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Abstract: A meritocratic fairness ideal is generally believed to regard income inequality as fair if 
it stems from performance differentials rather than luck. In this study, we present experimental 
evidence showing that merit judgments are shaped by the source of performance differentials while 
holding fixed the underlying impact on willingness to perform. Inspired by real-world phenomena 
which generate inequality, we investigate two types of unequal opportunities that impact 
performance: educational quality and employment opportunity. Contrary to some previous 
findings that merit judgements are often insensitive to unequal circumstances, we find that 
individuals are more inclined to split resources equally when the performance differential involves 
either type of unequal opportunity. We also find that when participants were given the option to 
expend personal effort to reveal information about the presence of unequal opportunity, a 
substantial number of them declined to do so, but held optimistic beliefs about the social norm of 
seeking such information. These findings enrich our understanding of the factors that lead 
individuals to support income redistribution, while also obtaining an assessment regarding to what 
degree redistributing third-party decision-makers are vested in these choices. 
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The worker said to himself: “Here I am, a workman. Why am I a workman? Am I fit for 
nothing else? Of course not. Had I had a proper chance I would have shown the world. A 
doctor? A brewer? A minister? I could have done anything. I never had a chance. And so I 
am a worker. But don’t think that at bottom I am any worse than anyone else. I’m better.” 
(Young, 1958, p. 106) 1 

1. Introduction 

Inequality attracts immense concerns among both scholars (Piketty and Saez 2014) and the 
general public. The top one percent of the world’s population owns nearly half of all the world’s 
wealth, while the bottom half of the population altogether only accounts for less than one percent 
of total wealth (Shorrocks, Davies and Lluberas 2021), a striking statistic which has led to 
widespread outrage. On a practical level, people are concerned about the underlying sources of 
inequality, that is, whether or not inequality is the result of fair origins (Starmans, Sheskin and 
Bloom 2017). Although views on what is considered fair can differ within the population, many 
ordinary citizens as well as political leaders endorse a meritocratic view of fairness. 2 In this view,  
instead of luck, heritage or other factors beyond their control, individuals should be rewarded 
based on their merit, that is, their effort or choice, ideally in environments with a level playing 
field (Konow 2000; Cappelen et al. 2007, see a recent review in Cappelen, Falch and Tungodden 
2020). 

In practice, however, the presence of unequal opportunities posits a challenge to making 
meritocratic judgements. To the extent that unequal opportunities blur the boundary between luck 
and merit, what then constitutes a reasonable meritocratic judgement in situations with unequal 
opportunities? The objective of this paper is to uncover people’s fairness view and redistribution 
preferences in such situations. In our study, we focus on two important forms of unequal 
opportunities. One is about inequality in educational opportunities, and the other is about 
inequality in career opportunities. While most people believe that a good education is the key 
component to climbing the social ladder,3 educational quality, measured either by school quality 
(such as rankings and performance measures) or parental investment, is often substantially 

 
1 In his book “The Rise of the Meritocracy,” Young (1958) coined the term “meritocracy.” In this dystopian political 
fiction, he explored the potential pitfalls of a society which relies primarily on meritocracy.  
2 That meritocracy and equal opportunity are core American values is reflected in political discourse. For example, in 
President Barack Obama’s inauguration speech, he asserted, “We are true to our creed when a little girl born into the 
bleakest poverty knows that she has the same chance to succeed as anybody else…” A similar idea was also reflected 
in the inauguration speech of President George W. Bush, in which he said, “The ambitions of some Americans are 
limited by failing schools and hidden prejudice and the circumstances of their birth… I will work to build a single 
nation of justice and opportunity.”  
3 A global median of sixty percent rates it as ten, “very important,” on a scale from zero to ten on the importance of 
education, see Pew Research Center 2014).  
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unequal.4 If merit is measured by exam performance or productivity at work, a key input into these 
performances is largely unaccounted for, which is the opportunity an individual was provided with 
to generate that performance.  

Besides inequality in educational opportunities, which reflects the ex-ante investment that 
individuals received in their human capital cultivation and training, the other potential source of 
inequality in performance we investigate here occurs at the time of the performance evaluation. 
Individuals may be given differential opportunities to exhibit their willingness to work hard and 
their ability to perform well. A series of prominent examples are in the domain of labor market 
discrimination based on gender, race, ethnicity, age, sexual orientation, and other factors (see a 
review in Bertrand and Duflo 2017). Another example of unequal employment involves unequal 
and unexpected macroeconomic conditions or shocks. Perhaps through no fault of their own, a 
worker has built up their human capital in a particular industry, only to find that due to unforeseen 
macro-level factors, that industry is no longer growing, while other workers are well prepared to 
work in the currently high growth industries. Alternatively, a worker may be constrained to living 
and working in specific geographic areas, which may differ vastly in terms of their opportunity for 
employment and job growth.  

In this paper, we conduct an online experiment with over 2000 participants to test individuals’ 
fairness preferences under these two types of unequal opportunities. We are interested in 
individuals’ redistributive preferences when they encounter a pair of workers, who have the same 
incentives to perform well, experienced unequal opportunities. We implement two treatments. The 
first treatment is called random education; it aims to capture different quality levels of education 
that individuals may receive. The second treatment is called random employment; it intends to 
represent the different career opportunities individuals may have fully beyond their own control. 
Under each of these opportunity-based treatments, there are two competing hypotheses on what a 
meritocrat would do. On the one hand, since unequal outcomes between the two workers are not 
due to any merit-related factor, they may fully equalize income between the two workers motivated 
by the underlying fairness considerations. On the other hand, they would judge the workers only 

 
4 Inequalities in education and job opportunities can be the key drivers of unequal outcomes (Goldin and Katz 2009; 
Autor 2014; Alves et al. 2015). In early childhood, parents invest much more money and time on child-care than less 
educated parents (Lareau 2002; Doepke and Zilibotti 2017; Blanden, Doepke and Stuhler 2022). Children from 
advantageous socioeconomic backgrounds are healthier (Currie 2009), score higher on IQ tests (Falk et al. 2021), and 
are more likely to pursue schooling on an academic rather than vocational track (Falk, Kosse and Pinger 2020); they 
also have access to better information on college application and job opportunities (Hoxby and Turner 2015; Hällsten 
and Thaning 2018; Jackson 2021). Chetty et al (2020) found that children from families in the top one percent of the 
income spectrum are 77 times more likely to attend an Ivy-Plus college compared to children from families in the 
bottom income quintile.  



4 
 

by their productivity result regardless of the opportunity condition workers were randomly 
assigned to, and therefore not redistribute the income. 

The two opportunity treatments were implemented as follows: In the random education 
treatment, participants in our intervention were assigned different learning materials within each 
pair of workers. While workers’ motivation to learn and perform well in the subsequent evaluation 
task were identical, one worker’s learning materials were highly relevant to the final knowledge 
evaluation, while the other worker’s materials were of similar topic and length, but lacked critically 
relevant information with respect to the eventual performance evaluation task. After participants 
each read their respective materials, they were asked to complete the same knowledge evaluation. 
In the random employment treatment, the two workers read fully identical learning materials. 
However, in the knowledge evaluation which followed, one worker was asked to complete the full 
set of knowledge questions, while the other worker only had access to a truncated subset of the 
questions. The knowledge evaluation task mirrors many performance metrics present in labor 
market settings, including job interviews, promotion qualification procedures, as well as 
performance in the job itself, which can require workers to draw upon specific previously gained 
knowledge. 

Under both unequal opportunity scenarios, the default initial allocation is that the worker 
who answers more correct answers in the knowledge evaluation is assigned 6 dollars while the 
other worker is assigned zero dollars, following the setup of Almås, Cappelen and Tungodden 
(2020). This extreme inequality serves as the status quo. We then examine a third-party 
individual’s redistributive preferences through their redistribution decisions when they are well-
informed about the implementation of the unequal opportunities described above. Thus, the third-
party spectators faced the same redistribution decisions with identical initial allocation rules, 
identical levels of initial income inequality, and a pair of workers with identical incentives to learn 
and perform. The only difference by treatment is the source of inequality in the initial payment 
allocation. 

Our conjecture is that providing unequal opportunities to different workers will be perceived 
as unfair to third-party decision-makers, resulting in redistribution towards the participant with the 
lower initial income. Our results confirm this conjecture: compared to the benchmark treatment 
where opportunities for learning and performance are equal, spectators made more equalizing 
redistributions when opportunities were unequal. However, the redistributed amount is not as large 
as in luck treatment in which pure luck determines the initial income inequality. Thus, inequality 
stemming from unequal opportunities is considered mostly unfair but are not functionally 
equivalent to pure luck. We also find that the impact of unequal opportunities varies across the 
different opportunity scenarios: the redistributed amount is higher under unequal educational 
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opportunities than under unequal employment opportunities, implying that the former is perceived 
as closer to pure luck than the latter. Furthermore, spectators’ stated attitudes about procedural 
fairness closely mirror their redistribution decisions, suggesting that their procedural fairness 
attitudes play a significant role in determining their meritocratic judgments. 

These findings from the treatments in which the source of inequality is transparent suggest 
that availability of information about the origins of unequal opportunities is a key for different 
redistributive behavior. However, lack of information is precisely one of the greatest challenges 
when dealing with inequality in the real world, that is, we typically cannot observe precisely how 
a person’s performance advantage is gained. Studies find that people’s perception about how 
wealth is created strongly correlated to their attitudes toward redistribution: if they believe wealth 
is created by effort, they choose low taxes; if they believe wealth is created by luck, birth or 
corruption, they prefer heavy taxes (Alesina, Glaeser, and Sacerdote 2001; Alesina and La Ferrara 
2005). One of the possible reasons that individuals hold vastly different views on the redistributive 
characteristics of tax policy, is an imperfect knowledge and assessment of the factors that produce 
inequality.    

Therefore, the natural next question to ask is whether people would be willing to investigate 
the underlying source of performance inequality, even if it costs them personal effort and time. In 
the corresponding treatments of our study, we informed the third player about the possibility of 
unequal opportunities and offered them a chance to obtain information about the true source of 
inequality before making their redistributive decision. Specifically, they only learn for sure about 
the nature of opportunities the workers receive if they are willing to complete a tedious number-
checking task. Alternatively, they can opt out of the effort task and thus obtain no information 
about the true state of workers’ opportunities.  We incorporate this same information-seeking 
procedure to both the random education and random employment treatments. By comparing the 
random education (employment) treatment to its corresponding information-seeking treatment, we 
can discern whether people are willing to expend effort to obtain information about sources of 
inequality and whether their redistribution decisions are correlated with their information-seeking 
decisions. This question is important because if people are not willing to go through the trouble to 
uncover the source of inequality, then any preferences expressed regarding unequal opportunities 
through the allocation decision may be relatively shallow in nature, and could disintegrate once 
decision-makers are asked to have a personal stake in the implementation of fair allocations. 

We find that in both of the information-seeking treatments, about half of the participants do 
not appear to sufficiently care about the source of performance differential, and thus decline to 
complete the number-checking task to reveal such information. The redistribution levels of those 
who declined to seek information are indistinguishable from those who did seek information, 
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indicating that a substantial fraction of individuals feel comfortable redistributing without actually 
knowing whether or not the original inequality was due to unequal opportunities. This raises some 
concern about whether people truly care about equalizing outcomes based on the actual sources of 
inequality in society. Treating a pair of workers faced with equal opportunity as if they were 
presented with unequal opportunities is in principle, equally unfair as treating a pair of workers 
faced with unequal opportunities as though they enjoyed equal opportunity, although it is the latter 
that our society is often most concerned about from a policy perspective. 

Finally, we test for the external validity of our main experiment using hypothetical real-
world scenarios in which work supervisors make a judgement about fair compensation decisions 
analogous to the ones in our main experiment, but with more detailed real-world contexts than that 
of online workers. The quantitative results in these hypothetical scenarios are remarkably similar 
to our main experimental findings. Moreover, we find that although only about half of the 
individuals are willing to seek information about unequal opportunities at their personal cost in the 
main experiment, they hold a relatively optimistic belief about the social norm of most supervisors 
making fair and informed compensation decisions. However, this belief still falls short of the ideal 
one in which all decision-making individuals would take necessary steps to learn about the true 
situation involving unequal opportunities.  

Our study contributes to the broad literature that seeks to understand people’s preferences 
for redistribution. A number of survey experiments explore the general pattern and structure of 
distributional preferences without varying the source of inequality (Ashok, Kuziemko, and 
Washington 2015; Kuziemko et al. 2015; Karadja, Mollerstrom, and Seim 2017; Fisman, 
Kuziemko, and Vannutelli 2021). Also using survey experimental methods, Alesina and Angeletos 
(2005) and Alesina, Stantcheva, and Teso (2018) document that people’s beliefs about the sources 
of inequality such as effort, luck, birth, or other factors related to equality of opportunities are 
critical determinants of their preferences for redistribution. In contrast to survey methods, a 
growing literature aims to reveal preferences in redistributive decisions that have real payoff 
consequences (Konow 2000; Cappelen et al. 2007; Cappelen, Sørensen, and Tungodden 2010; 
Cappelen et al. 2013; Akbaş, Ariely, and Yuksel 2019; Almås, Cappelen, and Tungodden, 2020; 
Cappelen et al. 2020). Typically, the decision-making environment involves a production phase 
where a pair of workers complete some tasks and a redistribution phase where an impartial 
spectator is asked to redistribute money between the workers. Experiments generally reveal that 
people hold different fairness ideals even in the same redistribution situation and these fairness 
ideals interact with the source of inequality to significantly impact their redistributive decisions.  

Within this broad literature, our study is mostly related to Almås, Cappelen, and Tungodden 
(2020) who study how the source of inequality affects redistributive decisions. Serving as our 
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control treatments, we replicate two of their main treatments in which either luck or merit 
determines the initial earning assignment to a pair of workers. Their results show that spectators 
are more likely to equalize the total income when the initial earning assignment is determined by 
luck rather than merit. Cappelen et al. (2022) further demonstrates that even when luck plays a 
very small role in determining performance (as small as 1 percent), people are more likely to 
equalize the total income relative to when luck plays no role. In their studies, luck is viewed as a 
direct determinant of inequality. In many real-life scenarios, however, luck often plays a more 
indirect and subtler role in determining the different amount of resources and opportunities that 
people can employ in their academic or job performance. It is this indirect role that is arguably 
more fundamental and, if internalized as merit or simply ignored, can cause as much socio-
economic inequality as when luck plays absolutely no role. Our study is one of the first to 
investigate how people’s redistributive preferences are influenced by this indirect role of luck 
manifested as different forms of unequal opportunities, relative to the control environments 
involving no unequal opportunities. 

The previous literature has also shed some light on how redistributive preferences are shaped 
by unequal circumstances. In these experimental studies, circumstantial differences are typically 
represented by exogenously determined and differing piece-rates for completing the same task 
(Cappelen et al. 2007; Cappelen, Sørensen, and Tungodden 2010; Andre 2022). Although different 
circumstances can potentially alter workers’ incentives to work, results in these studies suggest 
that most spectators respect their final performance as though luck is irrelevant. For example, in a 
study that is contemporaneous to ours, Andre (2022) finds that even if spectators correctly predict 
hampered effort from the worker with a lower piece rate, they still reward workers according to 
their final productivity, irrespective of the circumstantial differences. Unlike the above-mentioned 
studies where workers’ incentives to exert effort are purposefully altered by different 
circumstances, we keep the workers’ incentives unchanged. We are mainly interested in 
environments in which everyone is equally willing to work hard, irrespective of unequal access to 
resources or opportunities. By doing so, a counterfactual in which an unequal opportunity could 
have just as easily benefited the other worker and produced an exact opposite outcome is also 
carefully implied in the descriptions. This environment may be more closely appropriate for 
observing the sensitivity of meritocratic fairness under unequal opportunities; however, if people’s 
merit judgements are still insensitive to unequal opportunities by only respecting the final outcome, 
it would imply that our society may face a more fundamental obstacle in reducing socio-economic 
inequality than the literature has currently realized.  

2. Experimental Design 

2.1 Overview and Implementation 
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We use the paradigmatic spectator-worker design (ex. Almås, Cappelen, and Tungodden 
2020) to create an experimentally controlled situation of inequality between two workers. In the 
spectator-worker designs, two subjects (“workers”) engage in a task and are given initial rewards 
based on various specified criteria such as relative performance. A third subject (“spectator”) is 
then informed about the workers’ scenario and initial reward allocation, then given an opportunity 
to reallocate the rewards between the two workers. The primary variable of interest is the 
spectator’s reallocation decision, which is interpreted as reflecting decision-makers’ views about 
fairness concepts and preferences over redistribution. Prior worker tasks considered in the 
literature include word unscrambling (Almås, Cappelen, and Tungodden 2020) and other tasks of 
a routine manual nature (Konow 2000). For our research question of interest, it is essential that our 
worker task is knowledge or training-based, so that the concepts of opportunity we are interested 
in can be realistically represented to spectators.  

In our pre-registered design, a worker’s task was to study some brief reading materials 
provided, then answer questions in a multiple-choice knowledge evaluation. Workers were then 
randomly paired ex-post and assigned initial earnings. Across all treatments, the initial earnings 
allocation is the same: one of the workers received $6, while the other worker received $0. The 
treatments differ in terms of the source of the initial inequality and/or the underlying source of 
workers’ performance differential as will be described below. In separate experimental sessions, 
another set of subjects playing the role of the impartial third parties, which we refer to as spectators, 
had the opportunity to redistribute the workers’ earnings after reading a description of the workers’ 
scenarios. One-third of spectators’ decisions were randomly chosen to be implemented on our 
subjects playing the role of workers.  

Each worker earned a base fixed payment of $2 for completing the task. Based on the criteria 
of each specific treatment, they were informed that their task performance would determine their 
reward temporarily, but that another participant in our study would be tasked with making the final 
reward allocation decision between them and their paired worker. Note that workers only knew the 
rule determining the initial allocation of reward, but they were not told whether or not they were 
actually assigned the initial $6, and spectators were informed of this fact. This feature helps to rule 
out the influence of workers’ expectations on spectators’ decisions. 

Spectators were randomly assigned to one of the six treatments and earned a flat payment 
of $3 for completing their task. They were provided with instructions describing the situation faced 
by the workers and the initial payment reward result between “Worker A” and “Worker B.” After 
reading the instructions, they must pass a comprehension quiz in order to proceed. This helps 
ensure that spectators comprehended the situation of the workers correctly, and understood the 
reality of their own role in workers’ outcomes. Spectators had to determine whether and how much 
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to redistribute the earnings from the worker initially awarded $6 to the worker initially awarded 
$0. They could choose to redistribute the workers’ earnings in increments of $1 or alternatively, 
decline to redistribute. They were informed that one-third of all participants doing the same task 
as them would have their choice implemented on real workers in our study, and therefore, they 
should make their reallocation decision as though it would be implemented.  

A total of 2100 participants were recruited for our study via Amazon Mechanical Turk, a 
crowdsourcing web service specializing in recruiting anonymous workers to complete small tasks 
online. For each of the six treatments, we recruited 210 spectators and 140 workers (70 pairs) to 
implement the above-described procedure. The sample was targeted to be approximately 
representative of the general population in the United States with respect to gender, age and income 
by using the Cloud Research Panel of Mechanical Turk workers.5 Experimental instructions and 
procedures for both the spectators and workers are provided in Appendix B. 

2.2. Treatments 

We implement six between-subjects treatments, which vary in terms of the source of 
inequality and/or performance differential between workers. Since the primary objective of our 
study is to address how opportunity affects redistribution preferences, we discuss the treatments 
in the following sections, organized by whether there was an opportunity differential imposed 
between workers. 

2.2.1. Treatments with equal opportunities 

In the two treatments, Luck and Merit, both workers first studied identical reading materials 
for up to 5 minutes, then completed the same set of multiple-choice knowledge questions 
pertaining to the topic addressed in the reading material.  

In the Luck treatment, the initial assignment of earnings between the two workers was fully 
determined by a lottery (i.e. one of them was randomly selected to receive the entire initial reward, 
$6). In the Merit treatment, the initial assignment of earnings was determined by performance on 
the knowledge questions (i.e. the worker who answered more questions correctly received the 
entire initial reward, $6).  

 
5 More than 1260 spectators have tried to do the spectators’ sessions. As explained in the pre-analysis plan, we 
excluded participants if they (1) failed the Captcha; (2) did not pass the comprehension quiz; (3) have already 
participated in the study; (4) spent too little time on reading the experimental instructions, making decisions, and 
completing the questionnaire (i.e., participants who completed the entire task in less than 2 minutes). All of the 1260 
spectators passed all the criteria and are included for data analysis. 
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To avoid spectators’ decisions being affected by workers’ expectations, workers were not 
told the lottery result (in the Luck treatment) or the result about relative performance (in 
the Merit treatment).6 Spectators were informed of the exact procedure of the assignment of initial 
earnings to workers in the spectator task instructions. These two treatments have been previously 
implemented in Almås, Cappelen, and Tungodden (2020), and we replicate them here for the 
purpose of straightforward comparability with our novel treatments. 

2.2.2. Treatments with unequal opportunities 

The Luck and Merit treatments, which serve as benchmarks for comparison to our other 
treatments, do not involve any unequal opportunities. However, in our main treatments, Random-
Education and Random-Employment, we introduce the potential for unequal opportunities to affect 
performance outcomes.  

The Random-Education treatment differs from the Merit treatment in that workers, 
unbeknownst to themselves, randomly received different reading materials: one set of reading 
material was highly relevant to the subsequent knowledge questions, containing all the information 
needed for the worker to answer all the questions correctly. By contrast, the other set of reading 
material, about the exact same topic and of similar length, lacked several pieces of vital 
information for successfully completing the knowledge questions. The spectators were informed 
about which worker received the highly relevant reading materials, and that the worker with the 
higher number of correct answers in the evaluation received the entire initial reward, $6. Since the 
answers to the knowledge evaluation were embedded in the relevant reading materials and we 
informed workers that answers should be based on these materials, the worker who received the 
relevant reading materials was substantially advantaged. Therefore, we expect that workers who 
had a better performance on the evaluation should most likely be the one who received the highly 
relevant materials. We ex post match each pair of workers, such that one worker receiving the 
highly relevant materials and performing better is paired with a worker who received the less-
relevant materials and performed worse. In practice, our reading materials successfully generated 
the higher expected performance among workers who received the highly relevant materials 
(average score: 12.5 out of 15) while workers receiving the less-relevant material performed worse 
(average score: 7.9 out of 15).  

The Random-Education treatment is designed to reflect unequal opportunities in terms of 
access to different qualities of education by individuals, due to circumstances beyond their own 

 
6 However, as tested in a robustness study by Almås, Cappelen, and Tungodden (2020), spectators’ behavior in these 
two treatments is not affected even when spectators are told that the workers have been informed about their initial 
earnings. 



11 
 

control. This situation is prevalent and near universal in most societies around the world, despite 
some policy efforts to equalize educational access. For example, in the United States, two equally 
able and hard-working children could receive vastly different education qualities due to differences 
in the quality of local public education in the school districts they reside in. In addition, gaps in 
educational experiences vary widely based on parental investments made towards children’s 
education. While families with economic means can enhance their children’s education through 
supplementary courses outside of the formal required schooling, families with lesser economic 
means usually cannot afford to do so. At an even more fundamental level, students vary in terms 
of the family background endowments such as family-specific values and norms, which could 
affect parental support and prioritization of educational pursuits. Our Random-Education 
treatment implements this inequality in educational opportunity, but isolated from other potentially 
confounding factors mentioned, so that spectators’ attitudes towards educational opportunity can 
be observed isolated from any preconceived notions they may have about geographic and socio-
economic differences of workers. 

The Random-Employment treatment represents another type of unequal opportunity. In this 
treatment, a pair of workers received the same set of highly relevant reading material. One 
randomly determined worker had access to the full set of 15 knowledge questions, while the other 
worker only had access to a truncated set of the knowledge questions, specifically a subset of 4 
questions from the full set. The spectators were informed about which worker had received the full 
set of questions and that the worker with the higher number of correct answers received the entire 
initial reward of $6 (we expect this worker should almost always be the one who received the full 
set of questions). Again, we ex post match each pair to include one worker who received the full 
set of questions and performed better, and a worker who received the truncated set of questions. 

The Random-Employment treatment is designed to reflect circumstances such as labor 
market circumstances which are inflicted unevenly on different workers. For example, in the 
United States, due to circumstances beyond individual workers’ personal control, some geographic 
regions have accelerated economically, providing local residents with ample job opportunities. On 
the other hand, some regions have stagnated economically, leaving residents with very limited 
opportunities for gainful employment.  For personal or economic reasons, some residents may not 
be able to migrate to other regions, and may then be limited to the local labor market conditions. 
Another potential domain for interpreting the Random-Employment treatment is in terms of 
workers’ established professions of employment. Workers may have trained or studied in their 
profession, and sudden economic shocks may alter the employment opportunities available to 
different professions in the economy. For workers whose professions are suddenly in low demand, 
the overall work opportunities are fewer than for other professions, which tends to result in lower 
income earned. While removing real world contexts and potential other confounding factors which 
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could affect spectators’ attitudes, our Random-Employment treatment aims to gauge third party 
attitudes on deservingness based on the differing work opportunity levels available to individuals. 

In both of the treatments with unequal opportunity, spectators were told that the worker who 
scored higher in the knowledge evaluation was assigned $6 while the other worker was assigned 
$0. We highlighted to the spectator that the worker who studied the highly relevant reading 
materials also scored higher in the evaluation in the Random-Education treatment and that the 
worker who had access to the full set of the evaluation questions scored higher in the Random-
Employment treatment.7 Spectators were not told about the absolute performance difference of the 
paired workers. Importantly, spectators were informed that the workers were not aware of their 
own performance result as compared to that of their paired worker, and furthermore that workers 
were not aware of any potential differences between the reading materials or number of knowledge 
evaluation questions provided, between the paired workers. This serves to help isolate the potential 
effects of unequal opportunity from potential influences of perceptions of workers’ expectations 
on spectators’ reallocation decisions based solely on the discrepancy between the reading materials 
or the number of questions, and further helps to mitigate the possibility that spectators would 
attribute performance differences between workers as driven by differing effort levels. 

These two types of unequal opportunities are commonly observed in our daily lives. In their 
essence, unequal opportunities might matter differently to people’s fairness views depending on 
how much they attribute the initial earning distribution to luck or merit. On the one hand, unequal 
opportunities might be considered as merely luck, since they are completely out of workers’ own 
control in the context of our experiment. On the other hand, the difference in initial earnings is 
directly a product of workers’ different performances. Therefore, it is also not completely 
unreasonable to dismiss the impact of unequal opportunities and simply attribute final performance 
to merit. Hence, the Luck and Merit treatments provided a joint benchmark which would allow us 
to position the degree to which the spectators would attribute performance differentials 
compromised by unequal opportunities to pure luck or pure effort. 

By comparing spectators’ redistributive decisions in this treatment to the joint benchmark 
provided by the Luck and Merit treatments, we are able to causally identify the effect of the 
presence of unequal learning opportunities on the level of redistribution preferred by spectators. 
Similarly, by comparing spectators’ redistributive decisions in this treatment to the joint 

 
7 This was indeed true both on average in the treatments which validates our treatment interventions, and in our 
implemented matchings of workers. In addition, workers were told that in the event of a tie in performance between 
themselves and their paired worker, another worker match would be assigned to them such that the other worker’s 
performance would be either strictly better than or strictly worse than their own. 
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benchmark provided by the Luck and Merit treatments, we are able to causally identify the effect 
of the presence of unequal performance opportunities on the spectators’ choice of redistribution.  

It is worth noting that in the Random-Education treatment, the experimental design also 
helps to rule out the possibility that performance differential in the knowledge evaluation can be 
attributed to difference in effort: ex ante, both workers are expected to exert a similar amount of 
effort both in studying reading materials and in completing the knowledge evaluation. In the 
Random-Employment treatment, the unequal performance opportunities in the knowledge 
evaluation inherently cause a difference in the effort able to be exerted in the evaluation, but not 
the incentive to exert effort. However, ex ante, both workers are assumed to exert a similar amount 
of effort in studying reading materials.  

2.2.3. Treatments with information-seeking 

In the previously discussed treatments, spectators knew the exact information about the 
source of inequality (luck or merit) or the source of performance differential (unequal 
opportunities). However, in many real-world situations, the sources of performance differentials 
are not immediately observable or could be easily overlooked. For example, school admission 
officers might only see the scores of prospective students without knowing or paying much 
attention to students’ family backgrounds which influence their pre-application educational 
opportunities; human resource administrators may only see the previous track records of two job 
candidates while dismissing their prior career opportunities.  

Therefore, we design two treatments to discern whether spectators, knowing about the 
possibility of unequal opportunities, would proactively choose to search for information about the 
source of the performance differential. This question is important because it allows us to 
distinguish between decision-makers who are willing to incur a personal cost in their efforts to 
implement fairness from those who might merely be “conveniently” fair, meaning that they would 
not take personally costly actions to implement fairness that is unrelated to their own welfare. In 
both information treatments, before making redistributive decisions, spectators had the option to 
exert effort in order to find out whether the pair of workers faced unequal opportunities. 

In the Info-rEducation treatment, some pairs of workers received the same set of reading 
materials as in the Merit treatment, while other pairs received different sets of reading materials as 
in the Random-Education treatment. Spectators knew that the assignment of earnings had been 
determined by the number of correct answers in the knowledge evaluation, but they needed to 
complete a real-effort number-checking task to unveil whether the two workers actually received 
the same reading materials, or reading material of different relevance levels.  
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Similarly, in the Info-rEmployment treatment, some pairs of workers received the same full 
set of the knowledge evaluation as in the Merit treatment, while other pairs received different 
versions of knowledge questions as in the Random-Employment treatment.  Spectators knew the 
assignment of earnings had been determined by the number of correct answers in the knowledge 
evaluation, but they needed to complete the same number-checking task to reveal whether the two 
workers had access to the same or different numbers of knowledge questions. 

Just as in the previous treatments, spectators were accurately informed that the workers were 
unaware of their relative performances and similarly unaware that the reading materials (Info-
rEducation) or number of knowledge questions (Info-rEmployment) might differ between workers. 

The number-checking task offered to spectators in the information treatments is to identify 
a specific number at least 20 times in a 17x17 matrix of three-digit numbers. If the spectators chose 
to skip this option, they proceeded directly to the redistribution phase, remaining unaware of 
whether unequal opportunities between the pair of workers was present. On the other hand, if they 
chose to participate in and passed the number-checking task, they would be shown whether the 
worker pair had unequal opportunities.8  

Table 1 summarizes the main features of all six treatments. 

Treatment Reading materials Performance 
evaluation 

Initial assignment 

Luck Same Same Random worker 
gets 6 USD 

Merit Same Same 

Better performer 
gets 6 USD 

Random-Education Different Same 
Random-Employment Same Different 
Info-rEducation Different Same 
Info-rEmployment Same Different 

 

3. Theoretical Framework and Hypotheses 

 
8  Spectators who passed the number-checking task were in practice always shown that the pair had unequal 
opportunities. This design maximizes observations regarding how spectators would allocate between pairs of workers 
with unequal opportunities. It involves no deception because spectators were informed that “there is some chance” 
that workers have access to different opportunities, instead of a specific percentage. To ensure we have a sufficient 
number of pairs of workers with unequal opportunities in case spectators choose to seek this information, 80% of pairs 
were implemented with unequal opportunities while the other 20% of pairs were implemented with equal opportunity 
as described in the Merit treatment. 



15 
 

3.1. Theoretical Framework 

Following the framework proposed in Cappelen et al. (2013) and Almås, Cappelen, and 
Tungodden (2020), we present the following simple theoretical model to provide an intuitive 
framework for understanding our results.  

In each treatment 𝑗𝑗,  the spectator chooses the distribution between the two workers, (𝑦𝑦, 1 −
𝑦𝑦) where 𝑦𝑦 denotes the share of total earnings redistributed to the worker who received no initial 
earnings. We assume that the spectator cares about a “fair allocation” between the two workers 
according to the quadratic loss utility function 

𝑈𝑈(𝑦𝑦) = −�𝑦𝑦 −𝑚𝑚(𝑗𝑗)�
2

, 

where 𝑚𝑚(𝑗𝑗) denotes the spectator’s perceived fair share allocated to the worker who did not 
receive any initial earnings. Thus, the optimal interior solution has the spectator selecting their 
perceived fair distribution as that to be allocated in the experiment 

𝑦𝑦(𝑗𝑗) = 𝑚𝑚(𝑗𝑗). 

It follows immediately from the model that any differences in 𝑦𝑦 across treatments must 
come from the difference in spectators’ fairness views regarding workers’ predicaments in the 
different treatments. Following the literature, we can tentatively conceptualize the spectators’ 
attitudes towards the luck and merit treatments as being the endpoints in the range of possible 
fairness attitudes that spectators could have. The idea being that true merit, if fully accurately 
represented, by definition, reflects the perceived appropriate and fair initial allocation. On the other 
hand, pure luck, being fully independent of any of the notions of deservingness discussed in this 
paper, is the other possible endpoint at least among the treatments we consider here. Spectators' 
fairness views about the source of inequality due to merit as compared to pure luck can be 
identified by the following difference in their redistributive decisions across the two treatments: 

𝑦𝑦(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) − 𝑦𝑦(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀) = 𝑚𝑚(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) −𝑚𝑚(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀). 

An intuitive way of conceptualizing unequal opportunities is that it is equivalent to an initial 
round of (random) luck being imposed on workers prior to their chance to demonstrate their work 
performance. Under this interpretation, we would expect that the level of redistribution in 
treatments with unequal opportunities is positioned between those of the Luck and Merit 
treatments. Therefore, to represent the degree to which spectators attribute income inequality under 
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unequal opportunities to merit or luck components, we describe the relationship between the 
redistributive decisions in the three conditions as: 

𝑚𝑚(𝑈𝑈𝑈𝑈𝑀𝑀𝑈𝑈𝐿𝐿𝑈𝑈𝑈𝑈 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑀𝑀𝑀𝑀𝐿𝐿𝑈𝑈𝑀𝑀𝑀𝑀𝑦𝑦) = 𝛼𝛼 ∙ 𝑚𝑚(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀) + (1 − 𝛼𝛼) ∙ 𝑚𝑚(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) 

→ 𝑦𝑦(𝑈𝑈𝑈𝑈𝑀𝑀𝑈𝑈𝐿𝐿𝑈𝑈𝑈𝑈 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑀𝑀𝑀𝑀𝐿𝐿𝑈𝑈𝑀𝑀𝑀𝑀𝑦𝑦) = 𝛼𝛼 ∙ 𝑦𝑦(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀) + (1 − 𝛼𝛼) ∙ 𝑦𝑦(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿), 

where the parameter 𝛼𝛼 measures how closely inequality with the presence of unequal opportunities 
is perceived as merit, and correspondingly, how close the chosen redistribution between workers 
is to the merit condition. 

The literature on fairness perceptions has typically categorized people as holding one of the 
three fairness views: egalitarian, libertarian and meritocratic (Cappelen et al. 2007; see Cappelen, 
Falch, and Tungodden (2020) for a review). Spectators with an egalitarian fairness view will 
completely equalize the total income, while those with a libertarian fairness view will never 
redistribute the income at all. Only the meritocratic fairness view distinguishes between the source 
of income inequality; inequality due to luck is considered unfair while inequality due to merit is 
regarded as fair. Therefore, any difference in behavior between the Luck and Merit treatments 
must be driven by spectators holding meritocratic fairness views.  

However, this categorization of fairness views is silent about the potential effects of unequal 
opportunities. Although it is clear that the source of inequality is due to performance, the extent to 
which performance can be attributed to merit is unclear, since merit can be compromised by the 
presence of unequal opportunities. It follows that it is not clear how much importance spectators 
with a meritocratic fairness ideal would assign to the underlying opportunity-based source of 
performance differential. Our experiment can help shed light on this inherently empirical issue.  

3.2. Hypotheses 

Here, we present our pre-registered hypotheses. Our Luck and Merit treatments are direct 
replications of the treatments with the same labels as reported in Almås, Cappelen, and Tungodden 
(2020). They find that merit generally increases the acceptance of inequality. Following on their 
finding, we propose the following hypothesis in our study: 

Hypothesis 1 (Merit vs. Luck): The amount that spectators redistribute is higher in the Luck 
treatment than in the Merit treatment.  

 For hypotheses about the relative redistribution tendencies between the other treatments, 
we follow related studies (Almås, Cappelen, and Tungodden 2020) in remaining agnostic ex-ante 
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about the direction of effects found. This is also reasonable for the objectives of our study because 
the question of to what degree spectators attribute performance differentials to merit is 
fundamentally an empirical one. Thus, we frame the comparison between our other treatments as 
null hypotheses of no statistical differences between the other treatments and Luck or Merit, while 
it is understood that our study is fundamentally interested in which treatments invoke the greatest 
redistributive tendencies by spectators. 

In the two unequal opportunity treatments, based on our simple theoretical framework, 
spectators’ views of fair allocations depend on the degree to which they perceive the random 
assignment of learning opportunities or performance opportunities as mere luck or whether they 
perceive it as merit. Therefore, on the one hand, if they perceive the random assignment of learning 
opportunities or performance opportunities as mere luck, we propose the following hypotheses. 

Hypothesis 2a (Luck vs. Random-Education): The amount redistributed by spectators does not 
differ between the Luck and Random-Education treatments. 

Hypothesis 3a (Luck vs. Random-Employment): The amount redistributed by spectators does 
not differ between the Luck and Random-Employment treatments. 

On the other hand, if performance differentials due to random assignment of learning or 
performance opportunities are interpreted as differences in true merit, the following hypotheses 
reflect the predictions. 

Hypothesis 2b (Merit vs. Random-Education): The amount redistributed by spectators does not 
differ between the Merit and Random-Education treatments. 

Hypothesis 3b (Merit vs. Random-Employment): The amount redistributed by spectators does 
not differ between the Merit and Random-Employment treatments. 

In our two information-seeking treatments we test whether spectators are willing to complete 
the number-ticking task which personally costs them extra effort. The following null hypothesis 
simply adopts the standard assumption that spectators are mostly selfish. 

Hypothesis 4 (Information-seeking): Given that it is personally costly, spectators decide to skip 
the number-ticking task in the Info-rEducation and Info-rEmployment treatments. 

Finally, we compare redistributive decisions between unequal opportunities treatments and 
their information-seeking counterpart treatments. We test whether the introduction of uncertain 
source of performance differential ultimately affects redistributive behavior. Without further 
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evidence regarding Hypothesis 4, we remain agnostic about any treatment differences and propose 
the following null hypotheses about the effect of information seeking in the opportunity treatments. 

Hypothesis 5 (Random-Education vs. Info-rEducation): The amount redistributed by spectators 
does not differ between the Random-Opportunity and Info-rEducation treatments. 

Hypothesis 6 (Random-Employment vs. Info-rEmployment): The amount redistributed by 
spectators does not differ between the Random-Employment and Info-rEmployment treatments. 

 

4. Results 

Before presenting our main results, in Table 2 we show an overview of spectators’ 
characteristics across all treatments. We observe that characteristics are almost balanced across all 
treatments and close to the general U.S. population data, except that the share of highly educated 
spectators is overrepresented in our data. To provide a balance test for all characteristics, we first 
run a multinomial logit regression of treatments on all characteristics and then conduct a joint 
orthogonality test (chi-squared test). The p-value for this joint significance test is 0.453, indicating 
that an overall balance is achieved. 

Table 2: Descriptive statistics about spectators’ characteristics 
 Treatment U.S. 

Population 
(ACS, 
2020) 

 Luck Merit Random-
Education 

Random-
Employment 

Info-
rEducation 

Info-
rEmployment 

 

Female (%) 54.8 56.7 50.5 54.8 57.6 52.9 50.8 
Age (years) 44.1 44.7 43.3 43.5 43.6 46.1 38.2 
High education (%) 49.5 58.6 53.8 57.6 56.7 53.3 32.9 
Individual yearly 
income (USD) 

58210 59134 57105 58854 57789 58799  68764 

Conservative (%) 24.8 28.1 30.0 21.0 28.1 24.8 27.0 
        
Obs. 210 210 210 210 210 210  

Note: The table reports descriptive statistics for spectators’ characteristics in the experiment as well as the population 
data (from the American Community Survey (ACS) 2020 for sex, age, education and income, and Gallup for the party 
affiliation since 2021). A subject is categorized as “high education” if he or she has completed at least 4-year college 
education. Conservative is defined as having selected either Republican or Libertarian as their political party/stance 
most typically supported. Individual yearly income indicates subjects’ self-reported pre-tax income, while in the 
population data it refers to mean earnings for full-time, year-round workers in the past 12 months.  
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4.1. Spectators’ decisions 

Our main outcome variable of interest is the share of the “better performing” worker’s initial 
reward redistributed by spectators to the other worker in different treatments, 𝑀𝑀𝑖𝑖 ∈ [0, 1]. The 
different redistributed amounts will lead to different implemented final inequality levels, that is, 
the absolute value of the difference in payment between the two workers divided by total payment 
across both workers, 𝑀𝑀𝑖𝑖 = |1 − 2𝑀𝑀𝑖𝑖| ∈ [0, 1]. 

Figure 1 shows the average share of the original $6 redistributed in each of the treatments. 
Comparing the Luck and Merit treatments, we replicate the stylized finding in the literature that 
people are significantly more willing to redistribute when the source of inequality in earnings is 
due to luck rather than performance (p < 0.001, Wilcoxon rank-sum test). Figure A1 in Appendix 
A further shows the distribution of spectators’ decisions across all treatments. Complete 
equalization is the modal behavior when luck is the source of inequality: in the Luck treatment 
70.5% of the spectators equalize completely between the two workers, whereas only 9.1% do not 
redistribute at all. By contrast, in the Merit treatment where performance is the source of inequality, 
only 11.4% completely equalize the total income, while 33.3% do not redistribute at all. 

Turning to the two treatments with unequal opportunities, we find that opportunities matter 
differently to spectators’ fairness considerations depending on the source of the performance 
differential. First, we observe that the average share redistributed in the Random-Education 
treatment (34.1%) is relatively closer to that in the Luck treatment (42.1%) than the Merit treatment 
(22.2%), although the difference is significant (p < 0.001) in the comparisons with both benchmark 
treatments. As shown in Figure A1, complete equalization, albeit to a lesser extent, is also the 
modal behavior in the Random-Education treatment (46.7%). On the other hand, 18.1% do not 
redistribute at all. This pattern is more similar to the Luck treatment than the Merit treatment. Thus, 
the overall pattern suggests that when the source of performance differential is due to random 
assignment of high-quality or low-quality learning materials, spectators tend to attribute it more to 
luck than to merit. 

Second, the average share redistributed in the Random-Employment treatment (29.0%) tend 
to be closer to that in the Merit treatment than the Luck treatment, and again in both comparisons 
with the two benchmark treatments the difference is significant (p < 0.001). As shown in Figure 
A1, complete equalization is no longer the modal behavior in the Random-Employment treatment 
(30.0%). On the other hand, 23.8% do not redistribute at all and 35.2% redistribute 40% of the 
total income. This pattern is more similar to the Merit treatment than the Luck treatment. Thus, 
the overall pattern suggests that when the source of performance differential is due to random 
assignment of workload, spectators tend to attribute pay inequalities to merit more so than to luck. 



20 
 

Third, we verify that spectators redistribute significantly more in the Random-Education 
treatment than in the Random-Employment treatment (p = 0.002). Fourth, in the two treatments 
with information-seeking, we observe that the average shares redistributed are not significantly 
different between the Random-Education and Info-rEducation treatments (34.0% vs. 37.1% 
respectively, p = 0.100) as well as between the Random-Employment and Info-rEmployment 
treatments (29.0% vs. 31.9% respectively, p = 0.135). We will explore the two information 
treatments in more detail in the next subsection. 

Finally, Figure A2 in Appendix A further shows that the pattern of inequality implemented 
reversely mirrors the pattern of share redistributed by spectators. That is, inequality is much higher 
in the Merit treatment than in the Luck treatment. Inequality in the treatments with unequal 
opportunities is somewhere in between: inequality in the Random-Education is closer to that in the 
Luck treatment while inequality in the Random-Employment is closer to that in the Merit treatment. 
We also find little difference in the implemented inequality between the treatments with unequal 
opportunities and their corresponding information treatments. 

Summarizing the overall pattern across the two benchmark treatments and the two 
treatments with unequal opportunities, we find that while spectators did attribute at least part of 
unequal opportunities to luck, the tendency is stronger when unequal opportunities are about 
learning prior to the performance evaluation than when they are about workload in the performance 
evaluation. In other words, people are less tolerant of inequality arising from the deprivation of 
learning opportunities. Intuitively, the treatment difference may arise because in the situation with 
unequal educational opportunities despite having exerted a similar amount of effort in studying 
their learning materials and finishing the knowledge evaluation, some workers simply arrived at 
the test ill prepared to complete it very successfully, through no fault of their own. In the situation 
with unequal employment opportunities, however, some workers did exert less effort in the 
knowledge evaluation despite in the counterfactual situation they might have abled to exert a 
similar amount of effort. Spectators seemed to hold them personally responsible for completing 
less work, even though it was also through no fault of their own. 

 This finding may appear surprising given that in the Random-Employment treatment 
workers who receive the truncated set of questions have almost no chance of performing better 
than the other worker, whereas in the Random-Education treatment such a chance is much better 
for those who receive low-quality learning materials.9 In this counter-argument we should expect 

 
9 In the Random-Employment treatment, only one out of 70 advantaged workers answered no more than 4 questions 
correctly, which is the maximum number of correct answers that disadvantaged workers could obtain. In the Random-
Education treatment, 11 out of 70 advantaged workers answered no more than 10 questions correctly, which is the 
best performance among all disadvantaged workers. 
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spectators to feel more sympathetic toward the disadvantaged worker when unequal opportunities 
about workload in the performance evaluation. However, our finding suggests that spectators 
assign more weight to the actual effort exerted in the knowledge evaluation than the willingness 
to work hard, which is ex-ante similar for both workers.  

 

Figure 1: Share redistributed by spectators 
Note: The figure shows the average share redistributed by the spectators in each of the six treatments. Standard 
errors are indicated by the bars. 

Table 3 reports the corresponding regressions of share redistributed on the treatment 
indicators and on characteristics variables collected from the post-experimental questionnaire, with 
the Luck treatment serving as the reference category. In column (1) we observe that consistent 
with the non-parametric tests, performance as the source of inequality reduces the share 
redistributed by 19.9% compared to luck. The shares redistributed in the two treatments with 
unequal opportunities are significantly different from the joint benchmark provided by the Luck 
and Merit treatments. However, the reduction in share redistributed is smaller when the source of 
performance differential is due to educational opportunities than when it is due to employment 
opportunities (8.0% vs. 13.2%, p = 0.007 from the post-estimation F-test). Finally, the pattern is 
the same regardless of the opportunity to seek information about whether unequal opportunities 
are present. In Table A1 of Appendix A, we show that these results are robust to multiple 
hypothesis testing adjustments. 
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Table 3: Regression results on share redistributed 
 (1) (2) (3) 
Merit -0.199*** 

(0.017) 
-0.118*** 

(0.017) 
-0.199*** 

(0.017) 
Random-Education -0.080*** 

(0.018) 
-0.073*** 

(0.015) 
-0.078*** 

(0.018) 
Random-Employment -0.132*** 

(0.018) 
-0.092*** 

(0.016) 
-0.134*** 

(0.018) 
Info-rEducation -0.051*** 

(0.017) 
-0.043*** 

(0.015) 
-0.050*** 

(0.017) 
Info-rEmployment -0.102*** 

(0.017) 
-0.063*** 

(0.016) 
-0.102*** 

(0.017) 
Procedural fairness attitude  -0.077*** 

(0.004) 
 

Female   0.012 
(0.010) 

Age   0.000 
(0.000) 

High education   0.015 
(0.011) 

High income   -0.022** 
(0.011) 

Conservative   -0.033** 
(0.013) 

Constant 0.421*** 
(0.012) 

0.593*** 
(0.012) 

0.412*** 
(0.020) 

Observation 1260 1260 1260 
R2 0.103 0.347 0.114 
H0: Merit = Random-Education p < 0.001 p = 0.005 p < 0.001 
H0: Merit = Random-Employment p < 0.001 p = 0.094 p < 0.001 
H0: Random-Education = Random-Employment p = 0.007 p = 0.231 p = 0.003 
H0: Random-Education = Info-rEducation p = 0.106 p = 0.047 p = 0.118 
H0: Random-Employment = Info-rEmployment p = 0.114 p = 0.070 p = 0.089 

Note: The table reports OLS regression results on share redistributed by spectators. The Luck treatment serves as the 
reference category. “Procedural fairness attitude” is spectators’ self-reported attitude about the allocation rule in their 
treatment. “High income” is an indicator variable for having yearly income higher than $50,000. “High education” is 
an indicator variable for having 4-year college education or higher. “Conservative” is an indicator variable for having 
selected either Republican or Libertarian as their political party/stance most typically supported. Standard errors are 
in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 

In columns (2) and (3) we additionally control for a measure about procedural fairness 
attitudes and individual spectator characteristics. The measure about procedural fairness is 
spectators’ self-reported attitude about the initial allocation rule in their treatment. The specific 
question they were asked is the following: “For the initial distribution of payments between worker 
A and worker B, how fair did you think it was?” The possible answers range from 1 to 5 with 1 
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indicating “very unfair” and 5 indicating “very fair”. The procedural fairness attitude question is 
intended to provide a hint regarding how closely inequality in the presence of unequal 
opportunities is perceived as merit as opposed to luck—that is, this attitude can be considered as a 
noisy measure of the parameter 𝛼𝛼 in our theoretical framework. Therefore, if this measure can 
fully capture 𝛼𝛼, we should expect to observe no treatment difference between the Merit treatment 
and treatments with unequal opportunities after controlling for this variable. Figure A3 in 
Appendix A shows the average level of procedural fairness attitudes across all treatments. We find 
the overall pattern in procedural fairness attitudes closely tracks the actual share redistributed, 
indicating that the more unfair spectators rated the situation, the more they tended to redistribute. 
Indeed, estimates from column (2) show that including the procedural fairness attitudes in the 
regression substantially improves the overall fit of the model from an R-squared of 0.103 to 0.347. 
Notably, in this specification, the estimated differences across treatments are smaller, and the 
difference in the redistributed share between the Random-Education and Random-Employment 
treatments is no longer significant (bottom of Table). Moreover, the difference between Merit and 
Random-Employment is very close to being insignificant (p = 0.094). These findings incorporating 
the procedural fairness attitudes indicate that spectators’ attitudes or beliefs play a significant 
explanatory role in their merit judgments. However, they still fall short of fully explaining the 
observed treatment differences.  Finally, compared to column (1), the estimates are virtually 
unaffected when we control for individual characteristics as shown in column (3). 

4.2. Spectators’ information-seeking decisions 

In the two treatments with information-seeking, the other outcome variable of interest is 
whether spectators spend effort in the number-checking task to reveal information about unequal 
opportunities. In the Info-rEducation treatment, we observe that 54.3% of spectators chose to work 
on the number-checking task and 48.6% of spectators successfully completed the task and were 
thus informed about whether unequal opportunity is present. Similarly, the corresponding 
percentages are 51.4% and 46.2% in the Info-rEmployment treatment.10 Thus, around 50% of 
spectators did sufficiently care about fairness and the possibility that merit might be compromised 
by unequal opportunities to exert real effort to discover this information. 

It is worth noting that spectators holding egalitarian or libertarian fairness views in principle 
lack incentives to seek the information since they would either completely equalize the income or 

 
10 To explore factors contributing to this information-seeking decision, in Table A2 of Appendix A we report a 
regression analysis of this decision on spectators’ self-reported procedural fairness and characteristics variables. The 
estimates show that in the Info-rEducation treatment spectators who expressed more negative views about procedural 
fairness were more likely to work on the number-checking task. However, this effect is not observed in the Info-
rEmployment treatment. 
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not redistribute at all, regardless of the opportunity condition. The share of egalitarians can be 
inferred from the share of spectators dividing equally in the Merit treatment; the share of 
libertarians can be inferred from the share of spectators allocating everything to the lucky worker 
in the Luck treatment. In our data the share of each type is 11.4% and 9.1% respectively. Therefore, 
assuming the distribution of fairness types is constant across treatments, even if every egalitarian 
and libertarian selected to skip the number-checking task, the remaining 30% who did not seek 
information could only be meritocrats who were expected to make their merit judgments based on 
the true state of the opportunity condition. 

Next, we test whether being informed about the presence of unequal opportunities affects 
spectators’ redistributive decisions. Table 4 reports the regression results on the share redistributed 
conditional on whether spectators were informed of workers’ opportunities obtained or not. In 
columns (1) and (2), we test for the information effect in the Info-rEducation treatment by using 
the Random-Education treatment as the reference category. The estimates in column (1) indicate 
that spectators who became aware of unequal opportunities by choosing to learn about this 
information, redistributed 4.3% more than those who directly learned about this information by 
experimental design (p = 0.053). Surprisingly, spectators who remain uncertain about the presence 
of unequal opportunities did not redistribute less than those in the Random-Education treatment (p 
= 0.291). Column (2) shows that by additionally controlling for procedural fairness perceptions 
and individual characteristics, spectators’ redistribution decisions do not significantly predict 
whether they learned about the presence of unequal opportunities, or whether the information was 
actively or passively learned.  

Similarly, in columns (3) and (4) we test for the information effect in the Info-rEmployment 
treatment by using the Random-Employment treatment as the reference category. The estimates in 
both columns suggest that spectators’ redistributive decisions do not depend on whether they 
learned about the presence of unequal opportunities or whether the information was actively or 
passively learned.  

In Table A3 of Appendix A, we show that these results are largely robust to multiple 
hypothesis testing adjustments. The one exception is that the small difference in behavior between 
informed spectators in the Info-rEducation treatment and those in the Random-Education treatment 
is no longer significant even without other control variables. 
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Table 4: Regression results on share redistributed for informed and uninformed spectators 
 (1) (2) (3) (4) 
Info-rEducation 0.043* 

(0.022) 
0.021 

(0.018) 
  

Info-rEmployment   0.032 
(0.024) 

0.027 
(0.021) 

Uninformed -0.026 
(0.025) 

0.014 
(0.021) 

-0.004 
(0.026) 

0.004 
(0.022) 

Procedural fairness  -0.090*** 
(0.007) 

 -0.080*** 
(0.007) 

Female  0.016 
(0.015) 

 0.006 
(0.016) 

Age  0.001 
(0.000) 

 -0.000 
(0.005) 

High education  0.005 
(0.017) 

 -0.001 
(0.017) 

High income  -0.007 
(0.017) 

 0.003 
(0.016) 

Conservative  -0.028 
(0.019) 

 -0.006 
(0.022) 

Constant 0.341*** 
(0.013) 

0.255*** 
(0.026) 

0.290*** 
(0.014) 

0.283*** 
(0.031) 

Observation 420 420 420 420 
R2 0.009 0.343 0.006 0.301 

Note: The table reports OLS regression results on share redistributed by spectators. In columns (1) and (2) the 
Random-Education treatment serves as the reference category. In columns (3) and (4) the Random-Employment 
treatment serves as the reference category. “Procedural fairness attitude” is spectators’ self-reported attitude about the 
allocation rule in their treatment. “High income” is an indicator variable for having yearly income higher than $50,000. 
“High education” is an indicator variable for having 4-year college education or higher. “Conservative” is an indicator 
variable for having selected either Republican or Libertarian as their political party/stance most typically supported. 
Standard errors are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 

To summarize, despite the fact that only around 50% of the spectators were willing to expend 
effort to learn about the presence of unequal opportunities, in practice when making redistribution 
choices, they behaved as if they knew for sure about its presence. These results suggest both good 
and bad news. The good news is that people tend to assume the “worse” scenario and take the 
presence of unequal opportunities into account when making their redistributive decisions. 
However, we caution that this result might be due to the salience of the possibility of unequal 
opportunities in our experimental design. In real-world scenarios, the fact about whether unequal 
opportunities are present or not is more hideous such that its possibility may not easily come into 
people’s mind. Furthermore, the fact that some pairs of workers faced with equal opportunity were 
treated as if they were presented with unequal opportunities could be just another incidence of 
unfairness. On the other hand, the bad news is that a substantial proportion of spectators did not 
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appear to truly care about finding information about potential unequal opportunities. Given that 
the redistribution levels are indistinguishable among those who sought information compared to 
those who declined to do so, it suggests a substantial fraction of individuals simply feel 
comfortable redistributing without knowing whether the original inequality was due to unequal 
opportunity or other reasons. This could raise concerns about whether individuals truly care about 
equalizing outcomes based on the actual sources of inequality in society.  

4.3. Heterogeneity analysis 

As specified in our pre-analysis plan, we conduct an analysis of the redistributive choices of 
different subgroups of spectators along the following demographic dimensions: gender, education, 
income and political identity. 

We first discuss the previously observed subgroup differences in average share redistributed. 
Column (3) in Table 3 shows that conservatives tend to redistribute significantly less than non-
conservatives (30.2% vs. 33.6%, p = 0.012). Figure A4 in Appendix A shows that the political 
party difference is noticeable in all treatments except for the Luck treatment. We also observe 
some weaker evidence that spectators with high income tend to redistribute less than those with 
relative lower income (31.7% vs. 33.8%, p = 0.050), which is consistent with a self-serving bias 
in people’s fairness perceptions. By contrast, we find no evidence of association between gender 
and share redistributed. Education level also does not appear to matter in redistributive decisions. 
In Table A4 of Appendix A, we show that these results are largely robust to multiple hypothesis 
testing adjustments, with the exception that the small difference in behavior associated with 
income level is no longer statistically significant. 

Next, we test subgroup differences across all treatments based on gender, education, income 
and political affiliation. Table 5, which incorporates dummy variables for subgroups based on 
these factors, shows that the treatment effects are generally consistent across subgroups. In almost 
all subgroups, merit as the source of inequality, whether it is in its purest form (in the Merit 
treatment) or partly compromised by unequal opportunities, results in a significantly lower 
redistributed share than luck. The exceptions are that redistributed shares by males or spectators 
with relatively low income level do not significantly differ between the Info-rEducation and Luck 
treatments. Table A5 in Appendix A (column showing unadjusted p-values) further shows that for 
other treatment comparisons, the effects are also generally consistent across subgroups.11  

 
11 In Table A5 of Appendix A, we show that these results are largely robust to multiple hypothesis testing adjustments 
but with important exceptions. For all subgroups except for non-conservatives, the difference between the Random-
Education and Random-Employment treatments is not statistically significant. The difference between the Random-
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Table 5: Heterogeneity analysis on share redistributed 
 (1) Gender 

(D = 1 if 
Female) 

(2) Education 
(D = 1 if 

High) 

(3) Income 
(D = 1 if 

High) 

(4) Political 
(D = 1 if 

Conservative) 
Merit -0.180*** 

(0.028) 
-0.200*** 

(0.024) 
-0.174*** 

(0.023) 
-0.192*** 

(0.019) 
Random-Education -0.068*** 

(0.026) 
-0.085*** 

(0.025) 
-0.066*** 

(0.024) 
-0.064*** 

(0.019) 
Random-Employment -0.111*** 

(0.028) 
-0.145*** 

(0.027) 
-0.111*** 

(0.025) 
-0.127*** 

(0.019) 
Info-rEducation -0.026 

(0.027) 
-0.055** 
(0.025) 

-0.036 
(0.025) 

-0.041** 
(0.018) 

Info-rEmployment -0.068*** 
(0.026) 

-0.103*** 
(0.024) 

-0.090*** 
(0.023) 

-0.096*** 
(0.018) 

Merit × D -0.035 
(0.035) 

0.000 
(0.035) 

-0.047 
(0.035) 

-0.024 
(0.044) 

Random-Education × D -0.020 
(0.036) 

0.008 
(0.035) 

-0.029 
(0.035) 

-0.054 
(0.046) 

Random-Employment × D -0.039 
(0.036) 

0.022 
(0.036) 

-0.042 
(0.035) 

-0.025 
(0.046) 

Info-rEducation × D -0.046 
(0.034) 

0.008 
(0.034) 

-0.028 
(0.034) 

-0.034 
(0.042) 

Info-rEmployment × D -0.063* 
(0.035) 

0.002 
(0.034) 

-0.024 
(0.034) 

-0.026 
(0.046) 

D 0.046* 
(0.023) 

0.003 
(0.023) 

0.010 
(0.023) 

-0.006 
(0.032) 

Constant 0.396*** 
(0.019) 

0.420*** 
(0.016) 

0.417*** 
(0.016) 

0.423*** 
(0.012) 

Observation 1260 1260 1260 1260 
R2 0.107 0.104 0.107 0.111 
Merit (D = 1) -0.215*** 

(0.022) 
-0.199*** 

(0.025) 
-0.221*** 

(0.026) 
-0.216*** 

(0.040) 
Random-Education (D = 1) -0.088*** 

(0.024) 
-0.076*** 

(0.025) 
-0.095*** 

(0.026) 
-0.118*** 

(0.042) 
Random-Employment (D = 1) -0.149*** 

(0.023) 
-0.123*** 

(0.024) 
-0.154*** 

(0.025) 
-0.152*** 

(0.042) 
Info-rEducation (D = 1) -0.072*** 

(0.021) 
-0.048** 
(0.023) 

-0.064*** 
(0.023) 

-0.075** 
(0.038) 

Info-rEmployment (D = 1) -0.131*** 
(0.023) 

-0.102*** 
(0.024) 

-0.114*** 
(0.025) 

-0.122*** 
(0.043) 

Note: The table reports OLS regression results on share redistributed by adding interactions with subgroups of 
spectators. The Luck treatment serves as the reference category. “High income” is an indicator variable for having 
yearly income higher than $50,000. “High education” is an indicator variable for having 4-year college education or 

 
Education and Luck treatments and the difference between the Random-Employment and Merit treatments are also 
not significant for some subgroups such as males. 
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higher. “Conservative” is an indicator variable for having selected either Republican or Libertarian as their political 
party/stance most typically supported. Standard errors are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 

4.4. Supporting evidence about external validity from workers’ questionnaire 

We now turn to the survey responses and data generated by workers. We note that due to 
the features of our experiment design, workers’ performance on the knowledge evaluation itself is 
of limited interest and insight. While workers were informed that a third-party spectator would 
potentially redistribute the earnings based on information they received about workers’ conditions 
and performances, due to the limited and one-directional interaction between workers and 
spectator, workers still found it in their best interest to perform as best they could on the knowledge 
evaluation.  

Before workers started to work on their main task, they were asked to answer a question 
about a brief hypothetical scenario, which is designed to shed light on the external validity of our 
main experiment. In other words, were our findings on spectators’ redistribution choices specific 
to our worker-spectator setup and the performance task at hand, or does the experiment 
successfully detect underlying perceptions and preferences about redistribution under unequal 
opportunity? Workers were randomly assigned to one of the six hypothetical scenarios described 
as follows, independently of the treatment scenario they were assigned to as workers in the main 
experiment.12 The exact text of each scenario is presented in the experimental protocol for workers 
in Appendix B. We deliberately placed the hypothetical scenarios chronologically before the 
performance task for the main experiment, so that workers’ answers to the hypothetical scenarios 
would not be potentially affected by their experiences in the knowledge assessment task. 
Meanwhile, our experimental findings, which focus on spectators’ decisions, are essentially 
unaffected by workers performances in the knowledge evaluation. 

Merit-Training Scenario: Two employees in a company are requested to take a 
certification test after participating in the same training program. Both employees pass the test but 
one obtains a higher score. The company then awards a bonus of $600 to the employee for his high 
score obtained on the certification test. 

Random-Training Scenario: The background story is similar to the Merit-Training 
scenario. However, one employee is randomly selected to participate in a new and improved 
training program while the other is still enrolled in the ordinary training program. Both of them 

 
12 The workers’ characteristics across all six scenarios are summarized in Table A6. A balance test produces a p-value 
of 0.476, indicating that the overall balance is achieved. 
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pass the test but the former employee obtains a higher score and is awarded a bonus of $600 by 
his company. 

Merit-Department Scenario: Two employees work in the same department of a company 
with the same working conditions and client base. One employee completes a higher number of 
reports than the other. The company then awards a bonus of $600 to the employee for his superior 
job performance. 

Random-Department Scenario: The background story is similar to the Merit-Department 
scenario 3. However, in their initial employment assignments, one employee is randomly placed 
into a department which serves a large client base. The other is randomly placed into a department 
which serves a moderate-sized client base. The former employee completes a higher number of 
reports and is awarded a bonus of $600 by his company. 

In the first four scenarios, workers were asked to indicate whether and how they would 
reallocate the $600 bonus with the two employees if they were hypothetically able to do so. The 
Merit-Training and Random-Training scenarios are designed to provide a more realistic real-world 
scenario mirroring the learning opportunities in the Merit and Random-Education treatments, 
while the Merit-Department and Random-Department scenarios are designed to embed the feature 
about performance or job opportunities in the Merit and Random-Employment in a real-world 
scenario beyond our implemented experiment. Note that we conduct two scenarios (Merit-Training 
and Merit-Department) that mimic the Merit treatment in order to provide a benchmark for the 
Random-Training and Random-Department scenarios with unequal opportunities, respectively. 
This is important for comparison purposes because the background story is different in these two 
scenarios.13 

We have two additional scenarios mimicking the two treatments with information-seeking 
in our main experiment: 

Info-Training Scenario: The background story is similar to the Random-Training scenario. 
However, the manager who is in the position to award the $600 bonus to higher performer on the 
certification test does not actually know whether one of the employees in fact attended the new 
and improved training program while the other attended the ordinary program. 

Info-Department Scenario: The background story is similar to the Random-Department 
scenario. However, the manager who is in the position to award the $600 bonus to higher performer 

 
13 We did not include a scenario that mimics the Luck treatment because it seems difficult to come up with a realistic 
scenario in which pure luck determines the initial allocation of the bonus.  



30 
 

on their job does not actually know whether one of the employees was in fact assigned to a different 
department than the other. 

In the Info-Training and Info-Department scenarios, workers were asked to indicate their 
belief or opinion about what percentage of managers would check the relevant information (i.e., 
the training program history or department assignment) before deciding about how to award the 
bonus. Since we are mainly interested in subjects’ perceptions about the information-seeking, we 
do not additionally ask them to reallocate the bonus. Also note that the question we asked in the 
hypothetical scenarios can be interpreted as the perceived social norm in information-seeking in 
such scenarios, while in our main experiment, spectators made an individual information-seeking 
decision. 

We first discuss the results from the first four scenarios. Figure 2 shows the average share 
redistributed by workers across these hypothetical scenarios. We observe remarkably 
quantitatively similar results compared to the actual decisions in our main experiment. In the 
Merit-Training and Random-Training scenarios, the average redistributed share is 20.9% and 34.9% 
respectively. The difference is statistically significant (p < 0.001, Wilcoxon ranksum test). 14 
Similarly, in the Merit-Department and Random-Department scenarios, the average redistributed 
share is 18.8% and 35.0%, respectively (p < 0.001).15  

It is however worth noting that, somewhat differently from the findings in our main 
experiment, the redistributed shares are very close in the two scenarios with different types of 
unequal opportunities. One possibility is the time compensation for MTurk workers in our main 
experiment. Spectators may assume that the disadvantaged worker who got fewer knowledge 
questions to answer was able to complete the task faster, and thus needs less compensation. 
Presumably, this argument is less relevant in the Random-Department scenario in which a smaller 
client base does not necessarily imply less time or effort spent on the work. 

 
14 Figure A5 in Appendix A shows the distribution of the redistributed share in these four scenarios. Complete 
equalization is the modal behavior in the Random-Training scenario, representing for 47.9% of all observations. 
However, only 13.4% equalize the total income in the Merit-Training scenario. These numbers are remarkably similar 
to what we observe in the spectators’ decisions. 
15 As shown in Figure A5, complete equalization accounts for 35.4% of all observations in the Random-Department 
scenario, while merely 6.7% equalize the total income in the Merit-Department scenario. 
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Figure 2: Share redistributed (hypothetical scenarios) 
Note: The figure shows the average share redistributed by the workers in each of the four hypothetical scenarios in 
their questionnaire. Standard errors are indicated by the bars. 

Next, we turn to the Info-Training and Info-Department scenarios to assess the perceived 
social norm regarding information-seeking about unequal opportunities. The workers reported that 
on average 61.3% and 71.5% of managers would check the information of potential unequal 
opportunities in the Info-Training and Info-Department scenarios, respectively. These numbers are 
higher than the actual rate of information-seeking in our experiment (around 50%). We can draw 
a few observations from the results of these two scenarios. Firstly, while the percentage of 
managers that workers thought would check the unequal opportunity information is quite high, 
workers did not generally believe that all managers would check the information.16 In addition, 
given that only (50%) of spectators actually checked the information in the main experiment, 
workers’ impressions about managers’ due diligence may be overly optimistic. On the other hand, 
the discrepancy could reflect the potential difference between real world managers and the 
spectators in our experiment. In any case, the relatively high percentage quoted by workers in these 
information seeking scenarios indicates that individuals seem to trust most supervisors to make 
fair and informed compensation decisions. 

 
16 Figure A6 in Appendix A shows the distribution of the social norm regrading information-seeking in these two 
scenarios. 24.5% and 30.3% of subjects indicated that at least 80% of managers will check the information in the Info-
Training and Info-Department scenarios, respectively. 
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Overall, the workers’ answers across the hypothetical scenarios help to confirm the external 
validity of the findings in our main experiment. Specifically, people do consider the impact of 
unequal opportunities when deciding upon the fair allocation of total earnings, and the allocation 
result lies in between that of merit and luck alone. However, in the main experiment a large 
proportion of our subjects do not seem to care enough about the information of unequal 
opportunities when the information can only be obtained at some cost. When evaluating the 
hypothetical scenarios, workers also do not believe everyone would choose to go through the 
trouble to obtain such information, while they do seem to maintain an optimistic belief about this 
possibility. 

5. Discussion and Conclusion 

Unequal opportunities permeate almost every aspect of society, and inspire intense 
intellectual debates regarding the morality of such situations and their often negative impact on 
our society. Some of them, such as inherited wealth, even have a direct impact on income 
inequality (Bastani and Waldenström 2021; Lekfuangfu, Powdthavee, and Riyanto 2022). 
Compared to more obvious potential disadvantages that individuals may face in society, unequal 
opportunities play a more subtle but profound role in influencing their earnings prospects through, 
for example, early-life education (Falk et al. 2021) and homophilic job-related networks (Jackson, 
2021).  

To see how much importance individuals attach to some of the commonly-discussed sources 
of inequality, in our post-experiment survey for workers in our experiment, we asked participants 
to indicate their beliefs about the importance of each of five factors in causing socio-economic 
inequality. These factors were education (“some people have better educational opportunities than 
others”), job opportunities (“some people have access to better job opportunities than others”), 
hard work (“some people work harder than others”), luck (“some people have better luck than 
others”), and inheritance (“some people have inherited money from their family, giving them a 
head start compared to others”). For each factor, subjects rated its perceived importance from 1 to 
10, with 1 indicating “not important at all” and 10 indicating “extremely important”. Figure 3 
shows the average rating for each factor. Interestingly, and consistently with the overall research 
question of our study, we observe that unequal educational and job opportunities are considered to 
be more important than either hard work or luck (for each pairwise comparison, p < 0.001, 
Wilcoxon signed-rank test). Meanwhile, inheritance is considered slightly less important than 
educational opportunities (p = 0.009), but more important than hard work (p < 0.001). This 
emphasis on education agrees with a global survey by Pew Research Center, in which people rated 
education as the most important factor for getting ahead in life (Pew Research Center 2014). 
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Figure 3: Rating of factors contributing to socio-economic inequality 

Note: The figure shows the average rating of the importance of each factor in causing socio-economic inequality. 
Standard errors are indicated by the bars. 

Despite the perceived importance of unequal opportunities for our society at large, thus far 
there has been little scientific assessment of individuals’ fairness perceptions and redistribution 
preferences toward circumstances involving unequal opportunities. This line of investigation is 
important because we must first understand and anticipate the reaction of the public toward any 
potential corrective policy that aims to address social problems caused by unequal opportunities 
before putting it into practice. Our study helps to fill this gap. Conceptually, unequal opportunity 
can be understood as a form of underlying luck, which occurs prior to the actual performance 
evaluation. In our treatment of unequal educational opportunities, participants with the relevant 
learning materials represent the luck of individuals born into wealthier families that can afford 
high-quality education. In our treatment of unequal employment opportunities, participants with 
better job opportunities emulate the luck of facing better labor market conditions. To what extent 
people perceive inequality resulting from unequal opportunities as unfair is ultimately an empirical 
question. Our experiment helps shed light on this issue. 

In our experiment, which utilizes participants representative of the U.S. population, we 
exogenously manipulate the educational or employment opportunities presented to one of the 
paired workers, without altering their incentives to perform in their task. In all but one treatment 
(the luck treatment), subjects’ relative task performances, which are affected by the unequal 
opportunities, determines the initial income distribution. Therefore, the third-party spectators face 
the same redistribution decision with this identical initial allocation rule, an identical level of initial 
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income inequality, and a pair of workers with identical incentives to learn and work. A distinction 
between our experiment and others in the literature, is that we phrase the description of the initial 
allocation procedure and the third-party potential reallocation in such a way in order to preserve 
the incentives for hard work across workers (we also test spectators’ understanding of this feature 
through the comprehension quiz), regardless of whether they are randomly assigned the high or 
low opportunity condition. 

We find that both unequal educational opportunities and unequal employment opportunities 
lead spectators to reallocate in favor of more equal payment distributions compared to the 
benchmark Merit treatment (equal opportunity). However, the amount redistributed is not as large 
as in the benchmark Luck treatment, in which pure luck determines the initial income inequality. 
Based on the average amount redistributed by treatment, inequality stemming from unequal 
opportunities is considered unfair but not fully equivalent to pure luck. In fact, based on 
redistribution outcomes, we find that unequal education opportunities are perceived as closer to 
pure luck in terms of deservingness of redistribution than unequal employment opportunities. We 
also find that spectators’ redistribution decisions largely ordinally match their stated procedural 
fairness attitudes towards the initial allocation rule in each treatment.  

These findings present a challenge to the original definition of meritocratic fairness views 
(e.g., Cappelen et al. 2007; Almås, Cappelen, and Tungodden 2020), which thus far has not 
incorporated the impacts of different sources of performance differentials. An enhanced definition 
needs to accommodate the fact that people appear to only partially equate unequal opportunities 
with pure luck and the degree of equivalence also depends on the finer details of each situation. 
Andre (2022) takes a first step in this direction by distinguishing between two different types of 
meritocrats: actual choice meritocrats and comparable choice meritocrats. The former type holds 
the disadvantaged workers accountable for their low performance, because relative performance 
is the only verifiable information. By contrast, the latter type engages in counterfactual reasoning 
by considering what the disadvantaged worker would achieve had she been in the role of the 
advantaged worker. In our main experiment as well as in our hypothetical real-world scenarios, 
although such a counterfactual is carefully implied in the descriptions, some participants may still 
fail to engage in counterfactual reasoning or simply prefer to base merit judgments on verifiable 
information, which in the context of our study is workers’ relative performances. However, this 
more detailed classification of meritocrats cannot fully explain why merit judgments are still 
significantly different between Random-Education and Random-Employment in our experiment.  

Alternatively, we may try to use spectators’ attitudes or beliefs to account for our findings 
without introducing additional fairness types. Our results regarding spectators’ procedural fairness 
attitudes provide a hint at this possibility. We do observe that their procedural fairness attitudes 
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closely mirror their redistribution decisions. As a result, they explain a significant portion of 
variation in redistribution decisions across treatments. More importantly, once these attitudes are 
controlled for, the estimated treatment difference between Random-Education and Random-
Employment is no longer significant. These findings imply that, perhaps in addition to inherent 
redistributive preferences displayed by individuals with different social preferences, procedural 
fairness attitudes also play a significant role in merit judgments. More fundamentally, any type 
classification of meritocrats may need to be combined with beliefs or attitudes about what 
constitutes fairness in order to more fully explain behavior. In future research, it would be valuable 
to further explore the role of attitudes and/or beliefs in merit judgments under situations involving 
unequal opportunities. For example, we could perhaps specifically measure individuals’ beliefs 
about how unequal opportunities affect income inequality in the general population (not just for a 
specific pair of workers), and their views about the extent to which unequal opportunities could be 
attributed to pure luck. However, to design such an extension of our current work which can 
potentially more deeply explain the differences in redistribution across treatments, requires careful 
consideration of how to properly incentivize belief elicitations in this context while simultaneously 
avoiding false consensus effects.  

In real life, the presence of unequal opportunities is often not immediately observable due 
to either their indirect role in influencing income as mentioned earlier or perhaps their socially 
uncomfortable nature that often makes advantaged people purposefully hide this fact from 
outsiders. In our treatments where spectators needed to expend effort to reveal information about 
the presence of unequal opportunities, we find that a substantial proportion of them do not appear 
to sufficiently care about the source of performance differential and thus decline to reveal such 
information. Even though their redistribution decision does not appear to be affected by the 
information, it still raises concerns about whether people truly care about equalizing outcomes 
based on the actual sources of inequality in society. More research, however, is needed to gain a 
better understanding of the effect of information on people’s redistribution preferences beyond our 
relatively abstract environments.  

Recall that in Figure 3 we show that people believe unequal educational and job 
opportunities are perhaps the most important causes of socio-economic inequality. It is, however, 
somewhat contradictory that spectators (drawn from an identical subject pool as workers) only 
investigated the source of inequality in the main experiment with the same likelihood as a coin 
toss, when they had to expend effort to do so. Furthermore, in real-world scenarios, workers 
assumed that a relatively high fraction of supervisors would investigate the sources of workers’ 
unequal opportunities. These contradictions are worrisome in that they suggest a passive role of 
decision-makers in getting to the bottom of the sources of inequality, while they simultaneously 
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think inequality in opportunity is very important and believe others will do the work to bring 
fairness to unequal situations.  

One of the practical implications of the findings in this paper pertains to the implementation 
of technology and automation in making business decisions, such as deciding which workers to 
hire. Given that worker performance is path dependent upon past performance, initial advantages 
such as being born into a better neighborhood with better primary schools (which in turn may 
depend on one’s parents’ performance or luck in their careers), can be amplified. As another 
example, an algorithm could recommend candidates to employers by matching their characteristics 
with past successful candidates with similar characteristics (who are known as “Doppelgangers”). 
However, since this algorithm often ignores factors related to unequal opportunities that contribute 
to the past success of those Doppelgangers, decisions made based on this algorithm alone would 
be incapable of guaranteed fair assessments of the opportunity factors we consider in this study.17 
This unending cycle of path-dependent job seeking and matching could severely constrain social 
mobility, while potentially contributing to more polarized attitudes toward redistributive policies 
due to heterogeneous knowledge by citizens about the true nature of such algorithms, particularly 
under potentially inaccurate assumptions that automated processes are objective and thus fair. This 
also highlights the importance of cultivating a public understanding of the content of decision 
algorithms, and ensuring that citizens do not automatically adopt the assumption that computerized 
decisions are by nature fair and just. An important avenue for future research is to better understand 
people’s fairness attitudes in distributive contexts which involve AI-influenced unequal 
opportunities. 

Finally, while our current study has focused on redistributive attitudes in the context of one 
worker being distinctly disadvantaged through lower opportunity than the other worker, a potential 
future direction for further research is to examine attitudes towards one worker being distinctly 
advantaged over the other worker through different possible sources of better and ‘unfair’ 
opportunities. Some possible sources of advantage which could be simulated in an experimental 
setting include bribery/corruption, cheating and nepotism, which similarly to our cases of 
educational and employment opportunity examined here, represent common phenomena in the real 
world that contribute to generating inequality through altering the opportunities of an individual. 
Such a direction can help extend the objective of our line of inquiry, which seeks to better 
understand preferences for redistribution under heterogeneity in underlying opportunity. 

  

 
17 https://www.brookings.edu/research/fairness-in-algorithmic-decision-making/ 
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Online Appendix 

A. Additional Figures 

 

Figure A1: Distribution of the spectators’ decisions 
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Figure A2: Implemented inequality 

Note: The figure shows the average level of implemented inequality in each of the six treatments. Standard errors 
are indicated by the bars. 
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Figure A3: Self-reported procedural fairness attitude 
Note: The figure shows the average level of self-reported procedural fairness attitude in each of the six treatments. 
The data is collected from the spectators’ post-experimental questionnaire item: “for the initial distribution of 
payments between worker A and worker B, how fair did you think it was?” 1 indicates “very unfair” while 5 
indicates “very fair”. Standard errors are indicated by the bars. 
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Figure A4: Share redistributed in subgroups 
Note: The figure shows the average share redistributed by the spectators for each subgroup in each of the six 
treatments. Standard errors are indicated by the bars. 
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Figure A5: Distribution of the workers’ redistributive decisions in the hypothetical scenarios 
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Figure A6: Distribution of the workers’ perceived social norm in information seeking in the 
hypothetical scenarios  
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Table A1: Treatment effects: p-values with multiple hypothesis testing adjustments 

 Difference Multiple testing adjustment 

  Unadjusted 
p-values 

Bonferroni 
p-values 

Holm 
p-values 

List et al. 
p-values 

Merit vs. Luck -0.199 0.000 0.003 0.002 0.000 
Random-Education vs. 
Luck -0.080 0.000 0.003 0.003 0.000 

Random-Employment vs. 
Luck -0.132 0.000 0.003 0.002 0.000 

Random-Education vs. 
Merit 0.119 0.000 0.003 0.002 0.000 

Random-Employment vs. 
Merit 0.067 0.001 0.008 0.004 0.003 

Random-Education vs. 
Random-Employment 0.052 0.007 0.053 0.020 0.019 

Random-Education vs. 
Info-rEducation -0.029 0.109 0.875 0.219 0.208 

Random-Employment vs. 
Info-rEmployment -0.029 0.115 0.920 0.115 0.115 

Note: List et al. (2019) p-values are produced using Stata command “mhtreg”, which allows the testing procedure to 
be used in multivariate regressions (Steinmayr 2020). The underlying regressions are estimated using OLS with robust 
standard errors in which “Difference” refers to the coefficient estimate of each comparison. 
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Table A2: Determinants of information-seeking behavior 
 Info-rEducation Info-rEmployment 
Procedural fairness attitude -0.078** 

(0.030) 
0.005 

(0.027) 
Female 0.060 

(0.071) 
-0.109 
(0.070) 

Age -0.001 
(0.002) 

-0.002 
(0.002) 

High education 0.075 
(0.072) 

0.124 
(0.076) 

High income 0.021 
(0.071) 

0.104 
(0.076) 

Conservative 0.087 
(0.077) 

0.028 
(0.081) 

Constant 0.436*** 
(0.113) 

0.526*** 
(0.124) 

Observation 210 210 
R2 0.046 0.051 

Note: The table reports OLS regression results on determinants of information-seeking behavior in the two treatments 
with information-seeking. The binary dependent variable is 1 if a spectator chose to do the number-checking task. 
“Procedural fairness attitude” is spectators’ self-reported attitude about the allocation rule in their treatment. “High 
income” is an indicator variable for having yearly income higher than $50,000. “High education” is an indicator 
variable for having 4-year college education or higher. “Conservative” is an indicator variable for having selected 
either Republican or Libertarian as their political party/stance most typically supported. Standard errors are in 
parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.  
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Table A3: Information effects: p-values with multiple hypothesis testing adjustments 

 Difference Multiple testing adjustment 

  Unadjusted 
p-values 

Bonferroni 
p-values 

Holm 
p-values 

List et al. 
p-values 

Informed vs. Random-
Education 0.043 0.057 0.228 0.228 0.205 

Uninformed vs. Random-
Education 0.017 0.455 1.000 0.455 0.454 

Informed vs. Random-
Employment 0.032 0.179 0.715 0.536 0.435 

Uninformed vs. Random-
Employment 0.027 0.200 0.800 0.400 0.360 

Note: List et al. (2019) p-values are produced using Stata command “mhtreg”, which allows the testing procedure to 
be used in multivariate regressions (Steinmayr 2020). The underlying regressions are estimated using OLS with robust 
standard errors in which “Difference” refers to the coefficient estimate of each comparison. 
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Table A4: Share redistributed in subgroups: p-values with multiple hypothesis testing 
adjustments 

 Difference Multiple testing adjustment 

  Unadjusted 
p-values 

Bonferroni 
p-values 

Holm 
p-values 

List et al. 
p-values 

Female vs. Male 0.012 0.271 1.000 0.271 0.271 
High vs. Low education 0.015 0.172 0.687 0.343 0.312 

High vs. Low income -0.022 0.047 0.187 0.140 0.130 
Conservative vs. non-
conservative -0.033 0.010 0.039 0.039 0.036 

Note: List et al. (2019) p-values are produced using Stata command “mhtreg”, which allows the testing procedure to 
be used in multivariate regressions (Steinmayr 2020). The underlying regressions are estimated using OLS with robust 
standard errors in which “Difference” refers to the coefficient estimate of each comparison. 
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Table A5: Treatment effects for subgroups: p-values with multiple hypothesis testing 
adjustments 

 Difference Multiple testing adjustment 

  
Unadjusted 

p-values 
Bonferroni 

p-values 
Holm 

p-values 
List et al. 
p-values 

Female      
Merit vs. Luck -0.215 0.000 0.021 0.015 0.000 
Random-Education vs. Luck -0.088 0.000 0.021 0.021 0.000 
Random-Employment vs. Luck -0.149 0.000 0.021 0.019 0.000 
Random-Education vs. Merit 0.127 0.000 0.021 0.014 0.000 
Random-Employment vs. Merit 0.066 0.008 0.512 0.248 0.155 
Random-Education vs. Random-Employment 0.061 0.016 1.000 0.425 0.261 
Random-Education vs. Info-rEducation -0.017 0.518 1.000 0.518 0.518 
Random-Employment vs. Info-rEmployment -0.018 0.451 1.000 1.000 0.817 
Male      
Merit vs. Luck -0.180 0.000 0.021 0.016 0.000 
Random-Education vs. Luck -0.068 0.010 0.640 0.300 0.188 
Random-Employment vs. Luck -0.111 0.001 0.043 0.026 0.012 
Random-Education vs. Merit 0.112 0.000 0.021 0.015 0.000 
Random-Employment vs. Merit 0.070 0.016 1.000 0.432 0.263 
Random-Education vs. Random-Employment 0.043 0.123 1.000 1.000 0.768 
Random-Education vs. Info-rEducation -0.042 0.122 1.000 1.000 0.778 
Random-Employment vs. Info-rEmployment -0.042 0.130 1.000 1.000 0.758 
      
High education      
Merit vs. Luck -0.199 0.000 0.021 0.017 0.000 
Random-Education vs. Luck -0.076 0.004 0.277 0.147 0.099 
Random-Employment vs. Luck -0.123 0.000 0.021 0.015 0.000 
Random-Education vs. Merit 0.123 0.000 0.021 0.020 0.000 
Random-Employment vs. Merit 0.077 0.004 0.235 0.128 0.086 
Random-Education vs. Random-Employment 0.046 0.071 1.000 1.000 0.645 
Random-Education vs. Info-rEducation -0.029 0.256 1.000 1.000 0.897 
Random-Employment vs. Info-rEmployment -0.021 0.401 1.000 1.000 0.935 
Low education      
Merit vs. Luck -0.200 0.000 0.021 0.018 0.000 
Random-Education vs. Luck -0.085 0.001 0.085 0.051 0.032 
Random-Employment vs. Luck -0.145 0.000 0.021 0.020 0.000 
Random-Education vs. Merit 0.115 0.000 0.021 0.019 0.000 
Random-Employment vs. Merit 0.055 0.058 1.000 1.000 0.592 
Random-Education vs. Random-Employment 0.060 0.037 1.000 0.843 0.446 
Random-Education vs. Info-rEducation -0.029 0.272 1.000 1.000 0.875 
Random-Employment vs. Info-rEmployment -0.041 0.161 1.000 1.000 0.801 
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High income      
Merit vs. Luck -0.221 0.000 0.021 0.016 0.000 
Random-Education vs. Luck -0.095 0.000 0.021 0.018 0.000 
Random-Employment vs. Luck -0.154 0.000 0.021 0.014 0.000 
Random-Education vs. Merit 0.127 0.000 0.021 0.020 0.000 
Random-Employment vs. Merit 0.068 0.014 0.875 0.396 0.242 
Random-Education vs. Random-Employment 0.059 0.031 1.000 0.736 0.399 
Random-Education vs. Info-rEducation -0.031 0.228 1.000 1.000 0.891 
Random-Employment vs. Info-rEmployment -0.039 0.137 1.000 1.000 0.757 
Low income      
Merit vs. Luck -0.174 0.000 0.021 0.017 0.000 
Random-Education vs. Luck -0.066 0.007 0.448 0.224 0.141 
Random-Employment vs. Luck -0.111 0.000 0.021 0.013 0.000 
Random-Education vs. Merit 0.109 0.000 0.021 0.018 0.000 
Random-Employment vs. Merit 0.063 0.020 1.000 0.500 0.296 
Random-Education vs. Random-Employment 0.046 0.083 1.000 1.000 0.689 
Random-Education vs. Info-rEducation -0.030 0.271 1.000 1.000 0.896 
Random-Employment vs. Info-rEmployment -0.021 0.417 1.000 1.000 0.860 
      
Conservative      
Merit vs. Luck -0.216 0.000 0.021 0.021 0.000 
Random-Education vs. Luck -0.128 0.006 0.405 0.209 0.134 
Random-Employment vs. Luck -0.152 0.000 0.021 0.017 0.000 
Random-Education vs. Merit 0.098 0.015 0.981 0.429 0.261 
Random-Employment vs. Merit 0.065 0.094 1.000 1.000 0.711 
Random-Education vs. Random-Employment 0.034 0.409 1.000 1.000 0.904 
Random-Education vs. Info-rEducation -0.043 0.247 1.000 1.000 0.906 
Random-Employment vs. Info-rEmployment -0.030 0.466 1.000 0.932 0.714 
Non-conservative      
Merit vs. Luck -0.192 0.000 0.021 0.016 0.000 
Random-Education vs. Luck -0.064 0.000 0.021 0.019 0.000 
Random-Employment vs. Luck -0.127 0.000 0.021 0.021 0.000 
Random-Education vs. Merit 0.129 0.000 0.021 0.014 0.000 
Random-Employment vs. Merit 0.066 0.003 0.213 0.123 0.081 
Random-Education vs. Random-Employment 0.063 0.003 0.213 0.120 0.081 
Random-Education vs. Info-rEducation -0.022 0.290 1.000 1.000 0.868 
Random-Employment vs. Info-rEmployment -0.031 0.128 1.000 1.000 0.764 

Note: List et al. (2019) p-values are produced using Stata command “mhtreg”, which allows the testing procedure to 
be used in multivariate regressions (Steinmayr 2020). The underlying regressions are estimated using OLS with robust 
standard errors in which “Difference” refers to the coefficient estimate of each comparison. 
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Table A6: Descriptive statistics about workers’ characteristics 
 Hypothetical scenarios U.S. 

Population 
 Merit-

Training 
Random-
Training 

Merit-
Department 

Random-
Department 

Info-
Training 

Info-
Department 

 

Female (%) 52.8 52.9 55.6 58.3 49.6 59.2 50.8 
Age (years) 40.7 40.1 40.9 38.9 41.4 41.0 38.2 
High education (%) 52.8 53.6 51.1 48.6 61.9 57.0 32.9 
Individual yearly 
income (USD) 

57659 50000 58825 61482 55638 49708 68764 

Conservative (%) 27.5 24.3 28.9 22.2 25.2 27.5 27.0 
        
Obs. 142 140 135 142 139 142  

Note: The table reports descriptive statistics for spectators’ characteristics in the experiment as well as the population 
data (from the American Community Survey (ACS) 2020 for sex, age, education and income, and the Gallup for the 
party affiliation since 2021). A person is categorized as “high education” if he or she has completed at least 4-year 
college education. Individual yearly income is the pre-tax income; in the population data it refers to mean earnings for 
full-time, year-round workers in the past 12 months.  
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B. Experimental protocol 

B.1. Spectators 

General information 

 

Captcha verification 

 

 



2 
 

[Protocol for spectators in the Luck treatment] 
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Next page: 

 

Next page: 

 

{Same copy of the instructions. Omitted here.} 
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[Protocol for spectators in the Merit treatment] 
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Next page: 

 

Next page:  

 

{Same copy of the instructions. Omitted here.} 
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[Protocol for spectators in the Random-Education treatment] 
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Next page: 

 

Next page:  

 

{Same copy of the instructions. Omitted here.} 
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[Protocol for spectators in the Random- Employment treatment] 
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Next page:  

 

Next page: 

 

{Same copy of the instructions. Omitted here.} 
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[Protocol for spectators in the Info-rEducation treatment] 
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Next page: 

 

Next page: 
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Next page (if they choose to do the number-checking task; skip this page if not):  
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Next page (if they succeed in passing the number-checking task, they will see the 
information): 

 

 

{Same copy of the instructions. Omitted here.} 
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[Protocol for spectators in the Info-rEmployment treatment] 
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Next page: 

 

Next page: 
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Next page (if they choose to do the number-checking task; skip this page if not):  
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Next page (if they succeed in passing the number-checking task, they will see the 
information): 

 

 

{Same copy of the instructions. Omitted here.} 
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A.2. Workers 

General information 

 

Captcha verification 
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Next page: 
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Next page (each worker sees one of the following six scenarios): 

{Merit-Training Scenario} 
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{Merit-Department Scenario} 
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{Random-Training Scenario} 
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{Random-Department Scenario} 
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{Info-Training Scenario} 
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{Info-Department Scenario} 
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Next page: 

 

  



27 
 

[Protocol for workers in the Luck treatment] 

Next page (all workers received highly-relevant learning materials): 
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Next page (all workers received the full set of test questions): 
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[Protocol for workers in the Merit treatment] 

Next page (all workers received highly-relevant learning materials): 
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Next page (all workers received the full set of test questions): 
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Next page: 
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[Protocol for workers in the Random-Education treatment] 

Next page (50% workers received highly-relevant learning materials): 
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Next page (50% workers received lowly-relevant learning materials): 
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Next page (all workers received the full set of test questions): 
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Next page: 
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[Protocol for workers in the Random-Employment treatment] 

Next page (all workers received highly-relevant learning materials): 
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Next page (50% workers received the full set of test questions): 
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Next page (50% workers received the truncated set of test questions): 
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Next page: 
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[Protocol for workers in the Info-rEducation treatment] 

80% of workers followed the same protocol as the Random-Education treatment; 20% 
of workers followed the same protocol as the Merit treatment. So details are omitted 
here. 

 

[Protocol for workers in the Info-rEmployment treatment] 

80% of workers followed the same protocol as the Random-Employment treatment; 20% 
of workers followed the same protocol as the Merit treatment. So details are omitted 
here. 
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