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Abstract

This study provides a comparative overview of racial/ethnic inequalities in the French, British
and German labor markets using a combination of national labor force surveys and annual
population surveys, complemented by harmonized Eurostat data. The racial/ethnic dimen-
sion in this research is examined separately by gender given the well-established literature
on differentials in labor market outcomes between men and women. Specifically, the study
examines: (i) differentials in labor force participation and employment outcomes using a
probit model; (ii) differentials in average earnings using an OLS model; and (iii) distribu-
tional differences in earnings (i.e., whether there is a racial/ethnic ‘glass ceiling’ at the top of
the income distribution) using a quantile regression model. Decomposition methods are also
deployed in the quantile regression analysis. Several key findings stand out: (i) in all three
countries, second-generation African/Black men (followed closely by men from the Maghreb
and Middle East in France) face the worst labor market outcomes, even after controlling for
education and other factors that typically influence labor market outcomes; (ii) the employ-
ment gaps for second-generation African/Black men (vis-à-vis native/white men) are largest
in Germany, followed by France and the UK. These gaps persist and remain large even after
controlling for education, age and experience – although they have narrowed over time; (iii)
second-generation African/Black men (alongside men from the Maghreb in France and from
South Asia in the UK) earn less than their native/white counterparts on average, even after
controlling for education, age, experience, sector, occupation and industry; (iv) in the British
labor market, Black men appear to face a racial ‘glass ceiling’ effect, limiting their upward
mobility prospects; and (v) women do not appear to face a racial/ethnic penalty on top
of any gender penalties in earnings, although they do face lower employment probabilities
than their white/native female counterparts in all three countries, even after controlling for
education and experience.

JEL Classifications: D63, J70, J71, P52
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1 Introduction

Most studies on racial labor market inequalities deploy experimental methods (such as audit stud-

ies, which measure job offers, or correspondence studies, which measure callbacks) to determine

potential discrimination in the hiring process. Yet such methods do not capture wage differen-

tials between different racial/ethnic groups, nor do they track potential discrimination along an

individual’s career trajectory once employed. (Moreover, most of the experimental studies done

to date are not exactly comparable across countries because the field experiments often target

different types of firms and ranges of occupations.) This study takes an observational approach,

compiling a comparable cross-country dataset using a combination of national labor force surveys

and annual population surveys, complemented by harmonized Eurostat data, to determine the

extent of racial/ethnic inequalities in the French, German and British labor markets.

More specifically, the study examines labor force participation differentials (controlling for mari-

tal/cohabitation status and number of children), employment probability differentials (controlling

for education, age and experience), average earnings/wage differentials among those in employ-

ment (controlling for education, age, experience, occupation, sector, industry, reference year and

full-time status), and whether racial/ethnic minorities face discrimination that negatively affects

their prospects for upward mobility (e.g., promotions and pay raises). Quantile regression methods

are deployed to determine whether and to what extent racial/ethnic minorities in these countries

face a ceiling akin to the ‘glass ceiling’ women typically face at the top end of the income distribu-

tion. The earnings analysis of this study only covers France and the UK due to data constraints for

Germany. For France and Germany, race/ethnicity are proxied using parents’ country of origin,

while for the UK, self-identified racial classifications are available.

Several findings stand out: (i) in all three countries, second-generation African/Black men (fol-

lowed closely by men from the Maghreb and Middle East in France) face the worst labor market

outcomes, even after controlling for education and other factors that typically influence labor

market outcomes; (ii) the employment gaps for second-generation African/Black men (vis-à-vis

native/white men) are largest in Germany, followed by France and the UK. These gaps persist

and remain large even after controlling for education, age and experience – although they have
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narrowed over time; (iii) second-generation African/Black men (alongside men from the Maghreb

in France and from South Asia in the UK) earn less than their native/white counterparts on av-

erage, even after controlling for education, age, experience, sector, occupation and industry; (iv)

in the British labor market, Black men appear to face a racial ‘glass ceiling’ effect, limiting their

upward mobility prospects; and (v) women do not appear to face a racial/ethnic penalty on top

of any gender penalties in earnings, although they do face lower employment probabilities than

their white/native female counterparts in all three countries, even after controlling for education

and experience.

2 Literature Review

2.1 Theory

According to economic theory, discrimination in the labor market is a source of inefficiency and

market failure. It challenges a central tenet of neoclassical economics: that equal productivity

should yield equal pay. Understanding why this principle often falls short requires a closer exam-

ination of the economic forces that sustain such biases. Labor economists generally characterize

these forces into two broad categories: “statistical” discrimination and “taste-based” discrimina-

tion.

In their seminal study on statistical theories of discrimination, Aigner and Cain (1977) dissect the

roots of statistical discrimination, where employers, grappling with imperfect proxies (i.e., inad-

equate test instruments), such as education and test scores, underestimate the abilities of racial

minorities. This systemic undervaluation forces minorities to incur higher signaling costs to prove

their worth. Employers, deterred by the expense and complexity of finding more accurate mea-

sures, perpetuate wage disparities. The authors show how entrenched assumptions and economic

inertia combine to maintain a status quo that shortchanges the discriminated group.

Taste-based discrimination, on the other hand, is essentially a more overt form of discrimination

where individuals have an intrinsic aversion to out-group members. In sociology, the tendency of

individuals to associate and surround themselves with others who are similar to them is referred
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to as ‘homophily’ (Lin 2000) and will be the basis of much of the hypotheses of this research –

particularly in terms of the ‘glass ceiling’ effect.

Guryan and Kofi Charles (2013) bring the theories of statistical and taste-based discrimination to-

gether, arguing that taste-based discrimination compounds the problem of incomplete information.

The authors are critical of regression model approaches to measuring discrimination given their

vulnerability to omitted variable bias, where unobservable factors could skew the results. Their

preferred approach – correspondence (experimental) studies – allow for the random assignment of

racial signals, which can surgically isolate the true impact of perceived race on employment deci-

sions, thereby allowing for a causal interpretation of the effects of race. Yet they also acknowledge

a key limitation: these types of studies only measure intermediate outcomes (such as callbacks and

job offers), and not the final outcome (wages). Notably, some have argued that the study of wage

differentials between individuals with the same level of qualifications is only appropriate when

there is a balanced labor market (i.e., when there is low unemployment) – which has typically not

been the case in France1; when the labor supply is larger than demand, examining differentials in

unemployment is arguably a better way to measure discrimination (Richard 2013).

Lang, Manove and Dickens (2005) explore yet another facet of the economics of discrimination,

focusing on the persistence of discrimination even in competitive markets with wage postings. In

such markets, firms set binding wage offers that cannot be tailored based on race. This rigidity,

they argue, leads to systemic segregation and deep wage disparities, with firms capitalizing on

the dynamics to boost profits. “In equilibrium, blacks and whites will be employed by different

firms (segregation), blacks will receive lower wages with the wage differential far exceeding the

taste or productivity differential (wage discrimination), and firms will retain higher profits” (Lang

et al. 2005). Their work underscores a counterintuitive reality: even absent explicit biases, the

structural features of the market can entrench discriminatory practices, creating a fertile ground

for inequality to flourish.

1France has typically had a higher unemployment rate than the UK and Germany, so by this theory, the

employment outcomes results of this study would be the most appropriate measure of discrimination in France.
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2.2 Empirics

A wide range of empirical studies on labor market discrimination have examined employment

outcomes among different racial/ethnic groups in France and in other advanced economies. They

generally find significant racial/ethnic penalties in employment outcomes for racial/ethnic minori-

ties, particularly for men of African and Middle Eastern descent (Adida et al. 2016, Aeberhardt

et al. 2010a, Aeberhardt et al. 2010b, Brinbaum 2018, Combes et al. 2016 and Langevin et al.

2017, to name a few). Langevin et al. (2017), for instance, find that in France, second-generation

migrants with parents from the Maghreb, Africa and Turkey are less likely to be in employment

than natives, and once employed, receive lower wages on average. Aeberhardt et al. (2010a)

also find significant unexplained differences in employment probabilities and wages in the French

labor market between individuals with two French parents and those with at least one parent

from Africa. Using data from Insee’s 2003 Formation Qualification Professionnelle survey, they

find that discrimination is more pronounced at the hiring stage, although it also persists once

employed. These findings are consistent with prior audit studies, which suggest a discernable

disadvantage for second-generation Africans during the job application process in France.

In the UK, Heath and Di Stasio (2019) perform a meta-analysis of studies on racial discrimination

and find that racial discrimination in the British labor market has persisted over the last fifty

years with little sign of decline. Their analysis underscores the enduring disadvantages faced by

Black and Asian minorities there. As with others, they advocate for field experiments as the most

reliable method to measure discrimination, warning that observational studies may misattribute

unemployment disparities to discrimination without accounting for factors such as social capital

or job search strategies.

In the German labor market, Koopmans et al. (2019) find significant discrimination against ethnic,

racial and religious minorities for jobseekers whose racial/ethnic/religious groups are culturally

more distant from that of Germans. Another study based on a field experiment conducted in 2014-

2015 finds that applicants with a Turkish accent face significant discrimination in the early hiring

process, receiving fewer positive responses from employers compared to those with a standard

German accent (Schmaus and Kristen 2022).
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In cross-country studies on advanced economies, France often emerges among those with higher

levels of racial/ethnic disparities. Quillian et al. (2019), for instance, identify France as having

the highest levels of hiring discrimination among Belgium, Canada, France, Germany, the Nether-

lands, Norway, Sweden, the UK and the US, followed by Sweden. In France and Sweden, white

natives receive 75%-102% more callbacks than nonwhite candidates with similar job-relevant char-

acteristics, compared to a 22%-41% advantage in Germany, the US and Norway. They also find

that European-origin immigrants face significantly less discrimination than Black or Sub-Saharan

African origin applicants.

Algan et al. (2010) also find France to have the highest levels of racial disparities when considering

employment probability outcomes, but the picture is more mixed when examining wage outcomes.

Here, they find Black African men from the UK fare worse than second-generation African men

in France.

Heath, Liebig and Simon (2013) survey various studies that examine discrimination in OECD

labor markets and note one of the more robust findings in the literature to be that men tend to

experience racial/ethnic discrimination more than women, and that individuals from Africa and

the Middle East tend to face the highest rates of discrimination. Their review introduces the

concept of “ethnic penalty,” suggesting that observed labor market disparities may also arise from

limited social networks, lack of knowledge about job openings, or different job preferences. The

authors highlight potential methodological issues, such as the exclusion of language proficiency

and soft skills in measuring discrimination, which could affect the robustness of findings.

Together, these studies highlight the persistent and multifaceted nature of racial inequalities in

various labor markets, particularly at the hiring stage, and emphasize the importance of robust

methodological approaches for understanding and addressing these disparities.

This paper’s contribution to the rich, existing literature is threefold. First, it provides an up-

dated cross-country comparison between France, Germany and the UK – Europe’s three largest

economies – at a time when racial and migration issues are fueling political cleavages. Second, it

looks at trends over time to determine whether racial/ethnic inequalities have improved or dete-

riorated since 2005. Third, it is the first – to the best of my knowledge – to examine and provide

a comparative view of the ‘glass ceiling’ effect from a racial/ethnic perspective in the French and

6



British labor markets.

3 Data

For France, I use 16 years of data from the French Statistical Institute’s Labor Force Surveys

(hereafter LFS), from 2005-2020. The surveys include information on education (level and field of

study), employment status, occupation, sector of employment, industry, earnings, gender, respon-

dents’ birthplace and parents’ country of origin, which I use as a proxy to classify individuals into

different racial/ethnic groups. (If at least one parent is from Sub-Saharan Africa, I classify the in-

dividual as a second-generation African.) To measure potential discrimination along racial/ethnic

lines, I focus on second-generation immigrants only given that first-generation immigrants may

face additional linguistic and cultural hurdles that natives do not face (which may be a bigger

contributor to their labor market outcomes). One potential shortcoming to my method is that

third-generation and older immigrants will be captured in the native (control) group, potentially

biasing my results downward (i.e., underestimating the gap): for instance, if third-generation and

older migrants also face discrimination, it would weigh down the native group’s average earnings,

narrowing the potential earnings gap that this study finds between the second-generation (racial)

and control (native) groups. Interpretation of the results will also be complicated by statisti-

cal noise linked to the children of repatriated settlers from Algeria, which will be captured in

the second-generation Maghbrebin sample – this also risks underestimating the gap between the

second-generation Maghbrebin group and the native group.

For the UK, I use 16 years of Annual Population Survey (APS) data from the Office of National

Statistics, also covering the 2005-2020 period. The UK surveys include a self-identified racial

category, which I combine with country of birth to extract comparable second-generation and older

racial groupings. Here, the self-identified nature of the classifications can complicate interpretation

of the results, as will be examined further in the descriptive statistics section that follows. For the

UK, I use age left education as the education variable given inadequate observations on education

level and field of study in the dataset.

For Germany, I have only one year of LFS data from Eurostat (for 2021) that includes parents’
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country of origin information. Nevertheless, the dataset allows for the creation of comparable

racial categories to those created for France, as well as comparable education level and field of

study variables. (See Appendix for a full list of controls and racial classifications by country.)

Although I include first-generation immigrant groups in the results, the focus of this study

is on second-generation immigrants, as noted earlier, to allow for ceteris paribus comparisons

across groups, given that first-generation immigrants typically would not have gone through the

French/German/British education systems. Moreover, first-generation immigrants typically face

greater language and/or cultural barriers than do their children, as well as challenges from po-

tentially lower social capital in their new host societies. The decisive role of social networks in

securing employment is well known in the economics literature: labor economists have documented

that between one-third and two-thirds of individuals hear about or obtain jobs through friends

and relatives (Fontaine 2008).

3.1 Descriptive Statistics

The tables that follow include summary statistics for the samples used in this study, with the age

range restricted to 16-64 as a broad definition of working age. Key demographic highlights include:

(i) the native population accounts for around 82% of the active population in all three countries; (ii)

the first-generation immigrant population is smallest in France (7.5%), followed by Germany (12%)

and the UK (15%); (iii) the second-generation immigrant population is largest in France (9%),

followed by Germany (5.5%) – the numbers for the UK are not exactly comparable given that they

include third generation and older immigrants and because second-generation white immigrants

are captured in the total native/white population. Nevertheless, non-white/non-immigrants make

up approximately 3% of the active workforce in the UK. These proportions are roughly the same

among the inactive population in France and the UK, but notably different in Germany, where

the inactive population comprises 75% natives, 20% second-generation immigrants and 5% first-

generation immigrants. In France, the inactive population comprises 81% natives, 11% second-

generation immigrants and 8% first-generation immigrants, while in the UK, the inactive sample

population comprises 81% white, 2.5% second-generation or older racial/ethnic groups and 16%

first-generation immigrants (75% of which are women).
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Other key highlights include: (i) on average, among the active workforce, French and German

natives are more educated than British natives (as measured by the age they left full-time edu-

cation); and (ii) employment rates are highest for natives/whites in all three countries. In the

employment models that come later in this report, I will control for other factors that influence

employment outcomes (such as education and experience) to determine the potential roots of these

raw differentials.

Finally, to gain a better understanding of the self-identified racial categorizations for the UK,

I combined quarterly LFS data (from the Office of National Statistics) from 2012-2017, which

includes a more detailed breakdown of country of birth than the annual data. This allows for

the creation of detailed first-generation immigrant classifications in order to examine each group’s

self-identified races. The results are included in the Appendix (alongside more detail on the racial

categorizations used for France and Germany).

Notably, 15% of African immigrants (excluding South Africans) in the UK classify themselves as

ethnically South Asian while 11% classify themselves as ethnically white – this is likely due to

the presence of a large Indian (and Parsi) diaspora in Southeast Africa (think: Freddie Mercury),

some of whom arrived in the 19th century as indentured laborers from British India while others

arrived by sea as traders.

Another notable observation relates to how Middle Easterners classify themselves. While 62%

classify themselves as ‘other’, another 21% classify themselves as white. This could point to an

underestimation of the gaps between white and racial/ethnic groups if the Middle Easterners

captured in the white category are also facing discrimination, weighing down the numbers for the

white group and resulting in narrower gaps.

4 Models and Methodology

As indicated in the existing literature, there are a number of ways to determine the presence

of discrimination in the labor markets of our countries of interest. In this study, I explore four

outcomes: labor force participation, employment, average wages and the distribution of wages (to
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determine whether there exists a ‘glass ceiling’ type of barrier at the highest-paid positions). As

a statistical exercise, I also deploy decomposition analysis to the quantile regression.

My baseline hypothesis is that racial minorities in France, Germany and the UK are rewarded

at a lower rate than natives for a given set of labor market characteristics, i.e., that they have

to overcompensate in terms of labor market characteristics to be given the same opportunity

and/or wage schedule as a native in a given role (which would ultimately point to inefficiencies

and misallocation in labor market matching – an area one could extend this study to at a later

stage for a macro analysis). I am particularly interested in distributional trends as racial/ethnic

minorities move up the corporate ladder, where I hypothesize that they face a ceiling at the top due

to entrenched historical inequalities. My hypothesis is based on human psychology and sociology:

namely, the tendency of individuals to associate with others who are similar to them (homophily)

(Lin 2000), which can lead to those who have traditionally held positions of power (e.g., at the

top of the income distribution) to surround themselves with individuals of similar kin, making it

more difficult for racial/ethnic minorities to break that barrier.

To test my hypothesis, I start by examining raw gaps in labor force participation and employment

outcomes, then add controls for factors that typically affect both labor force participation (cohab-

iting with a partner and presence of children) and employment (age, education and experience).

I next explore average earnings outcomes, and end by examining the entire earnings distribution.

For the earnings analysis, I start with the raw earnings gap, then add ‘exogenous’ controls (age,

education, experience and year), and finally add controls for other factors that typically influ-

ence earnings, where discrimination/market segmentation could also be at play (namely, sector,

industry, occupation and full-time status).

For the quantile/distributional earnings analysis, I start by imposing the restriction that all

races/ethnicities are paid the same rewards for their labor characteristics and examine the condi-

tional wage distribution using dummy variables2 for racial/ethnic groups. I then estimate separate

quantile regressions for the racial group and perform a decomposition analysis to identify the extent

2A dummy variable is a variable that takes on the value of 0 or 1 to indicate the absence or presence of a

categorical effect that may be expected to shift the outcome. Dummy variables are used in regression models to

include qualitative data, such as gender, race or the occurrence of an event.
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to which the racial wage gap at various percentiles can be explained by differences in characteris-

tics between the distributions of races/ethnicities and how much can be explained by differences

in labor market rewards to those characteristics (i.e., racial discrimination). For this part of my

analysis, I focus only on second-generation African and Maghrebin men for France (vis-à-vis the

native men group), and Black and South Asian men for the UK (vis-à-vis the white men group).

A note on definitions

While many Europeans took it for granted a century ago that some races were superior to others,

there has been a shift since World War II as geneticists have come out with ample evidence

against this theory. Yet at the same time, anthropologists, historians, sociologists and behavioral

economists have all come out with strong evidence over the years of significant differences between

human cultures (Harari 2019). The basis of today’s political discourse on ‘racism’ in Europe

can arguably be attributed more to cultural differences (particularly vis-à-vis individuals with

migrant backgrounds) than to the traditional form of ‘racism’ based purely on genetic differences

between racial groups. My focus on second-generation immigrants in this study is in part meant to

minimize the potential ‘cultural’ aspect of discrimination: there should theoretically be minimal

cultural differences between second-generation migrants and the native population, meaning the

discrimination there could still be partly attributable to the traditional forms of racism (or based on

assumptions about the individual’s cultural norms given their racial/ethnic/migrant background).

4.1 Labor force participation and employment outcomes using probit

I deploy probit models to determine average gaps in labor force participation and employment

outcomes. I calculate the average marginal effects from the coefficients to determine the average

gap in the probability of labor force participation and in the probability of employment. The

employment probability models are conditional on being active in the labor force.

For the labor force participation model, I start with the raw gap then add controls for cohabitation

status (whether the individual is married or living with a partner) and number of children in the

household (for France only given missing data for the UK). I exclude Germany from this model
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given the small sample size – all individuals in the 16-64 age range in my German sample are

active participants in the labor force.

For the employment probability model, I start with the raw gap then add controls for education

(level and field of study for France and Germany, age left education for the UK), followed by a

third model that adds further controls for age, experience and reference year (the “all controls”

model).

I also run the employment gaps analysis separately for smaller pools of years (2005-2009, 2010-

2014, 2015-2019) for France and the UK to examine trends over time. I do this for the raw gaps

and the gaps with all controls.

4.2 Average earnings/wage outcomes using OLS

I next examine average earnings outcomes using an OLS model. I follow a standard Mincer

log-linear wage model, controlling for education (level and field of study for France, age left

full-time education for the UK), age and age squared, potential experience (up to a quartic to

capture non-linear effects), sector of employment (public/private), industry of employment (agri-

culture/manufacturing/construction/tertiary), occupation (blue collar/white collar), employment

hours (full-time/part-time) and racial categorizations (Mincer 1997, Lumieux 2003).

I start by examining the raw average earnings gaps (including only racial/ethnic covariates). I

then run the model using ‘exogenous’ controls (age, education, experience and year), and finally

add controls for other factors that typically influence earnings, where discrimination/market seg-

mentation could also be at play (namely, sector, industry, occupation and full-time status).

As with the employment gaps models, I also run this model using smaller pools of years (2005-2009,

2010-2014, 2015-2019) to examine trends over time.
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4.3 Pooled quantile regressions with racial/ethnic dummies

For the distributional analysis, I start with basic quantile regression methods as outlined by Basset

and Koenker (1986) and Buchinsky (1998). Here too I follow the same standard Mincer log-linear

wage model used in the OLS analysis. The advantage of quantile regression is that it allows us

to estimate the marginal effect of a covariate on the log-wage at various points in the distribution

(not just at the mean, as with OLS).

I compare the conditional distribution of wages for racial minorities to the conditional distribution

of wages for natives.

Let θ represent the quantile of a random variable y (log net monthly earnings in the case of France),

conditional on x (a set of covariates consisting of human capital and social characteristics, e.g.,

the aforementioned variables such as education level, field of study, age, experience, etc.). The

conditional quantile function (which is the quantile version of the conditional expectation function)

can be defined as:

Qθ(yi|xi) =F−1
y|x(θ|xi) (1)

where Fy(y|xi) is the distribution function for yi at y, conditional on xi. Following Koenker and

Basset (1978), we can note the θth quantile of y conditional on xi as:

F−1
y|x(θ|xi) = xiβ(θ),∀θ ∈ (0,1) (2)

The quantile regression assumes that the conditional quantile of y,Qθ, is linear in x: Qθ = x ∗ βθ,

with the coefficient vector βθ (the quantile estimator) estimated by minimizing:

n∑
i:yi≥x

′
iβθ

θ|yi − x
′

iβθ|+
n∑

i:yi<x
′
iβθ

(1− θ)|yi − x
′

iβθ| (3)
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In other words:

Fn(βθ|y,x) =
n∑

i=1

g(yi − x
′

iβθ|θ) (4)

where:

g(ei,θ|θ) =

 θei,θ if ei,θ ≥ 0

(1− θ)ei,θ if ei,θ < 0

 , ei,θ = yi − x
′

iβθ (5)

This means that we give more weight to positive deviations than to negative deviations when we

are interested in a higher quantile, e.g., at the higher end of the income distribution. In other

words, the check function weights positive and negative terms asymmetrically (Angrist and Pischke

2009). Unlike traditional OLS where we minimize the sum of squared residuals, quantile regression

aims to minimize a weighted sum of absolute residuals, with the check function assigning different

weights to positive and negative residuals depending on the desired quantile, θ.

By minimizing absolute errors weighted by their quantile, quantile regression is much less sensitive

to outliers and more robust in the absence of homoskedasticity and normality. The low sensitivity

to outliers is particularly useful when using LFS data, which may be prone to outliers as individuals

or the interviewer could misreport employees’ earnings.

The coefficients in the log-wage quantile regression can be interpreted as the estimated rates of

return to individual characteristics, x, at the different points of the conditional wage distribution

(i.e., at the θth quantile of the distribution). In our case, the estimated racial coefficients indicate

the extent to which the racial gap remains unexplained at the various quantiles when we control

for differences at the individual level in various combinations of characteristics.
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4.3.1 Bootstrapped standard errors

Bootstrapping offers an alternative to inference based on asymptotic formulas: we treat our sample

as if it were the population and repeatedly draw from it with replacement. This gives us a

bootstrap sampling distribution. Although it is computer-intensive, it is a useful way to calculate

asymptotic standard errors. In practical terms, asymptotic standard errors provide a way to

approximate the variability of an estimator when working with large samples (and are often used

to construct confidence intervals and conduct hypothesis tests in large samples). This is especially

useful because, for many estimators, the exact distribution may be complex or unknown, but

their behavior can be approximated by simpler distributions (usually normal) as the sample size

increases. Because bootstrapped standard errors are typically larger (more conservative estimates)

than the normal standard errors, we are less likely to reject the null hypothesis incorrectly. The

bootstrapped standard errors for the quantile regression coefficients are reported underneath the

coefficients in the results section of the distributional analysis.

4.4 Decompositions

As a final statistical exercise, I carry out an Oaxaca-Blinder type of decomposition using quantile

methods, as outlined by Melly (2005) and Chernozhukov et al. (2013), which builds on the

methods laid out by Machado and Mata (2005) (but differs in algorithmic detail), to decompose

the differences between racial groups’ log-wage distributions into a component that is due to

differences in labor market characteristics between the racial subsets and the native group, and

a component that is due to differences in the rewards that the different groups receive for their

labor market characteristics. For simplicity, I only conduct the decomposition analysis for the

second-generation African and Maghrebin men (France) and Black and South Asian men (UK)

groups (vis-à-vis the respective native/control groups).

The general idea of decompositions under the Oaxaca-Blinder methodology is to decompose dif-

ferences between two groups (the wage gap in our case) into a component that can be explained

by different characteristics/attributes between the samples of those two groups, and differences

that are unexplained, due to being rewarded at a different rate for the same attributes (i.e., a
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Black man with a master’s degree in economics being rewarded less for that degree than a white

man with the same degree, all else equal). Although the unexplained part is sometimes referred to

as ‘discrimination’, because we can never be entirely certain that we have captured all observable

and unobservable factors that could be explaining the wage differentials in our models, it is more

often referred to as the ‘unexplained’ or ‘wage structure’ effect.

Specifically, the overall wage gap can be decomposed into four components: (i) returns to ob-

servable characteristics; (ii) returns to unobservable characteristics; (iii) distribution of observable

characteristics; and (iv) distribution of unobservable characteristics (Fortin et al. 2010). Because

decomposition analysis involves unobservable components, we have to impose several assumptions

on the joint distribution of observable and unobservable characteristics, and on separability (to

separate out the contribution of returns to observables from unobservables).

The basic idea is to generate two counterfactual densities: (i) the Black/second-generation African

log-wage density that would arise if Black/second-generation African men were given white/native

men’s labor market characteristics but continued to be “paid like Black/African men,” and (ii)

the density that would arise if Black/African men retained their own labor market characteristics

but were “paid like white/native men.”

To illustrate the general framework for quantile decompositions in application, we can start with

the Machado and Mata approach, which relies on bootstrapping algorithmic methods:

1) Draw a random sample of size n from a θ[0,1]: θ1, θ2, ..., θn

2) Using the Black/African dataset, estimate the quantile regression coefficient vectors βblack(θi)

for i = 1, ..., n.

3) Make n draws at random with replacement from the white/native dataset, denoted by xwhite
i ,

for i = 1, ..., n.

4) The counterfactual density is then generated as yi ≡ xwhite
i βblack(θi)

n

i=1

To calculate the second counterfactual density where Blacks/second-generation Africans retain

their characteristics but are “paid like whites/natives,” we simply reverse the roles in steps 2 and

3 (i.e., use the white sample dataset to estimate the quantile regression coefficients and make the
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bootstrap draws from the Black dataset).

The linearity assumption of quantile regression implies that the decomposition of the difference

between the racial group and the native group log-wage densities is exact. In other words:

xwhiteβwhite(θ)− xblackβblack(θ) = [xwhite − xblack]βblack(θ)︸ ︷︷ ︸
covariates (composition effect)

+xwhite[βwhite − βblack]︸ ︷︷ ︸
coefficients(unexplained)

(6)

If the unexplained part of the decomposition is greater at the higher end of the income distribution

(at the higher deciles), it would be evidence of a ceiling effect for the racial groups.

I generate pairwise sets of counterfactual densities for the second-generation African and Maghre-

bin (Black and South Asian) subsets of my sample for France (UK), using the Chernozhukov/Melly

method: (i) the racial group log-wage density that would arise if the racial subsets were given the

labor market characteristics of the native population but continued to be paid like their racial

group, and (ii) the density that would arise if racial groups retained their own labor market char-

acteristics but were paid like the native population. I then generate the results for the total gap,

the part that is explained by differences in the composition of covariates, and the part that is

unexplained.

5 Results

Overall, in all three labor markets, racial/ethnic minorities (second-generation Africans/Blacks in

particular, but also those from the Maghreb and Middle East in France and Germany) face lower

likelihoods of gaining employment relative to the white or native groups. Once employed, the

British labor market tends to exhibit the largest wage differentials by race/ethnicity, even after

controlling for education and other factors that typically influence wage outcomes. Black men in

particular appear to face a racial ‘glass ceiling’ in the British labor market. In the French labor

market, the raw earnings gaps are much larger than in the UK but much of the gaps disappear

once we add controls. Nevertheless, there are still small gaps in earnings throughout the income
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distribution for second-generation African men and second-generation Maghrebin men and women,

even after controlling for age, education (level and field of study), experience, sector, occupation,

industry, full-time status and reference year.

5.1 Labor force participation and employment probability results

5.1.1 Labor force participation

The labor force participation gaps are generally wider in France than in the UK (with the exception

of South Asian women in the UK, who appear to be 10.5 percentage points less likely to participate

in the labor force compared to white women after controlling for age, education and marital status).

Looking specifically at men, the largest labor force participation gaps after controlling for age,

education, marital/cohabitation status and number of children (France only) are among second-

generation Africans and Maghrebins in France (both around 4 percentage points less likely to

participate than their native counterparts) and among South Asians and ‘Others’ (which includes

Arabs) in the UK (3.7 and 4.7 percentage points less likely, respectively).

For women, the largest gaps after controls are among second-generation Maghrebins and Middle

Easterners in France (both around 7 percentage points less likely to participate than natives), and

among South Asian and ‘Others’ in the UK (6.5 percentage points less likely for the latter and

10.5 percentage points for the former, as noted earlier).

The tables that follow show the average marginal effects of labor force participation with the

standard errors in parentheses (e.g., on the surface, without controls, a second-generation African

man in France is on average 17.8 percentage points less likely to participate in the labor force

than the average native man, and this effect is statistically significant at the 1% level). Again,

while the tables with results include first-generation immigrants, the focus of this research is on

the second-generation only.
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5.1.2 Employment

Overall, second-generation African or Black men (and Maghrebin men in France) tend to have

the worst employment outcomes in all three countries (relative to native/white men), meaning the

marginal effect of being Black or of African descent on gaining employment as a man is consistently

among the most negative – and these marginal effects are all statistically significant at the 1%

level. For instance, in France and the UK, even after controlling for age, education, experience

and reference year, second-generation African or Black men are 7-8 percentage points less likely to

be employed relative to their native or white counterparts, and in Germany they are 16 percentage

points less likely to be employed than their native counterparts.

Interestingly, in the models that include controls only for education (level and field of study for

France and Germany, age left education for the UK), the gaps do not narrow significantly –

meaning education does not explain away the majority of the employment gaps. In the UK, the

employment gaps for all racial groups widen when education controls are added.
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Focusing on the models with all controls, Middle Eastern and North African (Maghrebin) men

also exhibit some of the worst employment outcomes relative to the native populations in these

countries. In France, controlling for education, age, experience and year, second-generation men

from the Maghreb are 10 percentage points less likely to gain employment than their native

counterparts, while men of Middle Eastern descent are 5 percentage points less likely. In the UK,

Arab men are captured alongside other racial groups and together are around 3 percentage points

less likely to be in employment than their white counterparts. In both of these countries, the

marginal effects are statistically significant at the 1% level. In Germany, that gap is much smaller

at around 2.5 percentage points after controlling for age, education and experience, and is not

statistically significant.

While the relative rankings of the three countries differ by racial group, the UK tends to have

consistently narrower racial employment gaps compared to Germany and France (with the excep-

tion of Black men and women, which tend to fare worse than in France when we add controls for

education, age, experience and year).

Figure 1: Raw racial employment gaps are largest in Germany and France

5.1.3 Historical trends

Trends over time have generally been improving, with the exception of second-generation Middle

Eastern men and second-generation African women in France, who have seen their percentage point

gaps in employment probabilities relative to natives widen over time. In France, the percentage
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point gaps in employment probabilities remain largest for second-generation men (and women)

from Africa, the Maghreb and Middle East, while in the UK the gaps remain largest for Black

men and women, and for women of South Asian descent.

Figure 2: Most racial employment gaps have narrowed in France and the UK, with some exceptions
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5.2 Average earnings (OLS) results

5.2.1 Pooled OLS

The raw earnings/wage gap is widest for second-generation African/Black men in both France

and the UK (Germany is excluded from this part of the study due to data constraints). While

in France, the gap narrows considerably when we control for other factors that typically influence

wage outcomes (age, experience, education, occupation, sector, industry, etc.), in the UK, the

average wage gap between Black men and white men widens after adding controls.3 It increases

considerably when we add exogenous controls (for education, experience and reference year) then

narrows slightly when we add the sectoral, occupation, industry and full-time status controls (yet

remains larger than the raw gap). According to the theories of statistical discrimination, this

could be an indication that Black men face high signaling costs in the British labor market: in

other words, on average, a Black man in the UK has to overcompensate on qualifications to be

given an equal opportunity to a white man with less qualifications. This also appears to be the

case for South Asian men in the UK, where adding controls leads to a wider gap.

Figure 3: Racial earnings gaps in France narrow with education controls, but widen in UK for

some

3For the UK, because I use ‘age left education’ as both the education control and to calculate potential experience

by subtracting it from the ‘age’ variable, I cannot include all three covariates in my regression analyses. I therefore

exclude the age controls.
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Figure 4: Average log earnings and wage outcomes for France and the UK
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In France, the raw gap in average earnings is 20% (equivalent to 22.4 log points) for second-

generation African men, which narrows to 8% when controls are added for age, education, experi-

ence and reference year. In the UK, the raw wage gap is 5% for Black men, which widens to 9%

when controls for education, experience and reference year are added. Although the gap narrows

to 6% (6.2 log points) when additional controls are added for industry, sector, occupation and

full-time status, it remains wider than the raw wage gap. In France, when all controls are added

second-generation African men on average earn 4% less than their native counterparts.

5.2.2 Historical trends

While employment gaps have generally narrowed over time, the average earnings/wage gaps

widened in the post-global financial crisis (GFC) period (2010-14) for second-generation African

men in France and for Blacks and South Asian men in the UK. And although in most cases the

gaps narrowed in the 2015-19 period, they remain wider than the pre-GFC period in some cases

(for second-generation African men in France, for instance). The exhibit below shows the gaps

with all controls for the racial/ethnic groups with the largest gaps in each country, while the tables

that follow include the full results.

Figure 5: Average earnings/wage gaps widened for some in the post-GFC period, then narrowed
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5.3 Distributional earnings (quantile) results

The pooled quantile regressions impose the restriction that the returns to included labor market

characteristics are the same for all racial/ethnic groups. The estimated racial/ethnic coefficients

thus indicate the extent to which the racial gap remains unexplained at the various quantiles when

we control for individual differences in various combinations of characteristics. The objective of

this part of the research is to determine whether there is a racial ‘glass ceiling’ in the French and

British labor markets. By a racial glass ceiling, I mean a phenomenon whereby Black men do well

in the labor market up to a point after which there is an effective limit on their prospects. The

existence of a racial glass ceiling would imply that Black men’s wages fall behind white men’s more

at the top of the wage distribution than at the middle or bottom. In other words, the average

wage gap is mainly attributed to the gap at the top of the wage distribution.

We start by looking at the raw gaps along the income distribution. In the UK, being a Black man

has a very negative effect on wages at the 90th percentile (i.e., for higher-income earners) of the

income distribution of men, and has no effect at the 10th percentile of the income distribution for

men (i.e., among the low-income earners). (Notably, when we start to add controls to the model

there is an effect at the lower-end of the income distribution as well.) The effect on wages from

being Black becomes more negative as we move up the income distribution, indicating a ‘glass

ceiling’ effect for Black men in the British labor market.

In France, being a second-generation African man has a very negative effect on earnings at the

10th percentile of the income distribution of men. That negative effect nearly halves at the 25th

percentile and narrows slightly more through the top of the income distribution. The same pattern

holds for second-generation African women (when examining the income distribution of women

alone), although the magnitude of the negative effect on earnings is smaller (roughly half the size

of the negative effect of being a second-generation Black man relative to a native man). The raw

earnings gap for second-generation African men in France is much larger than the raw wage gap

for Black men in the UK; however, this is not the case once we start adding controls for education

and other characteristics.

Once we start adding controls, the interpretation of our results becomes conditional on the distri-
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bution of other attributes. Conditional quantile coefficients tell us about effects on distributions

and not individuals: if being Black lowers the lower decile of the wage distribution, this does not

necessarily mean that someone who would have been poor (i.e., at the lower decile, without being

Black) is now poorer for being Black. It means those who are poor in the regime while being Black

are poorer than the poor would be in a regime without being Black (Angrist and Pischke 2009).

We can only say that the poor – defined as the group in the bottom 10% of the wage distribution,

whoever they may be – are worse off if they are Black (Angrist and Pischke 2009).

In the UK, the conditional quantile that controls for education, experience, sector, occupation,

industry, etc. shows a similar pattern for Black men: the negative impact of being a Black man

on wages increases as we move up the income distribution. In other words, the group in the top

90% of the wage distribution – whoever they may be – are worse off if they are Black. And the

effect is larger there than the effect of being Black for the group that is in the 50th percentile of

the wage distribution (see exhibit below). Effectively, this widening wage gap can be interpreted

as a ‘glass ceiling’ effect of sorts.

Figure 6: UK wage gap with all controls - Black men

In France, when we control for education, experience, sector, occupation, industry, etc., the effect
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of being a second-generation African man on earnings decreases substantially for all groups across

the conditional earnings distribution. Yet there remains a negative effect throughout. We see a

roughly similar effect from being a second-generation Maghrebin man. The consistency of the effect

on earnings throughout the distribution means there is no ‘glass ceiling’ effect for racial/ethnic

minorities in the French labor market – just a small, persistent earnings differential throughout

the income distribution.

Figure 7: Earnings/wage gaps with controls - men

The advantage of a pooled quantile regression in this context is that we can attach standard

errors to the estimated racial gaps at the various percentiles. The tables that follow include the

full results with bootstrapped standard errors. The covariates used in the ‘exogenous’ and ‘all’

controls models are identical to those used in the OLS regressions (namely, ‘exogenous’ controls

include age, education, experience and reference year, while ‘all’ also includes sector, industry,

occupation and full-time status).
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Figure 8: France quantile results
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Figure 9: UK quantile results
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5.4 Decompositions

For the decomposition analysis, I use the entire dataset and apply selection correction methods.

The OLS and quantile analyses that preceded were conditional on being active participants in the

labor force. The decomposition model corrects for selection into labor force participation and into

employment.

For simplicity, I only apply this part of the study to second-generation African men and second-

generation Maghrebin men (vis-à-vis native men) in the French case and to Black and South

Asian men (vis-à-vis white men) in the British case. I apply the quantile regression model with

all controls, and also add the controls from the labor force participation models (namely, mari-

tal/cohabitation status and number of children – the latter only for France).

The findings are in line with those of the quantile regression analyses. In France, much of the

earnings gap between second-generation African men and native men is explained by differences

in the composition of characteristics that typically influence earnings, such as education, sector

of employment, etc. It is a similar story for second-generation Maghrebin men. Although for

both of these groups, there is a 5%-6% unexplained gap in earnings relative to the native group

throughout most of the income distribution.

This is not the case in the UK, however, where the unexplained portion of the wage gap is quite

large at the 90th percentile of the income distribution (there is a roughly 10% unexplainable wage

differential in the 90th percentile for Black men). Interestingly, this is not the case for South

Asian men in the UK, where being in the 70th, 80th and 90th percentiles of the wage distribution

has a more positive effect than being a white man in those percentiles – although much of this

is explained by higher qualifications or labor market characteristics (potentially more being in

sectors or industries that typically pay higher wages, or having higher education/qualifications

than their white counterparts in those deciles of the income distribution).
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Figure 10: Decompositions of log earnings/wage gaps

6 Econometric Issues

There are several econometric issues worth noting or reemphasizing at this stage which may impact

the interpretability of results. The first is selection bias. In the context of labor economics, if a

study on wages only includes employed individuals, it misses those who are unemployed, potentially

skewing the analysis of wage determinants. Selection bias can also occur when individuals self-

select into a sample based on the characteristics that are related to the outcome being studied. In

other words, if indeed there is discrimination against certain racial groups, some members of that

racial group may become discouraged and select not to participate in the labor force, potentially

leading to an overestimation of wages and employment outcomes for the racial group (resulting in

smaller gaps).

To be able to attribute a wage gap as resulting from wage discrimination, we must be certain that

conditional on the observable characteristics (the controls), the unobservables of the two groups

are on average the same. But typically, if discrimination truly is at play, it is also very likely
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that it has an impact on employment prospects. The barriers to employment will logically be

higher for the potentially discriminated group than for the majority group, which will lead to the

unobservables of the minority group being on average more favorable than those of the majority

group and to an a priori underestimation of wage discrimination (Boutchenik et al. 2019).

While my employment and earnings/wage analyses were conditional on being active participants in

the labor force, in the quantile decomposition analysis, I removed this conditionality and corrected

for selection bias (both in terms of selection into labor force participation and into employment)

using a probit-model based reweighting method proposed by DiNardo et al. (1996).

Another potential issue is omitted variable bias. In wage regressions, this can be particularly

problematic because of the very large number of observed and unobserved factors that ultimately

affect wages, including innate ability (which could also be correlated with education, pointing

to endogeneity and potentially biasing the coefficients on education upward), and firm or job-

specific characteristics (including employment in a ‘superstar’ firm versus a smaller firm in the

same sector). Another omitted variable could be an individual’s social network, which could help

in the job search and match process (this can also be particularly important for the employment

probability regressions). Omitted variable bias can lead to incorrect conclusions about the true

relationships between the covariates and wages, and in terms of quantile regressions, it can distort

our understanding about how covariate effects differ across different parts of the wage distribution.

To address these types of biases, one could add instrumental variables: for instance, a variable

that impacts an individual’s race but not wages, such as surname-based instruments that estimate

the frequency of certain surnames within a racial group, could be used as instruments for race.

Changes in immigration policy that affected the racial composition of certain areas might also

serve as potential instruments.

A final point worth reemphasizing is the lack of racial data for France and Germany, and the

inconsistencies in the self-identified nature of the racial data for the UK, which makes interpreta-

tion of the results less than ideal. Even if we had captured all possible variables that could affect

wage outcomes and corrected for selection issues, any potential “discrimination” or “unexplained”

wage gap could still potentially be underrepresenting the real gap if it is truly driven by racial

discrimination, or it could be partly attributed to “cultural” discrimination if the individuals with
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migrant backgrounds are not fully assimilating (or if the natives preconceive cultural differences

that they believe will be problematic and so choose not to hire them).

7 Conclusions

The aim of this study was to determine whether and to what extent racial/ethnic minorities

face discrimination in the French, German and British labor markets in terms of labor force

participation, employment outcomes, wage outcomes and a ceiling that hinders upward mobility

past a certain point.

Beyond the concept of social justice, this is important because discrimination-driven inequalities

are a source of market failure that can have important implications for corporate profitability

and economic growth – when equally productive individuals receive unequal pay or opportunities

based on non-merit factors such as race, ethnicity or gender, it can lead to significant market

inefficiencies.

Discriminatory practices can create barriers to entry for talented individuals from marginalized

groups, which means employers may miss out on hiring potentially productive employees, while

these employees are restricted to less suitable or lower-paid roles.

Discrimination can also cause wage distortions where some individuals are paid less than their

productivity would warrant, distorting labor market signals that typically guide workers to the

most productive and suitable roles, reducing overall market efficiency.

Corporations that engage in discriminatory practices may hire or promote less qualified indi-

viduals over more qualified candidates from marginalized groups, leading to inefficiencies in job

performance and productivity.

Discrimination also limits economic mobility by preventing individuals from advancing based on

their productivity and skills. This stagnation can result in a less dynamic and less flexible economy,

reducing its ability to adapt to change and to grow.

Ultimately, discrimination-driven inequalities disrupt the optimal functioning of labor markets by
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preventing the most productive allocation of human resources. For businesses, this translates to

inefficiencies, higher costs and potential losses in innovation and market competitiveness. On a

broader scale, these inequalities impede economic growth by curbing productivity, perpetuating

income disparities and limiting economic mobility. Addressing this issue is thus crucial not just

for ethical reasons, but for fostering a more efficient, profitable and robust economy.
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A Appendix

This appendix includes a more detailed breakdown of the racial categorizations and controls used

for each country’s models, as well as a more detailed breakdown of the racial sample sizes for the

historical series. It also includes the full results for the pooled OLS models, which show coefficients

for all the additional controls (excluding reference years for spacing reasons) used in the second

(‘exogenous’) and third (‘all controls’) models for a broad view of the effects of other covariates.

Figure 11: Sample sizes by smaller batches of pooled years - men and women combined
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Figure 12: Racial categorizations by country

Figure 13: UK self categorization of race based on country of origin
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Figure 14: Controls by country
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Table 1: France log monthly earnings outcomes - men

Dependent variable:

log earnings

(1) (2) (3)

SecGen African −0.224∗∗∗ −0.086∗∗∗ −0.042∗∗∗

(0.015) (0.012) (0.010)

SecGen Maghrebin −0.108∗∗∗ −0.061∗∗∗ −0.034∗∗∗

(0.006) (0.005) (0.005)

SecGen MidEast −0.138∗∗∗ 0.030∗ 0.048∗∗∗

(0.020) (0.016) (0.014)

SecGen Asian −0.061∗∗∗ −0.023 −0.003

(0.021) (0.017) (0.015)

SecGen Other 0.012∗∗∗ 0.015∗∗∗ 0.013∗∗∗

(0.004) (0.003) (0.003)

FirstGen African −0.191∗∗∗ −0.255∗∗∗ −0.195∗∗∗

(0.009) (0.007) (0.006)

FirstGen Maghrebin −0.111∗∗∗ −0.200∗∗∗ −0.147∗∗∗

(0.006) (0.005) (0.005)

FirstGen MidEast −0.097∗∗∗ −0.143∗∗∗ −0.085∗∗∗

(0.013) (0.011) (0.010)

FirstGen Asian 0.039∗∗ −0.078∗∗∗ −0.084∗∗∗

(0.019) (0.016) (0.014)

FirstGen Other 0.071∗∗∗ −0.011∗∗ 0.013∗∗∗

(0.005) (0.005) (0.004)

Education - Secondary 0.096∗∗∗ 0.069∗∗∗

(0.004) (0.003)

Education - Tertiary 0.335∗∗∗ 0.233∗∗∗

(0.004) (0.004)

Education - Bachelors 0.432∗∗∗ 0.334∗∗∗
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Table 1 continued: France log earnings outcomes - men

Dependent variable:

log earnings

(1) (2) (3)

(0.005) (0.005)

Education - Masters 0.719∗∗∗ 0.593∗∗∗

(0.005) (0.004)

Education - PhD 0.741∗∗∗ 0.634∗∗∗

(0.008) (0.007)

Education - business 0.041∗∗∗ 0.033∗∗∗

(0.003) (0.003)

Education - stem 0.042∗∗∗ 0.020∗∗∗

(0.003) (0.002)

Education - medicine 0.030∗∗∗ 0.047∗∗∗

(0.006) (0.005)

Education - humanities −0.077∗∗∗ −0.046∗∗∗

(0.004) (0.003)

Education - agriculture −0.030∗∗∗ −0.014∗∗∗

(0.003) (0.003)

Age 0.042∗∗∗ 0.018∗∗∗

(0.001) (0.001)

Agê 2 −0.0004∗∗∗ −0.0001∗∗∗

(0.00001) (0.00001)

Potential experience 0.078∗∗∗ 0.058∗∗∗

(0.001) (0.001)

Experiencê 2 −0.005∗∗∗ −0.004∗∗∗

(0.0001) (0.0001)

Experiencê 3 0.0002∗∗∗ 0.0001∗∗∗

(0.00000) (0.00000)
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Table 1 continued: France log earnings outcomes - men

Dependent variable:

log earnings

(1) (2) (3)

Experiencê 4 −0.00000∗∗∗ −0.00000∗∗∗

(0.00000) (0.00000)

(0.006) (0.006)

White collar 0.175∗∗∗

(0.002)

Full time 0.723∗∗∗

(0.003)

Private sector 0.026∗∗∗

(0.002)

Industry/Manufacturing 0.138∗∗∗

(0.005)

Construction 0.113∗∗∗

(0.005)

Services 0.044∗∗∗

(0.005)

Constant 7.523∗∗∗ 5.832∗∗∗ 5.519∗∗∗

(0.001) (0.014) (0.013)

Observations 325,056 321,673 319,495

R2 0.005 0.353 0.500

Adjusted R2 0.005 0.353 0.500

Residual Std. Error 0.537 (df = 325045) 0.433 (df = 321631) 0.380 (df = 319447)

F Statistic 159.274∗∗∗ (df = 10;

325045)

4,275.680∗∗∗ (df =

41; 321631)

6,788.044∗∗∗ (df =

47; 319447)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 2: France log monthly earnings outcomes - women

Dependent variable:

log earnings

(1) (2) (3)

SecGen African −0.080∗∗∗ −0.001 −0.012

(0.015) (0.013) (0.011)

SecGen Maghrebin −0.053∗∗∗ −0.019∗∗∗ −0.019∗∗∗

(0.007) (0.006) (0.005)

SecGen MidEast −0.114∗∗∗ −0.019 0.003

(0.021) (0.018) (0.015)

SecGen Asian 0.108∗∗∗ 0.111∗∗∗ 0.084∗∗∗

(0.023) (0.020) (0.017)

SecGen Other −0.015∗∗∗ −0.006 −0.007∗∗

(0.005) (0.004) (0.003)

FirstGen African −0.186∗∗∗ −0.164∗∗∗ −0.123∗∗∗

(0.010) (0.008) (0.007)

FirstGen Maghreb −0.180∗∗∗ −0.193∗∗∗ −0.145∗∗∗

(0.009) (0.008) (0.006)

FirstGen MidEast −0.198∗∗∗ −0.268∗∗∗ −0.190∗∗∗

(0.020) (0.018) (0.015)

FirstGen Asian 0.076∗∗∗ 0.011 −0.007

(0.022) (0.020) (0.017)

FirstGen Other −0.038∗∗∗ −0.102∗∗∗ −0.053∗∗∗

(0.006) (0.005) (0.004)

Education - Secondary 0.144∗∗∗ 0.117∗∗∗

(0.005) (0.004)

Education - Tertiary 0.442∗∗∗ 0.359∗∗∗

(0.005) (0.004)

Education - Bachelors 0.559∗∗∗ 0.446∗∗∗
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Table 2 continued: France log earnings outcomes - women

Dependent variable:

log earnings

(1) (2) (3)

(0.006) (0.005)

Education - Masters 0.777∗∗∗ 0.653∗∗∗

(0.006) (0.005)

Education - PhD 0.881∗∗∗ 0.762∗∗∗

(0.010) (0.008)

Education - business 0.056∗∗∗ 0.035∗∗∗

(0.004) (0.003)

Education - stem 0.021∗∗∗ 0.006

(0.004) (0.004)

Education - medicine 0.116∗∗∗ 0.106∗∗∗

(0.004) (0.004)

Education - humanities −0.005 −0.014∗∗∗

(0.004) (0.004)

Education - agriculture −0.061∗∗∗ −0.051∗∗∗

(0.005) (0.005)

Age 0.044∗∗∗ 0.030∗∗∗

(0.001) (0.001)

Agê 2 −0.0004∗∗∗ −0.0002∗∗∗

(0.00001) (0.00001)

Potential experience 0.070∗∗∗ 0.058∗∗∗

(0.001) (0.001)

Experiencê 2 −0.006∗∗∗ −0.004∗∗∗

(0.0001) (0.0001)

Experiencê 3 0.0002∗∗∗ 0.0001∗∗∗

(0.00000) (0.00000)

49



Table 2 continued: France log earnings outcomes - women

Dependent variable:

log earnings

(1) (2) (3)

Experiencê 4 −0.00000∗∗∗ −0.00000∗∗∗

(0.00000) (0.00000)

White collar 0.130∗∗∗

(0.003)

Full time 0.585∗∗∗

(0.002)

Private sector −0.098∗∗∗

(0.002)

Industry/Manufacturing 0.212∗∗∗

(0.007)

Construction 0.104∗∗∗

(0.009)

Services 0.033∗∗∗

(0.007)

Constant 7.250∗∗∗ 5.517∗∗∗ 5.343∗∗∗

(0.001) (0.018) (0.016)

Observations 334,592 331,869 330,033

R2 0.003 0.246 0.465

Adjusted R2 0.003 0.246 0.465

Residual Std. Error 0.601 (df = 334581) 0.522 (df = 331827) 0.438 (df = 329985)

F Statistic 106.633∗∗∗ (df = 10;

334581)

2,641.931∗∗∗ (df =

41; 331827)

6,101.956∗∗∗ (df =

47; 329985)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 3: UK log wage outcomes - men

Dependent variable:

log wage

(1) (2) (3)

Black −0.050∗∗∗ −0.091∗∗∗ −0.062∗∗∗

(0.010) (0.009) (0.008)

South Asian −0.008 −0.036∗∗∗ −0.038∗∗∗

(0.007) (0.006) (0.005)

Asian 0.101∗∗∗ 0.053∗∗∗ 0.033∗∗

(0.017) (0.015) (0.014)

Mixed −0.022∗∗ 0.003 0.003

(0.010) (0.009) (0.008)

Other 0.076∗∗∗ 0.022 0.001

(0.020) (0.017) (0.015)

White Immigrant −0.049∗∗∗ −0.085∗∗∗ −0.031∗∗∗

(0.002) (0.002) (0.002)

Black Immigrant −0.154∗∗∗ −0.327∗∗∗ −0.189∗∗∗

(0.007) (0.006) (0.005)

South Asian Immigrant −0.055∗∗∗ −0.218∗∗∗ −0.116∗∗∗

(0.005) (0.004) (0.004)

Asian Immigrant −0.105∗∗∗ −0.267∗∗∗ −0.149∗∗∗

(0.007) (0.007) (0.006)

Mixed Immigrant 0.028∗ −0.067∗∗∗ −0.022∗

(0.016) (0.014) (0.013)

Other Immigrant −0.117∗∗∗ −0.249∗∗∗ −0.124∗∗∗

(0.007) (0.006) (0.006)

Education 0.078∗∗∗ 0.048∗∗∗

(0.0003) (0.0003)

Potential experience 0.105∗∗∗ 0.077∗∗∗
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Table 3 continued: UK log wage outcomes - men

Dependent variable:

log wage

(1) (2) (3)

(0.001) (0.001)

Experiencê 2 −0.004∗∗∗ −0.003∗∗∗

(0.0001) (0.0001)

Experiencê 3 0.0001∗∗∗ 0.0001∗∗∗

(0.00000) (0.00000)

Experiencê 4 −0.00000∗∗∗ −0.00000∗∗∗

(0.00000) (0.00000)

White collar 0.418∗∗∗

(0.001)

Full time 0.161∗∗∗

(0.002)

Private sector −0.010∗∗∗

(0.001)

Agriculture industry −0.143∗∗∗

(0.006)

Manufacturing industry 0.078∗∗∗

(0.002)

Construction industry 0.116∗∗∗

(0.002)

Banking industry 0.106∗∗∗

(0.002)

Constant 2.620∗∗∗ 0.292∗∗∗ 0.568∗∗∗

(0.001) (0.008) (0.008)

Observations 578,965 578,965 575,140

R2 0.003 0.242 0.395
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Table 3 continued: UK log wage outcomes - men

Dependent variable:

log wage

(1) (2) (3)

Adjusted R2 0.003 0.242 0.395

Residual Std. Error 0.534 (df = 578953) 0.466 (df = 578932) 0.416 (df = 575100)

F Statistic 134.720∗∗∗ (df = 11;

578953)

5,771.085∗∗∗ (df =

32; 578932)

9,635.119∗∗∗ (df =

39; 575100)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 4: UK log wage outcomes - women

Dependent variable:

log wage

(1) (2) (3)

Black 0.118∗∗∗ 0.140∗∗∗ 0.050∗∗∗

(0.007) (0.010) (0.007)

South Asian 0.072∗∗∗ 0.006 −0.011∗

(0.006) (0.008) (0.006)

Asian 0.197∗∗∗ 0.116∗∗∗ 0.036∗∗

(0.015) (0.021) (0.015)

Mixed 0.051∗∗∗ 0.064∗∗∗ 0.033∗∗∗

(0.008) (0.011) (0.008)

Other 0.098∗∗∗ 0.017 −0.014

(0.017) (0.023) (0.016)

White Immigrant −0.016∗∗∗ −0.024∗∗∗ −0.004∗
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Table 4 continued: UK log wage outcomes - women

Dependent variable:

log wage

(1) (2) (3)

(0.002) (0.003) (0.002)

Black Immigrant −0.031∗∗∗ −0.119∗∗∗ −0.017∗∗∗

(0.005) (0.008) (0.005)

South Asian Immigrant 0.021∗∗∗ −0.155∗∗∗ −0.074∗∗∗

(0.005) (0.007) (0.005)

Asian Immigrant −0.007 −0.171∗∗∗ −0.070∗∗∗

(0.006) (0.009) (0.006)

Mixed Immigrant 0.076∗∗∗ 0.008 0.014

(0.013) (0.018) (0.013)

Other Immigrant −0.012∗ −0.147∗∗∗ −0.059∗∗∗

(0.007) (0.010) (0.007)

Education 0.089∗∗∗ 0.046∗∗∗

(0.0004) (0.0003)

Potential experience 0.132∗∗∗ 0.089∗∗∗

(0.002) (0.001)

Experiencê 2 −0.009∗∗∗ −0.005∗∗∗

(0.0001) (0.0001)

Experiencê 3 0.0003∗∗∗ 0.0001∗∗∗

(0.00000) (0.00000)

Experiencê 4 −0.00000∗∗∗ −0.00000∗∗∗

(0.00000) (0.00000)

White collar 0.462∗∗∗

(0.001)

Full time 0.748∗∗∗

(0.001)
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Table 4 continued: UK log wage outcomes - women

Dependent variable:

log wage

(1) (2) (3)

Private sector −0.121∗∗∗

(0.001)

Agriculture industry −0.093∗∗∗

(0.011)

Manufacturing industry 0.104∗∗∗

(0.003)

Construction industry −0.004

(0.005)

Energy industry 0.210∗∗∗

(0.007)

Banking industry 0.080∗∗∗

(0.002)

Constant 2.431∗∗∗ 3.255∗∗∗ 3.443∗∗∗

(0.001) (0.012) (0.009)

Observations 641,696 645,081 641,205

R2 0.001 0.132 0.559

Adjusted R2 0.001 0.132 0.559

Residual Std. Error 0.483 (df = 641684) 0.672 (df = 645048) 0.478 (df = 641164)

F Statistic 74.584∗∗∗ (df = 11;

641684)

3,059.818∗∗∗ (df =

32; 645048)

20,355.370∗∗∗ (df =

40; 641164)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Beauchemin, C., Hamel, C., Lesné, M., Simon, P. (2010). “Les discriminations : une question de minorités

visible.” Population et Sociétés, No. 466.

Beauchemin, C., Hamel, C., Simon, P. (2015). ”Trajectoires et origine. Enquête sur la diversité des
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