (8)
in preventing them from contacting Congress; participants could leave any reason that was not at all relevant out of their
ranking. Panel A plots the share of participants who ranked each reason among their top-2 most important reasons for
not contacting Congress. Panel B plots the distribution of responses to one of the qualitative political-efficacy questions
elicited in the screening survey for this experiment, among our experimental sample (N = 5,879). In particular, it plots
participants’ agreement from 1 (Strongly disagree) to 7 (Strongly agree) with the following statement: “When groups of
citizens push for policy on issues like climate change, the US government responds to their demands.”
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Figure C.2: Research Design

Screening survey, including baseline covariates (N = 13,361 finished)

Control (N = 2,052) 

Randomization: N = 6,167

T1: IRA treatment
(N = 2,057)

T2: IRA treatment + story
(N = 2,058)

N = 5,879 finish the survey and pass both attention checks

Survey outcomes and climate action opportunities

Obfuscated follow-up with additional outcomes (N = 5,066 started and N = 5,021 finished)

Extended control Basic  control

Survey 1

Survey 2

Survey 3

Send all qualifying participants (N = 8,591) a message inviting them to the 
main experimental survey.

Video with baseline climate change information

N = 6,329 start the main survey

Add all completed participants to list of allowed participants for follow-up 
survey, associated with different study author.
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Figure C.3: Baseline desire for government climate action
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How much do you want the federal government to do to slow or stop climate change, relative to what it's currently doing?
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How worried are you about climate change?
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Figure C.4: Specification chart: Standardized political-efficacy index, main survey

Note: This figure plots the impacts of the IRA information and story treatment on the main-survey political-efficacy
index under a range of regression specifications. Appendix Section C.7 describes this outcome variable in detail. Each
regression follows the same basic structure as that presented in Table 3.1, column 4, and the colored line and colored
squares reproduce the estimates from that main specification. The other specifications presented in this chart test the
robustness of these estimates to (a) restricting the sample to those who pass both attention-check questions, (b) iteratively
add control variables, and (c) define the omitted category for the IRA information regression coefficient to be the basic
control arm, the extended control arm, or a pooled control arm.
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Figure C.5: Specification chart: Gradient of bill passage with respect to citizen calls

Note: This figure is analogous to C.4, but the outcome here is the gradient in the likelihood that a climate bill would be
passed if 10% of Americans called to support it rather than 2%. Our main specification for this outcome (highlighted
here in the colored markers) is also presented in column 5 of Table 3.1. Appendix Section C.7 describes this outcome
variable in detail.
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Figure C.6: Specification chart: Standardized political-efficacy index, follow-up survey

Note: This figure is analogous to C.4, but the outcome here is the standardized index of political efficacy measured in
the obfuscated follow-up survey. Our main specification for this outcome (highlighted here in the colored markers) is
also presented in column 9 of Table 3.1. Appendix Section C.7 describes this outcome variable in detail.
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Figure C.7: Specification chart: Started process of writing to Congress

Note: This figure is analogous to C.4, but the outcome here is whether participants opted into the process of emailing
Congress. Our main specification for this outcome (highlighted here in the colored markers) is also presented in column
1 of Table 3.2. Appendix Section C.7 describes this outcome variable in detail.
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Figure C.8: Specification chart: Wrote custom text for letter to Congress

Note: This figure is analogous to C.4, but the outcome here is whether participants wrote out custom text to send to
Congress. Our main specification for this outcome (highlighted here in the colored markers) is also presented in column
2 of Table 3.2. Appendix Section C.7 describes this outcome variable in detail.
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Figure C.9: Specification chart: Clicked to send letter to Congress

Note: This figure is analogous to C.4, but the outcome here is whether participants clicked a link to a portal from which
to email Congress. Our main specification for this outcome (highlighted here in the colored markers) is also presented
in column 3 of Table 3.2. Appendix Section C.7 describes this outcome variable in detail.
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Figure C.10: Specification chart: Clicked link for climate marches

Note: This figure is analogous to C.4, but the outcome here is whether participants clicked a link for information about
nearby climate marches. Our main specification for this outcome (highlighted here in the colored markers) is also
presented in column 4 of Table 3.2. Appendix Section C.7 describes this outcome variable in detail.
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Figure C.11: Specification chart: Downloaded guide for contacting Congress

Note: This figure is analogous to C.4, but the outcome here is whether participants downloaded the guide for contacting
Congress in the follow-up survey. Our main specification for this outcome (highlighted here in the colored markers) is
also presented in column 5 of Table 3.2. Appendix Section C.7 describes this outcome variable in detail.
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Figure C.12: Specification chart: Whether donated to climate organization in main survey

Note: This figure is analogous to C.4, but the outcome here is whether participants donated to a climate organization
during the main experimental survey. Our main specification for this outcome (highlighted here in the colored markers)
is also presented in column 6 of Table 3.2. Appendix Section C.7 describes this outcome variable in detail.
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Figure C.13: Specification chart: Amount donated to climate organization in main survey

Note: This figure is analogous to C.4, but the outcome here is the amount that participants donated to a climate orga-
nization during the main experimental survey. Our main specification for this outcome (highlighted here in the colored
markers) is also presented in column 7 of Table 3.2. Appendix Section C.7 describes this outcome variable in detail.
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Figure C.14: Specification chart: Whether donated to climate organization in follow-up
survey

Note: This figure is analogous to C.4, but the outcome here is whether participants donated to the climate organiza-
tion during the obfuscated follow-up survey. Our main specification for this outcome (highlighted here in the colored
markers) is also presented in column 8 of Table 3.2. Appendix Section C.7 describes this outcome variable in detail.
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Figure C.15: Specification chart: Amount donated to climate organization in follow-up
survey

Note: This figure is analogous to C.4, but the outcome here is the amount that participants donated to a climate organi-
zation during the obfuscated follow-up survey. Our main specification for this outcome (highlighted here in the colored
markers) is also presented in column 9 of Table 3.2. Appendix Section C.7 describes this outcome variable in detail.
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Table C.1: Descriptive statistics and sample balance

Mean: D Extended D IRA D Extra
Full sample control D IRA + story questions

(1) (2) (3) (4) (5)
Surveyed Wave 2 0.442 0.004 0.002 -0.001 0.007

(0.022) (0.019) (0.021) (0.016)
Female 0.526 -0.009 0.002 0.001 -0.007

(0.023) (0.019) (0.021) (0.016)
Age 37.184 -0.106 -0.456 -0.385 -0.382

(0.606) (0.517) (0.555) (0.424)
Ethnic groups:

Asian 0.076 0.006 -0.009 0.001 0.009
(0.012) (0.010) (0.011) (0.008)

Black 0.066 0.018 0.015⇤ 0.002 0.003
(0.011) (0.009) (0.010) (0.008)

White 0.738 -0.037⇤ -0.016 -0.017 -0.016
(0.020) (0.017) (0.018) (0.014)

Other 0.009 0.007 -0.002 0.002 0.003
(0.005) (0.003) (0.004) (0.003)

Missing 0.112 0.006 0.013 0.011 0.001
(0.014) (0.012) (0.013) (0.010)

Whether has 4 year college degree 0.555 -0.027 -0.009 0.001 0.003
(0.022) (0.019) (0.021) (0.016)

Political affiliation:
Democrat 0.587 0.013 -0.013 -0.008 -0.024

(0.022) (0.019) (0.021) (0.016)
Republican 0.088 0.010 -0.003 0.008 -0.008

(0.013) (0.011) (0.012) (0.009)
Independent 0.277 -0.035⇤ 0.007 -0.012 0.018

(0.020) (0.018) (0.019) (0.014)
Other 0.047 0.012 0.009 0.012 0.014⇤⇤

(0.009) (0.008) (0.009) (0.007)

Political engagement index (std) 0.040 0.035 0.136⇤⇤⇤ 0.112⇤⇤ 0.004
(0.044) (0.039) (0.044) (0.033)

Prev. contacted elected reps 0.246 -0.011 0.024 0.002 0.005
(0.019) (0.017) (0.018) (0.014)

Prev. donated 0.390 0.028 0.038⇤⇤ 0.050⇤⇤ -0.002
(0.022) (0.019) (0.020) (0.015)

Prev. canvassed 0.016 0.004 0.006 0.012⇤⇤ 0.002
(0.005) (0.004) (0.005) (0.004)

Prev. signed petition 0.591 0.012 0.057⇤⇤⇤ 0.024 0.001
(0.022) (0.019) (0.021) (0.016)

Prev. phonebanked 0.028 0.000 0.012⇤⇤ 0.007 -0.003
(0.007) (0.006) (0.007) (0.005)

Climate worry (std) 0.005 -0.016 0.032 -0.017 -0.036
(0.045) (0.038) (0.041) (0.031)

Desire for climate action (std) -0.017 -0.024 0.004 -0.037 -0.039
(0.046) (0.040) (0.042) (0.033)

External efficacy index (std) 0.026 -0.051 -0.048 0.031 0.047
(0.044) (0.039) (0.042) (0.032)

Column 1 of this table presents summary statistics of baseline characteristics for the full experiment sample, with N = 6,001. Age data
are missing for 29 participants. Columns 2 through 5 then present the results of regressions testing each characteristic for balance across
the randomized treatment arms. In particular, we regress each characteristic on indicators for participants’ assignment to the Extended
Control group, the IRA Information group, or the IRA Information + Story group, as well as an indicator for being assigned to answer
the extra filler questions. (Recall that these extra questions are cross-randomized within the control groups and IRA Information group.)
Robust standard errors are given below in parentheses each coefficient. *, **, and *** indicate significance at the 0.1, 0.05, and 0.01
percent level, respectively. Appendix section C.7.2 defines these baseline traits.
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Table C.2: Impacts of treatments on policy knowledge

(1) (2) (3) (4)
Did govt make substantial progress on

Have heard of climate change in 2022?
the IRA Yes Don’t know No

IRA info 0.259⇤⇤⇤ 0.245⇤⇤⇤ -0.037⇤⇤⇤ -0.208⇤⇤⇤
(0.013) (0.014) (0.013) (0.015)

+ Story 0.008 0.008 0.002 -0.010
(0.012) (0.017) (0.015) (0.017)

N 5879 5879 5879 5879
Control mean 0.634 0.216 0.248 0.536

Note: This table estimates the impact of IRA information and the fictional story
on participants’ climate-policy knowledge. In each column, we regress the out-
come variable on an indicator for receiving IRA information and an indicator for
additionally watching the fictional climate story. We include the same control
variables listed in the note for Table 3.1 and detailed in Appendix Section C.7.2.
Columns 1 estimates impacts on whether participants check off that they’ve heard
of the IRA on a list of four recent bills, elicited at the end of the experimental
survey. Columns 2 through 4 present impacts on whether participants answer
“Yes,” “I don’t know,” or “No,” respectively, when asked at the end of the experi-
mental survey whether the US government made substantial progress on climate
change during 2022. Robust standard errors are given in parentheses below each
coefficient. *, **, and *** indicate significance at the 0.1, 0.05, and 0.01 percent
level, respectively.
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Table C.3: Attrition by treatment groups

(1) (2) (3) (4) (5) (6)
Finished main Finished follow-up survey:

experimental survey Unconditional If finished main

IRA info -0.004 -0.004 0.009 0.011 0.006 0.008
(0.006) (0.006) (0.012) (0.011) (0.011) (0.011)

+ Story -0.019⇤⇤⇤ -0.019⇤⇤⇤ -0.023⇤ -0.024⇤ -0.006 -0.006
(0.007) (0.007) (0.013) (0.013) (0.012) (0.012)

Control variables:
Wave and EQ X X X X X X
Full controls X X X

Control mean 0.967 0.967 0.835 0.835 0.848 0.848
N 6167 6167 6167 6167 6001 6001

Note: This table documents differential attrition across treatment arms. In each column, we regress
the attrition outcome variable on an indicator for receiving IRA information and an indicator for
additionally watching the fictional climate story. In columns 1 and 2, we test whether participants
differentially finished the main experimental survey and passed at least one attention check–thus
qualifying for our main sample–by treatment arm. In columns 3 through 6, we test whether partici-
pants differentially showed up to and completed the obfuscated follow-up survey by treatment arm.
Columns 3 and 4 test for differential attrition through the obfuscated follow-up survey without condi-
tioning on completing the main experimental survey, while columns 5 and 6 test whether participants
who finished the main experimental survey differentially completed the follow-up survey. Columns
1, 3, and 5 only control for wave number and whether participants were assigned to complete the
extra questions, while columns 2, 4, and 6 also control for demographics, climate attitudes, political
efficacy, and political engagement. The only difference between this set of “full” controls and those
listed in the note for Table 3.1 is that here we exclude controls for college attainment and political
affiliation. We elicited these variables at the end of the main experimental survey, so they are missing
for those who did not complete that survey. We detail all control variables in Appendix Section C.7.2.
Robust standard errors are given in parentheses below each coefficient. *, **, and *** indicate sig-
nificance at the 0.1, 0.05, and 0.01 percent level, respectively.
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Table C.6: Effects on donations to each cause in the follow-up survey

(1) (2) (3) (4) (5) (6) (7) (8)
Any cause Reproductive Gun control Free-market

Y/N Amount Y/N Amount Y/N Amount Y/N Amount

IRA info 0.011 0.920 0.031⇤ 1.394⇤⇤⇤ -0.002 0.292 -0.008 -0.226
(0.016) (0.995) (0.016) (0.476) (0.016) (0.335) (0.014) (0.251)

+ Story 0.047⇤⇤⇤ 3.015⇤⇤⇤ 0.024 0.904 0.028 0.091 0.033⇤⇤ 0.615⇤⇤
(0.018) (1.120) (0.018) (0.573) (0.018) (0.364) (0.016) (0.272)

N 5021 5021 5021 5021 5021 5021 5021 5021
Control mean 0.558 23.341 0.402 7.239 0.325 4.647 0.226 2.903

Note: This table estimates the impact of IRA information and the fictional story on participants’ total donations
and donations to non-climate causes in the obfuscated follow-up survey. In each column, we regress the outcome
variable on an indicator for receiving IRA information and an indicator for additionally watching the fictional climate
story. We include the same control variables listed in the note for Table 3.1 and detailed in Appendix Section C.7.2.
Columns 1 and 2 present whether participants donated to any cause and how much they donated in total (including to
the climate organization). Columns 3 through 8 then estimate impacts on whether and how much participants donated
to advocacy groups focusing on productive rights, gun control, and free market policy. Appendix Section C.7 defines
all of these outcome variables in detail. We stratify these regressions by whether participants took the follow-up
survey 0-1 days (Panel A), 2-4 days (Panel B), or 5+ days (Panel C) after the main experimental survey. Robust
standard errors are given in parentheses below each coefficient. *, **, and *** indicate significance at the 0.1, 0.05,
and 0.01 percent level, respectively. The last two rows of the table present p-values testing whether we can reject that
the treatment effects of the IRA information and fictional story are equal across panels.
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Table C.7: Correlations between action index and emotions in the control group

(1) (2) (3)
Motivation-related Other positive Other negative

Hope / strength 0.023 Happiness -0.018 Sadness 0.025
(0.021) (0.011) (0.024)

Motivation 0.067⇤⇤⇤ Peacefulness -0.030⇤⇤ Anger 0.073⇤⇤⇤
(0.021) (0.014) (0.024)

Pessimism 0.072⇤⇤⇤ Connectedness 0.034⇤ Anxiety 0.093⇤⇤⇤
(0.027) (0.018) (0.023)

Apathy / fatigue -0.086⇤⇤⇤ Yearning -0.003 Surprise / doubt 0.039
(0.018) (0.023) (0.024)

Guilt -0.000
(0.023)

Sample size: 1968

Note: This table presents bivariate correlations between an index of climate action and each emotion outcome,
estimated in the pooled Basic and Extended Control groups. We construct an index of climate action as the
standardized sum of standardized variables for each climate-action outcome included in Table 3.2. We then
separately regress this index on standardized measures of how strongly participants reported each of the emotion
categories described in Appendix Section C.7. This table presents the estimated coefficients for motivation-
related outcomes in column 1, for other positive emotions in column 2, and for other negative emotions in
column 3. Robust standard errors are given in parentheses below each coefficient. *, **, and *** indicate
significance at the 0.1, 0.05, and 0.01 percent level, respectively.
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Table C.8: Impacts of treatments on climate worry and desire for action

(1) (2) (3) (4) (5)
Main survey: Follow-up:

Priority on Hope that
Worry about Desire for govt climate in Summary Congress focuses

climate action Congress index on climate

IRA info -0.009 -0.105⇤⇤⇤ 0.001 -0.046⇤⇤ -0.041
(0.020) (0.024) (0.028) (0.020) (0.030)

+ Story 0.086⇤⇤⇤ 0.156⇤⇤⇤ 0.073⇤⇤ 0.129⇤⇤⇤ 0.074⇤⇤
(0.021) (0.028) (0.030) (0.022) (0.032)

N 6001 6001 6001 6001 5125
Control mean -0.000 0.000 -0.000 -0.000 -0.000

Note: This table estimates the impact of IRA information and the fictional story on participants’ climate worry
and desire for government action. In each column, we regress the outcome variable on an indicator for receiving
IRA information and an indicator for additionally watching the fictional climate story. We include the same
control variables listed in the note for Table 3.1 and detailed in Appendix Section C.7.2. Columns 1 through
4 present impacts on outcomes collected during the main experimental survey: worry about climate change,
desire for additional government climate action, desire for Congress to prioritize climate change relative to
other issues, and an index combining these measures. Column 5 presents impacts on how much participants
in the obfuscated follow-up survey state that they want the current Congress to focus on climate change. All
of these outcomes are standardized, and Appendix Section C.7 defines them in detail. Robust standard errors
are given in parentheses below each coefficient. *, **, and *** indicate significance at the 0.1, 0.05, and 0.01
percent level, respectively.
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Table C.9: Effects on beliefs about support and advocacy for climate policy

(1) (2) (3)
# of Americans that

would say climate change Of those, # that would Share concerned that
is a prob for govt call to support bill would call

IRA info 0.608 0.046 -0.002
(0.542) (0.459) (0.009)

+ Story -0.041 1.206⇤⇤ 0.025⇤⇤
(0.600) (0.528) (0.010)

N 5879 5879 5879
Control mean 55.923 16.497 0.302

Note: This table estimates the impact of IRA information and the fictional story on participants’ beliefs about
other Americans’ support and action on climate policy. In each column, we regress the outcome variable on an
indicator for receiving IRA information and an indicator for additionally watching the fictional climate story.
We include the same control variables listed in the note for Table 3.1 and detailed in Appendix Section C.7.2.
Column 1 presents impacts on participants’ beliefs about the number of Americans that would say climate
change is a problem that the US government should take action to solve. Column 2 presents impacts on
participants’ beliefs about the number of Americans who would call or email their national representatives to
support a climate bill if it were proposed in the next few months. Column 3 then combines Columns 1 and 2
by presenting impacts on participants’ implied beliefs for the share of Americans who would contact Congress
among those who support government action on climate change. Appendix Section C.7 defines all of these
outcome variables in detail. Robust standard errors are given in parentheses below each coefficient. *, **, and
*** indicate significance at the 0.1, 0.05, and 0.01 percent level, respectively.
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Table C.12: Effects on probabilistic beliefs about passing climate policy

(1) (2) (3) (4) (5)
Prob that US Prob that limit Prob pass climate bill if: D Prob pass

meets 2030 goal warming to 1.5° if 2% call if 10% call climate bill

IRA info 5.735⇤⇤⇤ 1.767⇤⇤⇤ 3.008⇤⇤⇤ 2.576⇤⇤⇤ -0.431
(0.561) (0.606) (0.642) (0.708) (0.333)

+ Story 0.441 1.717⇤⇤ 1.640⇤⇤ 2.588⇤⇤⇤ 0.948⇤⇤
(0.653) (0.688) (0.733) (0.805) (0.383)

N 5879 5879 5879 5879 5879
Control mean 28.691 31.207 40.308 49.337 9.029

Note: This table estimates the impact of IRA information and the fictional story on participants’ beliefs about
the probability that we hit global and national climate goals and that the US would pass hypothetical climate
policy. In each column, we regress the outcome variable on an indicator for receiving IRA information and an
indicator for additionally watching the fictional climate story. We include the same control variables listed in
the note for Table 3.1 and detailed in Appendix Section C.7.2. Columns 1 and 2 present impacts on participants’
estimates for the probability that the US will meet its 2030 emissions commitment under the Paris Agreement
and that globally we will limit warming to 1.5° C. Columns 3 and 4 present impacts on participants’ estimates
for the probability that the US Congress would pass a climate bill if it were proposed in the next few months
and if 2% and 10% of Americans contacted their representatives to support it, respectively. Column 5 presents
impacts on participants’ estimates for how much more likely Congress would be to pass the climate bill if
10% rather than 2% of Americans contacted them in support. (We also present these estimates in Table 3.1.)
Appendix Section C.7 defines all of these outcome variables in detail. Robust standard errors are given in
parentheses below each coefficient. *, **, and *** indicate significance at the 0.1, 0.05, and 0.01 percent level,
respectively.

C.2 Study recruitment

Participants were recruited to the study in two “waves,” first in November 2022 and again

in January 2023. While we originally planned to recruit the full sample at once before

the 2022 midterm elections, recruitment was slower than anticipated. Thus, we paused

the study just after the 2022 midterm elections due to concerns that the change in political

representation could affect our results. We updated our pre-analysis plan on January 11,

2023 to describe this change in plans (link). The following information describes the same

information as in the updated PAP, with some additional context.

Specifically, we waited to resume data collection until the new Congress was sworn
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in, which occurred several days before we posted the PAP update. The delay allowed

us to ensure that uncertainty in Congressional leaders’ status would not depress the rates

at which participants contacted their legislators. In the interim, we presented the results

with the first half of data collection at an internal MIT seminar, which led us to make two

changes to the study.

First, recall that half of the sample in the IRA-only and control groups were randomly

assigned to answer additional filler questions that were timed to take 5 minutes, the length

of the fictional story video, in order to ensure that the additional length of the survey was

not causing its own effects or differential attrition between groups. After halting the first

recruitment wave, we observed that the open-ended filler questions designed to control for

the duration of the climate action story were producing potentially large priming effects, so

we decided to re-adjust this condition to control only for time effects. To do so, we changed

the items from open-ended questions about themes related to the story to multiple choice

questions about scientific topics. These questions do not refer to climate change or any

adjacent topics (temperature, erosion, etc.). We describe the filler questions themselves in

more detail in Appendix C.5.

Second, we saw that while the story was affecting participants’ beliefs, there were

no significant effects on whether participants contacted Congress or donated to climate

organizations.1 One possible explanation for this gap was that the action outcomes were

not close enough to the behaviors represented in the story: namely, the story focuses on

citizen marches, rather than contacting legislators. If the story inspires participation in

immediately-related forms of pro-climate action but not others, our previously identified

outcomes might miss these effects. Thus, we added an additional secondary outcome to

see whether the story affects participants’ interest in participating in climate marches or

demonstrations.

Our main results control for the wave in which a participant completed the survey.
1This latter result became significant when we had recruited the full pre-registered sample.
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Appendix Tables C.10 and C.11 show our main results separately by wave and the coef-

ficients on an indicator for being in the group randomized to receive the filler questions.

(We include this indicator as a control in our main specifications, but we do not include its

estimate coefficient in the main tables).

C.3 Obfuscating the follow-up survey

We design the obfuscated follow-up so that participants cannot connect it to the main ex-

perimental survey. Specifically, the first two surveys were posted on Prolific under Lucy

Page’s name, while the obfuscated follow-up survey was posted on Prolific under Hannah

Ruebeck’s name. The follow-up used a different survey font, header, consent-form lay-

out, and color scheme than the earlier surveys and was advertised as being about general

political activity, while the earlier surveys were listed as studying climate change. The

follow-up survey was much shorter, and even questions that measured the same construct

as in the main survey were formatted differently. All of the questions in the obfuscated

follow-up referred to multiple other policy issues in addition to climate change.

When we re-contacted participants between the screening and main surveys, they were

sent a direct Prolific message with a link to the main survey. Participants were never in-

vited via a direct message to the follow-up survey; instead, they were simply added to a

list of eligible Prolific accounts and saw the obfuscated follow-up as one of any number

of available Prolific surveys. 85 percent of participants in the main sample completed the

obfuscated follow-up survey; we attribute the high return rate to its very short duration (2

minutes). The only information that could link the follow-up survey with the earlier sur-

veys is that all were fielded by researchers from MIT Economics. However, no participants

indicated that they connected the obfuscated follow-up survey with the earlier surveys.
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C.4 Story production

The 5-minute fictional story video was animated by an animation firm based in the UK

and voiced by professional voice actors. Before getting the story animated, we asked

small samples of Prolific users to read and react to several variations of its main text.

In a first survey with 31 respondents, we asked participants to read two different stories

and compare them – one centered on Annie organizing a climate march on her own, while

the second focused on Annie’s conversation with an older man who explained why he

was organizing a climate march. We selected elements from each draft story to include

in the final version, based on pilot participants’ written responses about why they liked

each, which would be a better story when it was illustrated and animated, and what they

thought could be improved to make each story more enjoyable and effective at motivating

action. In a second survey with 45 respondents, we provided participants with the text of a

story that was very close to the story used in the main experiment, but randomly varied the

ending. One version ended with the Gilbert March shown in the final story, another ended

with a senator who was influenced by the march and eventually confirmed that she would

help to draft a climate bill in response, and a final version with lawmakers coming together

to actually pass a bill. Again, the final video included a combination of these candidate

endings, compiled based on participants’ emotional responses and open-ended reactions

to the story – what they found boring, memorable, unrealistic, etc. We also asked if the

story would change the way they felt about the likelihood that the US can address climate

change.

Our analysis of both surveys was purely qualitative, and we used participants’ reactions

to make sure the story was as natural, interesting, and moving as possible. While we orig-

inally developed the story before the passage of the IRA, aiming solely to build political

efficacy, we adapted the very end of the story in August 2022. Our revised ending ac-

counted for the passage of the IRA and positioned the Gilbert March as a quasi-backstory
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to the bill’s passage.

We provided a narrative script to the animation firm Cut The Mustard, which they

adapted to be appropriate for a 5-minute video. We iterated with them on character

sketches, storyboards, color schemes, and music before they produced the final product.

The research team recruited two voice actors on Fiverr and provided their recordings to Cut

The Mustard. We contracted with Cut The Mustard in late June 2022 and they provided

the final product at the end of October 2022.

C.5 Filler questions

The fictional climate story has a duration of about 5 minutes. To ensure that any treat-

ment effects of the fictional story do not derive just from a longer survey, we also cross-

randomize half of all participants not assigned to watch the story to answer additional

“filler questions” ensuring that their surveys also take five minutes longer. Initially, these

were a series of open-ended questions with minimum-time timers that focused on events

and themes similar to those referenced in the story, helping us to also rule out the pos-

sibility that the story acts simply as a prime. However, as discussed in Appendix C.2,

we changed the filler questions before launching the second wave of study recruitment

because the questions themselves seemed to have large priming effects; we designed the

filler questions in the second round of data collection to control only for duration effects.

In the second wave, we asked multiple choice questions about scientific topics (without

any reference to climate change) with timers to ensure that participants spent exactly 5

minutes answering them.

C.5.1 Open-ended filler questions

We introduced the open-ended questions to participants as chance to hear their thoughts

about climate change and politics; we described the time restrictions (1 minute per ques-
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tion) as encouragement to think carefully about each question. The questions were as

follows:

1. As a warm-up question, think about any childhood pets that your family had. Did

you have pets? If so, what were they like?

2. Next, think about whenever in your life you first learned about climate change.

Roughly how old were you when you learned about climate change, and in what

context? For example, did you learn about climate change in school? How did you

feel about climate change when you first learned about it?

3. Next, to what extent do you feel like you’re personally seeing the impacts of climate

change in the world, maybe through changes in weather or natural disasters?

4. Next, some people choose to personally advocate for climate policies by calling

their Senators, showing up to marches, or writing opinion pieces in their local news-

papers. We might call those people "climate activists." In your mind, what kind of

people tend to be climate activists?

5. Finally, some people think that engaging with politics on issues like climate change

(for example, by calling your Senators or going to climate marches) is useless. Do

you agree with that? Why or why not?

Panel A in each of Appendix Tables C.10 and C.11 show the effects of being randomly

assigned to answer these questions on our outcomes of interest. Answering these questions

increased the main-survey political-efficacy index by 0.09sd while reducing participants’

estimates of the effectiveness of emailing Congress in the follow-up survey by 0.13sd. The

filler questions substantially increased climate donations in the main survey by $2.32 and

by $1.25 in the follow-up survey.
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C.5.2 Multiple choice filler questions

In the second wave, participants randomly assigned to answer filler questions took a “gen-

eral science knowledge” quiz with 20 multiple-choice questions. Participants could only

progress to the next page of the survey after 4 minutes and 50 seconds had elapsed, and

the page automatically advanced after 5 minutes had elapsed. We asked participants not to

look up the answers to any questions, which were as follows:
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Panel B in each of Appendix Tables C.10 and C.11 show the effects of being randomly

assigned to answer these questions on our outcomes of interest. Answering these questions

has no effect on political efficacy in the main survey, though it increases agreement that

citizen movements can make change (elicited in the follow-up survey) by 0.08sd (p =

0.07). The extra questions have no statistically-significant effect on any form of climate

action. Thus, we conclude that the story’s additional duration cannot explain its impacts

on political efficacy or climate action.

C.6 Comprehension questions

Before all informational videos and the story video, we ask participants to watch the videos

carefully because we will ask several comprehension questions afterwards. We emphasize

that we will randomly choose 10 participants and pay them $5 for each comprehension

question that they answer correctly. Immediately after all participants watch the baseline

informational, they first answer the following comprehension questions:

• Comprehension question 1: Under the Paris Agreement, to what level does the inter-

national community hope to limit warming? [1 degree C; 1.5 degrees C; 2 degrees

C; 2.5 degrees C]. 97% of the sample answered this correctly.

• Comprehension question 2: By how much have temperatures already risen, on av-

erage, from pre-industrial levels? [0.8 degrees C; 0.9 degrees C; 1 degree C; 1.2

degrees C]. 77% of the sample answered this correctly.

Before participants watch the next video (either the basic control, extended control, or

IRA-treatment video), we reiterate that it will be followed by additional comprehension

questions subject to the same incentives. Participants assigned to watch the basic-control

video answer just one additional question:

• Comprehension question 3: The US commitment under the Paris Agreement is to
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reduce emissions to what percent of 2005 emissions levels by 2030? [50%; 55%;

60%; 65%]. 97% of the sample answered this correctly.

Participants assigned to watch the extended-control video answer three additional ques-

tions:

• Comprehension question 3: What is the baseline year that the US emissions re-

ductions commitments reference? In other words, we have committed to reducing

emissions by a certain percentage below emissions levels in what year? [2005; 2006;

2009; 2010]. 94% of the sample answered this correctly.

• Comprehension question 4: The US commitment under the Paris Agreement is to

reduce emissions to what percent of 2005 emissions levels by 2030? [45%; 50%;

55%; 60%; 65%]. 95% of the sample answered this correctly.

• Comprehension question 5: What are emissions commitments under the Paris Agree-

ment called? [Nationally-determined contributions (NDCs); Country emissions stan-

dards (CES); Voluntary emissions levels (VELs)]. 94% of the sample answered this

correctly.

Participants assigned to watch the IRA-treatment video answer three additional ques-

tions:

• Comprehension question 3: The US commitment under the Paris Agreement is to

reduce emissions to what percent of 2005 emissions levels by 2030? [45%; 50%;

55%; 60%; 65%]. 86% of the sample answered this correctly.

• Comprehension question 4: Comprehension question 4: What is the name of the

recent climate bill signed into law? [Inflation Reduction Act; Infrastructure Invest-

ment and Jobs Act; Emissions Reduction Act]. 88% of the sample answered this

correctly.
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• Comprehension question 5: According to projections, what share of the remaining

emissions reductions cuts required to hit the United States’ 2030 target will the

Inflation Reduction Act achieve? [40%; 65%; 70%; 80%]. 71% of the sample

answered this correctly.

Finally, we also asked several comprehension questions after the climate-advocacy story.

Again, we told participants in advance that 10 participants would be randomly chosen to

win $5 for each question they answered correctly. These questions were as follows:

• What was the dog’s name in the story? [Rufus; Milo; Gilbert; Charlie]. 97% of the

sample answered this correctly.

• Which of the following social movements did the story not reference? [The disability-

rights movement; The civil-rights movement; The movement for women’s right to

vote; The labor-rights movement]. 85% of the sample answered this correctly.

C.7 Variable definitions

C.7.1 Outcome variables

Political efficacy.

• Main survey: The main experimental survey captures both qualitative and quanti-

tative measures of political climate efficacy.

– Qualitative measures elicit participants’ agreement with the following state-

ments from 1 (Strongly disagree) to 7 (Strongly agree):

1. People like me don’t have any say about what the federal government does

about issues like climate change;

2. Fossil fuel companies and their lobbyists have more power than citizens

in determining what the US government does about climate change;
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3. When groups of citizens push for policy on issues like climate change, the

US government government responds to their demands.

We standardize these variables to have mean zero and standard deviation one in

the control group, and present results separately for agreement with each state-

ment as well as for an index constructed from all three statements. We calculate

this index by summing the standardized component variables, flipping the sign

of agreement with the first and second statements, then standardizing this sum

to have mean zero and standard deviation one in the control group

– The quantitative measure of political efficacy elicits participants’ guess for

the probability that another climate bill would pass if it were introduced to

Congress in the next few months. Participants who completed the survey in

October or November were asked to estimate the probability (on a slider from 0

to 100, with labels for “Definitely not” and “Definitely yes” at either end, with

“Fairly low chance” and “Fairly high chance” centered at 35 and 65, respec-

tively) that a hypothetical climate bill would pass if it were proposed in Jan-

uary, assuming that Democrats maintained control of both houses of Congress.

Participants who completed the survey in January or February were asked to

consider a hypothetical climate bill that would be proposed in April. We ask

participants to separately guess the probability that such a bill would pass if

2% or 10% of Americans contacted their national representatives to support it.

The difference between participants’ guesses in each of these cases provides a

numeric measure of external collective efficacy: the impact of additional citi-

zen pressure on government action. Specifically, the two slider questions read

as follows:

* Imagine that a bill pushing for climate action were introduced to Congress

in (January) April 2023. Now imagine that 2% of Americans contacted

their national representatives to support the climate bill. That would be
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about 15,000 people per district in the House of Representatives. What do

you think is the probability that Congress would pass the bill?

* Now imagine that 10% of Americans contacted their national representa-

tives to support the climate bill. That would be about 76,000 people per

district in the House of Representatives. What do you think is the prob-

ability that Congress would pass the bill in that case? (Recall that you

thought there would be a [Previous Answer]% chance if 2% of Americans

contacted their representatives.)

• Obfuscated follow-up: We elicit three measures of political efficacy in the follow-

up survey after participants have the chance to download the Call the Halls guide.

1. To what extent do you agree with the following statement? Statement: "Citizen

movements on issues like gun control and climate can make real change." A

slider from 0 (Disagree completely) to 7 (Agree extremely strongly).

2. How effective do you think marches / rallies are in affecting government pol-

icy? A Likert scale from 0 (Not effective at all) to 6 (Extremely effective)

3. How effective do you think contacting politicians (for example by phone or

email) is in affecting government policy? A Likert scale from 0 (Not effective

at all) to 6 (Extremely effective)

We standardize these variables to have mean zero and standard deviation one in

the control group, and present results separately for agreement with each statement

as well as for an index constructed as the sum of these standardized variables and

then itself standardized to have mean zero and standard deviation one in the control

group.

Donations to climate advocacy organizations.
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• Main survey: Before participants have the change to engage in action (donations,

or personal advocacy, with the order randomized) we say: “The United States still

has lots of work to do to meet its 2030 emissions reductions commitments under the

Paris Climate Agreement. That means that it’s important that we continue to push

for ambitious climate action at the federal, state, and local levels.” When partici-

pants get to the donation outcome (either immediately or after the action outcomes

described below), we say (with additional spacing), “[One/Another] important way

to push for climate policy is to support climate advocacy organizations like the Nat-

ural Resource Defense Council, the Sunrise Movement, and the Citizens’ Climate

Lobby. Remember that one respondent will be randomly chosen to win a bonus

of $80. You can choose now to give some amount that, if you win, we will sub-

tract from your lottery reward and instead donate to the climate organization of your

choice. You are entirely free to keep the $80 prize for yourself; please don’t feel

pressured to donate.” We ask them if they’d like to donate to any of the three organi-

zations (Yes or No), and if they say yes, we ask them which organization they would

like to donate to (they may only choose one), repeating the links to each group’s

website. We then ask how much they’d like to donate, on a slider ranging from 0

to 80. We define outcomes as whether and how much participants donate to one of

these organizations.

• Obfuscated follow-up: After eliciting hope that the new Congress will focus on

various issues, and before participants are offered the guide to contacting politi-

cians, we say (with additional spacing), “One important way to advocate for policy

you support is by donating money to effective advocacy organizations. You might

remember that one participant in this survey is going to be randomly chosen to win a

Prolific bonus of $100. On the next page, you can decide if you want to donate any of

that money, if you win it, to any of the following top-rated advocacy organizations:
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– Violence Policy Center, which studies and advocates for solutions to gun vio-

lence in the US.

– NARAL Pro-Choice America Foundation, which advocates to expand abortion

access in the US.

– Environmental Defense Action Fund, which advocates for ambitious climate

policy in the US.

– The Heritage Foundation, which advocates for free-market policies and indi-

vidual liberty in the US.

You could split the bonus between multiple organizations, donate some to just one

organization, or keep the full bonus. Anything you choose is fine! Below, please

decide how much to keep yourself versus donating to each organization, if you win

the $100 bonus. (Your answers must sum to $100.)”

We included the Heritage Foundation in order to reduce the survey’s partisan slant

towards stereotypically liberal causes. The order of each choice in the following

question where participants enter their donation amounts (with a fifth option labeled

“Amount you take home”) is randomized. Our main outcome of interest is whether

and how much they donate to the Environmental Defense Action Fund, though we

also define secondary outcomes for total amount donated and whether/how much

they donate to each non-climate cause.

Citizen advocacy.

• Main survey: We observe two measures of revealed interest and engagement in

direct citizen advocacy:

– Contacting Congress about climate change: Again, before participants have

the change to engage in action (donations or personal advocacy, with the order
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randomized) we say: “The United States still has lots of work to do to meet its

2030 emissions reductions commitments under the Paris Climate Agreement.

That means that it’s important that we continue to push for ambitious climate

action at the federal, state, and local levels.” When they get to the letter-writing

outcome (either immediately or after the donation outcomes described above),

we say (with additional spacing), “[One/Another] crucial way to help enact

strong climate policy is to directly tell your representatives in Congress that

you support climate action. If you want, we’ll link you in a few pages to a por-

tal hosted by the Natural Resource Defense Council where you can email your

legislators. Don’t worry, you don’t have to be an expert to contact Congress!

Are you interested in being linked to contact your legislators?” Participants

can then answer yes or no; this determines our outcome for whether partici-

pants opt into the process of emailing Congress. If they answer yes, they see

the following: “Great! The portal we’ll link you to will include a form letter

that you could send, but your email will be much more effective if you person-

alize it. On this page, you can write out a personalized message you’d like to

send on the next page. (It will go to your Senators, House Representative, and

President Biden.) If you don’t write out a letter, you can still move ahead and

just send the form letter. Here are some tips. The best messages:

* Give a specific reason for why climate change matters to you or has im-

pacted you personally.

* Are three or more sentences long.

* State that whether those politicians act on climate change will affect whether

you will vote for them in the future.”

We provide participants with an essay-style (multiple line) text box in which

to draft a letter. Finally, on the next page, they see the following: “Here is

the letter you wrote out on the last page, if you did so: [Previous Answer]
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Click here for a link to the contact portal, hosted by the Natural Resource

Defense Council. You’ll have an option to click "Read more and personalize

your letter." To make your letter as effective as possible, click that and then

paste in the letter you wrote out here!” (Note: the letter-writing campaign

that we were directing participants to has closed. Below are screenshots of the

portal components.)

We define outcomes for whether participants initially said they were interested

in emailing Congress, whether they wrote out a personalized email in our text

box, and whether they clicked the link to the NRDC portal to send a letter.

• Seeking information about climate marches: In our second wave of data collec-

tion (collected in January and February 2023), we added an additional outcome to

the main experimental survey to capture participants’ interest in specifically march-

related climate action. We observe whether participants click a link to a map of

upcoming climate marches published by Fridays for Future, a decentralized group

begun by Greta Thunberg that organizes climate marches around the world. We
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define an outcome as whether participants click on this link. We introduced this

secondary outcome in an amendment to our pre-registration posted on January 11,

2023 before starting our second round of data collection. The survey presents this

link after the two donation and letter-writing outcomes, so the addition of this out-

come does not change the interpretation of the donation or letter-writing outcomes.

Specifically, we provide the following (with additional spacing): “Another impor-

tant way to push for policy change is through marches and other kinds of public

demonstrations that make clear to governments and other people around us that we

care about climate action. One of the main groups that organizes climate marches is

called Fridays for Future. It’s a global movement with climate marches in more than

200 countries and across many US states. If you’d like to find an upcoming climate

march near you, click here for a map showing all of Fridays for Future’s upcoming

events.”

• Obfuscated follow-up: “Call the Halls” is a guide to contacting legislators written

by Emily Ellsworth, a former Congressional staffer. We provide participants a link

to download the file, and observe whether they do so as our outcome of interest.

Specifically, the page read as follows (with additional spacing): “Donating money

to organizations is great, but arguably an even more impactful way that you can

support action on political and social issues that you care about is by directly de-

manding action from politicians at the local, state, and national levels. Politicians’

jobs are to represent citizen preferences, so one of the best ways to make change

is to communicate what’s important to you. You don’t have to be an expert to do

so! It can be intimidating to get started with contacting elected officials if you’ve

never done so before. Below, we’re attaching "Call the Halls," an excellent guide

to contacting your legislators written by Emily Ellsworth, a former Congressional

staffer. The guide is meant to be read and shared. It will explain what to say in a

message to legislators, how to choose who to contact, and the most effective ways
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to make contact.

--> Click here to download the guide! <--”

Emotions.

• Main survey: We test the impacts of the IRA information and climate-action story

on participants’ emotional states. We elicit participants’ emotions immediately after

the experimental treatments. We ask them to list (writing out whatever they want to)

at least one (and up to three) emotions that they were currently feeling, with a note

to list the first thing(s) that comes to mind. On the next page of the survey, we then

ask participants to rate how strongly they’re feeling each of the emotions they listed

on a scale from 1 (Very weakly) to 6 (Extremely strongly).

Two authors hand-coded emotions into categories from a treatment-blind list, gen-

erating the classification scheme below. First, one author cleaned the text responses,

equating free-responses that were written differently but had the same meaning. This

included summarizing a sentence as one emotion (e.g. “determined to make a differ-

ence” became “determined”), changing equivalent emotions to the same tense (e.g.

sympathy and sympathetic, annoyed and annoyance, pride and proud), and fixing

spelling mistakes. 48 responses (out of 16,180) were changed to missing because

they did not reference an emotion (e.g. “gilbert” or “children”). This resulted in 607

unique words describing emotions.

A different author categorized those 607 words into the 13 categories presented in

the paper (plus “other”, 2.6% of all emotions, and missing, 0.2% of all responses).

The table below shows the component emotion words that are included in each cat-

egory; below each emotion category is the percent of the 16,096 total responses

(excluding missing) that fall in that category. In addition to defining dummy vari-

ables for whether each participant reporting feeling an emotion in a given category,
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we also defined standardized variables for the strength with which they felt that emo-

tion. If participants listed multiple emotions in one category, we use the strength of

the emotion that they felt most strongly. We standardize their strongest emotion in

each category to have mean zero and standard deviation one in the control group.

• We do not measure emotional responses to the topic of climate change in the obfus-

cated follow-up.
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Emotion category Emotion words

Hope/strength

(7.6%)

ability, accomplished, achievable, ambition, brave, competence, confident, courageous, elevated,

empowered, encouraged, expectant, faith, good, grit, hopeful, lucky, optimism, patriotic, positive,

potential, powerful, progress, strength, strong, success, trust

Motivation

(7.3%)

action, actionable, activated, active, adrenaline, alert, alerted, aroused, called, challenged, commitment,

compelled, competitive, convicted, creative, dedicated, determined, driven, eager, emboldened, energetic,

engaged, enlightened, enthusiastic, excited, fierce, focused, galvanized, hastened, helpful, hyped,

influenced, initiative, inspired, intent, invested, invigorated, involved, justice, moral, motivated, moved,

opportunity, passion, persistence, pro action, proactive, productive, protective, pumped, ready, resolve,

responsible, revolutionary, righteous, rushed, solidarity, steadfast, stimulated, stirred, stubborn, urge,

urgency, vibrant, vindication, willing, woke, zeal, zoned-in

Pessimism

(3.9%)

afflicted, beaten, bleak, cringe, cynical, defeated, demoralized, difficulty, discouraged, disenfranchised,

disheartened, disillusioned, dismay, division, done, doomed, doubtful, failure, fatalism, fruitless, futility,

hopeless, impotence, inadequate, ineffectual, inevitability, insignificant, jaded, judgement, negative,

nihilistic, pessimism, pointless, powerless, skeptical, small, stagnant, stoic, unamused, unconvinced,

underwhelmed, unrealistic, unsurprised, useless, weak

Apathy/fatigue

(8.5%)

aloof, ambivalence, apathy, blah, blank, blase, bored, complacency, demotivated, detached, disinterest,

distanced, drained, drowsy, ennui, exhausted, flat, impassive, indifference, lackluster, lazy, lethargic,

listless, meh, overworked, passive, resigned, sleepy, slow, sluggishness, spent, tired, uncaring, unfocused,

unmotivated, unmoved

Happiness

(5.8%)

admiration, amazed, amused, appreciation, awe, blessed, cheerful, content, delighted, elated, enjoyment,

entertained, euphoric, exhilaration, ecstatic, fulfilled, glad, grateful, happy, impressed, joyful, laughter,

nice, overjoyed, playful, pleasant, pleased, proud, refreshed, thankful, upbeat, uplifted

Peacefulness

(5.2%)

acceptance, at ease, attuned, balanced, benign, calm, centered, comfortable, contemplative, docile, ease,

easygoing, euthymic, grounded, harmony, lax, mellow, mindful, nonchalant, peaceful, placated, quiet,

reflective, relaxed, relief, rested, safe, satisfied, serene, serenity, soothed, stable, still, tranquility,

unbothered, well

Compassion/
connection

(1.4%)

attentive, camaraderie, caring, collective, compassion, condolence, connected, emotional, empathy,

generosity, gentle, gracious, heart, heartwarmed, humanity, impacted, kindness, love, loving, open,

patience, poignancy, sensitive, sentimental, sympathy, tolerance, touched, understanding, united, warm

Yearning

(0.4%)
desire, dissatisfied, impatience, longing, nostalgic, unfinished, wishful, yearning
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Emotion category Emotion words (continued)

Sadness

(18.1%)

aching, alone, anguish, bad, bittersweet, blue, bothered, bummed, deflated, dejected, depressed, despair,

despondent, devastated, disappointed, discontent, distant, distraught, distressed, down, drab, empty,

forlorn, gloomy, grief, heartache, heartbroken, horrible, hurt, ill, isolated, lonely, loss, lost, malaise,

melancholy, misunderstood, monotone, moody, morose, mournful, numb, pain, pitiful, pity, reticent, sad,

shitty, solemn, somber, sorrow, strained, subdued, tearful, ugh, unhappy, unloved, unpleasant, upset,

weary, weltshmerz, wistful, withdrawn, woeful

Anger

(13.0%)

aggravated, angry, annoyed, appalled, betrayed, bitter, condemnation, consternation, contempt, critical,

deceived, defensive, derision, devious, disdain, disgruntled, disgust, dislike, displeased, disrespected,

enraged, exasperated, frustrated, furious, fury, grumbly, grumpy, hatred, hostility, incensed, indignation,

infuriated, injusticed, irritated, jealousy, manipulated, murderous, offended, off-put, outraged, peeved,

pissed, rage, resentment, revenge, ridicule, unsatisfied

Anxiety

(19.3%)

afraid, agitated, alarmed, angsty, anticipation, antsy, anxious, apprehension, awake, cautious, concern,

crazy, dangerous, desperate, discomfort, disturbed, dread, eerie, existential, fearful, fret, fright, guarded,

helpless, hesitant, horror, insecure, jittery, meek, nauseous, nervous, on edge, panicked, paranoid,

perturbed, pressed, restless, scared, stressed, tense, tension, terrified, trapped, troubled, turmoil,

uncomfortable, unease, unnerved, unprepared, unrest, unsettled, vulnerable, wary, watchful, worry

Shock/
questioning

(6.0%)

aghast, astounded, baffled, befuddlement, bemused, bewildered, blindsided, captivated, conflicted,

confoundedness, confusion, curious, dazed, disbelief, distracted, fascination, flustered, imaginative,

incredulous, indecision, inquisitive, interest, intrigued, introspective, investigative, overstimulated,

overwhelmed, pensive, perplexed, ponderous, preoccupied, puzzled, questionable, questioning, quizzical,

realization, reminiscent, retrospective, shock, startled, stunned, surprise, suspicion, thoughtful,

uncertainty, unclear, unknowledgeable, unsure, winded, wondering

Guilt

(0.8%)

ashamed, avoidant, behind, careless, dumb, embarrassed, guilty, humbled, naive, pathetic, regret,

remorse, shame, sheepish, stupid, wasteful

Other

(2.6%)

absurdist, agreeable, artistic, aware, blarged, broke, bullshititude, busy, change, cheesy, cold, collected,

concentrating, confession, confirmed, congested, conscious, cool, decent, decisive, dejavu, dissolution,

dreamish, dutiful, eco-communist, educated, environconscientious, fair, favored, food, forgetful, full,

future awareness, gassy, green, headache, heat, horny, hot, humor, hungry, hurried, impoverished, in tune,

in-between, informed, innocent, insightful, intelligent, intense, intentional, knowledgeable, logical,

memory loss, move on, movement, need, needy, neutral, nosey, observing, old, pandered, pragmatic,

present, progressive, rational, realism, recession, reluctant, reserved, sane, sated, serious, sick,

sleeplessness, smart, smirk, smug, snuggly, sore, stretched, studious, stuffy, sweetness, thirsty, treading

water, unique, witty
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Desire for climate policy.

• Main survey: We measure three variables capturing desire for policy change after

we elicit emotions (i.e. after the treatment and before any action is taken).

1. How worried are you about climate change? A Likert scale from 1 (Not at all

worried) to 7 (Extremely worried)

2. How much do you want the federal government to do to slow or stop climate

change, relative to what it’s currently doing? A Likert scale centered at 4 (The

same as it’s currently doing) and extending to 1 (Much less) and to 7 (Much

more)

3. Please rank these issues (click and drag to re-order) based on how much you

would like Congress to prioritize them in legislation moving forward. The is-

sue ranked at (1) should be the issue you think Congress should prioritize most.

Options: Climate change, reproductive rights, reducing inflation, combatting

terrorism, and racial justice

We standardize each response to have a mean zero and standard deviation one in the

control group and create an index by first summing the three standardized variables

and then standardizing this sum to have mean zero and standard deviation one in the

control group

• Obfuscated follow-up: The first question in the obfuscated follow-up asks partic-

ipants about their political priorities, framed in the context of the soon-to-be- or

newly-elected Congress (in wave 1 and 2, respectively), with the context that all of

the seats in the House of Representatives and 35 of the 100 seats in the Senate were

up for reelection. Specifically, “The new Congress could focus on a range of pol-

icy issues, including the economy, climate change, abortion rights, or gun policy. To

what extent do you hope that the newly-elected Congress will focus on the following
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issues?” Options: Gun control, climate change, reducing inflation, and reproductive

rights/abortion access. Each had a Likert scale from 1 (Not at all) to 6 (Very much

so). We standardize the Likert response for climate change to have mean zero and

standard deviation one in the control group.

Second-order beliefs.

• Main survey: We ask two questions to measure participants beliefs about other

Americans’ support for climate policy and willingness to contact their political rep-

resentatives:

1. Out of 100 Americans, how many do you think would say that they think cli-

mate change is a problem the US government should take action to solve? A

slider labeled “# of people” from 0 to 100.

2. In the last question, you guessed that [Previous Answer] Americans out of 100

would say that climate change is a problem the US government should take

action to solve. How many of those [Previous Answer] Americans do you think

would actually call or email their national representatives to support a climate

bill if it were proposed in January 2023? A slider labeled “# of people” from 0

to 100.

The answer to each question is a secondary outcome of interest, along with the share

of those they think are worried who they think will call.

• We do not measure beliefs about support for climate policy in the obfuscated follow-

up

Knowledge of the IRA.

• Main survey: The last questions in the experimental survey measure our outcome

for our “first stage” (for the effects of the IRA information treatment) and are used

to test whether the story affects recollection of the IRA. We ask two questions:
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1. To your knowledge, did the US government make substantial progress on cli-

mate change during 2022? This could include things you’ve learned about in

this survey. (Please don’t look anything up. We’re interested in your honest

best guess, and it’s totally fine if you don’t know.) Options: Yes, No, and I

don’t know.

2. Have you heard of any of the following recent bills, including during this sur-

vey? Please select any that you’ve heard of. Options: Inflation Reduction

Act, Honoring our PACT Act, Affordable Insulin Now Act, and Infrastructure

Investment and Jobs Act.

The outcomes of interest are whether they have heard of the IRA and whether they

answer Yes to the question about making substantial progress on climate change.

• We do not measure knowledge of the IRA in the obfuscated follow-up

C.7.2 Control variables

Unless otherwise indicated below, all control variables were elicited during the 1-minute

screening survey (which participants took at least 1 day before they took the experimental

survey). After the two screening questions, participants answered questions which pro-

vided the following:

Demographic controls.

• Sex, Age, and Ethnicity come from merging our data with Prolific’s provided de-

mographic data using participants’ Prolific IDs. We control in our main regressions

for whether participants identify as male or female, age bins {18-20, 21-25, 26-30,

31-35, 36-40, ..., 71-75, over 75, missing}, and ethnicity categories {Asian, Black,

White, Other, Missing}.
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• Education: Do you have a 4-year college degree? (If you are currently in college,

please answer “No”) Note: this question was asked at the very end of the experi-

mental survey. We combined this variable with age to create dummy variables for

the interactions of being over age 25 (or missing age) and having a 4-year college

degree.

• Political affiliation: In politics today, do you consider yourself a Republican, Demo-

crat, or Independent? (They were also offered options of other, with a fill-in-the-

blank, or prefer not to answer). Note: this question was asked at the very end of the

experimental survey. We control in our main regressions for separate indicators that

participants identified as a Democrat, Republican, Independent, or Other.

Baseline climate worry.

• How worried are you about climate change? A Likert scale from 1 (Not at all wor-

ried) to 7 (Extremely worried). In analysis, we standardize this variable to have

mean zero and standard deviation 1 in the control group.

Baseline desire for climate action.

• How much do you want the federal government to do to slow or stop climate change,

relative to what it’s currently doing? A Likert scale from 1 (Much less) to 7 (Much

more), centered at 4 (The same as it’s currently doing). In analysis, we standardize

this variable to have mean zero and standard deviation 1 in the control group.

Baseline external political efficacy.

• Participants’ agreement with the following statements from 1 (Strongly disagree) to

7 (Strongly agree):

1. People like me don’t have any say about what the federal government does

about issues like climate change;
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2. Fossil fuel companies and their lobbyists have more power than citizens in

determining what the US government does about climate change;

3. When groups of citizens push for policy on issues like climate change, the US

government government responds to their demands.

We standardize these variables to have mean zero and standard deviation one in the

control group and construct an index as the sum of these standardized variables,

flipping the sign of agreement with the first and second statements as those indicate

negative efficacy. We then standardize this sum to have mean zero and standard

deviation one in the control group.

Baseline political engagement.

• We elicit participants’ baseline political engagement with the following framing:

“Some people get directly involved in social and political issues, while others don’t

have the time or interest. In the last two years, have you engaged in any of the

following forms of civic engagement? (In other words, since October 2020). Please

select all that apply:

– Contacted an elected representative about a social or political issue

– Donated money to an organization working on a social or political issue

– Canvassed door-to-door about a political or social issue

– Signed a petition about a political or social issue

– Phone-banked for a political or social issue”

We create an index for political engagement by standardizing indicators for each of

the above to have mean zero and standard deviation one in the main sample, adding

these together, and then standardizing the sum to have mean zero and standard de-
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viation one in the control group. Note: this question was asked as the first question

in the experimental survey, not in the initial screening survey.

Appendix Figures C.4 through C.15 show the robustness of our main results to our choice

of control variables.
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