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1 Introduction

Support for redistributive policies depends on how individuals weigh fairness considerations
against e!ciency costs (e.g., Alesina and Angeletos, 2005; Bénabou and Tirole, 2006). A
large body of research shows that, in representative US samples, individuals prefer re-
distributing income when inequality stems from luck rather than e"ort and show little
sensitivity to e!ciency costs (Almås et al., 2020). However, policy outcomes are shaped
by more than the preferences of the median voter. Theories of “elite control” in polit-
ical science argue that elites—individuals with substantial economic, political, or social
capital—largely determine which policies get implemented.1 Consistent with these theo-
ries, empirical evidence finds that elites exert a disproportionate influence on policymaking,
while the median voter has little or no influence.2 For example, in a seminal paper, Gilens
and Page (2014) show that the likelihood of a policy being implemented in the US is
strongly related to the support of the policy by business groups and the richest ten percent
of the population and uncorrelated with the preferences of the average American.3

Given elites’ outsized political and economic influence, measuring their fairness atti-
tudes and e!ciency concerns is crucial for understanding redistributive policies and income
inequality trends. Unfortunately, there has been relatively little work estimating these pref-
erences, partly due to the di!culty of reaching elites. This paper overcomes this challenge
by eliciting incentivized redistribution choices from two cohorts of Cornell MBA students—
a future business and political elite. Students in our sample are projected to be among the
top one percent of earners. Moreover, alumni of the program include multiple individuals
in positions of power, including CEOs of Fortune 500 companies, US representatives, board
members, and founders of companies.

To provide empirical evidence on the redistributive preferences of MBA students, we
1See, among others, Mills (1959), Burch (1980), Ferguson (1995), Winters and Page (2009), Winters

(2011), Beard (2012), Domho! (2013), and Domho! (2017).
2For evidence in the US, see Hacker and Pierson (2010), Gilens (2012), Rigby and Wright (2013), Gilens

and Page (2014), Bartels (2016), Page and Gilens (2017), Hertel-Fernandez (2019), and Page et al. (2019).
Evidence on the influence of elites on policymaking from other countries is mixed. Single-country studies
from Germany, Norway, and the Netherlands support the hypothesis of elites exerting a disproportionate
influence on policymaking (Elsässer et al., 2021; Schakel, 2021; Mathisen, 2023). However, in cross-country
regressions, the preferences of low-income individuals are more predictive of redistribution than those of
high-income individuals (Maréchal et al., 2025).

3Related research has documented di!erent channels through which elites impact policy implementation.
These channels include networking with policymakers (Page et al., 2013), political donations (Kalla and
Broockman, 2016; Hertel-Fernandez et al., 2018), lobbying (Drutman, 2015), and direct participation in
policy-making bodies (Carnes, 2018; Eggers and Kla"nja, 2018).
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follow the impartial spectator experimental paradigm (Cappelen et al., 2013). The exper-
imental design involves “workers” and “impartial spectators” across three stages: produc-
tion, earnings, and redistribution. In the production stage, workers—recruited through
an online labor market platform—engage in a real-e"ort task. In the earnings stage, we
randomly paired workers and determined their earnings based on a winner-takes-all pay-
ment scheme. We determined the winner of each pair based on either task performance or
random chance. Thus, earnings inequality was either due to merit or luck. In the redis-
tribution stage, impartial spectators (MBA students) choose the final earnings allocations
for worker pairs. Since spectators redistribute earnings between others rather than them-
selves, their choices reflect pure fairness motives uncontaminated by self-interest. Each
worker pair di"ers on the source of inequality (merit vs. luck) and the cost of redistribut-
ing earnings (no cost vs. costly redistribution). Using these redistributive decisions, we
classify spectators according to established fairness ideals in the literature and compare
the distribution of fairness views among MBA students to that of the general population.

We report four main findings. First, MBA students implement earnings distributions
that are more unequal than those of the average American. When worker earnings are
determined by luck, MBA students implement a Gini coe!cient of 0.43. This level of
inequality is substantially higher than that estimated with the same methodology in rep-
resentative US samples, which is on the order of 0.36 (Almås et al., 2020). The di"erence
between the inequality implemented by MBA students and the average American repre-
sents approximately 35 percent of the di"erence in inequality implemented by individuals
in the US and Scandinavia.

Second, MBA students’ redistributive decisions react strongly to the source of inequal-
ity. When worker earnings are assigned based on task performance, MBA students im-
plement earnings distributions with a Gini coe!cient that is, on average, about 0.18 Gini
points higher than the Gini implemented when worker earnings are assigned at random.
This “source-of-inequality” e"ect is of a similar magnitude to that estimated in US samples,
which is on the order of 0.20 (Almås et al., 2020).

Third, MBA students’ redistributive choices are highly responsive to the e!ciency cost
of redistribution. When worker earnings are randomly assigned, introducing an e!ciency
cost of redistribution increases the implemented Gini coe!cient by 0.20 Gini points. This
elasticity of redistribution is an order of magnitude larger than that estimated on US
samples, which typically finds an elasticity close to, and statistically indistinguishable
from, zero (Almås et al., 2020).
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Fourth, MBA students are less likely to be strict meritocrats and libertarians relative to
the general public. In our sample, 9.9 percent of MBA students are classified as egalitarians,
23.2 percent as libertarians, 22.7 percent as meritocrats, and 44.3 percent do not fit any of
these three fairness ideals. The fraction of egalitarians is similar to that estimated in US
samples, while the fractions of meritocrats and libertarians are lower, and the fraction that
cannot be classified into any of the main ideals is much larger (e.g., Almås et al., 2020; Cohn
et al., 2023; Preuss et al., 2025). Using a repeated-measure design, we find that many of
these unclassified spectators display weak meritocratic tendencies—they redistribute more
when inequality stems from luck than from performance, but still allow luck to command
an earnings premium. Analysis of open-ended responses regarding perceived drivers of US
inequality further reveals that these unclassified spectators blend a belief in the value of
hard work with recognition of unequal opportunities.

We conduct a replication study with a di"erent sample of future elites: undergraduate
business students from the same Ivy League University. The results validate our main
findings across all four dimensions: higher baseline inequality, strong sensitivity to merit-
based inequalities, marked responsiveness to e!ciency costs, and distinct distribution of
fairness ideals. The consistency of our findings across both undergraduate and graduate
business populations strengthens the validity of our empirical approach and results.

This paper contributes to the literature that studies the relationship between fairness
views and income redistribution. Substantial empirical evidence indicates the source of
inequality—e"ort versus luck—a"ects individuals’ attitudes toward redistribution.4 More
narrowly, recent work has focused on estimating the distribution of fairness ideals in rep-
resentative samples of the population (Almås et al., 2020; Müller and Renes, 2021; Cohn
et al., 2023; Andre, 2024). Our main contribution is to estimate fairness ideals in a sample
of future elites who will likely influence policymaking. We compare our findings to those
in the existing literature in the main text.

Two papers closely related to ours are Fisman et al. (2015) and Cohn et al. (2023). In
Fisman et al. (2015), Yale Law School (YLS) students allocate resources between them-
selves and others while varying the cost of redistributing resources. The authors find that
YLS students are more e!ciency-focused and selfish than American adults. Like them,

4Empirical work using observational data includes Corneo and Gruner (2000), Fong (2001), Alesina
and La Ferrara (2005), and Reyes and Gasparini (2022). Empirical work using lab experiments includes
Cappelen et al. (2007), Cappelen et al. (2010), Cappelen et al. (2013), Cappelen et al. (2022), Almås
et al. (2010), Almås et al. (2011), Durante et al. (2014), Mollerstrom et al. (2015), Dong et al. (2022),
Bhattacharya and Mollerstrom (2022), Andre (2024), and Preuss et al. (2025).
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we also find that future elites are more e!ciency-seeking than the average American. We
extend their findings by studying choices without selfish motives to isolate fairness pref-
erences. Cohn et al. (2023) use survey data to study the fairness ideals of the richest five
percent of Americans and find that they are more tolerant of inequality than the bottom
95 percent. Our paper complements their work in three main ways. First, we measure
how e!ciency concerns a"ect redistribution. Second, our in-class recruitment procedure
addresses individuals’ self-selection—possibly based on social preferences—into surveys.
Third, while Cohn et al. (2023) focus on high-income individuals, we study future elites,
many of whom do not come from wealthy families.5

Finally, we provide novel evidence on the factors driving earnings inequality in the
labor market. Empirical evidence indicates that firm wage-setting policies contribute sig-
nificantly to the variance in log-earnings (e.g., Card et al., 2018). However, why firms pay
di"erent wages to observationally equivalent workers is not well understood.6 An often
overlooked fact is that firm compensation schemes and wage-setting policies are typically
designed by managers (Acemoglu et al., 2022; He and le Maire, 2022), whose fairness views
may inform their decisions. Our sample of MBA students is ideally suited to study manage-
rial attitudes toward fair compensation, as many of them will become business managers.7

We find substantial variation in implemented earnings inequality across MBA students,
highlighting a novel explanation for firm-level earnings inequality.

2 Experimental Design

We follow the standard impartial-spectator paradigm (Cappelen et al., 2013; Almås et al.,
2020). The experiment has two types of participants—workers and impartial spectators—
and is divided into three stages: a production stage, an earnings stage, and a redistribution
stage (Appendix Figure A2 shows the flow of the experiment).

5These two are linked, yet income is only one of many markers of “eliteness.” Other dimensions, like
education, are as important or even more (Mathisen, 2023).

6Recent work studying firm wage-setting includes Hall and Krueger (2012), Caldwell and Harmon
(2019), Dube et al. (2020), Hjort et al. (2020), Derenoncourt et al. (2021), Lachowska et al. (2022), Cullen
et al. (2022), Hazell et al. (2022), and Reyes (2025).

7In our sample, over 90 percent of students report aspiring to become a manager responsible for over-
seeing employees in the future.
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2.1 Stages of the Experiment

In the production stage, workers have five minutes to complete a real-e"ort encryption task
(Appendix Figure A1 shows an example). Workers are informed that completing more
encryptions increases their chances of earning a bonus, but do not know how final earnings
are determined. In the earnings stage, workers are randomly paired and the winner of each
pair is determined based on either the number of encryptions completed in the production
stage (“performance”) or a coin flip (“luck”). Winners are initially allocated earnings of
$6, and losers are allocated $0. Workers never learn these pre-redistribution earnings.

In the redistribution stage, impartial spectators choose the final earnings allocation
for three worker pairs. Each pair di"ers in how the winner was determined and whether
there is a cost to redistribute earnings, as described below. Spectators can redistribute
amounts ranging from $0 to $6 in $0.50 increments. We present each decision as an
adjustment schedule. We incentivize spectators by randomly selecting one of their decisions
for implementation.8

After the redistribution decisions, spectators complete an exit survey. This survey con-
tains questions about demographics, socioeconomic background, career aspirations, social
views, and an attention check. One MBA cohort also answered an open-ended question
about what they believe are the main drivers of income inequality in the US.

2.2 Treatment Conditions

We study three environments, presented to spectators in a randomized order (see Appendix
Figure A3 for screenshots of each treatment). In the luck treatment, the winner of the
worker pair was determined by a coin flip. In the performance treatment, the winner of the
worker pair is the worker who completed more encryptions. In the e!ciency cost treatment,
the winner was determined by a coin flip and redistribution incurs an “adjustment cost”
that reduces the total earnings available to participants. For every $1.00 reduction in the
winner’s earnings, the loser’s earnings increase by only $0.50, resulting in a net loss of total
income.

8To mitigate the impact of anchoring e!ects on redistribution decisions, we communicated to the
spectators that the workers were not informed about whether they won or lost their match or the exact
amount they would earn in each scenario, but would only be told their final earnings.
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3 Data and Empirical Design

3.1 Participants and Recruitment

Workers. We recruited 800 US-based individuals on Prolific to work on the encryption
task. Workers were paid a fixed participation fee of $2 upon task completion and received
an additional payment of up to $6 based on the decision of a randomly chosen spectator
(Appendix B.1 shows more information on the worker sample).

Spectators. Our sample consists of 271 MBA students from two consecutive cohorts
(2023 and 2024). The redistributive decisions were made in-person during mandatory
first-year classes as part of a classroom experiment. Table 1 presents summary statistics
of the sample. Most MBA students are aged 24-31 (83 percent), male (55 percent), and
US-born (56 percent). MBA students strongly prefer private sector careers (84 percent)
and managerial roles (91 percent), with most planning to work in the US after graduation
(94 percent). The majority voted in recent elections (69 percent) and believe hard work
leads to a better life (81 percent).

To benchmark our results, we compare the distributive choices of MBA students with
data from three studies of the US general population that use the same methodology when
estimating the distribution of fairness ideals: Almås et al. (2020), Cohn et al. (2023), and
the Survey of Consumer Expectations (SCE), initially collected by Preuss et al. (2025).
For each study, we compare our results using the same outcome measures they report—
Gini coe!cients for Almås et al. (2020) and share of earnings redistributed for Cohn et al.
(2023) and Preuss et al. (2025).9

3.2 Regression Model

We estimate linear models of the form:

Giniip = ω0 + ω1Performancep + ω2E!ciencyCostp + εip, (1)

where Giniip is the Gini coe!cient of the final earnings allocation in worker pair p imple-
mented by spectator i, Performancep and E!ciencyCostp are indicators that equal one if

9These latter two papers do not include an e#ciency cost condition, which a!ects the total amount of
income that can be redistributed. When comparing our findings to them, we compute the share of earnings
redistributed net of e#ciency costs.
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pair p competed in the performance or e!ciency cost treatments and zero otherwise, and
εip is the error term. The omitted category is the luck treatment. Our baseline specification
uses all redistributive decisions. We also present estimates using the first decision of each
spectator, including spectator fixed e"ects, and using fraction of earnings redistributed as
the outcome. We cluster standard errors at the spectator level.

The three parameters of interest are ω0, ω1, and ω2. ω0 measures the average Gini when
worker earnings are randomly assigned and there is no redistribution cost. ω1 measures
the causal impact of assigning worker earnings based on performance (relative to assigning
their earnings at random) on implemented inequality. ω2 measures the elasticity of the Gini
coe!cient with respect to the e!ciency cost of redistribution. Appendix C.3 interprets
these coe!cients through the lens of a potential-outcomes framework.

4 Origin of Income Di!erences and Implemented Inequality

4.1 Regression Estimates

Table 2 presents estimates of equation (1). Columns 1 and 2 pool all redistributive decisions
from spectators. Column 1 includes no further controls; thus, identification is based on
both between- and within-subject variation. Column 2 includes spectator fixed e"ects;
thus, identification relies entirely on within-subject variation. Columns 3 and 4 use only
the first decision of spectators; thus, identification is based on between-subject variation.

Our estimates reveal that both merit-based earnings inequality and e!ciency costs sub-
stantially increase implemented inequality. When worker earnings are randomly assigned,
spectators implement a Gini coe!cient equal to ω̂0 = 0.420 (columns 1 and 2). Assigning
worker earnings based on their performance increases the implemented Gini coe!cient by
about ω̂1 = 0.240 Gini points (p < 0.01), or 57 percent of the luck condition Gini. Similarly,
introducing a cost to redistributing earnings increases the Gini coe!cient by ω̂2 = 0.188
Gini points (p < 0.01), or 44 percent of the luck condition Gini.

The patterns are similar using only the first decision of each spectator, albeit the impact
of the performance condition is slightly smaller and the standard errors larger (columns
3 and 4). For example, in column 3 we estimate that assigning worker earnings based
on performance relative to luck increases the Gini coe!cient by ω̂1 = 0.191 Gini points
(p < 0.01), or 44 percent of the luck condition Gini. Still, given the magnitude of the
standard errors, we cannot reject equality of coe!cients between columns 2 and 3 at the
conventional significance levels.
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The results are robust to several sample restrictions and alternative dependent vari-
ables. Appendix B.3 shows robustness to (i) excluding spectators who failed the attention
check (Appendix Table B2); (ii) excluding spectators who rushed through the experiment
(Appendix Table B3); (iii) excluding spectators who allocated strictly more earnings to the
loser than to the winner (Appendix Table B4); (iv) estimating the regression separately for
each cohort (Appendix Table B5) and (v) using the net-of-e!ciency-cost share of earnings
redistributed as the outcome (Appendix Table B6).

4.2 Are Elite Redistributive Choices Di!erent from the Average American’s?

Our estimates of implemented inequality when earnings are randomly assigned are larger
than those estimated in previous work. In their US-representative sample, Almås et al.
(2020) find that the average Gini coe!cient implemented by spectators is 0.363 (see their
Table 3, column 1). The corresponding estimate among MBA students is 0.432 (see Table
2, column 3). Thus, MBA students implement earnings distributions that, on average, are
about 0.07 Gini points more unequal than those implemented by the average American.
To put this figure in perspective, it is equal to 35 percent of the US-Norway implemented
inequality gap in Almås et al. (2020).

Our estimates of how the source of inequality impacts redistributive choices are similar
in magnitude to those in the literature. Almås et al. (2020) estimate that the performance
condition increases the Gini coe!cient in their US sample by 0.195 Gini points (on a
baseline of 0.363). Our comparable specification yields an increase of 0.183 Gini points (on
a baseline of 0.432, see Table 2, column 3). These source-of-inequality e"ects are similar
in magnitude and statistically indistinguishable at conventional significance levels. Using
a di"erent outcome, Cohn et al. (2023) find that the performance condition decreases the
share of earnings redistributed by 14.4 percentage points (on a baseline of 41.8 percent, see
their Table 2, column 1), while Preuss et al. (2025) estimate a decrease of 20.5 percentage
points (on a baseline of 33.6 percent, see their Table 2, column 1). Our corresponding
estimate is 11.3 percentage points (on a baseline of 32.3 percent, see Appendix Table
B6, column 3). Thus, our e"ects when measuring the share of earnings redistributed are
comparable to those of Cohn et al. (2023), though somewhat smaller than those estimated
by Preuss et al. (2025).

Conversely, our estimate of the elasticity of the Gini with respect to the e!ciency cost
of redistribution is substantially larger than estimates based on the general population.
Almås et al. (2020) estimate that the e!ciency condition increases the Gini coe!cient by
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0.01 Gini points in their US sample (see their Table 3, column 1), a coe!cient that is
statistically indistinguishable from zero. In contrast, our estimate of the corresponding
elasticity in the same specification is 0.195 Gini points (Table 2, column 3).

Taken together, our findings reveal stark di"erences between the redistributive choices
of future elites and the general population. Future elites are more tolerant of inequality
than the average American, as reflected in their implementation of more unequal earnings
distributions. While both elites and the general population show similar sensitivity to
whether inequality stems from luck or e"ort, responding with comparable magnitude to
the source of inequality, they di"er markedly in how they weigh e!ciency considerations.
Unlike the average citizen, elites strongly respond to e!ciency costs, with the e"ect of intro-
ducing redistribution costs being commensurate in magnitude to the source-of-inequality
e"ect.

4.3 Heterogeneity

We find heterogeneity in redistributive behavior across several dimensions of MBA student
characteristics (see Appendix B.4 for details). Males and high socioeconomic status (SES)
students show stronger responses to e!ciency costs compared to females and low SES
students, respectively. Individuals who view success in life as primarily luck-dependent
display less meritocratic behavior, showing smaller di"erences in their redistribution deci-
sions between luck and performance treatments, while those planning to remain in the US
demonstrate greater sensitivity to e!ciency costs. We find no significant heterogeneity in
redistributive choices based on managerial aspirations or political engagement.

5 The Distribution of Fairness Ideals among Future Elites

5.1 Measuring Fairness Ideals

To formalize how spectators make redistribution decisions, we develop a statistical frame-
work that models fairness ideals as mappings from initial earnings distributions to final
allocations (see Appendix C). Following the literature, we focus on three main fairness ide-
als: egalitarian, libertarian, and meritocratic. Egalitarian spectators equalize the workers’
earnings regardless of the role luck played in the income-generating process. Libertar-
ian spectators leave the initial earnings unchanged regardless of the circumstances that
produced earnings di"erences. Meritocratic spectators adjust their redistributive decisions
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based on whether inequality stems from merit or luck: they equalize earnings when inequal-
ity is entirely luck-based (i.e., there is no merit to the earnings allocation), but redistribute
less when inequality reflects performance di"erences.

Measuring these fairness ideals empirically presents a challenge, as reconstructing the
complete mapping from circumstances to choices would require observing an infinite num-
ber of counterfactual decisions. To address this challenge, we need to extrapolate spectator
behavior from a limited set of observed choices. We do this using two complementary
designs. The first approach relies on between-subject comparisons, using only the first
redistributive decision of each spectator and excluding those who saw the e!ciency cost
environment first. This is the standard design used in the literature (e.g., Almås et al.,
2020; Cohn et al., 2023) and allows us to benchmark our results against previous work.
The second approach leverages within-subject variation through multiple measures across
the luck and performance treatments. This novel approach allows us to identify the specific
fairness ideal held by each individual spectator, rather than just aggregate shares. We ex-
tend the standard identification assumptions to accommodate these multiple observations
per spectator (see Appendix C).

Each approach o"ers distinct advantages and limitations. The first-choice design pro-
vides clean comparisons across individuals and avoids biases arising from sequential de-
cisions, but is more vulnerable to measurement error and choice noise. The repeated-
measure design reduces measurement error by incorporating more information about each
spectator’s behavior, but requires assuming that initial choices do not influence subsequent
decisions. We present results using both approaches to establish robustness and facilitate
comparison with existing research.

5.2 Estimates of Fairness Ideals

Table 3 presents estimates of the fraction of egalitarians, libertarians, meritocrats, and
unclassified individuals using spectators’ first choices. Panel A shows the estimates in our
MBA sample and in representative samples of the US population, taken from Almås et al.
(2020), Cohn et al. (2023), and estimated using the SCE data collected by Preuss et al.
(2025). Figure 1 plots these estimates.

Based on the spectators’ first choices, we estimate that 9.9 percent of MBA students are
egalitarians, 23.2 percent are libertarians, 22.7 percent are meritocrats, and 44.3 percent
adhere to other fairness ideals (Table 3, Panel A). These estimates are similar to those
obtained using the repeated-measure design, which classifies 6.5 percent as egalitarians,
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15.3 percent as libertarians, 28.7 percent as meritocrats, and 49.4 percent as adhering
to other fairness ideals (Appendix Figure A4). The di"erences in the proportions of each
fairness ideal between the two designs are not statistically significant at conventional levels.

The distribution of fairness ideals among MBA students di"ers markedly from that
of the average citizen (Table 3, Panel B). The share of libertarians and meritocrats is
smaller in the MBA population than in US representative samples. For example, Almås
et al. (2020) estimate that 29.4 percent and 37.5 percent of Americans are libertarians
and meritocrats, respectively. These shares are substantially larger than those we estimate
in our sample (23.1 and 22.7 percent, respectively). Perhaps most strikingly, while only
9-17 percent of the general population cannot be classified into one of these three standard
fairness ideals (depending on the study), this “other” category encompasses about 44.3
percent of future elites.

In Table 3 Panel C, we compare the distribution of fairness ideals among MBA students
to that of high-income Americans. Prior work generally finds that high-income Americans
are less frequently classified as egalitarian and more frequently as meritocratic than the
average American, although findings vary considerably across studies. In contrast, we find
that MBA students are less frequently classified as meritocrats than high-income Ameri-
cans. Instead, a larger proportion of these future elites fall outside the three conventional
fairness ideal classifications typically studied in the literature. The subsequent section
examines the behavior of these unclassified spectators.

5.3 Understanding the Fairness Views of Future Elites

What are the characteristics of individuals who do not conform to the standard fairness
ideals? To answer this, we first assess whether unclassified fairness views reflect deliber-
ate choices. Then, we identify systematic patterns in redistribution decisions using the
repeated-measure design and examine the characteristics associated with these patterns.

Are Non-Standard Fairness Views Deliberate or Random? A natural concern is
that spectators classified as “other” might be randomly clicking through the survey rather
than making deliberate choices. Four pieces of evidence argue against this possibility. First,
unclassified spectators spend just as much time making their redistribution decisions as
those who fit standard fairness ideal categories (Appendix Table A3). Second, they pass
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the embedded attention check at the same rate as other spectators.10 Third, the joint
distribution of their redistribution choices across the luck and performance conditions shows
systematic patterns rather than the uniform distribution we would expect from random
clicking (discussed below). Fourth, our replication study with a di"erent future elite—
undergraduate business students—finds similar rates of unclassified spectators (Section 6),
suggesting this group represents meaningful preferences rather than careless responses.

Redistributive Patterns Leading to Unclassified Spectators. To identify system-
atic patterns in choices that lead to unclassified fairness ideals, Table 4 shows the joint
distribution of redistribution choices in the performance and luck conditions. Colored
cells highlight the redistributive choices that lead to the fairness ideals shown in Table 3.
Non-highlighted cells represent combinations that lead to unclassified spectators.

The most common unclassified choice pattern involves spectators redistributing more
in the luck condition than in the performance condition, but not fully equalizing earnings
when inequality stems from luck. Specifically, 11.1 percent of spectators redistribute $2
or $1 in luck and $0 in performance, while 8.4 percent redistribute $2 in luck and $1
in performance. These spectators behave as “weak meritocrats”—in the sense that they
reward e"ort di"erences while also allowing luck to command some premium by not fully
equalizing earnings in the luck condition. Together, these choices account for 19.5 percent
of all spectators (or 39.5 percent of unclassified spectators). For conciseness, we refer to
spectators who implemented any of these choices as “moderates.”

Moderates implement more unequal earnings distributions than meritocrats. On av-
erage, moderates redistribute 18.8 percent of earnings and implement a Gini coe!cient
of 0.624, whereas meritocrats redistribute 30.8 percent of earnings and implement a Gini
coe!cient of 0.383. These behaviors are statistically di"erent at p < 0.01. The key dis-
tinction between moderates and meritocrats is that moderates preserve some inequality
even when it results purely from chance, contradicting the meritocratic principle that only
merit-based di"erences should be rewarded.

Correlates of Fairness Ideals. To identify characteristics associated with being a mod-
erate in relation to other fairness ideals, Appendix Table A4 presents bivariate regressions

10In our data, 6.9 percent of all spectators fail the attention check. A bivariate regression of an indicator
for failing the attention check on the “other ideal” dummy yields a statistically insignificant ω̂ = →0.004
(p-value = 0.88).
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estimates using indicator variables for each fairness ideal as outcomes and individual char-
acteristics as regressors.

Several individual characteristics are related with fairness ideals. Individuals who be-
lieve success in life is mainly due to luck and connections rather than hard work are more
likely to be egalitarians (p < 0.10) and less likely to be moderates (p < 0.05). In contrast,
individuals who believe working long hours is necessary are more likely to be moderates
(p < 0.01). Men are more likely to be libertarians (p < 0.01) and less likely to be mer-
itocrats (p < 0.10). Finally, politically active students, as measured by voting in recent
elections, are more likely to be meritocrats (p < 0.01).

Inequality Narratives. To further understand moderates in relation to other fairness
ideals, we next analyze MBA students’ explanations for inequality in the US. We allowed
individuals to explain their views on the main reasons behind inequality in an unstructured
manner and then classified responses into topics based on keywords.11 We identified seven
topics: (1) educational barriers, (2) unequal opportunities, (3) bias and discrimination,
(4) economic factors, (5) government and politics, historical and culture, and (7) other.
Using these classifications, we compute the fraction of individuals mentioning each topic
separately by fairness ideal. Appendix Table A5 and Appendix Figure A5 presents the
probability distribution of topics calculated separately for each fairness ideal.12

We find systematic di"erences in how di"erent groups explain inequality. Educational
barriers is the most frequently cited factors in explaining inequality. However, the nar-
ratives di"er markedly across fairness ideals: Meritocrats emphasize educational barriers
more frequently (36.1 percent) compared to libertarians (13.3 percent) and moderates (22.2
percent). Moderates are more likely to discuss unequal opportunities and discrimination
(14.8 and 18.5 percent, respectively) compared to other groups. Egalitarians in our sample
did not mention economic factors or government and politics as sources of inequality, but
frequently cite educational barriers and historical-cultural factors (both 25.0 percent). De-
spite these di"erences, certain factors like historical and cultural influences are mentioned
with similar frequency across all groups (ranging from 13.3 percent to 25.0 percent).

11For instance, responses containing terms like “school” or “studying” were categorized under educational
barriers, while mentions of discrimination, race, or gender were classified under bias and discrimination.

12Appendix Figures A6 and A7 present word clouds of the responses separately for each fairness ideal
and topic.
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6 Replication with Elite Undergraduate Business Students

To probe the validity of our results, in Appendix D we conduct a replication analysis using
a sample of undergraduate Cornell business students from the Dyson School of Applied
Economics and Management (henceforth “Dyson students”). This is another sample of fu-
ture elites, but a more homogeneous group in terms of age and country of origin (Appendix
Table D1).

This sample reveals four key findings that are broadly aligned with our main results.
First, Dyson students implement similarly unequal earnings distributions as MBA stu-
dents. When worker earnings are determined by luck, they implement a Gini coe!cient
of 0.41—a level of inequality very similar to MBA students and substantially higher than
representative US samples.

Second, Dyson students show an even stronger response to the source of inequality
than MBA students. When earnings are assigned based on performance rather than luck,
they implement distributions that are 0.31 Gini points more unequal, compared to 0.23 for
MBA students.

Third, Dyson students’ sensitivity to e!ciency costs mirrors that of MBA students.
When redistribution incurs e!ciency costs, they increase the Gini coe!cient by 0.19
points—nearly identical to the 0.18 point increase observed in the MBA sample and sub-
stantially larger than in representative samples.

Fourth, like MBA students, Dyson students are less likely to conform to standard
fairness ideals compared to the general public. However, the distribution of ideals di"ers
somewhat: undergraduate business students show lower rates of egalitarianism (1.9 percent
vs. 9.9 percent for MBA students), similar rates of libertarianism (23.9 percent vs. 23.2
percent), and higher rates of meritocracy (37.6 percent vs. 22.7 percent). Like MBA
students, a substantial fraction of spectators are moderates (24.5 percent vs. 19.5 percent
for MBA students).

7 Conclusion

This paper examines which types of inequalities future elites consider worthy of redistri-
bution and how much importance they assign to e!ciency. We find that MBA students
are more tolerant of inequality and more responsive to e!ciency concerns than the general
population.
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Our results help explain a puzzle in the political economy of inequality: While most
Americans express strong preferences for more equal income distributions (Norton and
Ariely, 2011, 2013), the United States maintains the highest income inequality among
OECD countries (Chancel et al., 2022). Our findings provide a possible explanation
for this apparent disconnect: The individuals with disproportionate influence over pol-
icy decisions—future elites—implement substantially more unequal earnings distributions
than the average American, and thus may oppose the redistributive policies that the ma-
jority of citizens would prefer.

Our results also contribute to understanding cross-country di"erences in the size of the
welfare state. It is well known that the US and Europe have stark di"erences in redistribu-
tive policies (Alesina et al., 2001). While many factors are behind these di"erences (Alesina
and Glaeser, 2004), it is often argued that e!ciency concerns may be a contributing fac-
tor. Yet, previous work has documented that the average American has little regard for
e!ciency concerns, and much less so than individuals in Scandinavia (Almås et al., 2020).
This discrepancy can be reconciled by our evidence: While the average citizen has little re-
gard for e!ciency concerns, future economic and political leaders care substantially about
e!ciency and thus may oppose higher levels of redistribution if they believe redistributive
policies entail high costs.

Our findings open several avenues for future research. While MBA students exhibit
strong e!ciency-seeking preferences, the direction of causality remains unclear—individuals
with such preferences may self-select into business programs, or these programs may shape
their preferences. Moreover, elites are not a homogeneous group; ideological di"erences
exist across Silicon Valley, Wall Street, and Capitol Hill elites (Broockman et al., 2019).
Measuring the fairness and e!ciency preferences of di"erent elite groups and understanding
how these views translate into policy influence is a promising area for future research.
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Figures and Tables

Figure 1: The distribution of fairness ideals among MBA students and the US
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Notes: This figure shows estimates of the fraction of egalitarians, libertarians, and meritocrats in various
studies. All estimates are based on a between-subject design that uses one redistributive choice per
spectator. The fraction of egalitarians is given by the fraction of spectators who equalize earnings among
workers when the winner is determined by performance. The fraction of libertarians is given by the fraction
of spectators who do not redistribute earnings between workers when the earnings are randomly assigned
to workers. The fraction of meritocrats is given by the di!erence between (i) the fraction of spectators
who redistribute more to the winner when worker earnings are assigned based on performed minus (ii) the
fraction of spectators who redistribute more to the winner when worker earnings are randomly assigned.
The remaining spectators are classified as having “other” ideals. Vertical dashed lines represent 95%
confidence intervals calculated using robust standard errors clustered at the spectator level.

We estimate the distribution of fairness ideals in the Preuss et al. (2025) data using only data from
the first decision of spectators in the “lucky outcomes” condition, in which the winner of a worker pair is
determined by a coin flip with some probability and by performance with the remaining probability. We
only keep the subset of decisions where the coin flip determined the outcome with probability one (which
is equivalent to our “luck” condition) or when performance determined the outcome with probability one
(which is equivalent to our “performance” condition.)
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Table 1: Summary statistics of the MBA student sample

Mean SD N
(1) (2) (3)

Panel A. Demographic characteristics

Age ↑23 0.031 0.174 258
Age 24–27 0.380 0.486 258
Age 28–31 0.453 0.499 258
Age ↓32 0.136 0.343 258
Male 0.554 0.498 260
Cohort 2023 0.509 0.501 271
Cohort 2024 0.491 0.501 271
Born in the USA 0.562 0.497 256

Panel B. Financial situation while growing up

Always had enough money for necessities and luxuries 0.198 0.399 258
Always had enough for necessities and occasional luxuries 0.422 0.495 258
Usually had enough for necessities, rarely for luxuries 0.279 0.449 258
Sometimes did not have enough money for necessities 0.081 0.274 258
Frequently did not have enough money for necessities 0.019 0.138 258

Panel C. Employment preferences

Planning on getting a job in the USA 0.941 0.237 253
Working long-hours is sometimes necessary 0.811 0.392 254
Wants career in a non-profit 0.173 0.379 254
Wants to become an entrepreneur 0.484 0.501 254
Wants career in private sector 0.839 0.369 254
Work-life balance is more important than a high salary 0.524 0.500 254
Aspire to be a manager 0.913 0.282 254

Panel D. Voting behavior and social views

Voted in the last elections 0.693 0.462 251
Success is luck and connections 0.362 0.482 254
Hard work brings a better life 0.815 0.389 254

Completed all three redistributive decisions 0.959 0.198 271
Passed attention check 0.933 0.250 254
Minutes spent in survey 4.553 1.398 271

Notes: This table shows summary statistics of MBA students in our sample. All variables are based on
data self-reported by MBA students in the exist survey of the study. Employment preferences and social
views are based on MBA students’ agreement with several statements in a five-point Likert scale grid. For
each statement, we define an indicator variable that equals one if the student selects “strongly agree” or
“agree,” and zero otherwise.
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Table 2: Implemented Gini coe!cient across environments

Dependent variable: Gini coe#cient

All redistributive decisions First decision only

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

Performance condition 0.240→→→ 0.242→→→ 0.191→→→ 0.184→→→

(0.029) (0.035) (0.052) (0.054)
E#ciency condition 0.188→→→ 0.187→→→ 0.206→→→ 0.211→→→

(0.024) (0.029) (0.057) (0.060)
Constant 0.420→→→ 0.420→→→ 0.432→→→ 0.425→→→

(0.024) (0.018) (0.040) (0.071)

Additional controls? No Yes No Yes
N (redistributive decisions) 793 793 271 271
N (individuals) 271 271 271 271

Notes: This table displays estimates of ω0, ω1, and ω2 from equation (1). The omitted treatment is the luck
condition. The outcome is the Gini coe#cient of the final earnings allocation in worker pair p implemented
by spectator i, Giniip. The Gini coe#cient takes a value between zero and one, where zero denotes perfect
equality (both workers have the same post-redistribution earnings) and one denotes perfect inequality (one
worker holds all earnings). We calculate the Gini coe#cient as:

Giniip = |Income Worker 1 → Income Worker 2|
Income Worker 1 + Income Worker 2 .

The specifications in columns 2 and 4 include additional controls. In column 2, we include spectator
fixed e!ects. In column 4, we control for gender, age bins, parental financial situation while growing
up, and a dummy for being born in the US. Heteroskedasticity-robust standard errors clustered at the
spectator level in parentheses. →→→, →→ and → denote significance at the 1%, 5% and 10% levels.
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Table 3: Distribution of fairness ideals: Elites vs. Average citizens

Percentage of...

Egalitarians Libertarians Meritocrats Other ideals
(1) (2) (3) (4)

Panel A. MBA students

MBA students (spectators’ first choices) 9.89 23.16 22.65 44.30
(3.15) (4.35) (5.99) (8.05)

MBA students (repeated-measure design) 6.51 15.33 28.74 49.43
(1.08) (1.58) (1.98) (2.76)

Panel B. Average American

SCE – Average American 8.57 39.77 36.67 14.99
(2.75) (5.25) (6.31) (8.66)

Almås et al. (2020) – Average American 15.32 29.43 37.54 17.72
(1.98) (2.50) (3.43) (4.69)

Cohn et al. (2023) – Average American 17.45 12.80 60.33 9.42
(2.19) (1.89) (3.22) (4.33)

Panel B. High-income samples

SCE – USA income over 100k 3.23 44.44 40.32 12.01
(3.23) (12.05) (13.27) (18.22)

Almås et al. (2020) – USA income over 100k 14.08 22.67 41.92 21.33
(4.16) (4.87) (7.11) (9.57)

Cohn et al. (2023) – USA top 5 percent 8.97 25.15 59.14 6.75
(2.38) (3.33) (4.37) (5.99)

Panel C. Low-income samples

SCE – USA income below 100k 10.81 38.57 35.14 15.48
(3.63) (5.86) (7.32) (10.06)

Almås et al. (2020) – USA income below 100k 15.65 31.40 36.33 16.63
(2.25) (2.89) (3.92) (5.37)

Cohn et al. (2023) – USA bottom 95 percent 17.83 12.06 60.54 9.57
(3.06) (2.75) (4.62) (6.19)

Notes: This table shows estimates of the fraction of egalitarians, libertarians, and meritocrats in various
studies. Estimates in Panels B–D are based on a between-subject design that uses one redistributive choice
per spectator. See Appendix C for the definition and estimation of each fairness ideal.

We estimate the distribution of fairness ideals in the Survey of Consumer Expectations (SCE), collected
by Preuss et al. (2025), using only data from the first decision of spectators in the “lucky outcomes”
condition, in which the winner of a worker pair is determined by a coin flip with some probability and
by performance with the remaining probability. We only keep the subset of decisions where the coin
flip determined the outcome with probability one (which is equivalent to our “luck” condition) or when
performance determined the outcome with probability one (which is equivalent to the “performance”
condition.)

In Panels C and D, we estimate heterogeneity in fairness ideals based on the income of the spectator.
Panel C shows estimates for high-income samples. In Almås et al. (2020) and the SCE data, these are
individuals with a yearly income of over $100,000 per year. In Cohn et al. (2023), these are individuals in
the top 5 percent of the income distribution. Panel D shows estimates for the rest of the individuals.
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Table 4: Joint distribution of redistribution in luck and performance conditions

Earnings Redistributed in Performance Condition
$0 $1 $2 $3 $4 $5 $6

Lu
ck

C
on

di
tio

n $0 0.153 0.031 0.027 0.011 0.000 0.000 0.008
$1 0.034 0.057 0.023 0.008 0.004 0.000 0.000
$2 0.077 0.084 0.080 0.008 0.000 0.000 0.000
$3 0.138 0.069 0.080 0.065 0.000 0.000 0.004
$4 0.000 0.004 0.015 0.004 0.000 0.000 0.000
$5 0.000 0.000 0.000 0.000 0.000 0.000 0.000
$6 0.000 0.000 0.000 0.004 0.004 0.004 0.004

Libertarians
Egalitarians
Meritocrats

Notes: This table shows the joint distribution of redistribution choices across luck and performance con-
ditions, excluding the e#ciency cost treatment. Each cell represents the proportion of spectators who
chose to redistribute $x dollars in the luck condition (rows) and $y dollars in the performance condition
(columns). For example, 15.3 percent of spectators chose to redistribute $0 in both conditions, while 6.5
percent of spectators chose to redistribute $3 (i.e., equalize earnings) in both conditions.

The orange shaded cell indicate spectators classified as egalitarians based on the repeated-measure
design (equal redistribution in both conditions), the green shaded cell indicates spectators classified as
libertarians (no redistribution in either condition), and the blue shaded cells indicate spectators classified as
meritocratic (earnings equalization in the luck condition and more redistribution in luck than performance).
Individuals who made redistribution choices that fall outside the shaded areas are classified as having
“other” fairness ideals.
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Appendix

A Appendix Figures and Tables

Figure A1: Example of the worker encryption task

Q X D A C V U R P W L Y G
754 579 860 708 344 725 950 314 532 595 654 838 327
Z F M N T B K O H S E I J

190 776 627 980 830 803 603 673 536 490 545 445 925

Please translate the following word into code:

RPZ:

Notes: This figure shows an example of an encryption completed by workers. For each three-letter “word,”
workers receive a codebook that maps letters to three-digit numbers. After encrypting one word, a new
word appears along with a new codebook. The words, codes, and the sequence of letters in the codebook
are randomized for each new word. Feedback on the correctness of encryptions is not provided. Workers
have a total of five minutes to complete as many encryptions as possible within this time frame.
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Figure A2: Flow of the experiment

Worker recruitment

800 workers recruited from Prolific

Production stage

Workers complete encryption task (5 minutes)

Earnings stage

Workers paired, winner allocated $6, loser $0

Performance treatment

Winner determined by task performance

Luck treatment

Winner determined by coin flip
E#ciency cost treatment

Redistribution reduces total earnings

Spectator recruitment

271 MBA students from Cornell University

Redistribution stage

Spectators make final earnings allocations

Exit survey

Demographics, SES, career aspirations, social views

Randomized order of
treatment conditions

Worker stage

Treatment conditions

Spectator stage

Note: This figure illustrates the three-stage experimental design. In the production stage, workers complete
an encryption task. In the earnings stage, workers are paired and initial earnings are assigned based on
either performance or luck. In the redistribution stage, MBA student spectators determine final earnings
allocations across three treatment conditions presented in randomized order.
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Figure A3: Screen with redistributive decisions

Panel A. Luck condition

Panel B. Performance condition

Panel C. E!ciency-cost condition

Notes: This figure shows screenshots of the redistribution screen shown to spectators for each worker pair
condition.
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Figure A4: Fairness ideals: between- and within-subject identification
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Notes: This figure shows estimates of the fraction of egalitarians, libertarians, and meritocrats using two
di!erent research designs. See Section C for the definition and estimation of each fairness ideal. Estimates
shown in circles are based on a between-subject design that uses one redistributive choice per spectator.
Estimates shown in diamonds are based on a within-subject design that uses two redistributive choice per
spectator. Vertical dashed lines represent 95% confidence intervals calculated using robust standard errors
clustered at the spectator level.
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Figure A5: Narratives about inequality and fairness ideals
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Notes: This figure shows the distribution of explanations for inequality in the US across di!erent fairness
ideals. Each marker represents the fraction of spectators within a fairness ideal category who mention
a given factor as a source of inequality. Topics were classified based on keyword analysis of open-ended
responses. Educational barriers includes mentions of schooling, education quality, and knowledge. Unequal
opportunities refers to access to jobs and economic mobility. Bias and discrimination includes references to
racism, sexism, and bias. Economic factors encompass wealth, income, and financial barriers. Government
and politics covers government policies and regulations. History and culture refer to broad institutional
and structural barriers.
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Figure A6: Word clouds of inequality explanations by fairness ideal

Panel A. Egalitarians Panel B. Libertarians

Panel C. Meritocrats Panel D. Moderates

Notes: This figure plots word clouds showing the distribution of words used to explain why there is
inequality in the US. The size of each word is proportional to its frequency within each fairness ideal.
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Figure A7: Word clouds of inequality explanations by category

Panel A. Educational
Barriers

Panel B. Unequal
Opportunities

Panel C. Bias &
Discrimination

Panel D. Economic Factors Panel E. Government &
Politics

Panel F. History & Culture

Notes: This figure plots word clouds showing the distribution of words used within each category of reasons
for inequality in the US. The size of each word is proportional to its frequency within each category.
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Table A1: Summary statistics of the sample by first treatment shown

First condition shown

All Luck Performance E#ciency
(1) (2) (3) (4)

Panel A. Demographic characteristics

Age ↑23 0.031 0.043 0.034 0.013
Age 24–27 0.380 0.419 0.315 0.408
Age 28–31 0.453 0.387 0.483 0.500
Age ↓32 0.136 0.151 0.169 0.079
Male 0.554 0.521 0.589 0.553
Born in the USA 0.562 0.606 0.545 0.527

Panel B. Financial situation while growing up

Always had enough money for necessities and luxuries 0.198 0.191 0.169 0.240
Always had enough for necessities and occasional luxuries 0.422 0.447 0.438 0.373
Usually had enough for necessities, rarely for luxuries 0.279 0.277 0.281 0.280
Sometimes did not have enough money for necessities 0.081 0.074 0.090 0.080
Frequently did not have enough money for necessities 0.019 0.011 0.022 0.027

Panel C. Employment preferences

Planning on getting a job in the USA 0.941 0.978 0.899 0.946
Working long-hours is sometimes necessary 0.811 0.806 0.851 0.770
Work-life balance is more important than a high salary 0.524 0.505 0.448 0.635
Wants career in private sector 0.839 0.806 0.851 0.865
Wants career in a non-profit 0.173 0.204 0.138 0.176
Wants to become an entrepreneur 0.484 0.430 0.483 0.554
Aspire to be a manager 0.913 0.903 0.920 0.919

Panel D. Voting behavior and social views

Voted in the last elections 0.693 0.714 0.701 0.658
Success is luck and connections 0.362 0.355 0.414 0.311
Hard work brings a better life 0.815 0.828 0.816 0.797

Passed attention check 0.933 0.968 0.908 0.919
Minutes spent in survey 4.553 4.560 4.640 4.454
Completed all three redistributive decisions 0.959 0.989 0.989 0.894
Number of individuals 271 95 91 85
Number of redistributive decisions 793 284 271 238

F-statistic – 1.042 1.049 1.034
p-value F-statistic – 0.410 0.404 0.417

Notes: This table shows summary statistics of MBA students in our sample. All variables are based on
data self-reported by MBA students in the exist survey of our study. Employment preferences and social
views are based on MBA students’ agreement with several statements in a five-point Likert scale grid. For
each statement, we define an indicator variable that equals one if the student selects “strongly agree” or
“agree,” and zero otherwise.

Column 1 shows the summary statistics for all MBA students in our sample. Columns 2–4 divide the
sample according to the first condition shown to the students. In column 2, the first redistributive decision
was between two worker pairs where earnings were randomly assigned. In column 3, the first redistributive
decision was between two worker pairs where earnings were determined by performance on the encryption
task. In column 3, the first redistributive decision was between two worker pairs where earnings were
randomly assigned and there was an e#ciency cost.
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Table A2: The impact of the order in which spectators saw each condition

Dependent variable: Gini coe#cient

Separately by condition

Luck Performance E#ciency Pooled
(1) (2) (3) (4)

Luck ↔ Screen 2 →0.014 →0.014
(0.059) (0.059)

Luck ↔ Screen 3 →0.022 →0.022
(0.059) (0.060)

Performance ↔ Screen 2 0.028 0.028
(0.050) (0.050)

Performance ↔ Screen 3 0.087→ 0.087→

(0.052) (0.052)
E#ciency ↔ Screen 2 0.017 0.017

(0.057) (0.057)
E#ciency ↔ Screen 3 →0.105→ →0.105→

(0.058) (0.058)
Constant 0.432→→→ 0.623→→→ 0.638→→→ 0.565→→→

(0.040) (0.034) (0.041) (0.022)

N (decisions) 261 263 269 793
N (individuals) 261 263 269 271

Notes: This table displays estimates of order e!ects on the Gini coe#cient. In columns 1–3, we regress
the Gini coe#cient on dummies for seeing a given condition on the second and third screen. The constant
represents the average Gini coe#cient for spectators who saw a given condition on the first screen. In
column 4, we interact all conditions with the order dummies. Heteroskedasticity-robust standard errors
clustered at the spectator level in parentheses. →→→, →→ and → denote significance at the 1%, 5% and 10%
levels.
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Table A3: Time spent on redistribution screens by spectators with unclassified fairness
ideals

Dependent variable: Time spent (seconds)

By redistribution condition

All screens Performance Luck E#ciency
Cost

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

Other ideal 0.382 →1.280 2.311 →2.770
(4.467) (1.983) (1.674) (2.974)

Constant 73.822→→→ 21.266→→→ 19.336→→→ 35.338→→→

(3.489) (1.467) (1.225) (2.104)

N (individuals) 260 263 261 269

Notes: This table presents regression estimates of the relationship between having an unclassified fairness
ideal and time spent on redistribution decision screens. A spectator is considered an “other” ideal if their
redistribution choices do not align with the standard fairness categories of egalitarianism, libertarianism,
or meritocracy. The dependent variable in column 1 is the total time spent across all redistribution screens.
In columns 2 through 4, the dependent variables represent time spent in the performance-based earnings,
luck-based earnings, and e#ciency-cost conditions, respectively. Standard errors clustered at the spectator
level in parentheses. →→→, →→, and → denote significance at the 1%, 5%, and 10% levels.

31



Table A4: Correlates of fairness ideals

Dependent Variable:

Egalitarian Meritocrat Libertarian Moderate
(1) (2) (3) (4)

Male →0.038 →0.102→ 0.146→→→ →0.082
(0.032) (0.057) (0.042) (0.050)

Aged 28 or over 0.009 →0.008 →0.009 0.006
(0.016) (0.026) (0.021) (0.025)

Born USA 0.007 →0.026 0.064 →0.027
(0.031) (0.058) (0.044) (0.051)

Stay USA 0.001 →0.260→ 0.080 0.002
(0.067) (0.133) (0.069) (0.107)

Always enough money →0.009 →0.015 0.030 0.055
(0.032) (0.058) (0.045) (0.050)

Voted last elections 0.041 0.159→→→ 0.007 →0.044
(0.030) (0.056) (0.048) (0.057)

Success luck network 0.065→ →0.048 0.015 →0.109→→

(0.036) (0.059) (0.048) (0.047)
Hard work better life 0.030 →0.034 0.032 0.075

(0.035) (0.075) (0.055) (0.056)
Long hours necessary 0.031 →0.103 →0.042 0.130→→→

(0.034) (0.077) (0.062) (0.049)
Work→life balance 0.033 →0.043 →0.038 0.093→

(0.031) (0.057) (0.046) (0.049)
Career in priv. sector →0.037 0.086 0.067 →0.095

(0.049) (0.072) (0.053) (0.074)
Career in a non→profit 0.056 →0.023 →0.021 0.019

(0.051) (0.074) (0.058) (0.067)
Wants entrepreneur 0.044 →0.029 0.049 →0.020

(0.032) (0.057) (0.046) (0.049)
Wants manager →0.026 →0.079 0.019 0.008

(0.064) (0.107) (0.077) (0.087)

Mean Dep. Var. 0.063 0.277 0.181 0.188
N (Spectators) 271 271 271 271

Notes: This table shows estimates of the correlates of having a given fairness ideal. The regression equation
is:

Yi = ε + ϑXi + ϖip,

where Yi is a fairness ideal and Xi is an individual-level characteristic.
Each column shows the result for a di!erent dependent variable. In column 1, the outcome equals one if

the student divides earnings equally in the luck and performance environments. In column 2, the outcome
equals one if the student does not redistribute earnings in either the luck or the performance environments.
In column 3, the outcome equals one if the student equalizes earnings in the luck environment but gives
strictly more to the winner in the performance environment. In column 4, the outcome equals one if the
student is classified as a moderate (as defined in Section 5.3).

Heteroskedasticity-robust standard errors clustered at the spectator level in parentheses. →→→, →→ and
→ denote significance at the 1%, 5% and 10% levels.
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B Empirical Appendix

B.1 Worker Sample

This appendix provides details on the characteristics and task performance of the worker
sample.

Appendix Table B1 provides summary statistics on workers. The sample is diverse in
terms of age, gender, and racial background. The average worker is approximately 40 years
old, with a standard deviation of 13.8 years. About 49 percent of workers are male, and
95 percent were born in the United States. The majority identify as White (70 percent),
followed by Black (12 percent), Asian (9 percent), and individuals of mixed or other racial
backgrounds. Nearly all workers reside in the United States and report English as their
primary language. Workers in our sample exhibit a range of employment situations. About
50 percent report working full-time, while 16 percent work part-time, and 11 percent are
unemployed.

Appendix Figure B1 shows the distribution of encryption task performance. Workers
completed an average of 19.67 encryptions, with a standard deviation of 5.91. The average
number of encryption attempts was 20.92. The distribution is approximately normal, with
most workers completing between 10 and 30 encryptions.
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Table B1: Summary statistics of the worker sample

Mean SD N
(1) (2) (3)

Panel A. Demographic characteristics

Age 40.403 13.829 863
Male 0.487 0.500 871
White 0.697 0.460 855
Black 0.116 0.320 855
Asian 0.090 0.286 855
Mixed race 0.065 0.248 855
Other race 0.032 0.175 855
Born in the USA 0.945 0.229 869
Lives in the USA 1.000 0.000 880
Language is English 0.947 0.223 875

Panel B. Employment status

Is a student 0.136 0.343 589
Works full-time 0.503 0.501 475
Works part-time 0.162 0.369 475
Unemployed 0.112 0.315 475

Panel C. Performance on the encryption task

Tasks completed 19.670 5.910 880
Tasks attempted 20.919 5.821 880

Notes: This table shows summary statistics of our worker sample. Variables in Panels A and B are based
on data provided by Prolific. Variables in Panels C are based on worker performance on the encryption
task.
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Figure B1: Distribution of tasks completed in the worker task
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Notes: This figure shows the distribution of the total number of correct three-word encryptions completed
by workers. The mean number of encryptions completed is 19.6 and the standard deviation is 5.8.
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B.2 Descriptive Evidence

This appendix presents descriptive evidence on the inequality implemented by spectators
and their redistribution choices across experimental conditions.

Appendix Figure B2 shows a histogram of the implemented Gini coe!cients (Panel
A) and amount of earnings redistributed (Panel B). There is substantial dispersion in the
level of implemented inequality by spectators. On average across worker pairs, spectators
implemented a Gini coe!cient of 0.56 and redistributed $1.30 of the winner’s earnings
to the loser. The two modal Gini coe!cients are one (perfect inequality, 34.8 percent of
worker pairs) and zero (perfect equality, 22.2 percent).

Appendix Figure B3 presents the average Gini coe!cient (Panel A) and the share of
earnings redistributed (Panel B) across di"erent experimental conditions. Panel A shows
that the level of inequality implemented by spectators varies significantly by condition. In
the luck treatment, where earnings are randomly assigned, the average Gini coe!cient is
0.43. In contrast, inequality is substantially higher in the performance and in the e!ciency
cost conditions. The e!ciency cost condition generates the highest inequality, with an aver-
age Gini coe!cient of 0.63. Panel B illustrates the fraction of earnings redistributed across
conditions. Spectators redistribute the highest share of earnings in the luck condition,
while redistribution decreases sharply in the performance and e!ciency cost treatments.
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Figure B2: Histogram of the Gini coe!cient and earnings redistributed
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Panel B. Earnings redistributed
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Notes: This figure shows a histogram of the implemented Gini coe#cients (Panel A) and amount of earnings
redistributed (Panel B). To produce this figure, we use data on all spectator redistributive decisions.

Figure B3: Average Gini and earnings redistributed by condition
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Panel B. Earnings redistributed
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Notes: This figure shows the average implemented Gini coe#cients (Panel A) and amount of earnings
redistributed (Panel B) across each condition. To produce this figure, we only use the first redistributive
decision of each spectator.
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B.3 Robustness Checks

This appendix presents several robustness checks of our main results. We examine the
sensitivity of our findings to di"erent sample restrictions and alternative outcome measures.
All robustness checks follow the specification in equation (1) and present results using both
within-subject and between-subject variation.

First, we verify that our results are not driven by inattentive participants. Appendix
Table B2 reproduces our main analysis excluding spectators who failed an embedded at-
tention check in our survey. The attention check asked participants to select a specific
response option within a matrix of survey questions. The estimates remain virtually un-
changed after excluding inattentive respondents, suggesting that our findings are not driven
by participants who may have responded carelessly.

Second, we examine whether our results are a"ected by participants who may have
rushed through the experiment without careful consideration of their choices. Appendix
Table B3 presents estimates excluding spectators who completed the survey in less than
2.18 minutes, corresponding to the bottom five percent of the completion time distribu-
tion. The magnitude and statistical significance of our main e"ects remain stable in this
restricted sample.

Third, we assess the robustness of our findings to potentially inconsistent response
patterns. Appendix Table B4 shows results after excluding spectators who allocated strictly
more earnings to the loser than to the winner in at least one worker pair—a pattern
that could indicate confusion about the task. Our main conclusions about the source-of-
inequality e"ect and e!ciency concerns remain unchanged in this restricted sample.

Fourth, we examine whether our results di"er systematically across the two MBA co-
horts in our sample. Appendix Table B5 presents estimates from equation (1) estimated
separately for MBA students from the 2023 and 2024 cohorts. The e"ect of the perfor-
mance condition is remarkably stable across cohorts, ranging from 0.235 to 0.245 in the
within-subject specifications without controls. Similarly, the e!ciency condition e"ects are
consistent across cohorts, with estimates of 0.182 and 0.195 for the 2023 and 2024 cohorts
respectively. The baseline levels of inequality, captured by the constants, are also similar
across cohorts (0.419 and 0.421).

Finally, we verify that our results are not sensitive to our choice of dependent variable.
Appendix Table B6 presents estimates using the net-of-e!ciency-cost share of earnings
redistributed as the outcome variable instead of the Gini coe!cient. This alternative
specification directly measures redistribution behavior while accounting for e!ciency costs.
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The results remain qualitatively similar, confirming that our findings about how MBA
students respond to performance di"erences and e!ciency costs are robust to di"erent
ways of measuring redistributive choices.

Across all these robustness checks, the key patterns in our data—MBA students’ greater
tolerance for inequality, similar sensitivity to the source of inequality as the general popu-
lation, and stronger response to e!ciency costs—remain stable and statistically significant.

Table B2: Robustness check of main e"ects to excluding inattentive spectators

Dependent variable: Gini coe#cient

All redistributive decisions First decision only

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

Performance condition 0.242→→→ 0.242→→→ 0.186→→→ 0.186→→→

(0.030) (0.036) (0.054) (0.057)
E#ciency condition 0.186→→→ 0.186→→→ 0.194→→→ 0.202→→→

(0.025) (0.030) (0.062) (0.063)
Constant 0.415→→→ 0.415→→→ 0.430→→→ 0.437→→→

(0.026) (0.019) (0.040) (0.073)

Additional controls? No Yes No Yes
N (redistributive decisions) 711 711 237 237
N (individuals) 237 237 237 237

Notes: This table displays is analogous to Table 2, but excludes students who failed the attention check.
See notes to Table 2 for details. →→→, →→ and → denote significance at the 1%, 5% and 10% levels.
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Table B3: Robustness check of main e"ects to excluding spectators who rushed through
the experiment

Dependent variable: Gini coe#cient

All redistributive decisions First decision only

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

Performance condition 0.249→→→ 0.248→→→ 0.206→→→ 0.202→→→

(0.029) (0.036) (0.053) (0.055)
E#ciency condition 0.181→→→ 0.180→→→ 0.186→→→ 0.194→→→

(0.024) (0.030) (0.059) (0.061)
Constant 0.421→→→ 0.421→→→ 0.430→→→ 0.430→→→

(0.025) (0.019) (0.040) (0.073)

Additional controls? No Yes No Yes
N (redistributive decisions) 762 762 257 257
N (individuals) 257 257 257 257

Notes: This table displays is analogous to Table 2, but excludes students who completed the suvey in less
than 2.18 minutes (corresponding to the bottom five percent of the total completion time distribution).
See notes to Table 2 for details. →→→, →→ and → denote significance at the 1%, 5% and 10% levels.

Table B4: Robustness check of main e"ects to excluding spectators who allocated strictly
more earnings to the loser

Dependent variable: Gini coe#cient

All redistributive decisions First decision only

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

Performance condition 0.249→→→ 0.248→→→ 0.206→→→ 0.202→→→

(0.029) (0.036) (0.053) (0.055)
E#ciency condition 0.181→→→ 0.180→→→ 0.186→→→ 0.194→→→

(0.024) (0.030) (0.059) (0.061)
Constant 0.421→→→ 0.421→→→ 0.430→→→ 0.430→→→

(0.025) (0.019) (0.040) (0.073)

Additional controls? No Yes No Yes
N (redistributive decisions) 762 762 257 257
N (individuals) 257 257 257 257

Notes: This table displays is analogous to Table 2, but excludes students who allocated strictly more
earnings to the loser than to the winner in at least one worker pair. See notes to Table 2 for details. →→→,
→→ and → denote significance at the 1%, 5% and 10% levels.
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Table B5: Robustness check of main e"ects to estimating the regression separately for
each cohort

Dependent variable: Gini coe#cient

All redistributive decisions First decision only

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

Panel A. 2023 Cohort

Performance condition 0.235→→→ 0.234→→→ 0.180→→ 0.140→

(0.042) (0.052) (0.075) (0.079)
E#ciency condition 0.182→→→ 0.184→→→ 0.195→→ 0.187→→

(0.034) (0.042) (0.078) (0.086)
Constant 0.419→→→ 0.419→→→ 0.438→→→ 0.439→→→

(0.035) (0.027) (0.053) (0.114)

Additional controls? No Yes No Yes
N (redistributive decisions) 403 403 138 138
N (individuals) 138 138 138 138

Panel B. 2024 Cohort

Performance condition 0.245→→→ 0.251→→→ 0.202→→→ 0.218→→→

(0.039) (0.048) (0.075) (0.078)
E#ciency condition 0.195→→→ 0.191→→→ 0.220→→→ 0.246→→→

(0.034) (0.041) (0.084) (0.088)
Constant 0.421→→→ 0.421→→→ 0.424→→→ 0.422→→→

(0.035) (0.025) (0.060) (0.095)

Additional controls? No Yes No Yes
N (redistributive decisions) 390 390 133 133
N (individuals) 133 133 133 133

Notes: This table displays is analogous to Table 2, but estimated separately for MBA students of the
2023 cohort (Panel A) and 2024 cohort (Panel B). See notes to Table 2 for details. →→→, →→ and → denote
significance at the 1%, 5% and 10% levels.
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Table B6: Robustness check of main e"ects to using the share of earnings redistributed as
the outcome

Dependent variable: Share of earnings redistributed

All redistributive decisions First decision only

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

Performance condition →0.123→→→ →0.124→→→ →0.116→→→ →0.121→→→

(0.016) (0.019) (0.031) (0.031)
E#ciency condition →0.103→→→ →0.106→→→ →0.125→→→ →0.145→→→

(0.014) (0.017) (0.033) (0.033)
Constant 0.313→→→ 0.314→→→ 0.323→→→ 0.305→→→

(0.014) (0.010) (0.024) (0.037)

Additional controls? No Yes No Yes
N (redistributive decisions) 793 793 271 271
N (individuals) 271 271 271 271

Notes: This table displays is analogous to Table 2, but the dependent variables is the net-of-e#ciency-cost
share of earnings redistributed. See notes to Table 2 for details. →→→, →→ and → denote significance at the
1%, 5% and 10% levels.
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B.4 Heterogeneity

This appendix examines heterogeneity in the source-of-inequality e"ect and the elasticity
of redistribution with respect to an e!ciency cost based on the characteristics of MBA
students. Informed by existing literature, we focus on six dimensions of heterogeneity.

Gender. Existing research documents gender di"erences in redistributive preferences
(Almås et al., 2020; Cohn et al., 2023; Preuss et al., 2025). We define an indicator that
equals one if the individual is a male.

Household socioeconomic status while growing up. Previous work has shown that expe-
riencing inequality while growing up can a"ect redistribution (Roth and Wohlfart, 2018).
We define an indicator that equals one if the individual describes the financial situation
of their family while growing up as “very comfortable” (always had enough money for
necessities and luxuries) or “comfortable” (always had enough money for necessities and
occasional luxuries).

Beliefs about the role of luck in determining success. Previous work indicates many
individuals accept income disparities when they are a consequence of e"ort di"erences
but choose to reduce income di"erences that are due to circumstances beyond individuals’
control, such as luck (Alesina et al., 2012; Cappelen et al., 2007, 2013). We define an
indicator that equals one if an individual agrees with the statement, “Hard work doesn’t
generally bring success—it’s more a matter of luck and connections.”

Managerial aspirations. Firm wage-setting policies are an important determinant of
overall earnings inequality (Card et al., 2018). Alumni from the MBA program that we
study often become managers and directly a"ect the earnings of their employees by setting
their wages. We define an indicator that equals one if an individual agrees with the
statement “I aspire to be a manager responsible for overseeing other employees in the
future.”

Political engagement. We may expect elites to exert influence in US policy outcomes
insofar they are politically engaged. We measure political engagement using an indicator
for planning to stay in the US after graduating and an indicator for voting in the last
elections.

To measure the heterogeneous e"ect based on a covariate Xi, we estimate a specification
of equation (1) where we control for the covariate Xi and the interaction between the
covariate Xi and the treatment dummies. Specifically, our regression specification is

Giniip = ω0 + ω1Performancep + ω2E!ciencyp + (ω̃0 + ω̃1Performancep + ω̃2E!ciencyp)Xi + µip,
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where all variables are defined as in equation (1) and Xi is the dimension of heterogeneity
of interest. We estimate the parameters using the between-subject design (as in Table 2,
column 3). Appendix Table B7 presents the results. Each column shows estimates based
on a di"erent heterogeneity variable.

We find substantial variation in how student characteristics shape responses to the
source of inequality and e!ciency costs. Males and females show similar reactions to
performance-based inequality, though males exhibit a stronger response to e!ciency con-
ditions. While high and low SES students respond similarly to the source of inequality,
high SES students show stronger reactions to e!ciency costs. Students who believe suc-
cess depends primarily on luck show a weaker response to the performance condition and
somewhat muted reactions to e!ciency costs. Those planning to stay in the US respond
particularly strongly to e!ciency costs. We find no significant variation in redistributive
preferences based on managerial aspirations or political engagement.
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Table B7: The heterogeneous impact of each treatment on the Gini coe!cient

Heterogeneity variable:

High Success Aspires Stay in Voted in
Male SES is luck manager US elections

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

Heterogeneity var. 0.035 →0.117 0.137 0.144 0.087→→ →0.046
(0.079) (0.085) (0.088) (0.107) (0.041) (0.084)

Performance condition 0.223→→→ 0.148→ 0.276→→→ 0.180 0.296→→→ 0.128
(0.075) (0.088) (0.062) (0.151) (0.083) (0.092)

E#ciency condition 0.092 0.026 0.268→→→ 0.370→ →0.167→→ 0.238→→

(0.089) (0.103) (0.071) (0.218) (0.084) (0.097)
Performance condition

↔ heterog. var.
→0.036 0.093 →0.217→ 0.013 →0.092 0.107
(0.105) (0.109) (0.114) (0.162) (0.100) (0.113)

E#ciency condition
↔ heterog. var.

0.211→ 0.285→→ →0.196 →0.187 0.407→→→ →0.054
(0.117) (0.125) (0.130) (0.227) (0.104) (0.122)

Mean heterog. var. 0.554 0.620 0.362 0.913 0.941 0.693
N (individuals) 260 258 254 254 253 251
N (decisions) 260 258 254 254 253 251

Notes: This table reports estimates of the heterogeneous impact of each condition on the Gini coe#cient
using only the first redistributive choice of each MBA student. We estimate an augmented version of equa-
tion (1) that adds the interaction between a given covariate Xi with all treatment dummies. Specifically,
the regression equation is:

Giniip = ω0 + ω1Performancep + ω2E#ciency
p

+ (ω̃0 + ω̃1Performancep + ω̃2E#ciency
p
)Xi + µip.

Each column shows the result for a di!erent covariate Xi. In column 1, Xi equals one if the student is
a male and zero otherwise. In column 2, Xi equals one if the student reports that the financial situation
of their family while growing up was “very comfortable” (always had enough money for necessities and
luxuries) or “comfortable” (always had enough money for necessities and occasional luxuries), and takes
the value zero otherwise. In column 3, Xi equals one if the student agrees with the statement, “Hard work
doesn’t generally bring success—it’s more a matter of luck and connections,” and takes the value zero
otherwise. In column 4, Xi equals one if the student agrees with the statement “I aspire to be a manager
responsible for overseeing other employees in the future” and takes the value zero otherwise. In column 5,
Xi equals one if the student plans to get a job in the US after graduating from the MBA program and zero
otherwise. In column 6, Xi equals one if the student voted in the last elections where they were eligible
to vote and zero otherwise.

Heteroskedasticity-robust standard errors clustered at the spectator level in parentheses. →→→, →→ and
→ denote significance at the 1%, 5% and 10% levels.
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C Empirical Framework

This appendix presents a statistical framework of income redistribution that closely follows
our experimental setup. We use the framework to define the di"erent types of fairness ideals
and the identification assumptions.

C.1 Defining Fairness Ideals

We begin by formalizing how spectators make redistribution decisions based on their fair-
ness ideals. Consider a spectator who observes the initial earnings distribution (wH , wL) ↗
IR+ ↔ IR+ of two workers who competed for a fixed prize, where wH > wL represents the
earnings of the worker who won the competition (the “high-earnings” worker) and wL the
earnings of the worker who lost (the “low-earnings” worker).

We study an environment in which worker earnings are allocated based on some com-
bination of performance and luck. Let zp ↗ [0, 1] denote the probability that the outcomes
of a worker pair p were determined by chance. zp can be interpreted as the role that luck
plays in determining income inequality. When zp = 0, the initial earnings are determined
by workers’ performance. The worker with a better performance earns wH , and the other
worker earns wL; thus, inequality is due to di"erences in performance. When zp = 1,
earnings are randomly assigned to workers, and therefore inequality is entirely due to luck.
Spectators observe wH , wL, and zp but do not observe worker performance.

Let Yip be the earnings redistributed from the high- to the low-earnings worker in
worker pair p by spectator i. Since the amount of earnings redistributed determines the
level of inequality in the final earnings, Yip can also be interpreted as the level of inequality
implemented by spectator i. We assume that a spectator’s choice of how much earnings
to redistribute, Yip, is guided by their fairness ideal, that is, their preferences for what
constitutes a fair earnings allocation given the role played by luck in determining worker
earnings, zp. We model fairness ideals as a mapping from initial distributions to final
earnings distribution. Following the literature, we focus on three main types of fairness
ideals:

Definition 1 (Fairness ideals).

• Spectator i is an egalitarian if Yip(zp) = wH+wL

2 for all zp.

• Spectator i is a libertarian if Yip(zp) = 0 for all zp.
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• Spectator i is a meritocrat if Yip(zp) is strictly increasing in zp and Yip(1) = wH+wL

2 .

Egalitarian spectators equalize the workers’ earnings regardless of the role luck played in
the income-generating process. Libertarian spectators leave the initial earnings unchanged
regardless of the circumstances that produced earnings di"erences. Meritocratic spectators
condition their redistributive decisions based on the source of inequality. Specifically, as the
role of chance in determining earnings zp increases, they redistribute more earnings and,
when inequality is entirely luck-based (i.e., there is no merit to the earnings allocation),
they equalize earnings.

It is straightforward to link the aggregate level of redistribution in a population of
spectators, E[Yip], to the distribution of fairness ideals. Let ϑE, ϑL, and ϑM , be the
proportion of egalitarians, libertarians, and meritocrats in a population. By the law of
iterated expectations

E[Yip] = ϑE
wH + wL

2 + ϑMY M
ip + (1 → ϑE → ϑL → ϑM)Y O

ip , (C1)

where Y M
ip ↘ E[Yip|Meritocrat] and Y O

ip ↘ E[Yip|Other ideal] are the average earnings redis-
tributed conditional on being a meritocrat and having other fairness ideals, respectively.

Equation (C1) highlights two reasons why elites may have di"erent redistributive choices
than non-elites. First, the distribution of fairness ideals among elites (the ϑ’s) may di"er
from those among non-elites. Second, Y M

ip and Y O
ip may di"er for elites and non-elites. In

other words, elites who follow a meritocratic fairness ideal or do not conform with any of
the fairness ideals defined above may redistribute di"erent amounts than the corresponding
non-elites.

C.2 Identification of Fairness Ideals

Research design. Our first research design relies on comparisons across subjects, using
only the first redistributive decision of each spectator and excluding those who saw the
e!ciency cost environment first. We identify the fraction of egalitarians by the fraction of
individuals who divide earnings equally when the winner is determined by performance.
We identify the fraction of libertarians by the fraction of individuals who redistribute no
earnings when the winner is determined by chance. Finally, we identify the fraction of
meritocrats by the di"erence between (i) the fraction of individuals who allocate more
earnings to the winner when worker outcomes are determined by performance and (ii) the
fraction of individuals who allocate more earnings to the winner when they are determined
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by luck. We refer to the remainder of the population as having “other” fairness ideals.
Our second research design relies on within-subject comparisons across worker pairs,

using all redistributive decisions except those from the e!ciency cost environment. We
classify a spectator as an egalitarian if they divide earnings equally in both the luck and
performance environments, as a libertarian if they do not redistribute earnings in either
environment, and as a meritocrat if they equalize earnings in the luck environment but
give strictly more to the winner in the performance environment. We refer to individuals
who do not fit any of these classifications as having “other” fairness ideals.

Identification assumptions. For the between-subject design, we follow the standard
assumptions in the literature (e.g., Almås et al., 2020; Cohn et al., 2023), which we formalize
through the lens of our statistical framework. For the within-subject design, we extend
these assumptions to account for multiple observations per spectator.

To identify egalitarians in the between-subject design, our identification assumption
is that individuals who divide earnings equally when worker earnings are assigned based
on performance would have also divided earnings equally under any other environment.
Formally, if Yip(zp) = wH+wL

2 for zp = 0, then Yip(zp) = wH+wL

2 for all zp. In the within-
subject design, our identification assumption is that individuals who divide equally in the
luck and performance environments would have divided equally under any other environ-
ment. Formally, if Yip(zp) = wH+wL

2 for zp = 0 and Yip→(zp→) = wH+wL

2 for zp→ = 1, then
Yip(zp) = wH+wL

2 for all zp.
To identify libertarians in the between-subject design, our identification assumption is

that individuals who do not redistribute earnings in the performance environment would
not redistribute earnings under any other environment. Formally, if Yip(zp) = 0 for zp = 1,
then Yip(zp) = 0 for all zp. In the within-subject design, our identification assumption is
that individuals who do no redistribute earnings in the luck nor performance environments
would not redistribute earnings under any other environment. Formally, if Yip(zp) = 0 for
zp = 0 and Yip→(zp→) = 0 for zp→ = 1, then Yip(zp) = 0 for all zp.

To identify meritocrats in the between-subject design, the identification assumption is
that if a spectator gives a greater share to the more productive worker in the performance
condition, they would not have given less to the productive worker in the luck condition. In
the within-subject design, our identification assumption is that those who equalize earnings
in the luck environment but give strictly more to winners in the performance environment
would strictly redistribute more earnings as the role of luck increases. Formally, if Yip(1) >
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Yip(0), then, Yip(zp) > Yip(z→
p) whenever zp > z→

p.
There are advantages and disadvantages to both the between- and within-subject de-

signs for identification. To understand these, it is important to remember that a fairness
ideal is a mapping from circumstances to choices. Reconstructing this mapping requires
observing an infinite number of counterfactual choices. The research designs “extrapolate”
spectator behavior based on a limited set of observed choices: one in the between-subject
design and two (sequential) choices in the within-subject design. The between-subject
design, using a single choice, avoids the need to assume absence of sequential-decision
bias, but is more susceptible to measurement error and choice noise. In contrast, the
within-subject design, using two choices, mitigates the measurement error concerns by in-
corporating more information about spectators’ behavior, at the cost of assuming that the
first choice does not influence the second.

C.3 A Statistical Model of Redistribution and Inequality Source

Recall Yip represents the earnings redistributed from the high- to the low-earnings worker
in worker pair p by spectator i. We model Yip as a function of the role played by luck
in determining worker earnings, zp.13 Consisder the two environments studied by most
experimental work: worker earnings are determined by performance (zp = 0) or by chance
(zp = 1). Let Yip(0) be the amount redistributed if earnings are determined by performance
and Yip(1) the amount redistributed if outcomes were determined by chance. These two
redistribution levels denote potential outcomes for di"erent levels of luck, but only one of
the two outcomes is observed for a given worker pair. The observed redistribution, Yip(zp),
can be written in terms of these potential outcomes as

Yip(zp) = Yip(0) +
(

Yip(1) → Yip(0)
)

︸ ︷︷ ︸
“Source-of-inequality e!ect”(ωi)

zp, (C2)

where Yip(1) → Yip(0) ↘ ωi measures the e"ect of changing the income-generating process
from chance to performance, or “source-of-inequality e"ect,” for short.

Suppose that we observed spectator choices for two worker pairs, p and p→, where
earnings in pair p are determined by performance (zp = 0) and earnings in pair p→ are
randomly assigned (zp→ = 1). Then, one could compare average redistribution in the pair

13We abstract from modeling Yip as a function of wH and wL for simplicity. In our experiment, wH and
wL are constant across worker pairs, and the only variable that changes across worker pairs is zp.
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where worker earnings were randomly assigned, E[Yip|zp = 1], with average redistribution
where worker earnings were determined by performance, E[Yip→|zp→ = 0]. This comparison
can be written as

E[Yip|zp = 1] → E[Yip→|zp→ = 0] = E[Yip(1)|zp = 1] → E[Yip(0)|zp = 1]
︸ ︷︷ ︸

Term 1: Source-of-inequality e!ect

+ E[Yip(0)|zp = 1] → E[Yip→(0)|zp→ = 0]
︸ ︷︷ ︸

Term 2: Sequential-decision bias

. (C3)

Equation (C3) shows that comparing the redistributive behavior of spectators for dif-
ferent worker pairs yields the sum of two terms. The first one is the e"ect of the source
of inequality on earnings redistributed. The second term is a potential bias that arises
when comparing sequential decisions. This term captures mechanisms such as anchoring
e"ects, contrast e"ects, and learning e"ects. To address this potential bias, most litera-
ture uses a between-subject design where spectators make only one decision. We provide
both between-subject estimates (using only the first decision) and within-subject estimates
(using the decisions in the luck and treatment conditions) for comparison.

In addition to measuring the source-of-inequality e"ect, we also examine how introduc-
ing an e!ciency cost a"ects redistribution (Yip). We analyze this using the same framework,
holding constant the source of inequality and re-interpreting zp as an indicator for redis-
tribution having a cost. In this case, ωi in equation (C2) and Term 1 in equation (C3)
measure the elasticity of redistribution to the e!ciency cost of redistribution.
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D Replication: Dyson Business Students

This appendix presents results from our replication analysis using undergraduate business
students from Cornell University’s Dyson School of Applied Economics and Management.

D.1 Sample Characteristics

Appendix Table D1 presents summary statistics of the Dyson sample. The sample consists
primarily of young students (mean age 19.5 years), with a roughly equal gender split (54.3
percent male). The majority were born in the US (74.5 percent) and report relatively high
socioeconomic status during childhood—71.7 percent had enough money for necessities and
at least occasional luxuries while growing up. 80.9 percent aspire to managerial positions,
72.8 percent want careers in the private sector, and 51.5 percent plan to pursue an MBA.
Only 20.3 percent report voting in recent elections, likely reflecting their young age.

D.2 Implemented Inequality

Appendix Table D2 presents estimates of equation (1) for the Dyson sample. When worker
earnings are randomly assigned, Dyson students implement a Gini coe!cient of 0.417
(column 1), remarkably similar to the MBA sample. The performance condition increases
the implemented Gini coe!cient by 0.310 Gini points (p < 0.01), or 74.3 percent of the
baseline Gini. The e!ciency cost condition increases the Gini coe!cient by 0.195 points
(p < 0.01), or 46.8 percent of the baseline. These e"ects are robust to including spectator
fixed e"ects (column 2) and using only spectators’ first choices (columns 3-4).

D.3 Distribution of Fairness Ideals

Appendix Table D3 presents the distribution of fairness ideals in the Dyson sample. Us-
ing the between-subject design, we find that 1.9 percent are egalitarians, 23.9 percent are
libertarians, 37.6 percent are meritocrats, and 36.6 percent have other fairness ideals. The
within-subject design yields similar estimates. Compared to MBA students, undergradu-
ates show lower rates of egalitarianism (1.9 vs. 9.9 percent), higher rates of meritocracy
(37.6 vs. 22.7 percent), and similar rates of libertarianism (23.9 vs. 23.2 percent). Like
MBA students, they are less likely to conform to standard fairness ideals than the general
population. A substantial fraction of Dyson students (24.5 percent) behave as “moderates”
(Appendix Table D4).
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Table D1: Summary statistics of the Dyson sample

Mean SD N
(1) (2) (3)

Panel A. Demographic characteristics

Average age 19.534 0.689 161
Male 0.543 0.500 162
Born in the USA 0.747 0.436 162

Panel B. Financial situation while growing up

Always had enough money for necessities and luxuries 0.244 0.431 156
Always had enough for necessities and occasional luxuries 0.474 0.501 156
Usually had enough for necessities, rarely for luxuries 0.231 0.423 156
Sometimes did not have enough money for necessities 0.038 0.193 156
Frequently did not have enough money for necessities 0.013 0.113 156

Panel C. Employment preferences

Working long-hours is sometimes necessary 0.776 0.418 161
Wants career in a non-profit 0.199 0.400 161
Wants to become an entrepreneur 0.516 0.501 161
Wants career in private sector 0.727 0.447 161
Work-life balance is more important than a high salary 0.596 0.492 161
Aspire to be a manager 0.807 0.396 161
Wants to do an MBA 0.516 0.501 161

Panel D. Attitudes toward pay determination

How much responsibility should decide pay 0.994 0.079 161
How well someone works should decide pay 1.000 0.000 161
How hard someone works should decide pay 0.957 0.205 161

Panel E. Voting behavior and social views

Voted in the last elections 0.204 0.404 152
Success is luck and connections 0.280 0.450 161
Hard work brings a better life 0.863 0.345 161

Completed all three redistributive decisions 0.970 0.171 167
Passed attention check 0.938 0.242 161
Minutes spent in survey 5.674 2.849 167

Notes: This table shows summary statistics of Dyson students in our sample. All variables are based
on data self-reported by Dyson students in the exist survey of our study. Employment preferences and
social views are based on Dyson students’ agreement with several statements in a five-point Likert scale
grid. For each statement, we define an indicator variable that equals one if the student selects “strongly
agree” or “agree,” and zero if the student selects “neither agree nor disagree,” “disagree,” or “strongly
disagree.” For the attitudes toward pay determination, we define an indicator variable that equals one if
the student selects “essential,” “very important,” or “fairly important” and zero if the student selects “not
very important” or “not important at all.”
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Table D2: Implemented Gini coe!cient across environments (Dyson sample)

Dependent variable: Gini coe#cient

All redistributive decisions First decision only

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

Performance condition 0.311→→→ 0.304→→→ 0.334→→→ 0.330→→→

(0.036) (0.044) (0.071) (0.072)
E#ciency condition 0.198→→→ 0.194→→→ 0.157→→ 0.152→

(0.028) (0.035) (0.078) (0.080)
Constant 0.416→→→ 0.420→→→ 0.413→→→ 0.441→→→

(0.031) (0.023) (0.060) (0.087)

Additional controls? No Yes No Yes
N (redistributive decisions) 494 494 167 167
N (individuals) 167 167 167 167

Notes: This table displays estimates of ω0, ω1, and ω2 from equation (1) estimated on the Dyson sample.
The omitted treatment category is the luck condition. The specifications in columns 2 and 4 include
additional controls. In column 2, we include spectator fixed e!ects. In column 4, we control for gender,
parental financial situation while growing up, and a dummy for being born in the US. Heteroskedasticity-
robust standard errors clustered at the spectator level in parentheses. →→→, →→ and → denote significance at
the 1%, 5% and 10% levels.
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Table D3: Distribution of fairness ideals: elites vs. average citizens

Percentage of...

Egalitarians Libertarians Meritocrats Other ideals
(1) (2) (3) (4)

Panel A. MBA and undergraduate business students

MBA students (spectators’ first choices) 9.89 23.16 22.65 44.30
(3.15) (4.35) (5.99) (8.05)

MBA students (repeated-measure design) 6.51 15.33 28.74 49.43
(1.08) (1.58) (1.98) (2.76)

Dyson students (spectators’ first choices) 1.85 23.91 37.60 36.63
(1.85) (6.36) (7.78) (10.22)

Dyson students (repeated-measure design) 6.13 15.95 30.67 47.24
(1.33) (2.03) (2.56) (3.53)

Panel B. Average American

SCE – Average American 8.57 39.77 36.67 14.99
(2.75) (5.25) (6.31) (8.66)

Almås et al. (2020) – Average American 15.32 29.43 37.54 17.72
(1.98) (2.50) (3.43) (4.69)

Cohn et al. (2023) – Average American 17.45 12.80 60.33 9.42
(2.19) (1.89) (3.22) (4.33)

Panel C. High-income samples

SCE – USA income over 100k 3.23 44.44 40.32 12.01
(3.23) (12.05) (13.27) (18.22)

Almås et al. (2020) – USA income over 100k 14.08 22.67 41.92 21.33
(4.16) (4.87) (7.11) (9.57)

Cohn et al. (2023) – USA top 5 percent 8.97 25.15 59.14 6.75
(2.38) (3.33) (4.37) (5.99)

Panel D. Low-income samples

SCE – USA income below 100k 10.81 38.57 35.14 15.48
(3.63) (5.86) (7.32) (10.06)

Almås et al. (2020) – USA income below 100k 15.65 31.40 36.33 16.63
(2.25) (2.89) (3.92) (5.37)

Cohn et al. (2023) – USA bottom 95 percent 17.83 12.06 60.54 9.57
(3.06) (2.75) (4.62) (6.19)

Notes: This table shows estimates of the fraction of egalitarians, libertarians, and meritocrats in various
studies and samples. See notes to Table 3 for details.
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Table D4: Joint distribution of redistribution in luck and performance treatments
(Dyson sample)

Earnings Redistributed in Performance Condition
$0 $1 $2 $3 $4 $5 $6

Lu
ck

C
on

di
tio

n $0 0.160 0.061 0.018 0.000 0.000 0.000 0.000
$1 0.061 0.037 0.025 0.006 0.006 0.000 0.000
$2 0.117 0.067 0.049 0.006 0.000 0.000 0.000
$3 0.166 0.067 0.074 0.061 0.000 0.000 0.000
$4 0.000 0.000 0.000 0.000 0.000 0.000 0.006
$5 0.000 0.006 0.000 0.000 0.000 0.000 0.000
$6 0.000 0.000 0.000 0.006 0.000 0.000 0.000

Libertarians
Egalitarians
Meritocrats

Notes: This table shows the joint distribution of redistribution choices across luck and performance con-
ditions in the Dyson sample, excluding the e#ciency cost treatmento. See notes to Table 4 for details
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