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Résumé

Nous proposons un modéle d’assignation pour lequel les positions dans une hiérarchie sont
attribuées & des individus en fonction de leurs caractéristiques observables. Notre cadre théorique
peut étre utilisé pour examiner les différences d’assignation et de résultats entre groupes, ainsi que
pour mettre en oeuvre des décompositions ou des exercices contrefactuels. Dans une application,
nous examinons les disparités selon le genre en comparant le secteur public et le secteur privé
4 l'aide de données administratives. L’écart de salaire entre femmes et hommes dans le secteur
public est de 13.3% et n’augmente que de 0.7 points de pourcentage lorsque les travailleurs y
sont affectés selon les régles du privé, alors que 1’écart de salaire observé dans le secteur public
est de 15.2%.

Abstract

We propose an assignment model in which positions along a hierarchy are attributed to in-
dividuals depending on their characteristics. Our theoretical framework can be used to study
differences in assignment and outcomes across groups and we show how it can motivate decom-
position and counterfactual exercises. In an application, we study gender disparities in the public
and private sectors with a French exhaustive administrative dataset. The gender wage gap in the
public sector is 13.3% and it increases by only 0.7 percentage points when workers are assigned
to job positions according to the rules of the private sector, although the gender wage gap in the
private sector is 15.2%.
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1 Introduction

Disparities in outcomes across groups of individuals often result from a specific allocation
of individuals to positions or entities determining their outcome. This is true on the labor mar-
ket where gender wage disparities are mostly due to females occupying lower-paid jobs. Other
examples include differences in health outcomes across income groups because the rich are able
to be admitted in better-quality hospitals, and differences in post-education outcomes because
good-quality schools select students with specific attributes.

In this paper, we propose an assignment model such that individuals are allocated to positions
along a hierarchy depending on their characteristics. This model can be brought to the data to
study differences in outcomes between groups. In particular, our theoretical framework allows
for decompositions and counterfactual exercises when using an alternative assignment rule.

In our model, positions are indexed by their rank in the outcome distribution. All individuals
consider that the position at the highest rank is the most attractive but some of them find it
too constraining to apply. Observable characteristics, including the group, can influence both the
propensity to apply and applicants’ chances of being selected for the position. Individuals not
selected for the position consider the position at the second highest rank, and so on, until all
positions are filled. Overall, this model can be seen as a way of assigning individuals to positions
according to their characteristics. It is an extension of Gobillon, Meurs and Roux (2015) in
which chances of being selected vary across groups but individual heterogeneity is not taken
into account. The effects of observable characteristics on the propensity to get positions along
the hierarchy can be estimated. It is then possible to make decompositions of the difference in
outcomes between groups and to construct counterfactuals for each group by fixing parameters
underlying the propensity to get positions to alternative values.

As our approach is based on a theoretical framework, it provides an alternative to more
descriptive methods involving linear decompositions, quantile decompositions or counterfactual
distributions (Oaxaca and Ransom, 1994 ; Melly, 2005a ; Machado and Mata, 2006 ; Firpo, Fortin
and Lemieux, 2009 and 2011 ; Rothe, 2012 ; Chernozhukov, Fernandez-Val and Melly, 2013). The
latter approaches use conditional outcome distributions from other samples as counterfactuals,
such that the overall outcome distribution depends on the counterfactual. Equilibrium effects
leading to a reassignment of individuals across positions are not modeled. By contrast, in our
setting, counterfactuals are the result of an equilibrium when modifying structural parameters.
They are generated by changing the way individuals are assigned to positions and counterfactual
assignments affect the outcome distribution conditional on individual characteristics but not the
overall outcome distribution which is held fixed. Our approach also differs from traditional ones
in the definition of rank when studying quantile differences between groups. Indeed, quantile
differences between two groups involve two different ranks which are the ranks in the conditional
outcome distributions of the two groups. Our model rathers considers the rank in the outcome
distribution of positions, which is a common index for all groupsﬂ

We show that it is possible to estimate a flexible semi-parametric version of the model by
maximum likelihood to recover the influence of observable characteristics including the group on
the propensity to get positions. Indeed, the probability of a position being filled with a specific
individual rather than the other available individuals considering the position is similar to rank-
ordered logit models used to recover individual tastes for goods or entities from a rank-ordered
list. Applications of such models include the evaluation of tastes for cars from survey data (Beggs,
Cardell and Hausman, 1981) and that of preferences for schools from lists of choices (Hastings,
Kane and Staiger, 2007 ; Fack, Grenet and He, 2015). The logic behind our empirical specification

1. The idea of a common index for all individuals is already present in Fortin and Lemieux (1998) who
study the gender wage gap and consider that wages depend on a latent skill index common to males and
females. Note however that their index relates to individual characteristics whereas we rather consider
the rank in a hierarchy of positions.
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is different since it is not based on rank-ordered lists of positions, but rather on the observed
assignment of individuals to positions. We thus rather use the information on the identity of the
individual allocated to each position.

An additional particularity of our logit specification for the probability of a position being
filled is that the coefficients of explanatory variables are group-specific polynomial series of the
rank. We thus allow for group-specific probabilities of being selected that depend on observable
characteristics and the rank.[| Counterfactuals of outcome distributions are generated by chan-
ging the coefficients of explanatory variables that capture differences in the rules of assignment
to positions. Consistency when the number of individuals tends to infinity is proved by extending
results in sampling theory proposed by Rosén (1972), as it is possible to draw a parallel between
the selection of individuals at each rank and the sampling of observations without replacement.
We propose a simulation procedure that yields consistent estimators of these counterfactuals
when the numbers of individuals and simulations tend to infinity.

We propose an application to gender wage differences in the public and private sectors in
France which complements the cross-section literature showing the important role of the segre-
gation of females in lower-paid jobs (Albrecht, Bjorklund and Vroman, 2003 ; Ponthieux and
Meurs, 2015). Tt is said that females may be treated more fairly in the public sector because
recruitments and promotions are based on competition, and labor unions are strong. The public
sector is indeed characterized by a smaller wage gap which is consistent with these arguments.
However, the wage dispersion is also smaller and may hide an assignment to job positions that
is not favorable to females.

For each sector separately, we consider that job positions can be ranked according to the
daily wage and we estimate parameters underlying the assigment rules of workers along the
job hierarchy that depend on gender and other individual observable characteristics. We then
conduct two counterfactual exercises. To quantify the role of gender differences in individual
characteristics, we estimate counterfactuals of gender wage distributions in the public sector when
considering that workers in that sector are assigned to jobs the same way whatever their gender.
To assess the importance of the assignment rule, we study how gender wage differences change
in the public sector when considering that the allocation of workers to positions follows the rules
of the private sector. Our work adds to the literature on public-private cross-section differences
which has mostly used standard Oaxaca decompositions and gender quantile decompositions
(Melly, 2005b ; Lucifora and Meurs, 2006 ; Depalo, Giordano and Papapetrou, 2015).

For our empirical application, we rely on the DADS Grand Format - EDP which is a unique
administrative dataset recording all jobs in the public and private sectors for all workers born
in the first four days of October. Estimations are conducted for the year 2011 on the sample of
full-time jobs for workers aged 30-65 to avoid early-career and unstable job positions. We find
that the profile of the gender probability ratio of getting a given job position along the wage
distribution are rather similar in the public and private sectors, although the gap is slightly larger
in the public sector in the 0.5 —0.85 rank interval (and slightly smaller above rank 0.85). In each
sector, the overall contribution of observables (age, diploma, part-time history, work interruption
history, and location in Paris region) to explaining gender differences in propensity to get job
positions is small except for ranks below 0.5 in the public sector. Long part-time experience is
the only factor that impedes females to get job positions to some extent.

The raw gender average wage gap in the public sector at 13.3% is smaller than that in the
private sector which stands at 15.2%. Interestingly, when workers in the public sector are assigned
to jobs according to the rules of the private sector, the gender wage gap does not increase much
in the public sector since it reaches only 14.0%. This suggests that the gender wage gap difference
between the two sectors due to differences in assignment rules would be rather small, around 0.7
percentage points, and the raw difference of 1.9 percentage points would be mostly due to the

2. The literature using rank-ordered list of tastes rather consider interactions between the characte-
ristics of individuals and those of goods or entities.
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larger wage dispersion in the private sector. By contrast, the change in gender quantile gap at
the last decile when assigning workers in the public sector with the rules of the private sector is
large as it stands at 3.6 percentage points.

In Section 2, we explain how counterfactuals can be constructed from an assigment model
by changing the propensities to get positions. We detail in Section 3 how the model can be
estimated and empirical counterparts of counterfactuals can be obtained. Section 4 presents our
data and discusses the results on the estimated parameters underlying the assignment rules and
the counterfactuals. Finally, Section 5 concludes.

2 Theoretical framework

We propose an assignment model in which individuals are allocated to positions along a
hierarchy depending on their characteristics. We then show how our model can be used to mo-
tivate decompositions of differences in assignment to positions across groups of individuals and
counterfactuals of allocations and outcomes when changing the assignment rules.

2.1 The model

In our assignment model, individuals are allocated to positions according to their observable
characteristics. There is an infinite but countable number of individuals and we distinguish
two groups, say males and females. There is a proportion n (m) of males in the population,
which we refer to as the measure of males for clarity hereafter, and a proportion n (f) = 1 —
n (m) of females. Individuals are characterized by observable attributes X which will affect their
chances of getting a position. We focus on the case where attributes take a finite number of
values {Xk}k:1 _ with K the number of values. Denoting n (X, j) the measure of gender-j
individuals with characteristics X and F x,j (+) the cumulative distribution of X for the population
of individuals with that gender, we have [n (z,j)dFx ; (x) = n (j). We assume that there exists
a bijection between individuals and positions, such that all individuals are allocated to positions
and no position is left empty.

Positions are heterogeneous such that they can be ranked in a hierarchy.E] We suppose that
two positions cannot be associated with the same rank. Individuals are all in competition for the
best ranked position whatever their characteristics. They decide whether or not to apply for that
position, as conditions for holding the position may be too constraining for some individuals and
consequently may deter them from applying. One individual among the applicants is chosen for
the position by its manager while taking into account the observable attributes of all applicants.
All the individuals not selected for the position turn to the second best ranked position, and so
on until all positions are ﬁlled.E]

More formally, the process leading to the choice of an applicant can be described in the
following way. For a position of rank wu, all available individuals deciding to apply are screened.
We denote by n(u|X,j) the measure of gender-j individuals with characteristics X who are
available for a position of rank u such that n(1]|X,j) = n(X,j) as all individuals are available
for the first position, and n (0|X,j) = 0 as all individuals end up being allocated to a position.
Denoting by v (u | X, j) the exogenous share of available gender-j individuals with characteristics
X who decide to apply for position wu, the measure of applicants with characteristics X is given

3. For instance, if an outcome is attached to each position and outcomes associated to positions are
all different, positions can be ranked in descending order of outcome value. But this is not necessary
and differences in allocations and outcomes across groups can also be studied when positions are ranked
according to the values of any other variable such that values associated to positions are all different.

4. The framework needs to be extended when several positions have the same rank in the hierarchy
as available individuals are interested in all the positions to the same extent at such ranks. In particular,
assumptions must be made on whether positions at those ranks are filled simultaneously or sequentially.
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by v(u|X,j)n (u|X,j). The value derived from an applicant i, denoted V; (u) and labelled
“Individual value”, is supposed to take the form :

Vi(u) = Ingp (u| X35 (i) + €i (u) (1)

where ¢ (u|X, ) is a fixed component that depends on the rank, the observables and the gender,
and ¢; (u) is a random component that captures the match quality and is drawn independently
across individuals. This random component is observed by the manager but it is not observed
by the econometrician. We consider that the applicant chosen for the position is the one with
the highest value. The set of applicants to the position is the set of individuals not selected for
a position of higher rank and interested in the position. This set can be defined recursively as :
i applying for rank-u position |[for all u > wu,
Q(u) {z not applying for rank-u position or V; (u) < kIgn&}g)Vk (ﬁ)} (2)
u

The set of applicants for the position, € (u), contains all the individuals who did not apply for
the positions above rank v or did not draw a random match quality high enough to get selected
for those positions.

For a given position, the choice of an applicant follows a multinomial specification with
two specificities. First, the choice set consists in all applicants still available after better ranked
positions have been filled. To avoid any selection of applicants based on the quality of the
match with the position because of the filtering process at higher ranks, we assume that match
qualities are drawn independently across positions. Second, the choice set contains an infinite
but countable number of individuals. We extend the extreme value assumption on the law of
residuals that is associated with a logit specification to an infinite countable number of positions
following Dagsvik (1994).E] This assumption ensures that for any given position, the probability
of selecting an individual follows a logit model. Under this assumption, the probability that the
individual chosen for the position of rank w is of gender j and has characteristics X verifies :

P () = 5, X (w) = X) = n (ulX,1) 6 (u|X. j) 3)
with : (w]X. )
L p(u|X, g

X T) = TR P X FY X + [ (a1, ) (a X, m0) dX @

where p(u|X,j7) = v(u|X,j) ¢ (u|X,j) captures both the propensity to apply and the fixed
component entering the value of individuals with characteristics X and gender j. The denomi-
nator on the right-hand side is a competition term which depends on the measures of applicants
with the different genders and characteristics. We will evaluate the overall effects of explanatory
variables on the propensity to get a position of rank u for a gender-j individual with characteris-
tics X, p(u|X,j), that we label from now on the “conditional individual weight’since it weighs
the measures of individuals depending on their chances of getting the position in the competition
term. We will refer to ¢ (u|X, j) as the conditional probability of getting the position of rank u,
and to ¢ (u|X,m) /¢ (u|X,f) = p(u|X,m)/u(u|X, f) as the gender conditional probability
ratio of getting the position for individuals with characteristics X Ff]

For gender j, we can derive a differential equation verified by the measure of individuals
with characteristics X available for a position of rank u. Consider an arbitrarily small interval

5. Put differently, we assume that the points of the sequence {j (¢), X;,&; (u)}, ¢ € Q (u) are the points
n(ulX,j)p(ulX,j)

"n(ul X, f ) p(ul X, f)dX + [ n(u] X m)p(ul X, m)dX

6. Note that the probability of getting the position at a given rank ¢ (v |X, j) is conditional not only

on the specific characteristics of a given applicant, but also on the characteristics of all applicants not

hired for a position of higher rank and interested in the position. We do not write explicitly this second

conditioning to keep notations simple.

of a Poisson process with intensity measure T exp(—e)de.
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du in the unit interval. The proportion of positions in this small interval is du since ranks are
equally spaced (and dense) in the unit interval. The measure of positions occupied by individuals
of a given gender j with characteristics X is n(u|X,7) ¢ (u|X,j)du. For these gender and
characteristics, the measure of individuals available for a position of rank u — du can be deduced
from the measure of individuals available for a position of rank u subtracting the individuals
who get the positions of ranks between u — du and w :

n(u—dulX,j)=nu|X,j)—nl|X,j)¢u|X,j)du (5)
From this equation, we obtain when du — 0 :
n(u]X,j)=¢ulX,j)n(ulX,j) (6)

This relationship states that the variations in the measure of gender-j individuals with charac-
teristics X around rank u depend on the stock of gender-j individuals with these characteristics
and their chances of getting a position. We also show in Appendix A that, under the initial
conditions n (11X, ) = n (X, j), the system of equations considering () for all X and j, where
¢ (u|X, j) verifies ({)), has a unique solution.

2.2 Decompositions

A matter of interest is the gender difference in allocation to positions which can be measured
with the relative propensity of a female and a male getting a position at each rank, ie. the
(unconditional) gender probability ratio of getting a position at each rank. Indeed, denote by
¢ (u|j) the probability of an available gender-j individual getting a position at rank u. This
probability verifies :

¢<u|j>—/p<u|x,j><z><u|x,j>dx (7)

with p(u|X,j) = n(u|X,j)/n(ulj) where n(ulj) = [n(u|X,j)dX is the proportion of
gender-j individuals with characteristics X still available for a position at rank u. The (uncon-
ditional) gender probability ratio of getting a position of rank w is given by ¢ (u|f) /¢ (u|m).

Suppose that we are able to construct estimators of conditional individual weights at any
given rank, u(u|X,j). It is possible to make a decomposition of the gender probability ratio
of getting a position into the contribution of the gender differences in observable characteristics
and the contribution of the gender differences in their returns. We introduce benchmark values
for conditional individual weights that correspond to the situation in which there is no gender
difference in propensity to get positions. These benchmark values, denoted u” (u|X), are fixed
or estimable. For instance, they can be the conditional individual weights for males or for the
overall population (in line with Oaxaca and Ransom, 1994). Taking the logarithm of the gender
probability ratio of getting the position of rank u derived from and rearranging the terms,
we get :

log [0 ulf) /6 ulm)] = [ Ip(alX. £) = p(ulX.m)]loga’” (u]X) X
+/uogu<urx,f>—logm (w] X)) p (u] X, ) dX

—/UOgM(UIX,m)—logM (u|X)]p (u|X,m)dX +7(u) (8)

r@) = | [plX f)logu(ulx. £)dx < tog | [l 1)l x|
- | [otimosnpxm)ax 1o | [plxmnlxmax]| o)
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The first right-hand side term in reflects the gender difference in propensity to get the
position at a given rank for available individuals if conditional individual weights are the same
for males and females, and fixed to the benchmark values. This gender difference is due only to
gender differences in the composition of available individuals. The second (resp. third) right-hand
side term reflects the gender difference in propensity to get the position if conditional individual
weights of available females (resp. males) were modified to take the benchmark values. The fourth
one is the residual due to the non-linearity introduced by the use of logarithms. All right-hand
side terms can be computed replacing conditional individual weights by their estimators.

Importantly, the set of individuals available at each rank is fixed and determined from the
data. Individuals are thus not reassigned to positions when alternatively fixing the conditional in-
dividual weights to the benchmark values. We now show how to perform counterfactual exercices
that involve a reassignment of individuals when changing conditional individual weights.

2.3 Counterfactuals

A matter of interest is the gender difference in propensity to get positions if individuals
were attributed alternative conditional individual weights p* (u|X, 7). Denote by n* (u|X,7)
the counterfactual measures of individuals available at a given rank u which are obtained from
the differential equation @ where the conditional probability of getting a position has been
replaced by its expression and conditional individual weights by their counterfactuals. These
counterfactual measures verify :

n* (u]X,j) p (u] X, j)
T [ X )t X ) dX + [ ot (w|X,m) et (u]X,m) dX

"(u|X,j) (10)
This differential equation is solved under the initial conditions n* (1]X,5) = n (X, j).

The counterfactual of the gender probability ratio of getting a position can easily be obtai-
ned by replacing the conditional probabilities of getting this position by their expressions
where conditional individual weights have been replaced by their counterfactuals and the pro-
portion of gender-j individuals with characteristics X still available for a position at rank u by
the counterfactual p* (u|X,j) = n* (u|X,7) /n* (u|j) with n* = [n*(u|X,j)dX. The
counterfactual gender-j probability of getting the position is glven by :

o <u|j>=/p* (w] X, §) " (u|X, ) dX (11)

Now consider the specific case in which an outcome is attached to each position and positions
are ranked according to the outcome. In the counterfactual situation, individuals are reallocated
across positions according to the alternative assignment rules while holding fixed the outcome
distribution of positions. This yields a change in the gender-specific distributions of outcomes.
The counterfactual of gender-j outcome cumulative obtained when workers have the alternative
individual conditional weights verifies :

F ()= oo [ " (F (w) ¥, 5) X (12)
n(j)

where F'(-) is the outcome cumulative. The counterfactual gender-j cumulative is simply the
proportion of gender-j individuals still available for positions below a given outcome such that
the set of gender-j available individuals was determined according to the alternative assignment
rule. Note that the outcome cumulative is kept the same in the counterfactual situation and
changes in counterfactual gender cumulatives are only due to changes in the assignment rules.
The derivation of relationship gives the counterfactual of gender-j outcome density :

f(w)
n(4)

17 (w) = / n* (F (w) |X, ) dX (13)
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where f () is the outcome density. The derivative of the counterfactual measure of available
workers can be replaced by its expression given by to get the following expression :E]

[ (w) n* (F(w)|j) ¢ (F (w)|j)
n(j) n* (F(w) |f)¢* (F (w)[f) +n* (F (w) |m) ¢* (F (w) |m)
The counterfactual gender-j outcome density is proportional to the outcome density of positions,

the proportionality factor being the proportion of gender-j individuals getting positions at the
outcome which is considered.

[ (w) = (14)

3 Empirical strategy

3.1 Estimation of parameters

It is possible to quantify the influence of observable characteristics on conditional individual
weights under semi-parametric assumptions. We make the assumption that conditional individual
weights can be specified as :

p(u|X,j) = exp [ X5 (u)] (15)

where X now refers to a vector of attributes influencing the propensity to apply and the worker
value (which includes the value one), and f; (-) are some gender-specific functions of the rank
that we choose to be polynomials of finite order.[ﬂ This model makes an index assumption to
decrease the dimensionality but coefficients are allowed to depend on the rank because the pro-
pension to apply or the valuation of characteristics by the manager may depend on the position
that is considered. In that setting, the empirical counterpart of the conditional probability of
an individual ¢ getting a position at rank w given by is simply a logit model such that the
latent variable associated to the individual is X;3;¢y (u)+n; (u) with n; (u) following independent
extreme value laws. This latent variable looks like the individual value except that the coef-
ficients 3; (u) do not measure the effects of explanatory variables on that value, but rather their
joint effects on that value and the propensity to apply.[ﬂ

The parameters of polynomial coefficients can be estimated by maximum likelihood. We first
introduce some additional notations. Denote by wu; the rank of individual ¢ and X; the value of
her observable attributes, u* = k/N the k*" rank, i), the individual occupying the position at this
rank, 7,{ = (X{l, ...,X{k)/ and ?k = (4 (i1),...,7 (ir))" respectively the observed characteristics

and genders of the individuals occupying the k lowest ranked positions, and €2 (uk) the set of

7. Indeed, substituting for n*' (F (w)|X,j) in using gives :

_ f(w) St (F(w) | X, j)p* (F(w) | X, j)dX
n () [ (F W)X, f)pe (F (w) |X, £)dX + [n* (F (w) |[X,m) p* (F (w) |X,m) dX

[ (w)

From (11), we have that [n* (F (w)|X,j)p* (F(w)|X,j)dX = n*(F(w)|j)¢* (F(w)|j), which can
be inserted at the numerator and denominator in the previous expression of f (w) and it gives equation
).

8. The definition of X is thus modified from being a value taken by the whole set of individual
characteristics in the theoretical section, to the vector of values taken by every individual characteristics
in the empirical part. We do not change the notation for simplicity as both refer to values taken by
individual characteristics.

9. Note that the residual #; (u) is not always equal to the match quality ¢; (u) because of the hetero-
geneity in the propensities to apply for positions. We have n; (u) = ¢; (u) only when the propensities to
apply are similar for all individuals.
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workers available at rank wug. The likelihood is given by :

—
L = P (Uil =l uy, = u? o uy, = uN‘ ?N, j N) (16)

N-1
— —
= P (uiN = uN‘ }N, J N) H P <uzk = uk‘uikH =M uy, =W, Xy, N)(l?)
k=1

= TP (=G in) €0 (). T T ()
k=1

where the last equality is obtained using the fact that random match qualities n; (u) are inde-
pendently and identically distributed across ranks. Indeed, in that case, what matters for the
selection of an individual at a given rank wuy is the set of available individuals in competition for
the position and not the exact identity of individuals chosen at every higher rank since draws
of random match qualities that determine their identity are not related to draws for the posi-

_>
tion at rank wug. In equation , P (ulk = uk‘ {i1,.., i} €Q (uk) ,Yk, jk> is the empirical
counterpart of ¢ (u;, | X;,,7 (1)) and it verifies :

Pluy = | fin i € 0 (o) Fp, 7)) = p (i | Xiy, 5 (1)) exp [ X Bjir) (uir)]
(Uk U ’{11 in} € (U ) ks J k) e;ku (wiy, | Xi,, 5 (32)) Egexp [Xiéﬁj(ig) (uzk)]

(19)
The parameters of polynomial coefficients 3 (u) are estimated by maximizing the logarithm of the
likelihood N

L = %ZP (u“c = uk" {i1,.., i} €Q (uk’) ,}k, J k:) In fact, the likelihood is the same as the

(2
partial likelihood obtained when estimating a Cox duration model with time-varying parameters,
and the asymptotic distribution of estimated parameters has long been established (see Andersen
and Gill, 1982).

3.2 Evaluation of decompositions and counterfactuals

It is also possible to make an empirical assessment of the decomposition of the gender proba-
bility ratio of getting each position given by . Assume that benchmark conditional individual
weights p” (u|X ) are also of the form with estimable polynomial coefficients 5" (u). In that
case, the decomposition simplifies to :

loglg (u[f) /o (ulm)] = [E(X|f,u) = E(X |m,u)] 5" (u) (20)
HE (X |f,u) [Bf (u) = 8" (w)] = E(X [m,w) [Bm (w) = 57 (w)] + 7 (u)

where E (X |j,u) are the average characteristics of gender-j individuals available for a position
at rank uEU] The left-hand side term involves the gender probability ratio of getting a position

10. The proof is the following. Using the expressions p(u|X,j) = n(u|X,j)/n(ulj) and
log u" (u]X) = X" (u), we get that the explained part verifies :

[ lXe )~ Calm)og” (u]X) X Un(UIX,f)XdX/n(UIf)—/n(ule)XdX/n(UIm)] 8 (u)

/ - Xidi/n (uf) - / - Xidi/n <um>] 8" (u)
i) =Ffui<u Jilj(i)=m,u;<u
= [EX|f,u) = E(X|m,u)]B" (u)

which is the expression reported in the text. The expressions for the other right-hand side terms of
corresponding to the unexplained part can be established in the same way.

13%* Journées de méthodologie statistique de I'Insee (JMS) / 12-14 juin 2018 / PARIS 9



of rank u that can be estimated non parametrically following Gobillon, Meurs and Roux (2015).
Right-hand side terms can be obtained by replacing average characteristics by their empirical
counterparts, and polynomial coefficients by their estimators. If the values used as a benchmark
for the coefficients of explanatory variables are those of males, 5" (u) = 8, (u) which have already
been estimated. If the values used as a benchmark are those of the overall population, 5" (u) can
be obtained by maximum likelihood fixing 8y (u) = S, (u) = 8" (u) and adding a gender dummy
to the specification to act as a control in line with Fortin (2008).

We now turn to the evaluation of the counterfactual gender-j probabilities of getting every
position given by (11). For that purpose, we need to recover n* (u|X, j) when using the counter-
factual conditional individual weights p* (u|X, j) which we suppose to be of the form with
polynomial coefficients 87 (u). A direct method would consist in solving the system of non-linear
differential equations given by . However, this is untractable in practice because the number
of equations is equal to the number of values taken by the set of characteristics, which is very
large. Consequently, we rather rely on a simulation approach.

First note that the finite discrete counterpart of the differential equation verified by the
measures of available individuals @ is

N* (a1X,5) = N* ("4 X, 5) = Dysa (X,.) (21)

where N* (u|X,j) is the counterfactual number of gender-j individuals with characteristics X
available at rank u, and Dy (X, j) is a dummy taking the value one if an available individual in
the set Q7 (uk,X ) gets the position at rank u* and zero otherwise. There is some randomness
which comes from the choice of an individual from conditional probabilities of getting positions
of the form . For a given rank v, a quantity of interest is £ [N* (ul*N+1|X, )] where |- is
the integer part. Indeed, we show in Appendix B that E [N* (uLUNJJrl ]X,j)] /N = n*(v|X,7)

for all v € ]0,1[ when N — +o00. The proof relies on the extension of a theorem on sampling
without replacement proposed by Rosén (1972). Whereas in the original theorem, the influence
of explanatory variables on the propensity of an individual to get the position does not vary
across positions, in our case this propensity varies since exp [X ; (u)] depends on the rank. We
show that the proof of the original theorem can be generalized to the case where the influence
of explanatory variables varies across positions.

The expectation FE [N* (uL”NJJrl ]X,j) /N] can be estimated using a simulation procedure
that involves reassignments of individuals of the original sample to the positions based on the
counterfactual assigment rules. Theoretical foundations of the simulation approach are detailed
in Appendix C. A simulation is indexed by s = 1,...,S and we denote by €27 (u, X) the counter-
factual sample of gender-j individuals with characteristics X available at rank » in simulation
s. In practice, the counterfactual sets of individuals with given characteristics X available at

the empirical rank u*~1, {Qj (ukil, X ) }X , are deduced from the same sets at next empirical

»J

rank, {Qj (uk, X) }X , by subtracting the individual who gets the position at rank u® which is
J

),

determined consistently with the model specification in the following way.
The empirical counterpart of the counterfactual conditional probability of getting a position
at rank u* can be rewritten as :

S .1 . A )
P( ‘Q( ) k Jk) S e (ut) 5P [Xkﬁj(k) (uk)} (22)

with j (7) the gender of individual i, Q° (uk) the counterfactual sample of individuals available
_>
at rank «* in simulation s, and <72, ji) their characteristics and genders. It thus corres-

ponds to the probability of getting the position at rank u* given by a multinomial logit model.
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Hence, it is possible to simulate which individual gets that position by computing, for each
available individual, the sum Xiﬁf(i) (uk) +n (uk) where 7} (uk) has been drawn in an ex-
treme value law. The individual getting the position is the one with the highest value of this
sum. The sets of available individuals with given characteristics and gender at each empirical
rank is obtained by recursively applying this procedure from the highest to the lowest rank.
Finally, we obtain the counterfactual number of available individuals with given characteris-
tics and gender for a simulation N° (uk \X,j) = Card Qj (uk,X) and an estimator of the
expected counterfactual number of available individuals with given characteristics and gender is
N* (uk |X,j) = Zle N* (uk |X,j) /S. We show in Appendix C that when S — 400, we have
for all v € (0,1), N* (ul*NI+1 | X, 5) = E[N*(v]X,j)].

We now explain how to evaluate the probability of getting a position at each rank u* for
each gender. The empirical counterparts of the terms p* (uk | X, j) which enter the counterfactual

probability are :
. , N* (u¥ | X, 7
7 (1,5 ) = L) (23)
N* (ut]5)
where N* (u]j) = o0 N* (u ‘Xg,j) is an estimator of the expected counterfactual number of

gender-j individuals available at rank u. An estimator of the counterfactual gender-j probability
of getting a position at rank u* is then given by :

5 (1) = 5 (5 o 5 () o
where ,/6’\; (u) is an estimator of 37 (u).

We can also recover the counterfactuals of gender-j cumulative and density of outcomes when
positions are ranked according to the outcome. We first consider the original sample and sort
positions in ascending order according to their hierarchy, denoting by w* the k™" outcome. It
is possible to construct an estimator of the counterfactual of gender-j cumulative at rank u*,

Fr (wk), from equation as :

B (u*) = STl (23)

where N(j) is the number of gender-j individuals and F (w*) is an estimator of the outcome
cumulative of positions computed at outcome w*. A counterfactual of gender-j density is obtained
from equation (14) replacing right-hand terms by estimators :

f (") N*(F (wh) |7) ¢ (F (@) 17)

“(wh) = . = = — = 26
fj( ) N () /N N+ (F (w*) |f) ¢ (F (w*) | f) + N* (F (wk) [m) ¢* (F (w*) [m) 26)

k

where f(wk) is an estimator of the outcome density computed at outcome w” on the whole

population.

4 Application

We use our assignment model to study the gender wage gap in the public and private sectors
in France. Institutional details are relegated in Appendix D. Evidence shows a smaller gap in
the public sector which is usually attributed to a fairer treatment of females. However, the
wage dispersion is lower in the public sector (Melly, 2005b ; Lucifora and Meurs, 2006 ; Depalo,
Giordano and Papapetrou, 2015), and differences in gender wage gaps between the two sectors
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could simply reflect a difference in wage dispersion. In our application, we assess whether there
are gender differences in the assignment of workers to well-paid jobs.

In line with our theoretical framework, we consider that the allocation of workers to job
positions results from workers applying and being selected for these positions. We make the
assumption that a fixed wage is associated to each job position through a contract. This wage is
supposed not to depend on the gender or the other observable characteristics of applicants. Job
positions are ranked along the wage hierarchy and workers are interested in positions yielding
the highest wages. Individuals are heterogeneous in their labour supply and may not apply to
every position because work conditions may be too constraining.

4.1 Data and stylized facts

Estimations are conducted on the DADS Grand Format - EDP 2011 which is a panel dataset
following all individuals born in the first four days of October and is constructed from two different
sources (Déclaration Annuelles des Données Sociales i.e. DADS and Echantillon Démographique
Permanent, i.e. EDP). The data record all their jobs in the public and private sectors since
1992. Jobs in the public sector can belong to three subsectors : central administration (including
education), local government and public health.

The DADS are collected for tax purposes and contain details on job characteristics. They give
the establishment identifier (SIREN number) from which we determine firm seniority since 1992
and the status (full-time or part-time) from which we reconstitute part-time history. In the public
sector, firm tenure corresponds to the number of years spent in the subsector of the position that
is currently occupied. We also compute the number of years individuals are absent from the data.
Absence corresponds to an interruption in the salaried activity due to unemployment, exit from
the labour force or self-employment. The full-time equivalent annual wage is reported. As we
estimate a cross-section model, our analysis focuses on year 2011.

There are outliers with wage below the minimum wage and consequently we delete observa-
tions for which the monthly wage is below 1000 euros. The job duration during the year (in days)
is reported and we only retain jobs occupied full time on July 1st in which workers stayed for
at least 30 days during the year to focus on stable workers that are more likely to compete for
all job positions. This also means that we keep at most one job per worker every year. Finally,
we use the information on administration for public jobs to restrict the sample to those in the
central and local administration.@ We consider jobs only for workers aged 30-65 to avoid taking
into account the frequent transitions between unstable job positions that often occur at the be-
ginning of the career. We limit our attention to the single year 2011 as our assignment model
is cross-section. Our final dataset contains 55,881 observations and the proportion of females
is 37.8%. Most individuals work in the private sector (82.6%) where the proportion of females
(35.1%) is lower than in the public sector (50.9%).

Data are also used to construct our set of explanatory variables. We consider a dummy for
firm tenure being larger or equal to 10 years and two dummies for part-time experience being
respectively between 7% (the median) and 18% (the third quartile), and more than 18% (less
than 7% being the reference). The location of job at the municipality level is used to construct
a dummy for the job being located in the Paris region. We also consider two dummies for the
age brackets 41-50 and 50-65 (31-40 being the reference). These variables are complemented with
information on diploma and we construct three dummies corresponding to having a high-school
diploma, spending two years or less in college, and spending more than two years in college.

11. We exclude teaching jobs because their management is very specific. We also exclude jobs in the
health administration because some positions such as doctors are very specific and workers occupying
them usually do not change job for a position in another administration of the public sector. These sample
restrictions decrease the average wage in the public sector since excluded positions are paid above the
average.
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Finally, the number of children is taken into account with two dummies for having respectively
no child, and three children and more (one or two children being the reference). Note that we
are rather parcimonious in the number of categories. This is because we need to estimate the
gender-specific coefficients of a polynomial function of ranks for each dummy in the empirical
application and this makes the number of coefficients increase fast with the number of explana-
tory variables.

We then propose stylized facts on outcomes and individual characteristics for the two gen-
ders in the two sectors. Figure 1 shows that gender outcome distributions in the private sector
have fatter right-hand tails and lower peaks than in the public sector. In the two sectors, male
distribution is slightly to the right of female distribution, especially in the public sector. We
report descriptive statistics on wages by sector and gender in Table 1. They confirm that the
public sector is characterized by a lower wage dispersion than the private sector. The average
gender wage gap in the public sector is smaller (14% vs. 19%), and the gender quantile difference
increases with the rank but more slowly than in the private sector.

[ Insert Figure 1]
[ Insert Table 1]

Turning to observable characteristics, Table 2 shows that in each sector females are more qualified
than males, have less often three children or more, and have much more often long part-time
experience and long work interruption. The gender gap in part-time experience is very large and
is similar across sectors. The gender gaps in education and work interruption are smaller in size
but remain sizable, and they are larger in the public sector. By contrast, the gender gap in having
three children, which also takes sizable values, is larger in the private sector.

[ Insert Table 2 |

In line with the literature, we then assess to what extent the gender quantile difference varies
with the rank in the public and private sectors once observable characteristics have been taken
into account. For that purpose, we run quantile regressions including a female dummy as well as
the other observable characteristics which are used as controls. Figure 2 represents the estimated
coefficient of the female dummy as a function of rank. It shows that in both sectors, there is a
gender quantile gap at all ranks which increases with the rank. Whereas the gender quantile gap
is similar in the two sectors at the lowest ranks, it is larger in the private sector above rank 0.05.
The difference in gender quantile gap between the two sectors is rather stable above rank 0.2 at
around 4 percentage points.

[ Insert Figure 2]

We finally compute a non-parametric estimator of the gender probability ratio of getting
each job for each sector following the procedure proposed by Gobillon, Meurs and Roux (2015).
Figure 3 shows that above rank 0.05, females have a lower propensity than males to get any
job position whatever the sector. In the private sector, the female propensity to get job posi-
tions decreases slowly until rank 0.45 and then increases before decreasing again after rank 0.65.
Non-monotonic movements can be explained by the heterogeneity of job positions as very he-
terogeneous industries are pooled. At the highest ranks, female propensity to get job positions
is very low : a female has 70% less chances of getting a job position than a male. In the public
sector, the gender probability ratio of getting job positions decreases until rank 0.4, is nearly flat
for ranks in the 0.4 — 0.9 interval, and then decreases again. Interestingly, between ranks 0.5 and
0.85, female propensity to get job positions is lower in the public sector than in the private one.

[ Insert Figure 3]
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4.2 Estimation of the gender probability ratio of getting a job

We now turn to the estimation of the semi-parametric version of the model. We estimate
specification that involves category dummies for all our explanatory variables, including the
female dummy (but not its interactions with other variables), and we fix the degree of polynomial
coefficients to five for each dummy. As we will see, this degree is enough to get a good fit of the
specification with the data. Estimated coefficients (excluding that of the gender dummy) will
be used as references in a counterfactual exercise in which conditional individual weights of the
two genders are equalized. For this simple specification, the exponentiated effects of category
dummies for a given variable capture the relative chances of getting a job position compared
to the reference category. These exponentiated effects are represented as a function of rank in
Figure 4 and we compare their values between the two sectors.

Variations across ranks of the estimated coefficients of the female dummy are consistent
with the non-parametric estimators of the gender probability ratio of getting each job position,
suggesting a lesser role of gender differences in observable characteristics. Interestingly, the esti-
mated coefficients of the female dummy in the two sectors are similar for ranks in the 0.05-0.7
interval, and this contrasts with the gender differences obtained with quantile regressions (see
Figure 2). The effect of every diploma is positive and increases with the rank, especially in the
public sector. The higher the diploma, the larger the increase. The slope is particularly steep
when spending more than two years in college, especially at the highest ranks. Not surprisingly,
workers with no high-school diploma have nearly no chance of getting the best-paid job positions
in the two sectors. Workers with three children and more have a higher probability of getting
best-paid job positions in the two sectors, especially the private one.E Age profiles in the two
sectors are consistent with larger chances of getting best-paid job positions when being older. The
propensity to get theses job positions is also larger when living in the Paris region, consistently
with a large concentration of high-paid job positions in that region. Short part-time experience
is mostly detrimental in the public sector. This could be due to labor supply effects such that
part-time workers in that sector are less career-oriented, or to career rules as part-time entry job
postions impede sectoral seniority which is important for promotions in the public sector. By
contrast, long part-time experience is detrimental in both sectors. Finally, the picture is similar
when considering short and long work interruptions.

[ Insert Figure 4]

We also consider a more complete semi-parametrization of conditional individual weights in
which we additionally include the interactions between the female dummy and all the category
dummies corresponding to observable characteristics. The degrees of all polynomial coefficients
is again fixed to five. Figure 5 shows that, for each sector, the semi-parametric gender probabi-
lity ratio of getting a job position at any given rank obtained using the procedure described in
Section 3.2 is in the confidence interval of the non-parametric gender probability ratio obtained
using 100 bootstrap replications. In fact, the curves obtained with the non-parametric and semi-
parametric approaches are nearly confounded, which suggests that the semi-parametric approach
is reliable. For each observable characteristic other than gender, Figure 6 represents the expo-
nentiated gender difference in the estimated coefficient of each category dummy. It corresponds
to the conditional gender probability ratio of getting a given job position for the category while
fixing other observable characteristics to their reference values. Except for a very few exceptions,
exponentiated gender differences in estimated coefficients are well below one and take lower va-
lues at higher ranks. This suggests that females have a lower propensity to get job positions than

12. Tt is possible to check that this occurs mostly because of males. It is consistent with males with
three children being more stable or being ready to work more when they are the main providers of the
household. Firm tenure is associated with larger chances of getting positions, except at the highest ranks
in the private sector. This can be explained by firm mobility to access some of the best-paid positions in
the private sector.
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males whatever the observable characteristics, and the gender difference is larger for high-paid
job positions than for low-paid ones.

[ Insert Figures 5 and 6]

4.3 Decompositions and counterfactuals

We then implement for each sector the Qaxaca decomposition of the gender probability ratio
of getting any given job position using equation . Figure 7 shows that the explained part of
this gender probability ratio is small at nearly all ranks in the private sector. By contrast, the
explained part is rather large for ranks below 0.5 in the public sector before becoming small at
higher ranks. Additional results in Appendix E.1 show that the explained part is mostly due to
long part-time experience.

[ Insert Figure 7|

We then compute the counterfactual gender probability ratios of getting any given job posi-
tion in the two sectors when the two genders are given the same conditional individual weights
which are fixed to their common reference. They capture gender differences in chances of getting
job positions that are only related to gender differences in observable characteristics. A major
difference between this approach and the Oaxaca decomposition is that workers are now reas-
signed to job positions. Interestingly, results represented in Figure 8 show that there are still
gender differences in the counterfactual situation. They are due to the large gender differences in
part-time experience. In the public sector, female propensity to get job positions is around 18%
lower than that of males for ranks below 0.5 and then increases to reach equality around ranks
0.8 — 0.9 before decreasing again to end up being lower by around 20% at the highest ranks.
These variations across ranks differ from those computed for the explained part of the Oaxaca
decomposition, which suggests a significant role of the equilibrium effects related to a realloca-
tion of workers across job positions. Descriptive statistics in Table 3 and log-wage distributions
in Figure 10 show that the counterfactual gender wage gap does not disappear as the gender
average wage gap stands at 100 x [1 — exp(—0.0258)] ~ 2.5% and is significantly different from
zero. The shape of the counterfactual gender probability ratio is similar in the private sector but
it takes values closer to one. Indeed, the counterfactual female propensity to get job positions is
only around 4% lower than that of males below rank 0.6 before increasing and reaching values
above it at ranks in the 0.6 — 0.95 interval. It then decreases again to end up being 20% lower
than that of males at the highest ranks. The counterfactual gender average wage gap is now
closer to zero at 0.2% and is not significant.

[ Insert Figure 8 |

[ Insert Table 3 |

We then consider the counterfactual situation in which workers in the public sector are allocated
to job positions according to the assignment rules of the private sector. Figure 9 shows that
the counterfactual gender probability ratio of getting a given job position in the public sector is
larger than the initial ratio for ranks in the 0.5 — 0.85 interval but lower for ranks above 0.85.
In fact, it has a shape close to the one observed in the private sector. The counterfactual gender
average wage gap in the public sector reaches 100 * [1 —exp(—0.1514)] = 14.0% and is only
slightly higher than the raw wage gap which is 13.3%. It contrasts with the raw wage gap in the
private sector which stands at 15.2%. Differences in assignment rules between the two sectors
thus only explain 0.7 percentage points of the gender wage gap difference which stands to 1.9
percentage points. The rest of the gender wage gap difference between the two sectors can be
explained by gender differences in observable characteristics and the larger wage dispersion in
the private sector. Interestingly, there are also changes in the gender quantile gap when using
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the counterfactual assignment rule and they differ across ranks. Whereas the gender median
wage gap in the public sector is 0.8 percentage points lower in the counterfactual situation, the
gender wage gap at the last quartile and the last decile are 0.7 and 3.6 percentage points higher
respectively. The gender gap in log-wage dispersion is also higher as the gender difference in
standard deviation increases by 72% (ie. by 2.0 percentage points).

Conversely, the counterfactual gender probability ratio of getting a given job position in
the private sector is lower than the initial ratio for ranks in the 0.5 — 0.85 interval but higher
for ranks above 0.85. Overall, its profile across ranks is similar to that of the public sector. The
counterfactual gender average wage gap at 14.4% is lower than the original gap by 0.8 percentage
points. There are also changes in the gender quantile gap that differ across ranks when changing
the assignment rule, but variations are not exactly the opposite of those in the public sector.
Indeed, the gender median wage gap increases by 1.3 percentage points, whereas the gender wage
gaps at the last quartile and decile decrease by respectively 0.05 and 5.1 percentage points. The
gender difference in standard deviation decreases by 27% (i.e. by 1.8 percentage points).

[ Insert Figures 9 and 10]

Finally, we conduct robustness checks. When considering the sample that includes both full-
time and part-time workers, and the hourly wage instead of the daily wage, results are similar
as shown by Appendix E.2. We also assess whether ignored unobserved individual heterogeneity
might bias the estimates and Appendix E.3 suggests that it is not the case as long as this
heterogeneity is not exagerately important.

5 Conclusion

In this paper, we show how to quantify outcome gaps between groups with an assignment
model that involves heterogeneous individuals and positions, as well as differences across groups
in the propensity to get these positions. Individuals differ in their observable characteristics and
they are primarily interested in the positions yielding the highest outcomes. Some individuals do
not apply because occupying these positions is too constraining. Individuals not selected turn to
positions that are paid slightly less, and so on, until all positions are filled.

Our model can be estimated using a flexible semi-parametric approach. It is then possible to
construct a counterfactual of the outcome distribution for each group when changing individuals’
propensities to get positions conditional on their observable characteristics. Counterfactuals take
into account the reallocation of individuals across positions and they can be compared across
groups. Particular counterfactual situations of interest are obtained by fixing individuals’ pro-
pensities to get positions to the same values for all groups or by fixing them to group-specific
values corresponding to another context.

As an illustration, we use our approach to study gender wage differences in the public and
private sectors for full-time workers using an original administrative dataset with accurate wage
information. Whereas females are believed to be treated more fairly in the public sector, we find
that the gender gap in propensity to get job positions along the wage distribution is rather similar
in the two sectors. Results of a counterfactual exercise show that the gender average wage gap
would be only slightly higher in the public sector if workers were attributed the same propensities
to get job positions as in the private sector conditionally on their observable characteristics.

Our assignment framework can be extended in several dimensions. First, the model could be
adapted to allow for the bunching of positions at some given values of outcome. This is particu-
larly relevant when considering a hierarchy of heterogeneous entities constituted of homogenous
positions. Second, it could be of interest to introduce unobserved individual heterogeneity and
assess under which assumptions the model can be estimated when using panel data. Third, prin-
ciples of our assignment approach could be used to design a dynamic model such that individuals
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can move along the outcome distribution by making transitions between available positions at
each period.
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TABLE 1 — Descriptive statistics on wages (in euros) by gender

Public sector

Private sector

All Males Females % diff. ~ All Males Females % diff.

Mean 70.6 76.2 65.2 -14.4%  79.2 84.9 68.7 -19.1%
Standard Deviation 32.4  36.0 274 -23.8%  69.9 77.6 51.0 -34.3%
5th centile 41.8 444 40.1 -9.8% 39.8 41.4 38.2 -7.6%
First decile 45.3  47.9 43.5 -9.2% 43.1 45.0 40.7 -9.4%
First quartile b1.1  54.8 48.9 -10.9%  50.2 52.9 46.7 -11.7%
Median 62.2  67.2 57.2 -14.9%  63.0 66.1 56.8 -14.0%
Last quartile 79.6  84.7 73.3 -13.4%  86.4 92.1 76.3 -17.2%
Last decile 102.2  112.6 93.7 -16.7%  126.7 137.1 105.9  -22.7%
95th centile 126.6  139.7 115.3  -17.4% 165.8 180.3 133.3  -26.1%
N 9,732 4,781 4,951 46,149 29,964 16,185

Note : Statistics are computed for the daily wage. The % difference is the female value minus the male value

divided by the male value.
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TABLE 2 — Descriptive statistics on explanatory variables by gender

Public sector

Private sector

All Males Females % diff. All Males Females % diff.
Female 0.509 0.351
Diploma
<High-School 0.521 0.544 0.399 -8.3% 0.515 0.563 0.425 -24.6%
High-School 0.207  0.200 0.213 +6.9%  0.187 0.165 0.226 +36.7%
College < 2 years 0.128 0.112 0.144 +29.3% 0.157 0.133 0.202 +52.0%
College > 2 years 0.144 0.144 0.143 -0.8% 0.142 0.139 0.147 +6.4%
Children
0 0.208 0.224 0.193 -14.1%  0.217  0.222 0.209 -6.0%
1or?2 0.572  0.543 0.599 +10.3% 0.580 0.552 0.632 +14.4%
>3 0.220 0.233 0.208 -10.5%  0.203 0.226 0.160 -29.4%
Age
31-40 0.245 0.274 0.218 -20.7%  0.331 0.336 0.323 -3.9%
41-50 0.353 0.355 0.351 -1.2% 0.369 0.369 0.369 -0.1%
>51 0.402 0.371 0.432 +16.4% 0.300 0.296 0.309 +4.5%
Paris region
Inside 0.234 0.211 0.256 +20.8% 0.235 0.224 0.255 +13.8%
Outside 0.766  0.786 0.744 -5.6% 0.765 0.776 0.745 -4.0%
Firm tenure
<10 years 0.421 0.413 0.428 +3.7%  0.687 0.684 0.692 +1.2%
>10 years 0.579  0.587 0.572 -2.6% 0.313 0.316 0.308 -2.5%
Part-time experience
<% 0.459 0.600 0.322 -46.3%  0.500 0.582 0.348 -40.2%
>7% and <18% 0.202 0.215 0.189 -12.2%  0.239  0.243 0.231 -5.1%
>18% 0.339 0.184 0.489 +164.8% 0.261 0.175 0.421 +141.2%
Work interruption
<1 year 0.233 0.237 0.229 -3.3% 0.203 0.207 0.196 -5.6%
> 1 and < 3 years 0.184 0.207 0.162 -21.4% 0.274 0.289 0.246 -14.7%
> 3 and < 6 years 0.239 0.256 0.223 -13.1%  0.271  0.277 0.259 -6.5%
> 6 years 0.344  0.300 0.386 +28.4% 0.252 0.227 0.299 +31.7%

Note : Figures in the table correspond to proportions except % difference which is the female value minus

the male value divided by the male value.
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FIGURE 1 — Gender log-wage distributions in the public and private sectors

Public sector Private sector
© | o Females © | o Females
- < Males - <© Males
< | oAl < | o Al
N N
2z ] 2]
E £
§ o | S
a a
© © 4
< - <
o - &
o o J -5 -
35 4 4.5 5 55 6 3.5 4 45 5 55 6
Log-wage Log-wage

Note : Densities are computed for the logarithm of daily wage.
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FI1GURE 2 — Gender quantile gap as a function of rank in the public and private sectors

< Public  © Private

Gender quantile gap
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Rank

Note : The gender quantile gap is the estimated coefficient of a female dummy introduced in quantile
regressions of the logarithm of daily wage evaluated at each centile by sector. These regressions also
include as controls the category dummies for all the other individual characteristics, ie. age, diploma,
number of children, part-time experience, work interruption, firm tenure and being located in the
Paris region. Confidence intervals at the 5% level are reported in dotted lines.
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FIGURE 3 — Gender probability ratio
private sectors
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Note : Confidence intervals at the 5% level obtained by bootstrap using 100 replications are reported

in dotted lines.
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FIGURE 4 — Exponentiated effects of category dummies on individual values

for each individual characteristic
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Note : The graph title gives the individual characteristic for which the exponentiated coefficients of category dummies are graphed,
as well as the sector. Reference categories for individual characteristics are “Male” for gender, “<High-School” for diploma, “1 or 2”
for children, “<10 years” for firm tenure.



FIGURE 4 (Cont.) — Exponentiated effects of category dummies on individual values

for each individual characteristic
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Note : The graph title gives the individual characteristic for which the exponentiated coefficients of category dummies are graphed,
as well as the sector. Reference categories for individual characteristics are “31-39” for age, “Paris region” for region, “None” for
part-time, “None” for work interruption.



FIGURE 5 — Non-parametric and semi-parametric estimators of

the gender probability ratio of getting a given job position
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Note : The non-parametric estimator is obtained by applying the empirical strategy proposed by Gobillon, Meurs and Roux
(2015). The semi-parametric estimator is obtained by applying the empirical strategy proposed in the current paper. The
confidence interval at the 5% level obtained by bootstrap using 100 replications is reported in dotted lines.
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FIGURE 6 — Exponentiated gender difference in the effects of category dummies on

the gender probability ratio of getting a given job position for each individual
characteristic
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Note : The graph title gives the individual characteristic for which the exponentiated gender differences in the effects of category
dummies are graphed, as well as the sector. The category corresponding to the reference is mentioned and the corresponding curve
is the same across all graphs for a given sector. Indeed, this curve represents the gender probability ratio of getting a given job
position as a function of rank for a worker whose values of all individual characteristics are fixed to the reference.



FIGURE 6 (Cont.) — Exponentiated gender difference in the effects of category dummies

on
the gender probability ratio of getting a given job position for each individual
characteristic
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Note :

The graph title gives the individual characteristic for which the exponentiated gender differences in the effects of category
dummies are graphed, as well as the sector. The category corresponding to the reference is mentioned and the corresponding curve
is the same across all graphs for a given sector. Indeed, this curve represents the gender probability ratio of getting a given job
position as a function of rank for a worker whose values of all individual characteristics are fixed to the reference.
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FIGURE 7 — Oaxaca decomposition of the gender probability ratio of getting a given job
position
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Note : “Total” : gender difference in the logarithm of the average probability of getting a given job position ; “Explained” :
part of “Total” that can be attributed to the gender difference in observable characteristics valued using the estimated
coefficients obtained for the whole population ; “Unexplained” : part of “Total” that can be attributed to the deviation of
gender coefficients of observable characteristics from the ones of the whole population. Note that “Total” is not exactly equal
to the sum of “Explained” and “Unexplained” since it also involves a residual term due to the non-linearity of the logarithm

function.
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FI1GURE 8 — Counterfactual gender probability ratio of getting a given job position

when conditional individual weights are equal for the two genders
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Note : The curve corresponding to “Equal weights” is obtained by fixing conditional individual weights to the same values
for the two genders, these common values being obtained by estimating parameters for the whole population. The curve
corresponding to “Private Sector weights” (resp. “Public Sector weights”) is obtained by fixing conditional individual weights
to those of the private (resp. public) sector. The confidence interval at the 5% level obtained by bootstrap using 100

replications is reported in dotted lines.
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FI1GURE 9 — Counterfactual gender probability ratio of getting a given job position
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Note : The curve corresponding to “Private Sector weights” (resp. “Public Sector weights”) is obtained by fixing conditional
individual weights to those of the private (resp. public) sector. The confidence interval at the 5% level obtained by bootstrap
using 100 replications is reported in dotted lines.
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F1GURE 10 — Counterfactual log-wage densities in different scenarios
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Note : Densities are computed using the logarithm of daily wages generated by the model when reassigning workers to
job positions. “Private Sector weights” : reassignment using conditional individual weights computed for the private sector;
“Public Sector weights” : reassignment using conditional individual weights computed for the public sector ; “Equal weights” :
reassignment using the same conditional individual weights for the two genders, these common weights being obtained by
estimating parameters for the whole population.
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