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1 Introduction

The headline of Le Monde on 8 March 2004 proclaimed “Male-Female inequal-

ities are persisting in the French labor market” attesting to the continuing con-

cern in France about gender wage inequality. The 2003 report on gender parity

published by the French National Statistics Institute (L’Institut national de la

statistique et des études économiques, INSEE) shows that, on average, wages of

French women are only about 80% of male wages in the private and semi-public

sectors (85% in the public sector). That gender inequality in general remains

a problem for France is further documented by the United Nation’s most re-

cent gender-related development index (GDI), where France ranks 17th, behind

many of its continental neighbors, the U.S., the U.K. and Australia.

Only a few econometric studies (Meurs and Ponthieux (2000), Meurs and

Meng (2001), Meurs and Meng (2004), and Dupray and Moullet (2002)) in-

vestigate the nature of this wage gap. All of these studies use the standard

Oaxaca-Blinder decomposition which splits the average gender wage gap into

two components, one attributable to differences in wage-generating character-

istics and one attributable to differences in returns for the same endowment of

these characteristics.
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Barsky et al. (2002) highlight two main limitations in this standard decom-

position methodology. First, it is based on parametric assumptions about the

form of the conditional expected earnings function which can induce specifica-

tion errors. Secondly, the gender earnings gap is measured at the mean, thereby

ignoring the differences in the form of the entire earnings distribution.

In this study, we implement a semi-parametric procedure to analyze the

influence of workers’ productive characteristics on gender differences in the dis-

tribution of wages. In doing so, we use the methodology developed by DiNardo

et al. (1996)). Instead of focusing on average wages (as in the Oaxaca-Blinder

decomposition), we examine the entire density of wages. The main estimation

problem is thus to construct a counterfactual wage density that would prevail for

women if they had men’s distribution of characteristics (and vice versa). This

counterfactual density can be estimated by applying standard nonparametric

kernel density estimation techniques to a re-weighted sample of women.

Using the French data set 2002 Employment Survey conducted by INSEE,

this paper aims to shed light on the nature of the gender wage differential,

exploring the added value of a semi-parametric analysis over previous knowledge

based on parametric estimates.

We find that the semi-parametric analysis illuminates several features of the

male-female wage gap which are not evident from the parametric analysis. The

first finding is that there are important differences in the shape of the densities

of male and female wages. Female wages are much more concentrated than

male wages and the proportion of female wages in the very-low wage part of the

distribution is more than twice as great as for males. The modal wage for fe-

males is quite a bit lower than for males. The second finding is that occupation

and part-time status are the two main characteristics which contribute to the

wage gap between men and women. In combination, these two characteristics

completely account for differences in the bottom quartile of the male and female

wage distributions. While we find that the proportion of the overall wage gap

which is explained by different characteristics of men and women is roughly the

same as that in the parametric analysis, the differences are all in the upper

part of the wage distribution. In the lower part of the wage distribution there

is no unexplained wage inequality (i.e., wage inequality that is due to different
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returns for the same skills). The third interesting finding is that once occu-

pational segregation and part-time status are accounted for, education plays

no significant role in the wage gap. These results are in stark contrast to the

parametric results.

1.1 Previous studies of the gender wage gap in France

Although research on gender wage inequalities in France has been quite extensive

in the past decade (Bayet (1996), Colin (1999), Silvera (1996) and Simmonet

(1996)), only a few econometric studies attempted to decompose the gender

wage gap (Meurs and Ponthieux (2000), Meurs and Meng (2001), Meurs and

Meng (2004), and Dupray and Moullet (2002)).

Though the main focus of these last four papers is to estimate the part of the

gender wage gap attributed to male/female differences in observable individual

(and firm) characteristics–the ‘explained’ part–and the part accounted for by

differences in the returns to these characteristics–the ‘unexplained’ part–they

diverge substantially on the assumptions and the methodologies used.

Their common point is to use the parametric, Oaxaca-Blinder methodology

which decomposes the gender wage gap at the mean by employing assumptions

on the reference wage structure. Meurs and Ponthieux (2000) and Meurs and

Meng (2001) follow the Oaxaca and Ransom (1994) approach, Dupray and Moul-

let (2002) use the Reimers (1983) assumption, whereas Meurs and Meng (2004)

choose to compare the results obtained with three different wage structures.

Meurs and Meng (2001) use the method of Brown et al. (1980) to account

for the occupational attainment differences between males and females and find

that the largest part of the wage gap is explained by wage differences within

occupation. They find that a large part of the wage gap, between 54% and 62%,

remains unexplained.

Meurs and Ponthieux (2000) conduct wage decompositions for all workers

together as well as separately for full-time workers. For the latter, a correc-

tion for selectivity into full-time jobs is introduced in the wage equation and

a complementary term is added to the right-hand side of the traditional wage

decomposition equation. Their primary result is that 15% of the gender gap re-

mains unexplained for the whole sample of workers whereas for full-time workers

3



the unexplained part increases to 48% of the wage gap. When the Heckman pro-

cedure for selection in full time jobs is included, there is very little change–the

unexplained portion of the wage gap decreases slightly to 44%.

In Dupray and Moullet (2002), the focus is on gender differences among

employees in the private sector. They use a sample of individuals who left the

schooling system in 1998 and look at their wage in 1998 (for their first job) and

in 2001. Their principal conclusion is that the gender wage gap in the private

sector has increased substantially between 1998 and 2001 due to growth in the

difference in returns to productive characteristics between males and females.

The part of the wage gap accounted for by differences in returns increases from

about 20% in 1998 to 76% in 2001. This last figure is mainly attributable to the

selection effect into private employment. We view these results with caution as

the change seems incredibly large for such a short time period and the sample

is fairly restrictive.

Meurs and Meng (2004) introduce variables on firm characteristics and es-

timate their contribution to the explanation of the gender wage gap. They find

that the firm effect reduces the gender wage gap by 15%. The endowment effect

(the effect of characteristics) and the return effect explain respectively 49% and

65.8% of this gap.

It is difficult to determine how much these various studies differ from one

another since only Meurs and Ponthieux (2000) present standard errors for the

different elements of the decomposition. However, the finding that around 50%

of the wage gap (for full-time workers) remains unexplained is fairly robust.

The next section briefly reviews the parametric and semi-parametric tech-

niques which we use to analyze the gender wage differential. In section three,

we discuss the data set which we use. In section four, we compare the results

from the parametric decomposition of the French gender wage gap with those

using the semi-parametric technique. We briefly discuss policy implications and

compare our results to studies of other European countries in the concluding

section.
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2 Calculating the gender wage differential

2.1 Parametric estimation of the wage gap

The mean gender wage gap between men and women, conditional on human

capital and labor market characteristics, may be written as

g =

∫
wfm (w|x1, . . . , xk) dw −

∫
wff (w|x1, . . . , xk) dw (1)

where fm (w|·) and ff (w|·) are the conditional densities of male and female

wages and x1, . . . , xk are labor market and human capital characteristics.

Consider the male conditional wage density fm (w|x1, . . . , xk) and note that

it can be found by integrating out the effect of the characteristics from the joint

density of wages and characteristics

fm(w|x1, . . . , xk) =
∫
x1

. . .

∫
xk

fm(w, x1, . . . , xk)dx1 . . . dxk

=

∫
x1

. . .

∫
xk

fm(w|x1, . . . , xk)fm(x1, . . . , xk)dx1 . . . dxk (2)

By replacing fm(w|x1, . . . , xk) in (1) with the above expression we can now

express the gender wage gap as

g =

∫
w

w

∫
x1

. . .

∫
xk

fm(w|x1, . . . , xk)fm(x1, . . . , xk)dx1 . . . dxkdw

−
∫
w

w

∫
x1

. . .

∫
xk

ff (w|x1, . . . , xk)ff(x1, . . . , xk)dx1 . . . dxkdw (3)

In order to understand what fraction of the gap is due to different returns

to characteristics and what fraction is due to a difference in the distribution

of characteristics, Oaxaca (1973) and Blinder (1973) proposed a decomposition

technique which exploits the relationship in (3).

So for example, an estimate of the wage gap due to differences in the distri-
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bution of characteristics is given by

ĝa(s = f) = f̂(w; sw = f, x1 = m, . . . , xk = m)

− f̂(w; sw = f, x1 = f, . . . , xk = f)

=

∫
w

w

∫
x1

. . .

∫
xk

f̂f (w|x1, . . . , xk)f̂m(x1, . . . , xk)dx1 . . . dxkdw

−
∫
w

w

∫
x1

. . .

∫
xk

f̂f (w|x1, . . . , xk)f̂f (x1, . . . , xk)dx1 . . . dxkdw (4)

where f̂f (w|x1, . . . , xk) is an estimate of the conditional mean function for

women (the regression coefficients from the wage regression using only women’s

wage data) and f̂f(x1, . . . , xk) and f̂m(x1, . . . , xk) are the empirical distribu-

tions of characteristics from the data. We use the notation f̂(w; sw = f, x1 =

m, . . . , xk = m) to indicate the (estimated) conditional distribution of wages

using the female wage structure and the male attributes or characteristics.1

ĝa(s = f) is the gap in wages due to attributes using the female wage structure.

An estimate of the wage gap due to differences in the return to characteristics

would be estimated as

ĝr(s = f) = ĝ − ĝa(s = f) (5)

where ĝ is the estimate of (3).

A large literature has evolved regarding the choice of reference wage struc-

ture. Use of either the male or female wage structure can be justified. Reimers

(1983) and Cotton (1988) each propose reference wage structures which are

weighted averages of the empirical wage structures of males and females. Neu-

mark (1988) develops an alternative procedure, from the Becker (1971) model

of discriminatory tastes. In general, the decomposition can be quite sensitive to

choice of wage structure.

These wage decomposition techniques suffer from two limitations. First, they

are based on parametric assumptions about the form of the conditional expected

earnings function (often linear-in-logs or some simple nonlinear specification

that includes quadratic terms for education, age or experience) which can induce

1Where separate linear regressions are estimated for men (ŵ(m) = Xmβ̂m) and women

(ŵ(f) = Xf β̂f ), (4) is equivalent to β̂f

(
X̄m − X̄f

)
.
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specification errors. Secondly, the gender earnings gap is measured at the mean,

potentially ignoring important differences in the earnings distribution.

This paper relaxes those assumptions using a non-parametric decomposition

of the gender wage differential, following DiNardo et al. (1996).2 This allows

us to examine the impact of each set of labor market and human capital charac-

teristics on the distribution of wages for men and women and their differences.

We briefly describe the technique for readers for whom it may not be familiar.

2.2 Nonparametric estimation of wage gap

Consider again the wage gap as represented by (3). We will use this expression

to decompose the wage gap characteristic-by-characteristic by assuming that

the density of wages conditional on attributes for each sex does not depend

upon the density of attributes for that sex. Consider, for example, the male

distribution of attributes fm(x1, . . . , xk). Using Bayes’ rule, we can factor this

into the product of a conditional and an unconditional density

fm(x1, . . . , xk) = fm(x1, . . . , xk−1|xk)fm(xk). (6)

The distribution of male wages, conditional on attributes, is then

fm(w|x1, . . . , xk) =∫
x1

. . .

∫
xk

fm(w|x1, . . . , xk)fm(x1, . . . , xk−1|xk)fm(xk)dx1 . . . dxk. (7)

Using (7) we can construct “counter-factual” densities such as the male wage

density with the male distribution of characteristics 1 through k − 1 and the

female distribution of characteristic k

f(w; sw = m,x1 = m, . . . , xk−1 = m,xk = f) =∫
x1

. . .

∫
xk

fm(w|x1, . . . , xk)fm(x1, . . . , xk−1|xk)fw(xk)dx1 . . . dxk. (8)

2 Another option would be to use quantile regression, such as the analyses of Spanish wages
by de la Rica et al. (2007), Swedish wages by Albrecht et al. (2003), and the 10 European
countries studied by Arulampalam et al. (2007).
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To implement (8), note that

f(w; sw = m,x1 = m, . . . , xk−1 = m,xk = f) =∫
x1

. . .

∫
xk

fm(w|x1, . . . , xk)fm(x1, . . . , xk−1|xk)fm(xk)
fw(xk)

fm(xk)
dx1 . . . dxk

= fm(w|x1, . . . , xk) fw(xk)
fm(xk)

. (9)

This counter-factual distribution is the conditional distribution of male wages

re-weighted by the fraction of the female density of the kth attribute to the male

density of the kth attribute. (9) may also be written as

fm(w|x1, . . . , xk)f(f |xk)f(m)

f(m|xk)f(f) . (10)

where f(f) and f(m) are the sample proportions of female and male workers

and f(s|x) are the probabilities of being of sex s, conditional on attribute x.

This allows us to eliminate the problem of regions of x for which fs(xk) are very

small and allows us to apply the technique to a vector of attributes.

Using the nonparametric, kernel density estimator of Rosenblatt (1956) and

Parzen (1962), we can estimate the density of wages for men by

f̂m(w) =
1

nmh

nm∑
i=1

K

(
w − wi

h

)
(11)

where nm is the number of males in the sample, h is a smoothing parameter

sometimes called a bandwidth, and K(·) is a kernel function which gives large

weight to points wi near w and small weight to points which are far from w.

This provides a consistent estimate of f(w; sw = m,x1 = m, . . . , xk = m) and

it (implicitly) uses the empirical distribution of the attributes for men. To

estimate the counter-factual (w; sw = m,x1 = m, . . . , xk−1 = m,xk = f) we use

f̂m(w; sw = m,x1 = m, . . . , xk−1 = m,xk = f) =

1

nmh

nm∑
i=1

ψ̂x(xk)K

(
w − wi

h

)
(12)

where ψ̂x(xk) is an estimate of f(f |xk)f(m)
f(m|xk)f(f)

from (10).

We use the fourth-order kernel with smoothly declining derivatives proposed

by Müeller (1984). The bandwidths are chosen to undersmooth the densities

in an ad hoc way–we calculate the optimal bandwidth for the data as if the
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data under the 99th percentile were normally distributed (which would tend

to oversmooth the densities) and then divide this number by 4. We find that

this works well. Furthermore, the results are not sensitive to bandwidth choice.

We include the survey weights in the density estimation although ignoring the

weights provides nearly identical estimates.

In the next section we discuss the data and, in the following section, the

results of the parametric and semi-parametric estimates, which we compare.

3 Data

The data are from the 2002 Employment Survey conducted by the French Na-

tional Statistics Institute (INSEE). The survey covers 175,939 individuals. Our

estimation sample is 60,274 individuals, after removing people outside legal

working age, inactive, unemployed, self-employed, military conscripts, and ob-

servations with missing data.

3.1 Hourly wage

Survey respondents provided information on monthly earnings (including an-

nual bonus converted into monthly equivalent) before income tax. This is the

net salary after cotisations sociales have been taken out.3 The French typi-

cally discuss salaries net of the cotisations sociales, hence the survey question

is framed in these terms.

To abstract from the effect of variations in hours worked, the monthly earn-

ings data were converted into an hourly wage using the information given by

workers on the average number of hours they usually work per week over the

last month.4 For those who failed to report the usual number of hours they

worked (about 12% of the sample), we used the number of hours worked in the

previous week, if available.5

3 Cotisations sociales represent tax levies which are directed toward specific purposes
such as funding government provided medical care, unemployment insurance, and pensions.
Cotisations sociales represent the bulk of taxes which individuals in France pay on their gross
salary and for an average worker constitute around 25% of the gross salary.

4 As there is some scope for differing interpretation of the question by respondents, we can
not be certain if the hours number represents average hours in a ‘typical’ week, the average
over the month, or modal hours.

5 We also conducted the analysis presented below dropping all individuals who did not
report usual hours and the results are unaffected.
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We find, as others do, that hourly wages constructed in this manner are

smaller than we would expect.6 It seems that people tend to over-report the

number of hours they work and under-report their salary. In our data, median

male hourly wage is 8.54 e. For females it is 7.52 e. Mean hourly wages are

10.31 e for men and 8.97 e for women (see Table 6 below.) These are less than

those provided in the official statistics; those indicate that in 2001 men made

11.68 e per hour relative to women’s 9.50 e per hour (INSEE (2003)). The

ratio between the two is roughly the same in our data as in the official statistics,

although the gap in mean wages appears slightly smaller in our data. It may

be that men over-report hours more than women. Table 1 and Figure 1 show

information on the distribution of wages in the sample.

Table 1: Quantiles of Hourly Wage7

Sample size: 60,274
Quantile All male female
0.005 1.41 1.61 1.26
0.010 1.81 2.19 1.66
0.025 3.00 3.61 2.53
0.050 4.22 4.89 3.58
0.100 5.23 5.63 4.83
0.500 8.11 8.59 7.54
0.900 14.66 15.70 13.57
0.950 18.31 19.67 16.67
0.975 22.87 24.35 20.91
0.990 30.77 32.86 28.78
0.995 39.86 44.80 35.97

The hourly equivalent of the French minimum wage (SMIC) is 6.83 e. (It

has been increased in 2003 to 7.19 e.) This is the gross wage, however, and

if we adjust for the charges sociales at this income level (about 21%) we find

that the minimum hourly wage is 5.39 e. In the reduced sample of 60,274, we

find 7.5% of men and 15.6% of women reporting a wage level that is below this

amount. We think that the number of workers who are actually earning less

than the SMIC is much less than this8. Those reporting wages lower than the

SMIC who are not in a category that could legally be paid below the minimum

are primarily concentrated in clerical work. This may indicate that individuals

6 INSEE reports that individuals often under-estimate their wages compared to data re-
ported by firms.

7All descriptive statistics and density estimates provided in the paper use survey weights.
8 Workers below age 18 with less than 6 months of experience, youth in apprenticeships,

individuals in internal training programs, and some disable workers are the only ones who
could legally be paid less than the SMIC. There are few of these in the data
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are given tasks which force them to work more hours than those recognized by

their employers.

3.2 Male and female labor market characteristics

We highlight some of the substantial differences between women and men in

labor market characteristics. Figures A1 and A2 in the appendix provide more

information on these differences. Female activity rate (62%) remains quite low

by US standards, but is near the average participation rate of the European

Union (60%). Female participation has greatly increased during the past three

decades in France while the male participation rate has steadily decreased. The

gender employment gap (12.4%) is substantial though lower than the average of

the OECD countries (around 20%)9. These global employment rates hide large

gender disparities in the nature of the occupied jobs.

More than 28% of women work part time whereas only 4% of men do (see

Figure A1). Indeed, part-time jobs are prevalent in the sectors where women are

highly represented, such as trade, restaurant, and individual services. Women’s

part-time employment rate in France is close to the OECD average of 24%.

Non-standard forms of employment (outsourcing, temporary work, “favored

contracts”) have been increasing in France during the past two decades. A larger

proportion of females than males work with temporary or favored contracts,

which provide flexible labor to the employers and often pay lower wages than

“regular” jobs10. However, men are more numerous in subcontracted jobs (see

Figure A2). Almost 30% of women work in the public sector, where higher

average wages prevail (see Table 3) and the male-female wage gap is somewhat

smaller. The public sector may also offer job characteristics such as stability

and flexibility attractive to women with children.

More than half of female employment is in the clerk category (Table 5).

9Statistics from US, European Union, and OECD countries are from OECD (2002)
10 What we are calling favored contracts are known in France as contrat aidé. These include

contrat d’apprentissage, contrat de qualification jeune, contrat de qualification adulte, contrat
d’adaptation, or contrat initiative emploi. Private firms receive a fixed amount of money from
the State as well as exoneration from paying the cotisations sociales when they hire people
using one of these types of contracts. The stated purpose of these contracts is to help young
people obtain experience during their training (contrat d’apprentissage, contrat de qualifica-
tion jeune) or to help the unemployed improve their job propsects (contrat de qualification
adulte, contrat d’adaptation, contrat initiative emploi). In the contrat d’apprentissage and
contrat de qualification jeune the wage earned by the young worker is only a fraction of the
official minimum wage (SMIC).
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Gender segregation is particularly high in these occupations–for example, 98%

of French secretaries are women. Suffering from low status, these occupations

are also often characterized by weak career prospects. However, men are over-

represented in laborer jobs which share some of the same features. Furthermore,

whereas men have better access to high-skilled jobs, women almost reach equal-

ity in occupations such as lawyer, professor, etc., (see D’Intignano (1999)).

Table 2: Occupations of wage earners
Female Male

Manager and Professional 1, 155, 113
(11.6%)

1, 978, 048
(17.6%)

Semi-professional 2, 304, 374
(23.2%)

2, 624, 797
(23.4%)

Clerk 5, 262, 230
(53.0%)

1, 681, 533
(15.0%)

Laborer 1, 208, 757
(12.2%)

4, 953, 559
(44.1%)

Total 9,930,474 11,237,937

This job segregation is likely to have a major impact on the gender wage gap.

Indeed, the male/female ratio of hourly wages increases as one goes down the

hierarchical scale. This appears to favor women as far as laborers are concerned.

More generally, gender differences in monthly average wages amount to 34%.

However, after controlling for hours worked, the gender gap decreases to 15%.

The biggest gender gap occurs among private, long-term employees with men

earning on average 21% more than women.

Table 3: Male-female hourly wage differences by various categories
Male Female Ratio (Male/Female)

All wage earners (monthly
average wage)

10.31
(1691.53)

8.97
(1261.46)

115.0%
(134.1%)

Full-time 10.37 9.34 111.1%
Part-time 9.15 8.13 112.6%
Outsourcing 7.23 6.74 107.3%
Apprenticeship 3.23 3.84 84.2%
Temporary contract (pri-
vate sector)

8.28 6.92 119.8%

Other private employment 10.43 8.63 120.9%
Internship or “favored con-
tracts”

5.34 5.53 96.5%

Public sector 11.75 10.61 110.7%
Manager and professional 16.98 15.78 107.6%
Semi-professional 11.16 10.79 103.4%
Clerk 8.38 7.22 116.0%
Laborer 7.86 6.60 119.0%
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Gender inequalities in France are substantial even though not dramatic by

international standards. These results also indicate the important characteris-

tics which an econometric analysis of wages should include. In the next section

we compare semi-parametric and parametric analyses of the gender wage gap.

4 Results

We first summarize and compare the main results from the non-parametric and

parametric analyses. We then present the detailed results from the two methods.

4.1 Semi-parametric and parametric results compared

There are many points of agreement between the parametric and non-parametric

results. In both cases, we find a large role for occupation and part-time status

in explaining the wage gap. We also find that when using the male reference

wage structure, we are able to explain much more of the gap than when we use

the female structure. We take this as evidence that there are many more unob-

servable factors (flexibility, proximity to child-care and school, family-friendly

workplace policies) which influence women’s choice of work than men’s. In both

analyses, we find the role of public sector employment in reducing the wage gap

to be small but significant and the effect of contract status to be insignificant.

The overall amount of the gap that is explained by all observable characteristics

is roughly the same in both the parametric and non-parametric methods.

There are several important ways in which our non-parametric analysis di-

verges from the parametric one. Directly examining wage densities provides a

richer set of information than focusing only on the mean. Perhaps the most

interesting feature is a small, but important group of women making a very low

wage–less than 5 e per hour. There are no almost no men in this wage range.

We further examined the data regarding this group of women and find that they

are concentrated in clerical work. They are frequently part-time. However, the

vast majority of them are not in job categories which would allow employers to

pay them less than minimum wage (trainees, apprentices, etc.) This is probably

reflecting women who spend many more hours on the job than those for which

they are paid.
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Education, which plays a large role in reducing the gender wage gap in the

parametric analysis, has almost no effect in the non-parametric analysis once the

occupational segregation has been taken into account. While women have more

education, there is no additional return to that education in the occupational

structure of men. Sector appears to contribute to the wage gap in the parametric

analysis, but in the non-parametric analysis it is acting to reduce the wage gap.

Night work matters much more in exacerbating the wage gap in the parametric

analysis than it does in the non-parametric analysis where its effect is very small.

Our semi-parametric results using the male wage distribution can be taken to

provide evidence that, overall, there is no sticky floor in French wages. However,

when we consider full-time workers only or private sector workers only (results

available from authors), we do find evidence of the sticky floor hypothesis con-

sistent with the results of Arulampalam et al. (2007) who find sticky floors in

the private sector using data from the European Community Household Panel.

Also consistent with their results is the finding of a glass ceiling in the private

sector in France. We find that this effect dominates the combined public and

private sectors, as shown in Tables 6 and 13.

4.2 Semi-parametric estimates of the gender wage gap

Figure 1 presents the density of wages for males and females considered sepa-

rately. There are three striking features of this graph. First, the male density

lies everywhere to the right of the female density, indicating that men have

higher wages than women. Secondly, the mode of the density for men is roughly

2 e higher than that for women and male wages are much less concentrated

around this mode than female wages are around their mode. Thirdly, there is a

substantial group of female workers in the very low wage part of the distribution

(below 5 e per hour). There are very few men in this part of the distribution.

A parametric analysis ignores the second and third features of these densities.

In order to understand the effect of characteristics, we will progressively

introduce female characteristics into the male wage density using the technique

described above. (This is equivalent to the parametric case of using the male

reference wage structure.) The results are sensitive to the order in which we

introduce these characteristics. The robustness of our results to ordering and the
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consequences for changing the ordering are discussed in sub-section 4.4 below.

If characteristics, and not returns, are to explain the wage gap, then once we

have introduced all observable female characteristics into the male density, the

‘counter-factual’ density of male wages with female characteristics should be

identical to that of female wages.

We subdivide the characteristics into eight groups: occupation, sector, edu-

cation, part-/full-time status, contract status, public/private sector, night/day

work, and remaining characteristics. Remaining characteristics include marital

status, county of birth, experience and tenure.

The advantage of the non-parametric decomposition is to move the focus

away from a summary statistic measure (the gap at the mean) towards an anal-

ysis of the full distribution. However, to facilitate comparison with the paramet-

ric results presented earlier, we find it useful to provide some summary measures

of the results from the non-parametric decompositions. For each counter-factual

distribution we consider 4 summary measures (exact details of their calculation

may be found in the appendix): the mean, median, six other quantiles, and the

integrated absolute distance between the two densities using the empirical den-

sity to weight each point. We use all of the data for the density estimates, but

the summary measures are calculated over the interval 1 e to 41 e , avoiding

the problem of small numbers of observations outside of this interval.

The implied mean wage for men is 9.93 e per hour, while for women it is

8.68 e per hour. The gap is therefore 1.25 e per hour as shown in the second

row of Table 4.11 Table 4 contains the implied mean from the ‘counter-factual’

density estimates for one decomposition. The order of the decomposition can

be seen in the left-hand column and the characteristics are added cumulatively.

When we introduce women’s occupations into the male wage structure, mean

wages fall to 9.41 e, a reduction in the wage gap of 41.5%. When we introduce

women’s sector in addition to occupation, we find that mean wages actually

increase to 9.48 e , a marginal increase of 9.2% in the gap after accounting for

occupation of .73 e . Occupation and sector combined reduce the gap between

men and women by 36.1%, as indicated in the final column. The figures in

11 Recall that this is calculated conditional on being in the range 1 e to 41 e so this will
tend to provide a slightly smaller mean gap between men and women than that found in the
data because more men are in the upper tails of the wage distribution.
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square brackets in the tables are 95% confidence intervals. These are calculated

using the clustered bootstrap with 200 replications.

Table 4: Mean wages implied from non-parametric decompositions

Male wages with Female Characteristics Gap Marginal change Percentage
of total gap
explained

Unadjusted 9.93
[9.87,9.98]

1.25
[1.17,1.32]

Occupation 9.41
[9.34,9.48]

0.73
[0.65,0.81]

−41.5%
[−46.2%,−36.8%]

Sector 9.48
[9.39,9.56]

0.80
[0.71,0.89]

9.2%
[4.2%,14.3%]

−36.1%
[−41.9%,−30.2%]

Education 9.49
[9.41,9.57]

0.81
[0.72,0.90]

1.7%
[−0.8%,4.2%]

−35.0%
[−40.7%,−29.3%]

Part-/Full-time 9.22
[9.06,9.38]

0.54
[0.37,0.70]

−33.6%
[−50.2%,−16.9%]

−56.8%
[−69.1%,−44.5%]

Contract status 9.29
[9.12,9.46]

0.61
[0.44,0.78]

13.9%
[4.1%,23.7%]

−50.8%
[−63.6%,−38.0%]

Public/private 9.27
[9.10,9.45]

0.59
[0.42,0.77]

−3.5%
[−7.1%,0.2%]

−52.5%
[−65.8%,−39.3%]

Night work 9.30
[9.11,9.49]

0.62
[0.43,0.82]

5.3%
[−6.2%,16.7%]

−50.0%
[−64.6%,−35.5%]

All characteristics 9.37
[9.16,9.57]

0.69
[0.48,0.89]

10.7%
[−0.5%,21.8%]

−44.7%
[−60.4%,−28.9%]

As shown in Table 5, the implied median for men is 8.64 e per hour while

that for women is 7.60e per hour. The gap in median wages, 1.04 e per hour,

is slightly smaller than that in mean wages. Table 6 contains six other quantiles

from the two distributions and the various counter-factuals. Asterisks indicate

a significant difference at the 95% level between the quantile for women and

that for the counter-factual male distributions using female characteristics. The

characteristics are included cumulatively across the table. First we consider

male wages with female occupations only. Then we consider male wages with

female occupation and sector, etc.
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Table 5: Median wages implied from non-parametric decompositions

Male wages with Female Characteristics Gap Marginal change Percentage
of total gap
explained

Unadjusted 8.64
[8.59,8.69]

1.04
[0.97,1.11]

Occupation 8.36
[8.28,8.44]

0.76
[0.67,0.85]

−26.9%
[−33.9%,−19.9%]

Sector 8.36
[8.28,8.44]

0.76
[0.67,0.85]

0.0%
[−6.9%,6.9%]

−26.9%
[−34.3%,−19.5%]

Education 8.36
[8.27,8.45]

0.76
[0.67,0.85]

0.0%
[−4.9%,4.9%]

−26.9%
[−34.5%,−19.3%]

Part-/Full-time 8.00
[7.88,8.12]

0.40
[0.27,0.53]

−47.4%
[−62.4%,−32.3%]

−61.5%
[−73.4%,−49.7%]

Contract status 8.08
[7.95,8.21]

0.48
[0.34,0.62]

20.0%
[5.4%,34.6%]

−53.8%
[−66.1%,−41.6%]

Public/private 8.08
[7.94,8.22]

0.48
[0.34,0.62]

0.0%
[−7.9%,7.9%]

−53.8%
[−67.0%,−40.7%]

Night work 8.12
[7.98,8.26]

0.52
[0.37,0.67]

8.3%
[−6.3%,23.0%]

−50.0%
[−63.5%,−36.5%]

All characteristics 8.20
[8.05,8.35]

0.60
[0.45,0.75]

15.4%
[4.2%,26.6%]

−42.3%
[−56.5%,−28.1%]

Table 6: Quantiles

Unadjusted Male wages with female characteristics
Female Male Occupation Sector Education Part-/Full-

time
5 % 3.84 4.96 ∗ 4.28 ∗ 4.28 ∗ 4.24 ∗ 3.64
10 % 4.88 5.64 ∗ 5.24 ∗ 5.24 ∗ 5.24 ∗ 4.80
20 % 5.64 6.48 ∗ 6.08 ∗ 6.12 ∗ 6.12 ∗ 5.68
50 % 7.60 8.64 ∗ 8.36 ∗ 8.36 ∗ 8.36 ∗ 8.00 ∗

80 % 11.08 12.52 ∗ 11.88 ∗ 11.92 ∗ 11.96 ∗ 11.72 ∗

90 % 13.64 15.76 ∗ 14.84 ∗ 15.04 ∗ 15.16 ∗ 15.20 ∗

95 % 16.64 19.52 ∗ 18.28 ∗ 18.80 ∗ 18.92 ∗ 19.44 ∗

Contract
status

Public/private Night work All charac-
teristics

5 % 3.76 3.72 3.76 3.72
10 % 4.88 4.84 4.88 4.88
20 % 5.76 ∗ 5.76 ∗ 5.76 5.76
50 % 8.08 ∗ 8.08 ∗ 8.12 ∗ 8.20 ∗

80 % 11.80 ∗ 11.76 ∗ 11.80 ∗ 11.96 ∗

90 % 15.24 ∗ 15.24 ∗ 15.28 ∗ 15.36 ∗

95 % 19.60 ∗ 19.52 ∗ 19.56 ∗ 19.72 ∗

Figure 2 graphs the distance between the two densities. The first row of Table

7 shows the integrated absolute distance between these two lines, weighted by

the estimated female density.
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Table 7: Integrated Absolute Distance (weights=10f̂female(wage))

Male density with Female
Characteristics

Gap Marginal change Percentage of total
gap explained

Unadjusted 0.241
[0.225,0.258]

Occupation 0.171
[0.149,0.193]

−29.2
[−36.0%,−22.5%]

Sector 0.177
[0.155,0.200]

4.0%
[−1.2%,9.2%]

−26.4%
[−33.7%,−19.1%]

Education 0.172
[0.149,0.194]

−3.3%
[−5.8%,−0.7%]

−28.8%
[−36.1%,−21.5%]

Part-/Full-time 0.108
[0.079,0.137]

−36.9%
[−52.4%,−21.5%]

−55.1%
[−67.1%,−43.1%]

Contract status 0.118
[0.088,0.148]

9.0%
[0.1%,18.0%]

−51.0%
[−63.4%,−38.6%]

Public/private 0.121
[0.088,0.153]

2.3%
[−1.9%,6.5%]

−49.9%
[−63.2%,−36.5%]

Night work 0.125
[0.087,0.163]

3.3%
[−6.4%,12.9%]

−48.2%
[−63.6%,−32.8%]

All characteristics 0.138
[0.098,0.179]

10.8%
[4.8%,16.8%]

−42.7%
[−59.3%,−26.0%]

Figure 3 presents the first counter-factual density which we consider. We

compare female wages to male wages with the female occupation structure. All

other characteristics for men retain the male distribution. We can see three

things happening. First, the density moves to the left indicating that if males

had the female occupation distribution that their wages would be lower than

they currently are. This is reflected in the mean wage gap which now falls from

1.25 to 0.73 e per hour (Table 4, third row). As seen from Table 5, the gap in

the median wage falls from 1.04 to 0.76 e per hour.

Males are heavily over-represented in the laborer category (Table 2), while

females are heavily over-represented in the clerical category. Men are also over-

represented in the manager and professional category. This characteristic alone

accounts for 41% of the mean wage gap and 27% of the gap in median wages.

The fact that the gap between male wages with female occupations and fe-

male wages is smaller than the gap between male and female wages may be in-

terpreted as evidence that occupation is acting to increase the wage gap between

men and women in the data. Once we give both groups the same occupational

distribution, the wage gap is seen to shrink. For the summary measures, neg-

ative numbers in the marginal change column can be interpreted as indicating

that the variable explains part of the wage gap. Positive numbers can be inter-

preted as indicating that the distribution of that variable in the data is actually

helping to reduce the actual wage gap between men and women.
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The second interesting feature of Figure 3 is the movement in the lower

tail of the density. The male density is now much more similar to the female

density. This (relatively) large group of female workers at very low wages is

thus explained considerably by occupation. In Table 6 we see that once female

occupation is introduced into male wages, the 5% quantile drops from 4.96 to

4.28 e per hour. This is still significantly different from 3.84 e per hour, the

5% quantile of female wages. The third striking feature of Figure 3 is that the

mode of male wages with female occupations is not too dis-similar to the mode

of female wages. The peak is not nearly as high, however.

Figure 4 presents the differences in the two densities. Introducing the fe-

male occupation structure into the male wage structure has clearly changed the

densities quite a bit. But is this counter-factual density ‘closer’ to the female

density? Given that the gap in the two densities is now much closer to zero at

all points in the distribution, every measure of distance must show that the den-

sities are closer. Table 7 shows that the integrated absolute distance, weighted

by female density, has decreased by 29%.12

Figure 5 presents the result of introducing the female distribution of occupa-

tion and sector into the male wage structure, keeping other male characteristics

the same. Figure 5 shows that in fact the counter-factual distribution for males

actually shifts slightly to the right. While the combined effect of occupation and

sector is to reduce the gap between male and female wages (36% lower for the

mean–see the last column of Table 4), the marginal effect is to make the male

and female distributions more unequal. The effect is very small. The mean wage

gap grows from 9.41 to 9.48 e per hour (Table 4). This marginal change, while

small, is significant at the 5% level. We find no significant change in median

wages or integrated distance. At the mean, therefore, the distribution of men

and women in various activity sectors seems to be acting to keep the wage gap

down slightly. This result is in contrast to the parametric case where we find

that sector contributes to exacerbating the wage gap.

Figure 6 provides the results from adding women’s educational distribution,

along with occupation and sector, to the male wage distribution. Quite sur-

12 We also considered unweighted measures of absolute distance as well as weighted and
unweighted integrated squared distance measures and the results are roughly comparable. See
the discussion below about the effects of weighting the absolute distance measure.
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prisingly, education has no significant effect on the wage gap. This is in stark

contrast to the parametric results where education was found to be one of the

significant factors in reducing the wage gap between men and women.

Figures 7 and 8 provide the results from including women’s part-time status,

along with occupation, sector and education, to the male wage distribution. The

results are again rather striking. Given women’s part-time status, the male wage

density shifts quite a bit to the left. So if men had women’s part-time status their

wages would be quite a bit lower than they are. We also see that this introduces

a bi-modality in the male ‘counter-factual’ wage distribution. Thirdly, we note

that in the lower tail (below 5 e per hour) that male ‘counter-factual’ wages

are actually slightly worse than female wages.

The top panel of the last column of Table 6 presents the quantiles for this

counter-factual distribution. At the 5%, 10% and 20% quantiles we now find

no significant differences between the female wage distribution and the male

wage structure with female occupation, sector, education and part-time status.

However, the quantiles for men at the median and above remain significantly

different. The mean wage gap is reduced by 57% and the gap in the median

wage is reduced by 62%. The absolute distance measure in Table 7 shows that

the two densities are now much closer as is evident from Figure 8.

Figures 9 through 11 present the progressive introduction of female contract

status, public/private sector distribution, and finally all remaining observable

characteristics including night work. Surprisingly, neither the public/private

sector split nor night work (which is mostly men and which is paid a premium)

contribute significantly to the wage gap. Contract status pushes the counter-

factual male distribution slightly further away from the female distribution (in-

dicating that contract status contributes to reducing the wage gap in the data).

The effect is small however, 0.07 e per hour for the mean gap and 0.08 e per

hour for the median gap. In the parametric case, we found a large contribution

of night work to the wage gap, whereas in the non-parametric decompositions

we find little effect of night work on the wage gap.

Table 6 provides a similar story for the quantiles. Giving women’s occupa-

tion, sector, education and part-time characteristics to men, makes the distribu-

tion between men and women the same at the 20% quantile and below. There
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is no additional movement in the quantiles as we add the remaining character-

istics. And the quantiles for men at the median and above remain significantly

different even after we introduce all observable female characteristics. Nor is

there any effect on the mean or median gap as can be seen in Tables 4 and 5.

In Tables 4 through 7 and Figures 1 through 11, we considered a comparison

between the estimated density of female wages and the ‘counter-factual’ densities

of male wages with the introduction of different female characteristics. One

question that might be asked is whether the results are sensitive to the choice of

reference wage structure. What if we compare male wages to ‘counter-factual’

densities of female wages with the introduction of different male characteristics?

Figures 12 through 15 present a portion of these results. We do not show

separate graphs for each characteristic since many of them have no visible effect

on the distribution. Tables 8 through 11 contain the summary statistics for this

decomposition.

Table 8: Mean wages implied from non-parametric decompositions

Female wages with Male Characteristics Gap Marginal change Percentage
of total gap
explained

Unadjusted 8.68
[8.63,8.73]

1.25
[1.17,1.32]

Occupation 9.05
[8.97,9.12]

0.88
[0.80,0.96]

−29.5%
[−34.9%,−24.1%]

Sector 9.05
[8.96,9.14]

0.87
[0.77,0.97]

−0.7%
[−6.5%,5.2%]

−30.0%
[−37.1%,−22.8%]

Education 9.05
[8.95,9.14]

0.88
[0.78,0.98]

0.8%
[−1.7%,3.3%]

−29.4%
[−36.7%,−22.1%]

Part-/Full-time 9.10
[9.01,9.19]

0.83
[0.73,0.93]

−5.8%
[−10.6%,−1.1%]

−33.5%
[−40.7%,−26.3%]

Contract status 9.08
[8.99,9.17]

0.85
[0.74,0.95]

2.0%
[−0.5%,4.4%]

−32.2%
[−39.6%,−24.8%]

Public/private 9.10
[9.01,9.20]

0.82
[0.72,0.92]

−2.7%
[−3.8%,−1.5%]

−34.0%
[−41.3%,−26.7%]

Night work 9.20
[9.07,9.33]

0.73
[0.59,0.87]

−11.6%
[−20.8%,−2.4%]

−41.6%
[−52.4%,−30.9%]

All characteristics 9.08
[8.94,9.21]

0.85
[0.71,0.99]

16.9%
[8.5%,25.2%]

−31.8%
[−42.6%,−21.0%]

Figure 12 shows the female counter-factual wage distribution including male

occupation. The mode of the distribution is higher and slightly to the right and

the density of very low wage workers has fallen. However the decrease in the

gap is less substantial than what we observed in Figure 3. This is born out by

Tables 8 through 10, where we see that including male occupation in the female

wage structure decreases the gap by 30%. The gap in the median drops 12%.
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This is reminiscent of the parametric case where we were less able to account

for the wage gap when using the female reference wage structure. In this case,

as in the parametric case, the explanation is that the effect of unobservables

in the distribution of female wages is much larger than that for males. This is

not surprising since women with children are more likely to consider non-wage

aspects of the job such as location and flexibility.

Table 9: Median wages implied from non-parametric decompositions

Female wages with Male Characteristics Gap Marginal change Percentage
of total gap
explained

Unadjusted 7.60
[7.55,7.65]

1.04
[0.97,1.11]

Occupation 7.72
[7.64,7.80]

0.92
[0.83,1.01]

−11.5%
[−19.3%,−3.8%]

Sector 7.80
[7.70,7.90]

0.84
[0.73,0.95]

−8.7%
[−16.1%,−1.3%]

−19.2%
[−29.1%,−9.4%]

Education 7.80
[7.69,7.91]

0.84
[0.72,0.96]

0.0%
[−4.7%,4.7%]

−19.2%
[−29.5%,−9.0%]

Part-/Full-time 7.88
[7.76,8.00]

0.76
[0.64,0.88]

−9.5%
[−16.6%,−2.5%]

−26.9%
[−37.4%,−16.4%]

Contract status 7.88
[7.77,7.99]

0.76
[0.64,0.88]

0.0%
[−5.0%,5.0%]

−26.9%
[−37.4%,−16.4%]

Public/private 7.88
[7.77,7.99]

0.76
[0.64,0.88]

0.0%
[−4.8%,4.8%]

−26.9%
[−37.4%,−16.4%]

Night work 8.00
[7.86,8.14]

0.64
[0.49,0.79]

−15.8%
[−27.7%,−3.9%]

−38.5%
[−51.6%,−25.3%]

All characteristics 7.88
[7.73,8.03]

0.76
[0.60,0.92]

18.8%
[7.0%,30.5%]

−26.9%
[−41.2%,−12.7%]

Table 10: Quantiles

Unadjusted Female wages with male characteristics
Male Female Occupation Sector Education Part-/Full-

time
5 % 4.96 3.84 ∗ 4.60 ∗ 4.56 ∗ 4.56 ∗ 4.80 ∗

10 % 5.64 4.88 ∗ 5.20 ∗ 5.20 ∗ 5.20 ∗ 5.36 ∗

20 % 6.48 5.64 ∗ 5.84 ∗ 5.84 ∗ 5.84 ∗ 6.00 ∗

50 % 8.64 7.60 ∗ 7.72 ∗ 7.80 ∗ 7.80 ∗ 7.88 ∗

80 % 12.52 11.08 ∗ 11.48 ∗ 11.60 ∗ 11.56 ∗ 11.52 ∗

90 % 15.76 13.64 ∗ 14.44 ∗ 14.44 ∗ 14.44 ∗ 14.32 ∗

95 % 19.52 16.64 ∗ 17.84 ∗ 17.60 ∗ 17.68 ∗ 17.56 ∗

Contract
status

Public/private Night work All charac-
teristics

5 % 4.72 ∗ 4.76 ∗ 4.76 ∗ 4.72 ∗

10 % 5.32 ∗ 5.36 ∗ 5.36 ∗ 5.32 ∗

20 % 5.96 ∗ 5.96 ∗ 5.96 ∗ 5.92 ∗

50 % 7.88 ∗ 7.88 ∗ 8.00 ∗ 7.88 ∗

80 % 11.52 ∗ 11.52 ∗ 11.64 ∗ 11.48 ∗

90 % 14.32 ∗ 14.32 ∗ 14.60 ∗ 14.32 ∗

95 % 17.56 ∗ 17.56 ∗ 17.84 ∗ 17.56 ∗
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Interpreting the numbers which summarize the area between the two curves

is difficult without making reference to the graphs. Consider Figure 12 in com-

bination with Table 1. Introducing the male occupation distribution into the

female wage structure brings the two distributions closer together in the tails

(below 5 e and above 14 e approximately) but further apart in the peak of the

female wage distribution (between 6 e and above 8 e approximately). When

we calculate the absolute distance of this gap, giving equal weight to each point,

we find that the female counter-factual distribution is slightly closer to the male

wage distribution. When we weight by the male density (Table 11), we find that

they are actually more dis-similar after introducing male occupation into the

female wage structure. However, this is nonetheless consistent with the large

decrease in the wage gap since the major effect involved in introducing male

occupation is to move the part of the female wage distribution which falls below

5 e up into the 6 to 8 e area.

Table 11: Integrated Absolute Distance (weights=10f̂male(wage))

Female density with Male
Characteristics

Gap Marginal change Percentage of total
gap explained

Unadjusted 0.196
[0.183,0.210]

Occupation 0.211
[0.189,0.234]

7.5
[−2.6%,17.6%]

Sector 0.201
[0.179,0.223]

−4.8%
[−9.4%,−0.3%]

2.3%
[−7.5%,12.2%]

Education 0.204
[0.181,0.226]

1.4%
[−0.6%,3.5%]

3.8%
[−6.4%,14.0%]

Part-/Full-time 0.192
[0.168,0.216]

−5.6%
[−9.8%,−1.4%]

−2.1%
[−12.9%,8.8%]

Contract status 0.191
[0.167,0.215]

−0.9%
[−2.4%,0.7%]

−2.9%
[−13.9%,8.1%]

Public/private 0.187
[0.163,0.211]

−2.0%
[−3.0%,−1.1%]

−4.9%
[−16.0%,6.2%]

Night work 0.170
[0.140,0.199]

−9.2%
[−18.0%,−0.3%]

−13.6%
[−28.1%,0.9%]

All characteristics 0.187
[0.157,0.218]

10.5%
[4.3%,16.6%]

−4.6%
[−19.7%,10.5%]

Figures 13 and 14 present the results from introducing male occupation,

sector, education and part-time status into the female wage distribution. Sector

has the effect of increasing the wage gap in the data when we use the female wage

structure, contrary to what we found when we used the male wage structure.

(This effect is insignificant for the mean, but significant for the median.) When

we used the male wage structure, we found that this group of characteristics

completely eliminated the wage gap in the bottom part of the distribution. For
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the female wage structure, looking at Figure 14, the two distributions do not

appear to be very different below about 7 e per hour. However, from Table

12 we see that there remains a significant difference between all the quantiles,

even those in the lower part of the distribution. Part-time status again has

a significant negative affect, but the magnitude is smaller in the female wage

structure than it was when we used the male wage structure.

Figure 15 shows the female ‘counter-factual’ distribution when all male char-

acteristics have been introduced. This distribution is still quite different from

the distribution of male wages. Although much of the bump in the density at

very low wages has been eliminated and the density has shifted out towards the

right slightly, the mode of ‘counter-factual’ wages is still well below that of male

wages. In contrast to the earlier results, we find that night work contributes to

reducing the gap.

Looking at Figure 15 and Table 11, it is a curious result that the absolute

distance measure shows no significant difference between the gap between the

original male-female wage distributions and the gap between the male distribu-

tion and the female wage distribution with all observable male characteristics.

This is partly because improvements in part of the distribution (below 5 e and

above 10 e ) are offset by increased gaps between the two densities in the middle

of the distribution where most of the data is.

Globally, looking at Figure 11 and Figure 15, there are many aspects of the

distribution that remain unexplained after introducing all observable charac-

teristics. In the parametric case, we explained 53% and 20%, respectively, of

the wage gap using the male and female reference wage structures. Looking

at the implied mean from the non-parametric distributions in Tables 4 and 8,

we see that 45% and 32% of the wage gap is explained in the analogous cases.

So the overall picture is comparable to the parametric case, but the individual

contribution of particular characteristics is quite different.

4.3 Results for full-time workers

Given the importance of part-time employment in explaining the wage gap,

particularly in the non-parametric decompositions, we wish to explore the con-

sequences of conducting the analysis on the sample of full-time workers only.

24



Figures 16 through 21 and Tables 12 through 15 summarize these results.

Table 12: Mean wages implied from non-parametric decompositions
Full-time workers only

Male wages with Female Characteristics Gap Marginal change Percentage
of total gap
explained

Unadjusted 9.99
[9.89,10.08]

0.94
[0.85,1.03]

Occupation 9.78
[9.69,9.87]

0.73
[0.66,0.80]

−22.1%
[−28.6%,−15.5%]

Sector 9.88
[9.78,9.98]

0.83
[0.75,0.91]

13.2%
[8.0%,18.3%]

−11.8%
[−20.0%,−3.7%]

Education 9.92
[9.82,10.02]

0.87
[0.79,0.95]

4.6%
[2.0%,7.2%]

−7.8%
[−16.5%,1.0%]

Contract status 9.90
[9.80,10.00]

0.85
[0.77,0.93]

−1.7%
[−3.8%,0.3%]

−9.4%
[−18.0%,−0.7%]

Public/private 9.86
[9.77,9.96]

0.82
[0.74,0.90]

−4.2%
[−5.6%,−2.8%]

−13.2%
[−21.6%,−4.7%]

Night work 9.90
[9.80,10.01]

0.85
[0.77,0.94]

4.6%
[0.9%,8.4%]

−9.1%
[−18.6%,0.3%]

All characteristics 9.98
[9.87,10.09]

0.93
[0.84,1.02]

8.8%
[4.1%,13.4%]

−1.2%
[−11.7%,9.4%]

Table 13: Quantiles
Full-time workers only

Unadjusted Male wages with female characteristics
Female Male Occupation Sector Education Contract

status
5 % 4.24 5.08 ∗ 4.72 ∗ 4.72 ∗ 4.72 ∗ 4.80 ∗

10 % 5.24 5.76 ∗ 5.52 ∗ 5.56 ∗ 5.56 ∗ 5.56 ∗

20 % 6.00 6.56 ∗ 6.40 ∗ 6.44 ∗ 6.44 ∗ 6.40 ∗

50 % 8.04 8.72 ∗ 8.68 ∗ 8.72 ∗ 8.72 ∗ 8.72 ∗

80 % 11.44 12.52 ∗ 12.32 ∗ 12.40 ∗ 12.48 ∗ 12.48 ∗

90 % 13.96 15.76 ∗ 15.36 ∗ 15.64 ∗ 15.76 ∗ 15.72 ∗

95 % 17.00 19.48 ∗ 18.84 ∗ 19.40 ∗ 19.56 ∗ 19.52 ∗

Public/private Night work All characteristics
5 % 4.76 ∗ 4.84 ∗ 4.80 ∗

10 % 5.52 ∗ 5.56 ∗ 5.56 ∗

20 % 6.36 ∗ 6.40 ∗ 6.44 ∗

50 % 8.68 ∗ 8.68 ∗ 8.76 ∗

80 % 12.44 ∗ 12.48 ∗ 12.56 ∗

90 % 15.68 ∗ 15.76 ∗ 15.92 ∗

95 % 19.48 ∗ 19.60 ∗ 19.80 ∗

The most striking result is that for both the male density with all female

characteristics and the female density with all male characteristics, we are un-

able to explain any of the wage gap–the last row of Tables 12 and 15 show

that although the gap is decreased, the result is insignificant. However, some

of the individual characteristics are significant. The pattern does not change
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much from the full sample. For the male reference structure, occupation has a

large effect on causing the wage gap at the mean. Sector and education have

small effects on reducing the wage gap. For the female wage structure, most

individual characteristics are insignificant, although the pattern is roughly as it

was in the full sample. Night work has a significant effect on the wage gap.

Table 14: Integrated Absolute Distance (weights=10f̂female(wage))
Full-time workers only

Male density with Female
Characteristics

Gap Marginal change Percentage of total
gap explained

Unadjusted 0.148
[0.127,0.169]

Occupation 0.140
[0.119,0.160]

−5.5
[−16.5%,5.5%]

Sector 0.145
[0.123,0.168]

4.0%
[−1.9%,9.9%]

−1.7%
[−14.2%,10.8%]

Education 0.141
[0.119,0.162]

−3.2%
[−5.8%,−0.7%]

−4.9%
[−17.3%,7.6%]

Contract status 0.130
[0.109,0.151]

−7.7%
[−10.1%,−5.3%]

−12.2%
[−24.2%,−0.2%]

Public/private 0.124
[0.102,0.145]

−4.8%
[−6.6%,−3.0%]

−16.4%
[−28.6%,−4.2%]

Night work 0.126
[0.103,0.149]

1.9%
[−3.3%,7.1%]

−14.8%
[−28.3%,−1.4%]

All characteristics 0.138
[0.115,0.161]

9.8%
[5.3%,14.2%]

−6.5%
[−20.9%,7.8%]

Table 15 presents results for the mean using the female reference distribution.

Table 15: Mean wages implied from non-parametric decompositions
Full-time workers only

Female wages with Male Characteristics Gap Marginal change Percentage
of total gap
explained

Unadjusted 9.05
[8.95,9.14]

0.94
[0.85,1.03]

Occupation 9.10
[9.00,9.21]

0.89
[0.81,0.96]

−5.8%
[−14.1%,2.6%]

Sector 9.13
[9.02,9.25]

0.85
[0.76,0.94]

−3.7%
[−9.2%,1.9%]

−9.2%
[−18.9%,0.4%]

Education 9.14
[9.02,9.26]

0.85
[0.75,0.94]

−0.6%
[−3.7%,2.5%]

−9.8%
[−19.7%,0.1%]

Contract status 9.16
[9.04,9.28]

0.83
[0.73,0.92]

−2.6%
[−4.2%,−1.0%]

−12.1%
[−22.0%,−2.2%]

Public/private 9.19
[9.07,9.31]

0.80
[0.71,0.89]

−3.1%
[−4.2%,−1.9%]

−14.8%
[−24.6%,−5.0%]

Night work 9.29
[9.13,9.44]

0.70
[0.57,0.83]

−12.6%
[−22.9%,−2.3%]

−25.5%
[−39.3%,−11.8%]

All characteristics 9.15
[8.99,9.30]

0.84
[0.71,0.98]

20.4%
[11.2%,29.6%]

−10.3%
[−24.9%,4.3%]
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4.4 Robustness to different orderings

This non-parametric decomposition technique is not insensitive to ordering. One

reasonable question might be whether or not these results are driven by the

order of the decomposition which we employed. To check this, we conducted

the analysis using ten different orderings. These results are summarized in Table

16. Occupation and part-time status always had large and significant effects on

the wage gap irrespective of where they were placed in the ordering. Sector,

likewise, was always found to be acting to decrease the actual wage gap in the

data. Education and public/private sector, when placed first in the ordering,

both were found to have a negative impact on the actual wage gap. This result

is what we found in the parametric analysis. In both cases, however, the impact

is smaller than that of occupation, sector, or part-time status.

Table 16: Consequences of changing ordering of decompositions
Effect of each set of variables when placed first in decomposition

Mean wages: Full sample

Male wages with Female Characteristics Gap Percentage of gap
explained

Unadjusted 9.93
[9.87,9.98]

1.25
[1.17,1.32]

Occupation 9.41
[9.34,9.48]

0.73
[0.65,0.81]

−41.5%
[−46.2%,−36.8%]

Sector 10.53
[10.43,10.62]

1.85
[1.74,1.96]

48.3%
[43.0%,53.6%]

Public/private 10.14
[10.08,10.19]

1.46
[1.38,1.53]

16.9%
[15.0%,18.8%]

Part-/Full-time 9.54
[9.44,9.64]

0.86
[0.75,0.98]

−30.8%
[−37.4%,−24.1%]

Education 10.12
[10.06,10.18]

1.44
[1.37,1.51]

15.4%
[11.5%,19.3%]

Night work 9.93
[9.88,9.98]

1.25
[1.18,1.33]

0.4%
[−0.9%,1.8%]

Contract status 9.89
[9.83,9.95]

1.21
[1.13,1.29]

−2.8%
[−4.3%,−1.2%]

Any time that education appears after occupation in the ordering, its ef-

fect is entirely eliminated. The opposite is not true and occupation still has

a large effect after accounting for education. It would seem that occupational

segregation is a much more important influence on the wage gap than education.

Figure 22 shows the effect of adding female public/private sector status only

to the male wage structure. There is no influence in the bottom part of the

distribution, but there is a shift from the mode outwards towards the upper

tail. Figure 23 shows the effect of adding the female education distribution

27



only to the male wage structure. Again there is no effect on the group of low-

wage workers, but we can see a slight movement from the mode out towards

the upper tail. Figure 24 shows the effect of adding the distribution of female

contract status to the male wage distribution and there is almost no effect on

the distribution, nor on the mean, as shown in the last row of Table 16.

4.5 Parametric estimates of the gender wage gap

We estimate separate linear regressions for men and women using the log of

the hourly wage as the dependent variable. The explanatory variables include

standard human capital measures, individual characteristics, and job charac-

teristics: diploma (7 categories), experience, experience squared, tenure, tenure

squared, marital status, nationality (6 categories), part-time status, occupation

(10 categories), private sector, industrial sector (11 categories), type of contract

(6 categories) and 4 location dummy variables. Appendix Table A1 provides

descriptive statistics and descriptions of the variables.

The results from the parametric wage decompositions are presented in Table

17. We transform the predicted values from the regressions into consistent pre-

dictions of the level of the hourly wage and use these predictions to calculate the

wage gap in levels for easier comparison with the non-parametric results.13 We

split these differences into those due to characteristics (“explained”) and returns

(“unexplained”) as described above. Standard errors appear in parentheses.14

Characteristics explain roughly 60% of the wage variation in the full sample

(using the pooled wage reference structure). However, one of the characteristics

included in the regression is part-time status, which clearly has a large effect.

When we separate out full-time workers, we explain only 43% of the wage gap.

We also considered only those full-time workers in the private sector, and the

amount of the gap explained increases to about half.

13 We could, in keeping with the non-parametric approach, introduce characteristics one-
by-one and calculate their effects progressively. However, this approach, which makes sense in
the non-parametric context of decomposing the wage distribution, seems to make less sense
in the parametric regression context where the standard approach is to use the wage equation
as a correctly specified ‘causal’ model, not just as a statistical summary of correlations.

14 All standard errors in the paper are based upon 200 bootstrap replications from clusters to
maintain the correlation structure in the data. The differences between the clustered bootstrap
and a naive bootstrap, treating the sample as i.i.d., were very small. This isn’t surprising since
clustering was done on workplace and each workplace sample generally included a broad range
of occupation categories and wages.
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Table 17: Parametric decompositions of the gender wage gap
Gender Gap Characteristics Returns

Level % Level %
Full Sample 1.39

(.07)

Reference Wage Structure:
Pooled 0.85

(.03)
61% 0.54

(.06)
39%

Male 0.73
(.08)

53% 0.66
(.09)

47%

Female 0.28
(.05)

20% 1.11
(.08)

80%

Full-time workers
only (50,267)

1.07
(.07)

Pooled 0.46
(.04)

43% 0.61
(.07)

57%

Male 0.30
(.05)

28% 0.77
(.08)

72%

Female −0.02
(.06)

-2% 1.09
(.08)

102%

The choice of reference wage structure has a large impact. We explain the

most variation using the pooled wage structure, although the male wage refer-

ence structure gives similar results. We explain almost no variation when we

use the female wage reference structure.

It is worth noting that correcting for sample selection does not change the

results.15 Selection only contributes to narrow the observed gender wage gap

by about 1.5%. Furthermore, this change is not significant. In general, for

both males and females, we find that people who select themselves into wage

employment would potentially earn higher wages than those who do not, but

the male/female disparities in the selection process are not large enough to

contribute to explain the gender wage gap.16

Separately considering private and public sector workers, we find that the

wage gap in the private sector (1.76 e per hour) is significantly larger than that

in the public sector. However, the gap in the public sector is not significantly

smaller than that for all workers. In each, we explain about 60% of the gap by

different characteristics, using the pooled wage structure, and the pattern using

male and female wage structures is the same as that observed for all workers.17

15 We correct for selection into employment. We use information on the number and age
of kids, family structure, and spouse income, full-time/part-time status, and occupation in
the selection equation. The coefficient on the inverse mills ratio in the wage equations is not
significant in any of the cases. There may be some selection, given large employment gap, but
our instruments appear to be unable to capture it.

16 Neuman and Oaxaca (2001) discuss several approaches to conducting wage decomposi-
tions with selectivity-corrected wage equations where selection may occur at both the stage
of joining the employed labor force and when choosing a specific occupation or job status.

17 Separate results for the private and public sectors and the estimates accounting for sample
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In order to shed more light on the origin of this gender wage gap, Table

18 provides a break-down of the contribution of the wage determinants to the

“characteristics” component. We do not present results for women for full-time

workers since the characteristics gap is essentially zero.

Table 18: Contribution of explanatory variables to the “characteristics gap”
Reference Wage Structure: Pooled Male Female

Full Sample
Characteristics Gap 0.85

(.03)
0.73
(.08)

0.28
(.05)

Occupation 72.1%
(2.7%)

58.2%
(5.6%)

107.1%
(16.6%)

Sector 25.2%
(2.3%)

30.0%
(4.8%)

38.7%
(11.6%)

Education −9.9%
(1.5%)

−14.6%
(2.4%)

−31.8%
(10.7%)

Part-time 4.8%
(1.8%)

17.6%
(6.8%)

−22.1%
(8.6%)

Contract Status 2.1%
(0.5%)

2.2%
(0.9%)

7.2%
(2.5%)

Public Sector −10.1%
(1.1%)

−11.9%
(2.4%)

−28.8%
(7.8%)

Night Work 10.2%
(1.0%)

10.7%
(1.6%)

14.6%
(6.0%)

Other Characteristics 2.6%
(1.1%)

1.4%
(1.4%)

11.2%
(4.3%)

Full-time workers only
Characteristics Gap 0.46

(.04)
0.30
(.05)

Occupation 87.3%
(6.4%)

74.7%
(12.5%)

Sector 46.2%
(5.0%)

76.1%
(14.3%)

Education −40.9%
(5.6%)

−70.9%
(15.7%)

Contract Status 3.7%
(1.1%)

5.4%
(2.2%)

Public sector −21.7%
(3.1%)

−34.7%
(8.9%)

Night Work 19.5%
(2.3%)

25.7%
(5.0%)

Other Characteristics −2.7%
(2.7%)

−1.3%
(4.6%)

We find some similarities with the results using the full sample. Occupation,

sector, and night work–in order of importance–contribute to widening the wage

gap. Schooling and public sector employment act to narrow the wage gap.

Contract status and other characteristics are often not significant, and when

they are, their effect is small.

Part-time employment has the effect of widening the wage gap when we con-

sider the pooled or the male wage reference structure. However, when we use the

selection are available from the authors.
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female reference structure, it appears that part-time work actually contributes

to narrowing the wage gap. The main reason for this is that part-time female

workers in general have better human capital characteristics than their full-time

counterparts. The converse is true for men.

5 Concluding comments

The non-parametric analysis adds considerable value to the parametric results.

The effect of different characteristics in explaining the wage gap is strikingly

different at different points in the distribution. Some characteristics, such

as education and night work, appear not particularly important in the non-

parametric analysis. Occupation and part-time status, revealed as important

in the parametric analysis, are found to be particularly key in explaining differ-

ences amongst low-wage workers.

It is not clear that the government would want to implement policies to re-

duce the wage gap between men and women. Certainly if the gap arose out of

efficiently functioning labor markets, the government might be loath to inter-

vene.18 However, if the gap were seen to arise from discrimination, our paper

points to three areas of concern

1. A substantial fraction of workers report a wage below the legal minimum
wage. While this is no doubt due partially to measurement error, these
individuals are concentrated in part-time and clerical work where the pos-
sibility that individuals are actually working more hours than for which
they are paid does arise. For workers paid a piece-meal rate, the gov-
ernment could be more aggressive in making sure that these rates reflect
reasonable work expectations. This problem may not be linked to discrim-
ination, per se, but it certainly affects many more woman (fifteen percent)
than men (seven percent.)

2. Discrimination may be taking the form of occupational segregation. While
women have had some success at penetrating into predominantly male oc-
cupations, those occupations which have traditionally been female-dominated
continue to be very segregated. Clerical work in particular is striking in
our data. This also tends to be very low wage work. The government
might look to trying to policies to increase wages in these traditionally
female occupations.

3. If one rejects the story of occupational discrimination and treats occupa-
tion as simply another characteristic, then our results show that in the

18 See Cain (1990) and Altonji and Blank (1999) for a review of models which give rise to
gender wage gaps both with and without discrimination.
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bottom fifth of the wage distribution, there is no difference in the return
to characteristics between men and women. That premise would lead one
to conclude that the entire wage gap is driven by workers in the top 75 to
80 percent of the wage distribution. Any government programs to affect
the wage gap should thus focus on this group.

This paper contributes to a better understanding of the wage gap in France

and adds to a growing literature regarding the gap between male and female

wages across Europe. We find evidence for a glass ceiling in France, as Arulam-

palam et al. (2007) do using data from the European Household Panel. In other

European research, Albrecht et al. (2003) find a glass ceiling for Sweden and

Arulampalam et al. (2007) find evidence for a glass ceiling across Europe (with

the exception of Germany, the Austrian public sector, and the Irish private

sector). de la Rica et al. (2007) find a glass ceiling in Spain.

Both Albrecht et al. (2003) and Arulampalam et al. (2007) discuss some of

the reasons why a glass ceiling might prevail including taste-based explanations,

parental leave policies, daycare systems and the difficulty of hiring household

help for career-oriented women. Booth et al. (2003) show that women do not do

as well out of promotions as men in Britain, which could also contribute to the

glass ceiling. The cross-country data used by Arulampalam et al. (2007), which

allow for comparison across countries with very different approaches to public

provision of daycare and different customs about the joint roles of parenting and

child-rearing, do not suggest that the glass ceiling varies much by these various

factors, however.

We do not find a wage gap in the bottom fifth of the wage distribution,

which would appear to contradict the findings for France of Arulampalam et al.

(2007) using European Household Panel data. Our data set is larger than the

one they use and we are able to control for a richer set of occupational and

sectoral characteristics which may explain the differences. We do find a gap at

the bottom (“sticky floors”) if we leave occupation out of the analysis, but the

sticky floors disappear once we include occupation. France would also seem to

differ from Spain, which according to de la Rica et al. (2007) does exhibit the

sticky floor phenomenon. de la Rica et al. (2007) suggest that similar patterns

exist in Greece and Italy, although not France. They suggest that statistical

discrimination against women in the lower part of the wage distribution may be
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a reaction to expected future career interruption from child-bearing. Free public

education for children as young as two and a half years old and the convention

of fairly rapid return to work after child-bearing in France may be reasons why

we fail to find this phenomenon in France.
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Appendix

Using the estimated densities for male and female wages, we calculate the sum-
mary statistics in the following way

Mean

41∫
1

wf̂male (w) dw −
41∫
1

wf̂female (w) dw

For the male wage structure with female characteristics progressively intro-
duced, we then calculate the mean gap in a similar fashion. For example, when
we introduce only the female occupation into the male wage structure, we have

41∫
1

wf̂male (w;S = male, xo = fem, xR = male)dw −
41∫
1

wf̂female (w) dw

Median

We also present the gap in the median wage. We solve for the median by solving

z∫
1

f̂male (w) dw = .5 (13)

for z. We then calculate the gap as

ẑmale∫
1

f̂male (w) dw −
ẑfem∫
1

f̂fem (w) dw

Quantiles

For the quantiles, we solve (13) for the appropriate value.

Integrated Absolute Distance, weighted

41∫
1

f̂fem(w)
∣∣∣f̂male (w;S = male, xo = fem, xR = male)− f̂fem(w)

∣∣∣ dw
For weights we use the estimated density of the female wage distribution when
we are comparing female wages with male ‘counter-factual’ distributions that
incorporate female characteristics. In the converse case we use the estimated
male density.
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Table A1  
Variables used in parametric analysis 

 
Variable Description Mean (standard deviation) 

  Male Female 
Earnings equation (whole sample)   

lnhourlyw = logarithm of the hourly wage 2.2028 (0.583) 2.0588 (0.575) 
Diploma   

University =1 if holds a university diploma 0.0800 (0.271) 0.1120 (0.315) 
Grande Ecole =1 if holds a diploma from a “Grande Ecole” 0.0478 (0.213) 0.0211 (0.144) 

Post-bac. 
Diploma 

=1 if holds a technical diploma (as well as a 
baccalaureate) 

0.1110 (0.314) 0.1538 (0.361) 

Baccalaureate =1 if passed the general baccalaureate 0.0672 (0.250) 0.0998 (0.300) 
Technical bac. =1 if passed a technical baccalaureate 0.0672 (0.250) 0.0773 (0.267) 
Short technical =1 if holds a technical diploma (without the 

baccalaureate) 
0.3341 (0.472) 0.2495 (0.433) 

Bepc =1 if followed secondary school  0.0689 (0.253) 0.0810 (0.273) 
No diploma =1 if went to primary school or didn’t go to school 0.2238 (0.417) 0.2056 (0.404) 

Experience and tenure   
Potential exp. = potential experience (age – age at the end of 

schooling. with a threshold at 16) 
20.5199 (11.64) 20.9527 (11.78) 

Potential exp. 2 = experience squared 556.674 (505.0) 577.770 (516.3) 
Potential exp. 3 = experience cubed 17097.5 (2036) 17969.2 (2114) 
Potential exp. 4 = experience to the fourth 564902 (823849) 600369 (871189)

Tenure = number of months in the actual firm  10.2844 (10.14) 9.8888 (9.84) 
Tenure 2 = tenure squared 208.6443 (317) 194.6195 (304) 

Job characteristics   
Part time = 1 if part-time worker 0.0437 (0.204) 0.2967 (0.457) 
Overnight = 1 if works overnight 0.2040 (0.403) 0.0726 (0.260) 

Type of contracts   
Subcontractf = 1 if subcontract worker 0.0304 (0.172) 0.0178 (0.132) 

Apprenticeship = 1 if apprenticeship 0.0092 (0.095) 0.0042 (0.065) 
Temporary  = 1 if temporary worker  0.0316 (0.175) 0.0495 (0.217) 
Permanent = 1 if permanent worker 0.9165 (0.277) 0.9039 (0.295) 
Internship = 1 if internship or “favored contract” 0.0124 (0.111) 0.0246 (0.155) 

Occupation   
Professional b =1 if manager or professional  0.1753 (0.380) 0.1135 (0.317) 
Semi-profess  =1 if semi-professional  0.1176 (0.322) 0.2133 (0.410) 
Technician =1 if technician 0.0735 (0.261) 0.0135 (0.116) 
Foreman =1 if foreman 0.0437 (0.204) 0.0053 (0.072) 

Clerk  =1 if clerk 0.1136 (0.317) 0.3367 (0.473) 
Sales person =1 if salesperson 0.0197 (0.139) 0.0660 (0.248) 

Service workers =1 if service workers 0.0149 (0.121) 0.1278 (0.334) 
Skilled operator =1 if skilled operator  0.3241 (0.468) 0.0440 (0.205) 
Routine worker =1 if routine workers 0.1027 (0.304) 0.0739 (0.262) 
Agric. worker  =1 if agricultural worker 0.0149 (0.121) 0.0061 (0.078) 

Sectors   
Public =1 if works in the public sector, private otherwise 0.2394 (0.427) 0.3544 (0.478) 

Agric sector = 1 if works in the agricultural sector 0.0207 (0.142) 0.0089 (0.094) 
Industry = 1 if works in the industrial sector 0.2411 (0.428) 0.1120 (0.315) 
Energy = 1 if works in the energy sector 0.0160 (0.125) 0.0048 (0.069) 

Construction = 1 if works in the construction sector 0.0945 (0.293) 0.0118 (0.108) 
Trade = 1 if works in the trade sector 0.1227 (0.328) 0.1206 (0.326) 

Transport = 1 if works in the transport sector 0.0716 (0.258) 0.0232 (0.151) 
Finance = 1 if works in the finance sector 0.0276 (0.164) 0.0376 (0.190) 

Real Estate = 1 if works in the real estate sector 0.0113 (0.106) 0.0171 (0.129) 

Service = 1 if works in the service sector 0.1913 (0.393) 0.2352 (0.424) 
Educat.&health = 1 if works in the education or health sector 0.0932 (0.291) 0.2973 (0.457) 
Administration = 1 if works in the public administration sector 0.1100 (0.313) 0.1315 (0.338) 

Localisation and other individual characteristics   
Rural = 1 if lives in a rural area 0.2607 (0.439) 0.2523 (0.434) 

Urban 1 = 1 if lives in a town with less than 200 000 
inhabitants 

0.3505 (0.477) 0.3388 (0.473) 

Urban2 = 1 if lives in a town with more than 200 000 
inhabitants (except Paris) 

0.2073 (0.405) 0.2101 (0.407) 

Paris = 1 if lives in Paris 0.1816 (0.386) 0.1988 (0.399) 
Married = 1 if married 0.5556 (0.497) 0.5527 (0.497) 

French born = 1 if French born 0.9054 (0.293) 0.9225 (0.267) 
French acq. = 1 if acquired the French nationality 0.0299 (0.170) 0.0306 (0.172) 

Maghreb = 1 if comes from French speaking North African  0.0203 (0.141) 0.0092 (0.095) 
Africa = 1 if comes from the Africa 0.0072 (0.085) 0.0057 (0.075) 

EU = 1 if comes from the European Union 0.0251 (0.156) 0.0228 (0.149) 
Other nationality = 1 if comes from other countries 0.0121 (0.109) 0.0093 (0.096) 

Source: French Employment Survey. 2002 
Note:  Reference category in italic.  
 



Figure A1: Labour Force Status
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Figure A2: Contract types
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