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Experimental Evidence of Discrimination in the Labour Market:  

Intersections between ethnicity, gender, and socioeconomic status 

Malte Rokkjaer Dahl and Niels Soegaard Krog 

 

Appendix A 

In this appendix, we describe our approach to selecting the names of the job candidates 

that were used in the experiment. The names were chosen from a dataset comprising the 

number of Danish citizens with a given first or last name. The popular ethnic majority 

first names were all among the top 20 most popular male and female names. The ethnic 

minority first names all figure in a dictionary of Middle Eastern first names that are in 

frequent use in Denmark (Meldgaard, 2005), and were identified from among the 20 most 

popular Middle Eastern names in use in Denmark. Furthermore, the last names were 

chosen from among the most popular Danish-sounding and Middle Eastern-sounding last 

names. Finally, we identified low-SES names based on a population index. We 

constructed the SES index using three items: average crime rate, unemployment rate, and 

annual income. The crime rate is a measure of the proportion of the population with a 

given name who have been incarcerated within the last five years. The unemployment 

statistic is a measure of the proportion of people with a given name who receive 

unemployment benefits or have been unemployed for at least six months. Income is the 

average annual income earned by those bearing a given name. All items were scored from 

1 to 8, where a higher score indicates lower status (with income scored in reverse order). 

The selected low-SES names all belong to individuals in the bottom decile of the SES 

index with an average age between 20 and 40.  

Table A1.  Names of job applicants 
Majority names Minority names 

Low SES name Popular name - - - - 

Male  Female  Male Female Last names Male Female Last names 

Jimmi  Bonnie Peter Anna Nielsen Ali Fatima Ahmed 

Sonny Jennie Michael Mette Jørgensen Mohammad Fatma Sahin 

Ricky Jennifer Martin Anne Pedersen Ahmad Aisha Osman 

Kenny Belinda Christian Maria Andersen Mustafa Hatice Ismail 

Ronnie Michelle Søren Helle Christensen Ibrahim Iman Abdi 

Nicky Stella Lars Hanne Rasmussen Omar Zainab Farah 

     Hassan Amal Yildiz 

     Abdul Amira Ali 
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Appendix B 

In this appendix, we test whether the chance of receiving a call-back is affected by the 

application process. We regress the outcome variable (call-backs) on three variables 

related to the application process: which application employers received first (the elapsed 

time between the two applications was 2–3 days), which of 16 unique applications was 

used, and which of two possible CVs was used. We calculate the heteroscedasticity-

robust Wald statistic for the hypothesis that all the coefficients on the variables are zero 

(blue line). In order to calculate the related p-value, we use randomization inference to 

create a reference distribution of Wald statistics from 10,000 permutations. The results 

show no reason to reject the null hypothesis (p-value = .63). 
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Appendix C 

In this appendix, we perform a balance check to assess whether the random assignment of 

gender and SES appear to be reliable. We test whether observed covariate imbalances are 

larger than expected from chance alone. The covariates include five dummy variables: 

size (more or less than 50 employees), sector (public or private), education (if tertiary 

education was required), language requirements (if the job required good language 

abilities) and customer contact (frequent customer contact). We calculate the 

heteroscedasticity-robust Wald statistic for the hypothesis that all the coefficients on the 

variables are zero (blue line). In order to calculate the related p-values, we use 

randomization inference to create a distribution of 10,000 Wald statistics. As Figure C1 

and Figure C2 show, the results does not indicate a reason to reject the null hypothesis 

(p = .43 and p = .92). 

  

 

 

 

  



 

4 
 



 

5 
 

Appendix D 

In this appendix we show the descriptive statistics of the sample across the six 

occupational categories and the various occupations (23 occupations in total). The table 

includes the number of applications that were sent for each occupation (N), the call-back 

rates for both majority and minority candidates, and the gender composition in the 

specific occupation. Gender composition is based on data from the Danish National 

Centre for Social Research (Larsen et al., 2016) and denoted Balanced if the share of 

males in a given occupation is between 20 and 80 percent, Male if the share of females is 

< 20 percent, and Female if the share of males is < 20 percent.  



 

6 
 

Table D1 

Occupational categories and 

occupations 

N 

 

Call-back 

majority 

Call-back 

minority 

Ratio 

 

Private sector 

jobs 

Gender 

composition 

       

Administrative support 66 .136 .106 1.29 56  

  Accountancy 8 .125 .000  6 Balanced 

  Administrative assistant 20 .150 .150  16 Balanced 

  IT-support 15 .133 .133  13 Male 

  Receptionist & secretary 23 .130 .087  21 Female 

       

Construction & Extraction 81 .358 .148 2.42 79  
  Building and                          

, construction 4 .750 .000  4 Male 

  Carpenter 9 .333 .222  9 Male 

  Gardener 1 .000 .000  1 Balanced 

  Industrial production 7 .429 .143  6 Balanced 

  Mechanic 6 .500 .333  6 Male 

  Driver 25 .520 .200  25 Male 

  Warehouse 29 .138 .069  28 Male 

       

Education 55 .382 .255 1.50 6  

  Pedagogue 29 .310 .207  3 Female 

  Teacher 26 .462 .308  3 Balanced 

       

Health care 60 .433 .400 1.08 7  

  Nurse 14 .385 .462  3 Female 

  Rehabilitation assistant 17 .294 .353  1 Balanced 

  Social and health care   ,    ,  

aassistant 22 .455 .364  1 Female 

  Social worker 8 .750 .500  1 Female 

       

Retail 98 .306 .173 1.76 91  

  Cleaning 17 .294 .059  14 Female 

  Restaurant & Hotel 19 .263 .158  19 Balanced 

  Retail and service 62 .323 .210  58 Balanced 

       

Sales & related 40 .475 .350 1.36 39  
  Communication and   ,   ,         

, marketing 6 .333 .333  6  Balanced 

  Salesman 12 .250 .083  11 Balanced 

  Telemarketing 22 .636 .500  22 Balanced 

       

Total 400 .335 .220 1.52 278  
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Appendix E 

In this appendix, we visualise the approximate permutation tests for the effect of the 

ethnic trait among all candidates, female candidates, and male candidates, respectively. 

Furthermore, we visualise the approximate permutation test for the interaction between 

gender and ethnicity. We use the R package randomizr to perform these tests. 

 

The fact that each unit received both treatment and control increases precision. Rather 

than comparing call-backs across a heterogeneous collection of employers, we increase 

statistical power by controlling for employer-level heterogeneity. We assess statistical 

uncertainty around each estimate by running 100,000 permutations with block random 

assignment of ethnicity at the job level under the sharp null assumption of no effects for 

all units. This corresponds to an OLS regression with fixed effects. While the ethnic 

indicator variable is manipulated within jobs, gender is manipulated across jobs. Hence, 

the interaction model between ethnicity and gender is analysed assuming constant, 

additive treatment effects with block random assignment of ethnicity and cluster random 

assignment of gender at the job level. Hence, Figure E1 presents randomization inference 

for the ethnic difference among A) all applicants, B) female applicants and C) male 

applicants. Finally, D) presents the interaction between minority status and gender. 
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Figure E1. Hypothesis tests 

 

A) 
 

B) 

  
 SE: .024; p = 0 

 

 

C) 

 SE: .032; p = .099 

 

 

D) 

 

 

 

 
 SE: .036; p = 0  SE: .047; p = .016 
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Appendix F 

In this appendix we show three specifications of the interaction model. Column (1) 

reports the covariate-unadjusted model that is visualized in Figure 2 in the paper. Column 

(2) reports the covariate-adjusted model. Finally, to compare results with an OLS 

regression model, column (3) reports the covariate-unadjusted model with job fixed 

effects and cluster corrected standard errors. 

The rationale behind including covariates is to reduce disturbance variability, but the 

inclusion of covariates does little to improve the precision of our estimated treatment 

effects (in fact, the standard errors increases slightly in the adjusted model).1 The 

covariates include five dummy variables: size (more or less than 50 employees), sector 

(public or private), education (if tertiary education was required), language requirements 

(if the job required good language abilities) and customer contact (frequent customer 

contact). The fact that ethnicity is randomly assigned within occupations while gender is 

assigned between occupations implies that the effect of ethnicity is measured with more 

precision than the effect of gender. We account for this in model (1) and model (2) by 

using randomization inference with the same randomization scheme – gender is clustered 

at the job level and ethnicity block randomized at the job level – with 100,000 iterations 

and the effect imputed for each iteration to obtain standard errors.  

 

Table F1. Interaction between minority status and gender 
Variables (1) (2) (3) 

Minority -.169  

(.033) 

-.169 

(.034) 

-.169  

(.034) 

Female -.056 

(.044) 

 

-.068 

(.047) 

 

-.056 

(.047) 

 

Minority * Female .112 

(.047) 

.113 

(.047) 

.112 

(.046) 

Covariate adjustment No Yes No 

N = 400    

Standard errors are in parentheses. 

 

                                                           
1 The covariates are mean centered and interacted with the treatment-indicators.  
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Interaction between minority status and SES of the majority applicant 

Column (1) reports the covariate-unadjusted model, while column (2) reports the 

covariate-adjusted model (using the same covariates as in Table F1 above). We estimate 

uncertainty in model (1) and model (2) by using randomization inference with the same 

randomization scheme – SES is clustered at the job level and ethnicity block randomized 

at the job level – with 100,000 iterations and the effect imputed for each iteration to 

obtain standard errors. Finally, to compare results with a conventional OLS regression 

model, column (3) reports results from a regression of a call-back dummy on the 

Minority-indicator, the SES-indicator, and the interaction between the two. Standard 

errors are cluster corrected.  

Table F2. Interaction between minority status and SES of the majority applicant 
Variables (1) (2) (3) 

Minority -.124 

(0.033) 

 

-.121 

(.043) 

 

-.124 

(.033) 

 

Popular name .043 

(0.047) 

 

.05 

(.044) 

 

.043 

(.047) 

 

Minority * Popular name -.018 

(.048) 

 

-.012 

(.062) 

 

-.018 

(.047) 

Covariate adjustment No Yes No 

N = 400    

Standard errors are in parentheses. 
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Appendix G 

In this appendix, we report the call-back rates across the intersection between sector, 

ethnicity and gender.  

Table G1. Call-back rate across sector, ethnicity and gender 

 Private sector Public sector 

 Female Male All Female Male All 

Majority .277 .331 .306 .365 .44 .401 

Minority .231 .135 .179 .33 .285 .311 

Ratio 1.2 2.5 1.7 1.1 1.5 1.3 

N   278   122 
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Appendix H 

To enhance transparency, the hypotheses were preregistered before any data was 

collected. The preregistration can be found at http://egap.org/ with ID 20150930AA. The 

preregistration document contains a very brief introduction to the study, its design, the 

three hypotheses and the outcomes of interest. It should be noted that the preregistration 

document omits important information such as the sampling frame, attrition criteria, a 

specific plan with technical details for the data analysis, and explicit power calculations. 

This is all information that it would of course have been appropriate to include. 

  

http://egap.org/
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Appendix I 

This appendix reports call-backs across gender, ethnicity and SES of the majority 

candidates and the difference-in-differences.  

Table I. Call-backs across ethnicity, SES and gender 

 Males Females 

 Call-backs when 

majority 

candidate has a 

popular name 

Call-backs when 

majority 

candidate has a 

low-SES name 

Call-backs when 

majority 

candidate has a 

popular name 

Call-backs when 

majority 

candidate has a 

low-SES name 

Majority .409 .309 .292 .317 

Minority .236 .144 .269 .231 

Difference  .173 .165 .022 .086 

N 110 97 89 104 

Difference   

-in-differences 

            0.008 (0.07)                                        -0.064 (0.063) 

Standard errors are clustered at the job level and reported in parentheses 
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Appendix J 

In this appendix we report the distribution of the number of jobs applied for and call-

backs across the minority candidates’ names to examine whether the religious 

connotations of certain minority names affect the likelihood of receiving a call-back. The 

F-tests show no reason to reject the null hypotheses that name effects are zero (p = .81 

and p = .13). 

J1. Call-backs male candidates 

 N Call-back 

Abdul 34 .205 

Ahmad 22 .136 

Ali 23 .173 

Hassan 22 .136 

Ibrahim 29 .275 

Mohammad 29 .172 

Mustafa 26 .269 

Omar 22 .136 

H0: name effects are zero 

(p-value) 
  

0.813 

 

J2.Call-backs female candidates 

 N Call-back 

Aisha 22 .318 

Amal 19 .263 

Amira 22 .136 

Fatima 27 .296 

Fatma 29 .206 

Hatice 25 .24 

Iman 25 .44 

Zainab 24 .08 

H0: name effects are zero 

(p-value) 
  

0.134 

 

 


