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A. Additional figures and tables 

 

Figure A1: Distribution of the spectators’ decisions 
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Figure A2: 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 A3: Distribution of the spectators’ decisions in the follow-up experiment 
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Table A1: Regression results on share redistributed 
 (1) (3) 
Merit -0.204*** 

(0.018) 
-0.203*** 

(0.018) 
Random-Education -0.076*** 

(0.018) 
-0.073*** 

(0.018) 
Random-Employment -0.136*** 

(0.018) 
-0.138*** 

(0.018) 
Female  0.019 

(0.013) 
Age  0.000 

(0.000) 
High education  0.014 

(0.014) 
High income  -0.024* 

(0.014) 
Conservative  -0.045*** 

(0.017) 
Constant 0.424*** 

(0.012) 
0.407*** 
(0.024) 

Observation 806 806 
H0: Merit = Random-Education p < 0.001 p < 0.001 
H0: Merit = Random-Employment p < 0.001 p < 0.001 
H0: Random-Education = Random-Employment p = 0.002 p < 0.001 

Note: The table reports OLS regression results on share redistributed by 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 higher. “Conservative” is an indicator 

variable for having selected Republican as their political party/stance most typically supported. Robust standard errors 

are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table A2: Treatment effects: p-values with multiple hypothesis testing adjustments 

 Difference Multiple testing adjustment 

  
Unadjusted 

p-values 
List et al. 
p-values 

Merit vs. Luck -0.204 0.000 0.000 

Random-Education vs. Luck -0.076 0.000 0.000 

Random-Employment vs. Luck -0.136 0.000 0.000 

Random-Education vs. Merit 0.128 0.000 0.000 

Random-Employment vs. Merit 0.068 0.000 0.000 

Random-Education vs. Random-Employment 0.059 0.001 0.001 
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. 
 

 

Table A3: Share redistributed in subgroups: p-values with multiple hypothesis testing 
adjustments 

 Difference Multiple testing adjustment 

  
Unadjusted 

p-values 
List et al. 
p-values 

Female vs. Male 0.019 0.146 0.269 

High vs. Low education 0.014 0.321 0.321 

High vs. Low income -0.024 0.073 0.200 

Conservative vs. non-conservative -0.045 0.010 0.040 
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: 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 -0.182*** 

(0.028) 
-0.204*** 

(0.024) 
-0.184*** 

(0.023) 
-0.198*** 

(0.019) 
Random-Education -0.065** 

(0.027) 
-0.076*** 

(0.025) 
-0.054** 
(0.024) 

-0.058*** 
(0.018) 

Random-Employment -0.116*** 
(0.029) 

-0.142*** 
(0.027) 

-0.111*** 
(0.025) 

-0.130*** 
(0.019) 

Merit  D -0.041 
(0.036) 

0.000 
(0.035) 

-0.038 
(0.035) 

-0.023 
(0.048) 

Random-Education  D -0.018 
(0.036) 

-0.001 
(0.036) 

-0.043 
(0.036) 

-0.064 
(0.048) 

Random-Employment  D -0.035 
(0.037) 

0.011 
(0.037) 

-0.051 
(0.036) 

-0.031 
(0.050) 

D 0.043* 
(0.024) 

0.005 
(0.024) 

0.011 
(0.024) 

-0.014 
(0.036) 

Constant 0.400*** 
(0.019) 

0.421*** 
(0.016) 

0.418*** 
(0.016) 

0.427*** 
(0.012) 

Observation 806 806 806 806 
Merit (D = 1) -0.222*** 

(0.022) 
-0.204*** 

(0.025) 
-0.222*** 

(0.026) 
-0.221*** 

(0.044) 
Random-Education (D = 1) -0.083*** 

(0.024) 
-0.077*** 

(0.026) 
-0.098*** 

(0.027) 
-0.122*** 

(0.045) 
Random-Employment (D = 1) -0.151*** 

(0.023) 
-0.131*** 

(0.024) 
-0.162*** 

(0.026) 
-0.161*** 

(0.046) 
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 

higher. “Conservative” is an indicator variable for having selected Republican as their political party/stance most 

typically supported. Robust standard errors are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table A5: Treatment effects for subgroups: p-values with multiple hypothesis testing 
adjustments 

 Difference Multiple testing adjustment 

  
Unadjusted 

p-values 

List et al. 

p-values 

Female    

Merit vs. Luck -0.222 0.000 0.000 

Random-Education vs. Luck -0.083 0.000 0.000 

Random-Employment vs. Luck -0.151 0.000 0.000 

Random-Education vs. Merit 0.139 0.000 0.000 

Random-Employment vs. Merit 0.071 0.003 0.043 

Random-Education vs. Random-Employment 0.068 0.010 0.109 

Male    

Merit vs. Luck -0.182 0.000 0.000 

Random-Education vs. Luck -0.065 0.017 0.156 

Random-Employment vs. Luck -0.116 0.000 0.000 

Random-Education vs. Merit 0.117 0.000 0.000 

Random-Employment vs. Merit 0.065 0.029 0.142 

Random-Education vs. Random-Employment 0.051 0.073 0.190 

    

High education    

Merit vs. Luck -0.204 0.000 0.000 

Random-Education vs. Luck -0.077 0.004 0.052 

Random-Employment vs. Luck -0.131 0.000 0.000 

Random-Education vs. Merit 0.127 0.000 0.000 

Random-Employment vs. Merit 0.073 0.007 0.079 

Random-Education vs. Random-Employment 0.054 0.041 0.138 

Low education    

Merit vs. Luck -0.204 0.000 0.000 

Random-Education vs. Luck -0.076 0.001 0.020 

Random-Employment vs. Luck -0.142 0.000 0.000 

Random-Education vs. Merit 0.129 0.000 0.000 

Random-Employment vs. Merit 0.062 0.027 0.153 

Random-Education vs. Random-Employment 0.067 0.016 0.159 

    

High income    

Merit vs. Luck -0.222 0.000 0.000 
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Random-Education vs. Luck -0.098 0.001 0.008 

Random-Employment vs. Luck -0.162 0.000 0.000 

Random-Education vs. Merit 0.125 0.000 0.000 

Random-Employment vs. Merit 0.061 0.026 0.167 

Random-Education vs. Random-Employment 0.064 0.021 0.150 

Low income    

Merit vs. Luck -0.184 0.000 0.000 

Random-Education vs. Luck -0.054 0.021 0.173 

Random-Employment vs. Luck -0.111 0.000 0.000 

Random-Education vs. Merit 0.130 0.000 0.000 

Random-Employment vs. Merit 0.074 0.003 0.041 

Random-Education vs. Random-Employment 0.056 0.032 0.136 

    

Conservative    

Merit vs. Luck -0.221 0.000 0.000 

Random-Education vs. Luck -0.122 0.006 0.079 

Random-Employment vs. Luck -0.161 0.001 0.022 

Random-Education vs. Merit 0.099 0.021 0.161 

Random-Employment vs. Merit 0.060 0.167 0.272 

Random-Education vs. Random-Employment 0.039 0.351 0.351 

Non-conservative    

Merit vs. Luck -0.198 0.000 0.000 

Random-Education vs. Luck -0.058 0.001 0.021 

Random-Employment vs. Luck -0.130 0.000 0.000 

Random-Education vs. Merit 0.139 0.000 0.000 

Random-Employment vs. Merit 0.067 0.000 0.000 

Random-Education vs. Random-Employment 0.072 0.001 0.021 
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 spectators’ characteristics in the follow-up experiment 
 Treatment U.S. 

Population 

(ACS, 2020) 

 Vary-

Probability 

Vary-

Education 

Vary-

Employment 

 

Female (%) 42.7 41.0 39.3 50.8 

Age (years) 38.1 39.9 39.0 38.2 

High education (%) 56.9 64.3 54.5 32.9 

Individual yearly income (USD) 59209 60714 54146  68764 

Conservative (%) 17.3 22.4 19.9 27.0 

     

Obs. 225 210 211  

Note: The table reports descriptive statistics for spectators’ characteristics in the main 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 Republican 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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Table A7: Regression results on share redistributed in the follow-up experiment 
 Vary-Probability Vary-Education Vary-Employment 
 (1) (2) (3) 
99% luck / 15 vs. 1 0.016 

(0.013) 
-0.003 
(0.008) 

0.015* 
(0.008) 

90% luck / 15 vs. 4 -0.008 
(0.012) 

-0.007 
(0.010) 

0.076*** 
(0.014) 

50% luck / 15 vs. 7 -0.010 
(0.012) 

0.002 
(0.010) 

0.122*** 
(0.015) 

10% luck / 15 vs. 11 -0.232*** 
(0.017) 

0.007 
(0.015) 

0.140*** 
(0.018) 

1% luck / 15 vs. 14 -0.307*** 
(0.016) 

-0.021 
(0.018) 

0.141*** 
(0.021) 

0% luck / 15 vs. 15 -0.324*** 
(0.016) 

-0.090*** 
(0.021) 

0.126*** 
(0.023) 

Constant 0.436*** 
(0.014) 

0.381*** 
(0.014) 

0.188*** 
(0.015) 

Observation 1575 1470 1477 
Note: The table reports OLS regression results on share redistributed by all spectators in each treatment. The 100% 

luck scenario or the 15 vs. 0 scenario serves as the reference category. Standard errors clustered at the individual level 

are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table A8: Regression results on share redistributed by meritocratic spectators in the follow-up 
experiment 

 Vary-Probability Vary-Education Vary-Employment 
 (1) (2) (3) 
99% luck / 15 vs. 1 0.018 

(0.012) 
-0.006 
(0.006) 

0.006 
(0.010) 

90% luck / 15 vs. 4 -0.006 
(0.013) 

-0.033*** 
(0.012) 

0.030 
(0.020) 

50% luck / 15 vs. 7 -0.009 
(0.013) 

-0.029** 
(0.012) 

0.048** 
(0.021) 

10% luck / 15 vs. 11 -0.246*** 
(0.017) 

-0.054** 
(0.021) 

0.033 
(0.025) 

1% luck / 15 vs. 14 -0.326*** 
(0.017) 

-0.132*** 
(0.021) 

-0.016 
(0.027) 

0% luck / 15 vs. 15 -0.344*** 
(0.016) 

-0.289*** 
(0.022) 

-0.090*** 
(0.027) 

Constant 0.430*** 
(0.014) 

0.360*** 
(0.020) 

0.206*** 
(0.022) 

Observation 1477 735 749 
Note: The table reports OLS regression results on share redistributed by meritocratic spectators in each treatment. The 

100% luck scenario or the 15 vs. 0 scenario serves as the reference category. Standard errors clustered at the individual 

level are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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B. Design and results of the information treatments 

In this appendix, we report details about the information treatments. In the Info-

Education 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. (By asking workers 

to complete a real-effort task, we implement a small hassle cost instead of a monetary cost, as we 

are uncertain about the appropriate size of the monetary charge. Since online participants are 

engaged in our task for money, they might be more sensitive to a monetary cost compared to an 

effort cost, which could decrease their willingness to reveal more information.) 

Similarly, in the Info-Employment 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 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 main treatments, spectators were 

accurately informed that the workers were unaware of their relative performances and similarly 

unaware that the reading materials (Info-Education) or number of knowledge questions (Info-

Employment) might differ between workers. 

The main outcome variable of interest is whether spectators spend effort in the real-effort 

task to reveal information about unequal opportunities. We observe that across both treatments, 

almost 50% of spectators chose not to do so. 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 equalise the income or 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 10.0% and 9.5% 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. 

Furthermore, we find that there was no significant difference between the average shares 

redistributed in the Random-Education and Info-Education treatments (34.7% vs. 36.9% 
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respectively, p = 0.234) or between the Random-Employment and Info-Employment treatments 

(28.8% vs. 31.7% respectively, p = 0.133). Further regression analyses show 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. Table B1 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-Education treatment by using the Random-Education treatment as the reference 

category. The estimates indicate that the redistributive decisions by spectators who became either 

aware or unaware of unequal opportunities are not significantly different from those who directly 

learned about this information by experimental design. Similarly, in columns (3) and (4) we test 

for the information effect in the Info-Employment treatment by using the Random-Employment 

treatment as the reference category. The estimates 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 B2, we show that these results are largely 

robust to multiple hypothesis testing adjustments. 

Table B1: Regression results on share redistributed for informed and uninformed spectators 
 Unequal education Unequal employment 
 (1) (2) (3) (4) 
Info-Education 0.037* 

(0.022) 
0.037* 
(0.022) 

  

Info-Employment   0.033 
(0.024) 

0.036 
(0.024) 

Uninformed -0.030 
(0.024) 

-0.035 
(0.024) 

-0.008 
(0.026) 

-0.008 
(0.027) 

Female  0.016 
(0.018) 

 -0.007 
(0.019) 

Age  0.000 
(0.001) 

 0.000 
(0.001) 

High education  0.005 
(0.019) 

 0.020 
(0.021) 

High income  -0.019 
(0.019) 

 -0.034* 
(0.020) 

Conservative  -0.067*** 
(0.023) 

 -0.033 
(0.025) 

Constant 0.347*** 
(0.014) 

0.359*** 
(0.030) 

0.288*** 
(0.014) 

0.299*** 
(0.038) 

Observation 408 408 410 410 
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. “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 Republican as their political party/stance most typically supported. Robust 
standard errors are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table B2: Information effects: p-values with multiple hypothesis testing adjustments 

 Difference Multiple testing adjustment 

  
Unadjusted 

p-values 
List et al. 
p-values 

Informed vs. Random-Education 0.037 0.095 0.314 

Uninformed vs. Random-Education 0.007 0.747 0.747 

Informed vs. Random-Employment 0.033 0.153 0.391 

Uninformed vs. Random-
Employment 

0.025 0.244 0.427 

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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C. Supporting evidence about external validity from workers’ questionnaire 

In this appendix we present supporting evidence about externality validity of our main 

experiment. To this end, we use the survey responses and data generated by workers.  

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. The exact text of each scenario is presented in the experimental protocol for workers 

in Online Appendix D. 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.  

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 

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. 
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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. However, 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. 

We have two additional scenarios mimicking the two treatments with information-seeking 

in the 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 

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. 

The workers’ characteristics across all six scenarios are summarized in Table C1. A balance 

test produces a p-value of 0.507, indicating that the overall balance is achieved. 
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Table C1: 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) 
57660 50000 58826 61482 55639 49708 68764 

Conservative (%) 24.6 24.3 26.7 20.8 22.3 26.1 27.0 

        

Obs. 142 140 135 144 139 142  

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.  

We first discuss the results from the first four scenarios. Figure C1 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 rank-sum test). Figure 

C2 shows the distribution of the redistributed share in these four scenarios. Complete equalisation 

is the modal behaviour in the Random-Training scenario, representing for 47.9% of all 

observations. However, only 13.4% equalise the total income in the Merit-Training scenario. 

These numbers are remarkably similar to what we observe in the spectators’ decisions. Similarly, 

in the Merit-Department and Random-Department scenarios, the average redistributed share is 

18.8% and 35.0%, respectively (p < 0.001). As shown in Figure C2, complete equalisation 

accounts for 35.4% of all observations in the Random-Department scenario, while merely 6.7% 

equalise the total income in the Merit-Department scenario. 

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. 
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Figure C1: 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. Figure C3 shows 

the distribution of the social norm regarding 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. 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 
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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. 

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. 

 

Figure C2: Distribution of the workers’ redistributive decisions in the hypothetical scenarios 
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Figure C3: Distribution of the workers’ perceived social norm in information seeking in the 
hypothetical scenarios 
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D. More information on the sample restriction and data quality in both experiments 

Main Experiment 

The participants of the main experiment were recruited via CloudResearch’s MTurk Toolkit which 
allows researchers to use multiple demographics and data quality filters such as workers’ approval 
ratings, duplicate IP and Geocode block, workers’ country location verification, CloudResearch-
approved group of participants. 

In our additional effort to improve data quality, as explained in the pre-analysis plan, we excluded 
participants who played the role of spectators if they (1) failed the Captcha; (2) did not pass the 
comprehension quiz (for which they only have one chance); (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).  

Overall, 71.4% (=1220/1708) passed all the exclusion criteria and are included for data analysis 
for spectators. Specifically, since Qualtrics appears to automatically screen out participants 
(potentially bots) who failed the Captcha, actually all recorded participants (N=1708) passed the 
Captcha. Each participant also has a unique Worker ID, which means that it is highly unlikely one 
worker has participated in the study more than once. Among them, 

• 25.6% (=437/1708) did not pass the comprehension quiz 
• 0.6% (=10/1708) did not complete the entire experiment 
• 2.4% (=41/1708) completed the experiment in less than 2 minutes 

 

Follow-up Experiment 

The participants of the follow-up experiment were recruited via Connect which is CloudResearch’s 
in-house platform that recruits participants independently from MTurk. Similar to their MTurk 
Toolbit, Connect also allows researchers to use multiple demographics and data quality filters such 
as workers’ approval ratings, duplicate IP and Geocode block, workers’ country location 
verification, CloudResearch-approved group of participants. 

As a side note, there are multiple reasons why we switched to Connect for the follow-up 
experiment. One major reason is due to Amazon’s sudden change in their billing policies which 
caused the freezing of one of the coauthors’ MTurk account (which is required for using 
CloudResearch’s MTurk Toolkit). We tried to contact Amazon to resolve this issue but in the end, 
Amazon was not responsive to our request in time before we had decided to switch to another 
platform. The second major reason is that there is a number of papers (see those cited in Douglas, 
Ewell, and Brauer, 2023) suggesting that CloudResearch and Prolific can offer better data quality 
than MTurk. Given that we are already quite familiar with CloudResearch and especially its 
capability to filter out participants with “bad” reputation as well as to target participants from 
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various demographic backgrounds, we eventually decided to use CloudResearch’s in-house 
platform. 

Douglas, Ewell, and Brauer (2023) also conduct an experiment comparing data quality between 
MTurk, Prolific, CloudResearch, Qualtrics and SONA. They show that Prolific and 
CloudResearch produce generally better data quality in terms of participants’ likelihood to pass 
attention checks, provide meaningful answers, remember previous information, etc. 

In our additional effort to improve data quality, as explained in the pre-analysis plan, we excluded 
participants who played the role of spectators if they (1) failed the Captcha; (2) did not pass the 
comprehension quiz (for which they only have one chance); (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 3 minutes 
due to the longer survey).  

Overall, 65.1% (=646/992) passed all the exclusion criteria and are included for data analysis for 
spectators. Note that the share excluded in the follow-up experiment is slightly higher than that in 
the main experiment. However, this is probably not surprising given the instructions of the follow-
up experiment are also more complicated. 

Specifically, since Qualtrics appears to automatically screen out participants (potentially bots) who 
failed the Captcha, actually all recorded participants (N=992) passed the Captcha. Each participant 
also has a unique Connect ID, which means that it is highly unlikely one worker has participated 
in the study more than once. Among them, 

• 33.2% (=329/992) did not pass the comprehension quiz 
• 1.0% (=10/992) did not complete the entire experiment 
• 0.7% (=7/992) completed the experiment in less than 3 minutes 

Reference 

Douglas, B. D., Ewell, P. J., & Brauer, M. (2023). Data quality in online human-subjects research: 
Comparisons between MTurk, Prolific, CloudResearch, Qualtrics, and SONA. PLOS ONE, 18(3), 
e0279720.  
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E. Experimental protocol 

E.1. Spectators – Main experiment 

General information 

 

Captcha verification 
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[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.} 

 

 

 



28 
 

[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-Education 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-Employment 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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E.2. Workers – Main experiment 

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: 

 

  



49 
 

[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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Next page (instructions on a third party’s role in redistribution): 
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[Protocol for workers in the Merit treatment] 

Next page (all workers received highly-relevant learning materials): 

Same one on page 48. 

 

Next page (all workers received the full set of test questions): 

Same one on pages 49-50. 

 

Next page (instructions on a third party’s role in redistribution): 
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[Protocol for workers in the Random-Education treatment] 

Next page (50% workers received highly-relevant learning materials): 

Same one on page 48. 

 

Next page (50% workers received lowly-relevant learning materials): 

 

 

Next page (all workers received the full set of test questions): 

Same on pages 49-50. 

 

Next page (instructions on a third party’s role in redistribution): 

Same one on page 52. 
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[Protocol for workers in the Random-Employment treatment] 

Next page (all workers received highly-relevant learning materials): 

Same one on page 48. 

 

Next page (50% workers received the full set of test questions): 

Same one on pages 49-50. 

 

Next page (50% workers received the truncated set of test questions): 
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Next page (instructions on a third party’s role in redistribution): 

Same one on page 52. 
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[Protocol for workers in the Info-Education 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-Employment 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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E.3. Spectators – Follow-up experiment 

General information 

 
 

Captcha verification 
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[Protocol for spectators in the Vary-Probability treatment] 
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Next page: 
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Next page: 

 

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

 

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

 

{Same copy of the instructions. Omitted here.} 
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Next page:  
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Continued on the same page: 
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Continued on the same page: 
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Continued on the same page: 
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Continued on the same page: 
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Continued on the same page: 
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E.4. Workers – Follow-up experiment 

The experimental protocol for workers in the follow-up experiment is similar to that in the main 
experiment. There are two main differences:  

1) We create seven different versions of reading materials in which the number of pieces of 
information relevant to the multiple-choice questions is 0, 1, 4, 7, 11, 14 and 15 respectively. In 
particular, the version with 4 pieces of relevant information is the same one used in the Random-
Education treatment of the main experiment.  

2) We create seven different versions of multiple-choice questions in which the total number of 
questions is 0, 1, 4, 7, 11, 14 and 15, respectively. In particular, the version with 4 multiple-choice 
questions is the same one used in the Random-Employment treatment of the main experiment. 

Each worker was randomly placed into one of the three treatments:  

In the Vary-Probability treatments, both workers were first presented with the reading materials of 
maximum relevance and then requested to complete the multiple-choice questions of maximum 
length. 

In the Vary-Education treatments, there were seven types of worker pairs. In each pair, one worker 
received the reading materials of maximum relevance and the other worker received one of the 
seven versions of reading materials. Both workers then completed the multiple-choice questions 
of maximum length. 

In the Vary-Employment treatments, there were also seven types of worker pairs. Both workers 
were first presented with the reading materials of maximum relevance. Then, in each pair, one 
worker completed the multiple-choice questions of maximum length and the other worker 
completed one of the seven versions of multiple-choice questions. 

Screenshots are omitted here since they are largely repetitive. 

 


