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Abstract

Following on from the seminal works by Blinder (B)7and Oaxaca (1973), many methods have been mdpgos
measure wage discrimination against women. Someahe$e methods focus on the entire distribution hof t
discrimination experienced by each woman, underjra common aspect of poverty and discriminatioalyais: the
latter two are both based on an idea of deprivatiich originates from a poverty line (in the cadepoverty) and
from the expected wage in the absence of discritioingin the case of wage discrimination) (Jenk&94; Del Rio et
al., 2011). These approaches hinge on conditianaldividual-characteristics expected wages, lagkim any focus
regarding the entire conditional wage distributiaced by each woman.

In this paper we will discuss an expected utiligpwach to the study of wage discrimination. Adgdstand
unadjusted for discrimination conditional-to-indluial-characteristic wage distributions are evallidte each woman
by means of a utility function. And, in order toadwate the presence and the discrimination intgrisiese distributions
will be compared on the basis of the respectivéagdy equivalent wages. As the choice of the tytilinction affects
the results of the analysis, we will also evalutite share of women for which the adjusted for disicration
conditional wage distribution second-order stodhally dominates the un-adjusted distribution. Hinaan empirical
analysis will be performed for the Italian labouanket.

1. Introduction

The classic approach to the measurement of wagdrdisation in the labour market is that of the

Blinder-Oaxaca decomposition (B-O) (Blinder, 191axaca, 1973), where the gender wage
differential is decomposed into a part explaineddaynder differences in endowments (human
capital characteristics and other control varigbéesd a residual part, which is usually interpreted
as discrimination. This decomposition employs eatés from log-wage regression models, which
are separately estimated for the two genders, decsimg the gender difference in the log

geometric mean wage as follows:

log(W) —~10g(Wr) = (Zu — Zy) By + Zr(By — B;) 0
whereB,, and B, are estimated coefficients for the male and ferfadewage regression models
respectively, andZ,, andZ are vectors of mean individual characteristics tfee male and the
female group respectively. The explanatory varshlsed in the log wage regression models are
the same of those of th#&, andZ vectors. The first part of the decomposition is #o-called
explained part and the second refers to the uneguigart, usually attributed to discrimination.

As the B-O decomposition measures discriminatiomaan values of individual characteristics,
the unexplained part of the B-O decomposition aidar the numerical compensation of individual

discrimination between discriminated and non-dimegrated women, thus providing the same
evaluation for very different distributions of disnination experienced. To overcome this issue



Jenkins (1994) and Del Rio et al. (2011) have sstggea distributional approach. According to this
approach, the entire distribution of discriminatexperienced by each woman is evaluated on the
basis of discrimination indices which satisfy prdjgs borrowed from poverty analysis. While
poverty hinges on the concept of income deprivatidiscrimination can be conceived as the
deprivation of wage from the non-discriminative wag

This approach raises two issues: 1) how to evabhaténdividual discrimination experienced by
each woman; and 2) how to aggregate individual riseation in a single index. In the
distributional approach, individual discriminatios evaluated by comparing the unadjusted
expected wage with the expected wage in the abs#miscrimination, that is, the expected wage a
woman would receive if she were paid like a mare (#xpected wage in the absence of
discrimination has the role of a counterfactual evarg the analysis). According to Del Rio et al.
(2011), individual discrimination can be summarizadan index which is based on the Foster-
Greer-Thorbecke (1984) class of poverty indiceds tindex depends on an aversion-to-
discrimination parameter. When this parameter iie,zbe index refers to the share of discriminated
women, that is, the share of women for which theeeted wage in the absence of discrimination is
greater than the unadjusted expected wage. Whepatiaeneter is not zero, the index measures the
discrimination intensity. Other approaches alsousoon the entire distribution of individual
discrimination experienced but they differ in theethod used to derive the counterfactual
distribution of wage (Machado and Mata, 2005; froand Lemieux, 1998; DiNardo et al., 1996;
Favaro and Magrini, 2008).

The approach we propose in this paper is basedxpected utility theory. Using a constant
relative risk aversion utility function, we can cpame the unadjusted conditional-to-individual-
characteristics wage distribution of each womanthe counterfactual distribution, which is
obtained by assuming that she is paid as a mankdJtile distributional approaches by Jenkins
(1994) and Del Rio et al. (2011), our focus dodsegard the conditional mean wage but the entire
conditional distribution. A similar approach hasheemployed by Van Kerm (2010), where the
conditional-to-individual-characteristics wage dlstition is assumed to follow a Singh-Maddala
distribution (Singh and Maddala, 1976; Kleiber dtotz, 2003; Biewen and Jenkins, 2005). In
contrast to Van Kerm (2010), we assume that camthti wage distributions are log-normally
distributed. The expected utility approach is alsed in poverty analysis to provide risk-adjusted
poverty measures (Makdissi and Wodon, 2003; CraoesWodon, 2007). The log-wage model
employed in our analysis contains a heteroscedestic term and we will be proposing a solution
to take this aspect into account.

Stochastic dominance is another concept employedriranalysis. When distributidn second-
order stochastically dominates distributi6Gnthen the expected utility related to distributi®ris
greater than the expected utility of distributi@rfor every concave utility function. We enrich our
statistical analysis by providing the share of wanf@ which the conditional wage distribution in
the absence of discrimination second-order stoidadigt dominates the unadjusted conditional
distribution. This share describes how many wonrerdécriminated against, independently of the
chosen concave utility function. An assessmentiséromination testing for stochastic dominance
has been used by Millimet and Wang (2006).

This Paper is organized as follows: section 2 dises the proposed approach and derives the
discrimination indices. Section 3 outlines the tie¢ical underpinning to the relationship between
segregation and wage differential. Section 4 dbesran empirical analysis, where our approach is
applied (also describing our adopted estimatioatetyy), and an evaluation of the effect of
segregation on the gender wage differential. Se&imakes concluding comments.

2. The certainty equivalent wage and stochastic domimee for measuring wage
discrimination

The wage equation model we consider is the follgwin



log(Ws) = Z.’Siﬁg + &si esi~N(0; o)  (S=M,F) (2)

whereW; is the hourly wage of individudlof genderS (S = M for male andS = F for female),
Z; is his/her vector of individual characteristig; is the parameter-vector of coefficients agd
is the random component.

As the random variabldog(Ws;), conditional on individual characteristics, is maily
distributed, thd/Vs; random variable has a log-normal distribution. &llew for heteroscedasticity
in model (2), assuming that the variance of thatercomponengs; can differ among observations,
according to individuals’ characteristics. More gelly, we can assume that every conditional-to-
individual-characteristics quantilg, (Ws;|Zs;), of the ordem, can be expressed as a function of the
explanatory variables:

QyWgsilZg) = ZfS'iﬁsg 3)
We adopt a common utility function for wage, detirees:
Wl—T . (4)
uw) =1 T=p  Yr*!
log (w), ifr=1

wherew is the received wage andis a risk aversion parameter. This is a constelative risk

aversion utility function: whem < 0 it represents a risk-loving utility function whivehenr > 0 it
refers to a risk-averse type. As we want to furistaggregate measure of discrimination using this
utility function, and this measure aims at provglia social assessment of discrimination in the
labour market, we prefer to use> 0, thereby assuming that most people are risk-averse

The expected utility function for individualof genders is:
+oo 11 5
( J %dASi(w)dw, ifr#1 ®)
Ursi(As) = { o
kf log (w)dAs;(w)dw, ifr=1
0

where Ag; (+) is the log-normal conditional cumulative distrilout function of the wage of an
individual i of genderS. The certainty equivalent waggg;, that is, that wage that an individual
would view as equally desirable to his/her riskygeacan be obtained by solving the equation

U(Crsi) = Ursi(Agy):
Crsi = exp [ZsiBg + (1/2)(1 —)0%] (6)

The discrimination measures we wish to define @sell on the definition of the adusted-for-
discrimination certainty equivalent wage. It is ttertainty equivalent wage of a women facing a
wage distribution with male parameters, which isidibonal to her characteristics. Thus, this
theoretical wage is the certainty equivalent wageva@aman would obtain if she were not
discriminated:

Ri = exp|ZpiB,, + (1/2)(1 —1)o%] (7)

Thus a woman can be defined as being discriminatdhst ifR,; > C,;, that is, if the certainty
equivalent wage is higher in the absence of digoation than her unadjusted certainty equivalent
wage.

A relative measure of discrimination experiencedibbyoman can be obtained as:

Ry — Crpy (8)
Rri

This measure can be used to obtain the followisgranination index:

dri =



Np
D= (/NDY " d ©)

whereN; is the number of women in the analysis.

The values ofd,;, and accordingly the resulting,,, depend on the chosen risk aversion
parameter. It would be of interest to know if a woman candmmsidered as being discriminated
against for each value af> 0, so that her discrimination status does not dementhe analyst’s
subjective choice of. The requisite concept is that of second ordechststic dominance (Quirk
and Saposnik, 1962; Hadar and Russell, 1969; HaaadhLevy, 1969; Rothschild and Stiglitz,
1970, 1971). Formally, given two probability dibutionsF and G, distribution F stochastically
dominatesG in the second order sengeSSD G) if and only if the expected utility/ (F) of F is
greater or equal to the expected utilitgG) of G for all utility functionsu(-) € U, employed in the
calculation of the expected utilities (with stricequality for someu(-)), wherell is the set of
utility functions with du(x)/dx > 0 and d?u(x)/dx? < 0. According to a theorem by Levy
(1973), which is valid in the context of log-nornditributions, the log-normal distribution with
parametersZy.;By; o5;) second-order stochastically dominates that ofmatars(Zy;B; o7 if
and only if all the following conditions hold:

( Z;TiﬁM > Z,Fiﬁp (10)
O < OF;
ZpiBy — ZriBy = (1/2)(0%; — oky:)
In order to enrich the information provided by tHiescrimination measurd, we define the
following index:

_s() (11)
=Ny

where:

s(i) = {1, if Ap; SSD Ap; (12)
0, otherwise

Thus, the indexXS describes the share of women which can be comsides being discriminated
against according to all utility functions of tygé) with » > 0, for which du(x)/dx > 0 and
d?u(x)/dx? < 0.

3. Relationship between segregation and wage differaat

Occupational segregation is generally understodii@segmentation of occupations (or sectors of
economic activity) on the basis of workers’ genffemker, 1997; James and Taeuber, 1985). The
classic measure to overall segregation is the gagjom index by Duncan and Duncan (1955),
which measures the dissimilarity between the distron of the two genders among occupations.
Many other measures have been proposed in theatliter in attempting to solve specific
methodological issues (Moir and Selby-Smith, 19K8rmel and MacLachlan, 1988; Hutchens,
2004). Desirable properties of segregation indi@es also been described by Hutchens (2001).
The phenomenon of segregation can be due to: eewgfopractices (Becker, 1957), gender
differences in human capital endowments, labouketdorces (Blau and Jusenius, 1976), personal
constraints (for example, household responsitsliae regards childcare and care for the elderly)
and preferences. Other definitions of segregatiam loe offered which hinge on the source of
segregation itself. For example, one could be @stexd in measuring that part of segregation which
cannot be explained by human capital charactesistiat is, the segregation due to occupational
discrimination (Aslund and Skans, 2005, 2007; Kal#®00). Another common distinction is that



between horizontal and vertical segregation, wltleeelatter most properly refers to the different
distribution of men and women among occupation wérious degrees of skill, responsibility or
payment (Hakim, 1981, Watts, 2005). Vertical segteg can be explained by the presence of
glass ceiling a subtle but pervasive barrier to the advancewfewbmen in the career ladder.

Clearly, there is a relationship between segregaiiad wage differentials, as the more women
are concentrated in poorly paid occupations, theetotheir mean wage is. A theory explaining
aspects of segregation and wages is provided bgwuderowding hypothesisy Bergmann (1971,
1974). If the labour market consists of sector A aector B, and employers discriminate women in
sector A (in the sense that they prefer to empleyp)nthen women will move to sector B and thus
‘overcrowd’ it. This supply pressure will deflateages in sector B, while inflating wages in sector
A, thereby reducing the mean wage of women (whonawee concentrated in the low-paid sector
B). As men and women are equally paid when theyratiee same sector, it should be noticed that
there is no wage discrimination in either sectoorAsector B and discrimination in employment is
the source of the wage differential.

4. Estimation strategy and empirical analysis

4.1 Data and variables

The data used in the empirical analysis has bdemtiom the European Statistics on Income and
Living Conditions (Eu-Silc) 2006 data set for Italiffhe sample employed in the analysis includes
8,559 male and 6,684 female employees. Explanatangbles used in the estimation of the log
hourly wage equations argears of educatignyears of work experienceéhe square of years of
work experience weekly worked hoursoccupation (dummy variables set with ‘elementary
occupations’ as reference category, using the oiggt dSCO-88 COM classification of
occupations)economic activitdummy variables set with ‘agriculture, huntingdaiorestry’ as
reference category, using the NACE Rev. 1.1 clasdgibn of economic activities) an@gion of
residencgdummy variables north and centre with the soutteBesence category).

4.2 Testing for thelog-normality of conditional wage distributions

The first step in the analysis is to assess thentygnality of the conditional-to-individual-
characteristics hourly wage; this is equivalentagsessing the normality of the conditional-to-
individual-characteristics log-hourly wage. In arde perform this step, we can take advantage of
the well-known probability integral transformatidimleorem, in the way it was also employed by
Machado and Mata (2005). According to this theoréra,random variabl€~1(U) has distribution
F, given a cumulative distributioA and a uniformly distributed random varialile defined as

[0; 1]. For each gende¥ = M, F, we generate a random sam{)d??};nzl of sizem = 300 from a

uniformly distributed population with parametéges 1]. Thereafter, we estimate = 300 quantile
values of ordet); by using quantile regression analysis (Koenker Bassett , 1978); the quantile
values are conditional to several combinationsegfessors. This obtair{éej(wsﬂzﬁ)}r,n L which
]=
represents a simple random sample (of size 300) from the estimated conditional distribution

ng(ng-IZSi) , that is, the estimated conditional quantile afes 8;. Finally, we use these samples

to graphically test distribution normality by measfstandardized normal probability plots.

Clearly, it is not possible to test the normalifytlee log-wage variable for every combination of
regressors and we have, therefore, chosen onlyoPdbioations we consider significant and
reported them irrable 2 In defining the combinations reported Table 2 we have considered

! Official code of the data set: IT-SILC XUDB 2008pril 2008



various levels of explanatory variables. Two levés education and experience have been
considered: the first level is given by the mean value of the variable minnge standard
deviation; the second level is the mean value of the same variable plus ceedard deviation.
Mean values and standard deviations are sepacakeylated by gender. We have defined three job
categories: job category A is composedlaint and machine operators, and assemblers emgloye
in the industry sectgrcategory B containgublic sector clerksand category C comprisesdustry
managers We have considered two regions, the north andsdgh of Italy, omitting the central
regions. The value for weekly worked hours has mstto the mean value of the whole sample,
that is, the sample including men and women.

Figure 1 shows the standardized normal probability plots tleé log-wage distributions,
conditional on the aforementioned 24 regressor coations, calculated for the male sample;
Figure 2describes the results for the female sample. Fobserving these plots, we can generally
positively conclude the assumption of the normality the conditional log-wage and, as a
consequence, the log-normality of the conditionagye; even if some distributions do not appear to
be normally distributed. These results support d@pelication of methods and formulae from
Section 2 with sufficient approximation.

4.3 Estimating conditional standard deviation

The second step in the analysis is the estimatidheoconditional to individual characteristic
standard deviation of the erratic component of libgwage models. lfsg;~N(0; oZ;) then
log(Ws;i|Zs))~N(Zs;Bs; 0%;), while 6; depends on the levels of regressors, as is impid3).
From standard statistical theory, is well-knowntthkize difference between the mean and the
guantile corresponding to the inflection point oh@mal distribution is the standard deviation of
the distribution, and we can thus exploit this @by by defining a simple consistent estimator for
Og;.

Gesoi = (1/2)[Qar1)(Wsil Zsi) — Qao—1) Wei| Zsy) | (13)

where ®(-) is the standard normal cumulative functiah(+1) = 0.841 and ®(—1) = 0.159.
Regression coefficient estimates of the modelsaijolg the log-wage quantile of ordéx(+1)
and log-wage quantile of ordén(—1) are reported ifTable 1

Indeed, many consistent estimators for the samenpeter could be defined, as for example
QoryWsilZs) — Qos(Ws;|Zsy), therefore the choice is quite arbitrary. A nomapaetric
approach could be the calculation of the standadation based on the simulated log-wage
distribution, conditional on to the individual clateristics of each observation in the sample. This
estimation strategy would be very computer-intemsbecause 8,559 distributions for men and
6,684 distributions for women would need to beneated in our analysis. It is, therefore, preferable
to use this approach only for the log-wage distidns which are conditional to the our 24
combinations of regressor values. We display threesponding estimate®.s,; of the simulated
approach in Table 2 to compare them with the adtérad,g,; estimates. No significant differences
have emerged in the comparisons between the tvimatsts and we interpreted that as partial
evidence for the validity of our approach.

From Table 2we can observe a positive, albeit small, effecedfication and experience on
standard deviation. Industry managers display tleatgst standard deviation but it is considerably
reduced in the case of high educational level apggence. In most cases men demonstrate greater
standard deviation than is the case with womenthisdoccurs mainly when consideri@sp;
estimates. The standard deviation relating to ththsas the region of residence is greater than tha
for other regions.



4.4 Evaluating wage discrimination

The final step in the analysis is to estimétg; andR,; in order to estimate the discrimination
measuresD,. and S and thus evaluate discrimination in the Italiabolar market. Consistent
estimators foC,.;; andR,; are the following respectively:

Crri = exp | ZpiBy + (1/2)(1 = 1)rgi (14)
and
R = exp |ZyiB), + (1/2)(1 = 1)8ugi| (15)

where,, andB are OLS estimates for the regression coefficehéjoation (2) for the male and
the female group respectively. Usifig-; andR,;, we can construct consistent estimai@drsands,
for D, andS respectively, which are simply based on formu®safd (11).

Table 3shows the values of estimatBg, when different values of the aversion parametare
used, according to educational level, years of wexgerience and region. These variables were
employed in the analysis to evaluate the degredisarimination for different levels of human
capital characteristics and residency regions.example, this analysis could provide insights for
evaluating if more or less educated women are ptoriee discriminated against or if a region is
more unfavorable to women than another.

The value for theD, index was 0.114 when the discrimination evaluaticas based on the
aversion-valuer = 1. An interpretation of this result is that the ad@d-for-discrimination
certainty equivalent wage is, on average, highemtiil.4%, than the unadjusted certainty
equivalent wage. In other words, the certainty eajent wage relating to the conditional wage
distribution which women would have if they were descriminated against is, on average, 11.4%
higher than the value for the conditional wagerithation they currently enjoy. It is worth noting
that this evaluation is not based on the mean saloke the adjusted and unadjusted for
discrimination conditional wage distributions, bant the corresponding whole distributions, and
thus this can be consideredistributional approach Moreover, this approach takes into account
the risk-dimension of wage, which is neglected theodistributional approaches.

Many values of the risk-aversion parameter couldubed. We have limited our analysis by
using values corresponding to risk-averse utilipzndtions. TheD, index value only ranges
marginally, from 0.147 to 0.149, when the risk-a@n parameter ranges fram= 1 tor = 4. The
greatest variation, which was determined by a changhe risk-aversion parameter, occurred for
the south of Italy, where th&. index range from 0.114 to 0.137.

The discrimination intensity generally increasethvimcreasing working experience, and this is
probably a consequence of the presence giss ceilingeffect on the Italian labour market (see
U.S. Glass Ceiling Commission (1995) for a defomtiof glass ceiling. Thus, women’s wages
decline as compared with men’s with equal humantalapndowments during career progression.
Education plays an inverse role on the discrimomatexperienced by women, as increasing
educational level is associated with a reductiondiscrimination. By taking into account the
empirical relationship which was observed betweadircation and discrimination, we could suppose
that this phenomenon might assist women to redutard discrimination because increasing
numbers of female graduates are entering the labauket.

While the evaluation of discrimination ranged fr@m55 to 0.145 for the north and from 0.156
to 0.165 for the center, the value for the index went from 0.114 to 0.137 for the south. Thus
discrimination in the south appears to be less thanfor other regions. Finally, it is interestity
note that the south of Italy provides researcheth an unusual case where the gender wage
differential is in favor of women (the unadjustedemge difference for the hourly wage is -0.227
euros).

Table 4 shows the share of women, who are second ordehadtically dominated, by
educational level, experience and region. This migakanalysis is not intended to provide a
measure of the intensity of discrimination, but tistewal information which could be



complementary to results for tH& index and provide easily interpretable statistio&rmation.
The overall value for Italy of 0.440 means that 4dP4talian women are discriminated against in
the sense that they would prefer to be paid as Werg men, and this is true for every aversion
parametenr > 0 of the utility function. The south of Italy hasetlgreatest share of second-order
stochastically dominated women, while the index reveals that the south is characterizedchby t
least degree of discrimination. These results sstgg@av multifaceted the analysis of discrimination
can be and the pervasive effects of discriminati@spite its possibly low intensity.

The discrimination analysis was conducted by mednsalculating the shares of women, who
are second-order stochastically dominated, by duunzd level and experience. The results
revealed a similar pattern to those found for Eheindex. Indeed, education once again reduces
wage discrimination while experience generally getalfavor it. The latter phenomenon could be
interpreted as a clue to the presence of a glabsgceffect against women in the Italian labour
market.

4.5 Effects of segregation on wage differential

In this sub-section we will attempt to evaluate lsBgregation can have an impact on the gender
wage differential in the Italian labour market.

The Treiman and Hartman (1981) decomposition (Tptdyides a rough measure of the impact
of segregation on the gender wage differential.sTécomposition has two variants which
decompose the same absolute wage differentialantonter-occupational component, that is, the
part explained by the different distribution of mand women among occupations or sectors, and
the intra-occupational component, that is, the maplained by gender wage differentials in
occupations or sectors. We can label the firsiavdirasdecompositio\, which is defined as:

Wy —Wr=Wy(Py—Pp)+ (Wy—Wg) P (16)
and the second aecompositiorB, defined as:
Wy —Wp=Wg(Py—Pp)+ Wy —Wg) Py (17)

where P,, and P, are the column vectors of the relative frequen@ésnen and women in
occupations (osectory respectively and#,, andW  are the column vector of mean wages in
occupations (or sectors) respectively. The inteupational component is given W, (P, — Pr)

in decomposition A and bW (P,, — Pr) in decomposition B; the intra-occupational comptrie
given by(W,, — Wy)' Py in decomposition A and b§,, — Wy)'P,, in decomposition B.

In order to understand the T-H decomposition, ifulsto pay attention to two extreme labour
market configurations. WheP,, = P, no segregation is present in the labour marketla@ wage
differential is entirely explained by wage diffeoes inside occupations; conversely the wage
differential is fully explained by segregation whdh, = W..

In terms of computation, we notice that the T-Haideposition is a B-O decomposition where
the separately estimated by sex regression wagelsmdd not contain the constant term and all
explanatory variables are occupational dummies. fveagesW,, and W correspond to the
estimated beta coefficients of the B-O decompasidaadP,, and P, correspond to the vector of
mean individual characteristics of the B-O deconitpms

We can use the T-H decomposition to provide amairgind approximate picture of the effect
of occupational segregation on the gender wagerdiitial in the Italian labour marketable 6
reports the results of the T-H decomposition (\w@rsiA and B), using occupations and economic
sectors, applying it to Italy and its macro-regioBsth occupational and sector analyses reveal that
contrary to conventional wisdom, segregation hag®sitive impact on the relative-to-male mean,
female wage (estimates of the inter-occupationahpmments are all negative). For example, the
absolute difference between male and female mege waltaly is 0.641 euros; according to the T-
H decomposition, the effect of the differences sBge inside occupations is 1.157 euro while -0.516
is the effect of segregation. This result can bgr@aamately interpreted in the following way: the



wage differential would be 0.516 in favour of womiérthere were no gender wage differences
inside occupations. Indeed, it must be stressedthis methodology does not control for human
capital endowments and it does not provide clefarimmation regarding discrimination. However,
these results provide an initial glance about tineaict of segregation on wages.

In order to enhance our understanding about thetioekhip between segregation and wage
differentials, we can analyze the relation betwe®gle mean wage in occupations (or sectors of
economic activities) and the female representattin, calculated as:

FRR; = (F;/N)/(F/N) (18)

where F; is the number of female employees in occupati@ct(s) i, N; is the total number of
workers (men and women) in occupation (sectpf) is the total number of female employees in
the labour market and are the total number of employees in the wholeuabmarket. The
relationship between the mean wage of male wortemsumed to be the non-discriminatory group)
and the female representation ratio in occupati@estors) are plotted ifigure 5 No clear
relationship appears between the two measures anthm therefore, consider this as indicator of
the not negative impact of segregation on wagedifftials. Anker (1998) classifies occupations as
male dominatedFRR; < 0.5), gender integrated0.5 < FRR; < 1.5) or female dominate¢FRR; >

1.5), and thus we can conclude that occupations artdrsen Italy are almost ajjender integrated
andfemale dominated_ow levels of segregation in the labour marketehalso been observed by
the European Commission (2009a, 2009b). Integritiedur markets do not only have positive
features. Bettio (2002) has discussed the negatiationship between segregation and the female
employment rate in the European labour market, imclv the advantages of the low level of
occupational segregation in ltaly is counterbaldnty the disadvantages of its low female
employment rate.

In order to provide a more complete picture of ithpact of segregation on wage differentials
and discrimination, we repeat our wage discrimoratanalysis in an expected utility approach
using a reduced set of explanatory variables irmtage equations. The reason for this estimation
choice lay in the opportunity to hold constant otilg variables that are not determined by the
underlying discrimination process, as highlighted @ain (1986); we have, therefore, omitted
occupational dummies, sector dummies and weeklhkedhours. This estimation strategy is the
same used in the seminal paper by Oaxaca (1973rewh full-scale model and a personal
characteristics model are estimated. For the effetiie inclusion of occupational dummies and the
choice of the occupational aggregation level oimeged discrimination, see Kidd and Shannon
(1996).

The explanatory variables included in the reducedets areyears spent in educatiplength of
work experience in yearshesquare of years of work experienaedregional dummiegthe north
and center of Italy, with the south as a referentale 7shows the estimated standard deviation of
the erratic component of the reduced quantile méatekight regressor combinations. In order to
form these combinations we used two educationalsefiow and high) and two levels of work
experience (low and high), as defined in Secti@) dnly the north and south levels relating to the
region categorical variable were used. Standardatiens are estimated by means of #g,; and
Gesp; €stimators. A high degree of normality conditionswabserved for the male case: the null-
hypothesis of normality was not refused in sevesesaut of eight, according to the Shapiro-Wilk
(1965) normality test at a 5% significance levebwéver, the results of the application of this test
are merely indicative because the sample obtainexigh the use of the integral transformation
theorem cannot be considered to be a proper a sinpldom sample from the true underlying
distribution; indeed, the sample is obtained bygsin estimated (and, therefore, not true) inverse
cumulative probability distribution. Standardizedrmal probability plots for simulated male log-
wage distributions, shown iRigure 3 confirm the accurate approximation to normalribstion.
The same cannot be said for female distributioee Esgure 4, which are negatively skewed,
displaying higher deviation from normality. Furthrere, the estimate®y; andd,sp; appear to be
quite different from each other and we can intdrgites as a consequence of the non-normality of



distributions. In spite of this result, the discim@tion indicesD,. andS were estimated and results
displayed in Table 8 and 9 respectively The disgration indexD,. appeared generally lower than
that calculated using the full models and we imsigrd this as a positive effect of segregation on
the gender differences in wages. However, a conmgiéany picture is provided by the second-
order stochastically dominated share of women, raacg to reduced modelg4ble 9, which is
often 100% in the sub-samples under analysisnit tteerefore, be stated that discrimination against
women remains a pervasive phenomenon, but its dityens lower than the discrimination
measured by using the full set of variables.

5. Conclusion

The expected utility approach is based on the asim of two conditional-to-individual-
characteristics wage distributions for each wonmathé sample: the unadjusted distribution and the
adjusted for discrimination distribution. Discriration emerges from the comparison between the
two conditional distributions, while other methofty evaluating discrimination hinge on the
conditional expected wages only. Conditional disttions are compared on the basis of certainty
equivalent wages, that is, the wage which makendividual indifferent between that wage and the
risky conditional distribution. This comparisonbased on an expected utility function which is
assumed to be the same for each individual.

Although evaluating discrimination according to tepected utility approach depends on the
chosen utility function, this approach provideswith a wealth of information, for two reasons: 1)
individuals are not only interested in the expeotehe but in the entire distribution, and other
moments of the distribution can affect their ufilithus a utility approach is useful for analyzing
discrimination; and 2) many utility functions cae émployed in the same analysis, making explicit
the socially, evaluative choice of the researchie second-order stochastic dominance criterion
provides further information regarding discrimimatj permitting us to estimate the share of women
who are discriminated against regardless of thes@ma@oncave utility function. We suggest using
this as auxiliary information in the analysis bug would like to underline that it does not measure
discrimination intensity.

Our method works well when conditional to indivitlgharacteristic wage distribution are log-
normally distributed. We have tested this distiimitform and established that it can be often
assumed with reasonable approximation. Howeverre®f the opinion that the choice of the most
appropriate theoretical distribution is a matter jafigment. Nevertheless, the expected utility
approach is quite flexible and we believe it carapplied by assuming different wage distributions
or a non-parametric framework. The empirical analjer the Italian labour market revealed some
interesting findings: 1) female discrimination ieases with work experience and we interpreted
this as a consequence of tjlass ceiling 2) the impact of discrimination is inversely letk with
educational level and we consider this as progmswomen as their educational level is currently
increasing; 3) the ltalian labour market concealssterable regional differences; 4) segregation
and discrimination in employment have less impdwnt pure wage discrimination; and 5)
discrimination intensity and the diffusion of disomation (measured by the share of discriminated
against women) are two different viewpoints, bdtlwbich should be monitored.



Tables

Table 1 — Estimations of the coefficients for theull regression models

men women
®d(+1) ®(—1) OLS ®(+1) ®(—1) OLS
education 0.0285***  0.0196*** 0.0263*** 0.0271%** 0.0237** 0.0244
(0.0020 (0.0019 (0.0014 (0.0018 (0.0022 (0.0015
experience 0.0276*** 0.0333*** 0.0316*** 0.0157*** 0.0268** 0.0210***
(0.0018 (0.0018 (0.0013 (0.0019 (0.002) (0.0017)
experience (squared) -0.0004*** -0.0006*** -0.0005*** -0.0001* -0.0004** -0.0003***
(0.0000 (0.0000 (0.0000 (0.000) (0.000)) (0.0000
weekly hours worked -0.0097*** -0.0113**  -0.0102*** -0.0125%*=* -0.0067** -0.0097***
(0.0008 (0.0009 (0.0007) (0.000¢) (0.0008 (0.000¢)
occupation 1 0.7407**  0.3246*** 0.5031*** 0.5923*** 0.3292** 0.5233***
(0.0400 (0.0429 (0.0398 (0.0493 (0.0582 (0.0607)
occupation 2 0.5283***  (0.3449*** 0.3888*** 0.4528*** 0.3897** 0.4279**
(0.028¢) (0.0318 (0.0226 (0.0246 (0.0319 (0.0233
occupation 3 0.2430*** 0.2255*** 0.2159*** 0.2291*** 0.3143* 0.2713***
(0.023) (0.0239 (0.0160 (0.019) (0.0235 (0.017)
occupation 4 0.1144*** 0.1398*** 0.1090*** 0.1529*** 0.3115* 0.2410***
(0.0245 (0.0245 (0.0162 (0.0219 (0.0247) (0.0179
occupation 5 0.1826***  0.1680*** 0.1529%** 0.0624** 0.1943** 0.1384***
(0.0282 (0.028) (0.0189 (0.0222 (0.0279 (0.019¢)
occupation 6 0.0609 0.0861 0.0488 -0.0841 0.0941 0.0346
(0.045) (0.0483 (0.0350 (0.0585 (0.074) (0.0515
ocupation 7 0.0470* 0.0898*** 0.0517*** 0.0319 1202** 0.0678**
(0.0225 (0.0223 (0.0143 (0.0272 (0.0323 (0.023¢
occupation 8 0.1050*** 0.1292*** 0.0926*** 0.0534 0.195%* 0.1387***
(0.023) (0.0234 (0.0152 (0.0292 (0.0342 (0.0230
occupation 9 0.3317**  (0.2949*** 0.3039*** 0.0928 0.2288 0.1868
(0.0404 (0.0415 (0.0260Q (0.1403 (0.1698 (0.1647)
economic activity 1 0.1546***  (0.2178*** 0.2000%** 0.0146 0.2096* 0.1284***
(0.033) (0.0353 (0.0248 (0.0358 (0.0439 (0.0352
economic activity 2 0.1613*** 0.1725*** 0.1762*** 0.0255 0.177F 0.0914
(0.0355 (0.0376 (0.0258 (0.0550 (0.0669 (0.0543
economic activity 3 0.0717* 0.1175** 0.0831** a388 0.1476 0.0573
(0.0369 (0.038) (0.0268 (0.0364 (0.0458 (0.0360
economic activity 4 -0.0550 0.0389 -0.0402 -0070 0.0472 0.0051
(0.0499 (0.0505 (0.0373 (0.041¢) (0.0514 (0.0412
economic activity 5 0.2191**  0.2667*** 0.2459%** 0.1390** 0.2317** 0.2079***
(0.0369 (0.039) (0.0273 (0.0449 (0.0539 (0.0429
economic activity 6 0.3862*** 0.4196*** 0.4031*** 0.2565*** 0.2645** 0.2778***
(0.0450 (0.045) (0.032¢ (0.041¢ (0.0508 (0.0420
economic activity 7 0.0594 0.1018* 0.0806** -0106 0.127% 0.0450
(0.0402 (0.0415 (0.029) (0.037) (0.0460 (0.0372
economic activity 8 0.1499**  0.2660*** 0.2153*** 0.1171* 0.3418* 0.2360***
(0.0364 (0.0382 (0.0263 (0.0372 (0.044¢) (0.035¢)
economic activity 9 0.1594**  (0.2651** 0.2239%** 0.1681** 0.39006** 0.3290%***
(0.0420 (0.0452 (0.0306 (0.034) (0.043) (0.034)
economic activity 10 0.2519***  (0.2814*** 0.2688*** 0.0891* 0.2556* 0.1987***
(0.0390 (0.0422 (0.0298 (0.0359 (0.0439 (0.035)
economic activity 11 0.1693***  0.1226** 0.1380*** -0.0584 0.0718 0.0140
(0.0372 (0.0389 (0.0282 (0.0349 (0.043( (0.035)
north 0.11571%* 0.1429%* 0.1292%* 0.0621*** 0.1420** 0.1066***
(0.0123 (0.012) (0.0085 (0.0123 (0.0153 (0.0112
center 0.0612%** 0.0993*** 0.0844x** 0.0386** 0.0816** 0.0587***
(0.0143 (0.0145 (0.009) (0.014) (0.01723 (0.0125
constant 1.9442%*+* 1.4466*** 1.6546*** 2.1572%** 1.0379** 1.5846***
(0.0520 (0.0533 (0.039) (0.0439 (0.0533 (0.044)

Note The labelb(+1) column contains the estimated coefficients ofltigewage quantile model of the ordéf+1) = 0.841. The
label ®(—1) column contains the estimated coefficients of ldggwage quantile model of the ordé(—1) = 0.159. The OLS
label contains the estimated coefficients of thpwage model (2), which are estimated by meansl®.Cstandard errors aie
parentheses. Occupations: 1 legislators, seniarialff and managers; 2 professionals; 3 technicasassociated professiosiad
clerks; 5 srvice workers and shop and market sales workesili@d agricultural and fishery workers; 7 crafid related trad
workers; 8 plant and machine operators and assesnlermed forces. The reference for the occupationmy set iglementar
occupationsEconomic activities: 1 industry; 2 constructi@wholesale, retail trade and repair; 4 hotelsrasthurants; 5 transgpr
storage and communications; 6 financial interméutiat7 real estate, renting and business activiepiblic administration ar
defence, compulsory social security; 9 educatidhhéalth and social work; 11 other activities. Th&rence for the econdc
activities dummy set iagriculture, hunting and forestry



Table 2 — Estimated standard deviation of the errat component of the log-wage equation for various
combinations of regressor values (full models)

6-ESQL' 6eSDi
education experience job region men women men wem
1 L L A north 0.239 0.231 0.249 0.252
2 L L A south 0.253 0.271 0.267 0.295
3 L L B north 0.212 0.208 0.239 0.207
4 L L B south 0.226 0.248 0.258 0.250
5 L L C north 0.459 0.434 0.454 0.453
6 L L C south 0.473 0.474 0.471 0.492
7 L H A north 0.237 0.200 0.240 0.232
8 L H A south 0.251 0.240 0.257 0.275
9 L H B north 0.210 0.177 0.227 0.188
10 L H B south 0.224 0.217 0.245 0.230
11 L H C north 0.457 0.403 0.445 0.436
12 L H C south 0.471 0.443 0.461 0.474
13 H L A north 0.272 0.244 0.276 0.263
14 H L A south 0.286 0.284 0.293 0.307
15 H L B north 0.245 0.220 0.263 0.219
16 H L B south 0.259 0.260 0.281 0.262
17 H L C north 0.493 0.446 0.481 0.464
18 H L C south 0.506 0.486 0.497 0.503
19 H H A north 0.270 0.213 0.269 0.243
20 H H A south 0.284 0.253 0.284 0.287
21 H H B north 0.243 0.189 0.253 0.200
22 H H B south 0.257 0.229 0.270 0.242
23 H H C north 0.270 0.213 0.269 0.243
24 H H C south 0.284 0.253 0.284 0.287

Note: L (H) stands folow level variable(high level variablg that is, the sample mean value of variable mijpliss) one samp
standard deviation (mean and standard deviatiorca@ilated separately by gender)jobd is a combination of occupation ¢
economic activity as follows: job A = “Occupatigslant and machine operators and assemblers; Ecoramtivity: industy”; job B
= “occupation: clerks; economic activity: publicraithistration and defence, compulsory social segyrilob C = “occupatior
legislators, senior officials and managers, ecooamtivity: industry”. The value for weekly workéuburs has been set toetmea
value of the whole sample, that is, the sampleuiiolg male and female workers. The valdgg,; andd,sp; are estimates of t
standard deviations of the erratic component ofWage equations, conditional aifferent combinations of regressor values.
estimated,sq; is obtained aél/Z)[Oq,(H) W1 Zsp) — Q¢(_1)(W5i|zsl-)]. The estimat@,g; is the standard deviation based or
simulated conditional log-wage distribution.

Table 3 — Index of discrimination D,. for different values of aversion parameten- by education, work
experience and region (full models)

Italy north center south
Education exps5 exp>5  Tot. exps5 exp>5  Tot. exps5 exp>5  Tot. exps5 exp>5 Tot.
primary r=1 0.115 0.188 0.181 0.126 0.19t 0.191 0.099 0.200 0.186 0.118 0.16¢ 0.160
r=2 0.130 0.198 0.192 0.136 0.20C 0.196 0.109 0.209 0.196 0.146 0.18¢ 0.182
r=3 0.144 0.208 0.203 0.146 0.20¢ 0.201  0.119 0.219 0.205 0.173 0.207 0.204
r=4 0.158 0.218 0.213 0.1550.20¢ 0.205 0.129 0.228 0.214 0.198 0.227 0.225
secondary r=1 0.114 0.157 0.150 0.114 0.16% 0.157 0.123 0.167 0.159 0.101 0.12: 0.118
r=2 0.118 0.158 0.151 0.114 0.16z 0.154 0.130 0.170 0.163 0.114 0.12¢ 0.126
r=3 0.122 0.158 0.152 0.112 0.15¢ 0.151 0.136 0.173 0.166 0.127 0.13¢ 0.134
r=4 0.126 0.158 0.152 0.111 0.15¢ 0.148 0.142 0.176 0.170 0.139 0.147 0.141
tertiary r=1 0.095 0.131 0.123 0.109 0.147 0.135 0.112 0.143 0.136 0.062 0.09¢ 0.090
r=2 0.095 0.128 0.120 0.102 0.13: 0.127 0.115 0.142 0.136 0.066 0.10z 0.093
r=3 0.094 0.124 0.118 0.096 0.12¢ 0.119 0.117 0.141 0.135 0.071 0.10¢ 0.096
r=4 0.093 0.120 0.114 0.089 0.117 0.111 0.120 0.139 0.135 0.075 0.107 0.099
Total r=1 0.110 0.155 0.147 0.114 0.165 0.155 0.120 0.164 0.156 0.091 0.12( 0.114
r=2 0.113 0.155 0.147 0.112 0.16C 0.152 0.126 0.167 0.159 0.102 0.12¢ 0.122
r=3 0.116 0.155 0.148 0.110 0.15¢ 0.149 0.131 0.169 0.162 0.112 0.13¢ 0.130
r=4 0.119 0.155 0.149 0.108 0.15¢ 0.145 0.137 0.172 0.165 0.123 0.14! 0.137

Note:expstands foyears of work experience is the aversion parameter.
Source: Authors’ calculation on the Eu-Silc 20G8i#in data set



Table 4 — Share of second order, stochastically damated women (full models)

Italy north center south
education exps5 exp>5  Tot. exps5  exp>5 Tot. expss  exp>5 Tot. expss exp>5  Tot.
primary 0.719 0.702 0.70¢ 0.587 0.614 0.61: 0.818 0.681 0.700 0.778 0.879 0.870
secondary 0.471 0.438 0.44« 0.34¢ 0.349 0.34¢ 0.551 0.532 0.535 0.653 0.579 0.594
tertiary 0.270 0.370 0.34¢ 0.197 0.289 0.26¢ 0.378 0.405 0.399 0.280 0.485 0.433
Total . 0.432 0.442 0.44( 0.32: 0.355 0.35( 0.521 0.516 0.517 0.552 0.583 0.577

Note:exp stands foyears of work experience
Source: Authors’ calculation on the Eu-Silc 20Q8i#n data set

Table 5 — Estimation of regression model coefficiés (reduced models)

men women
®(+1) ®(-1) OLS Dd(+1) d(-1) OLS
education 0.0584*** 0.0371*** 0.0485*** 0.0666*** 0.0476* 0.0559***
(0.0018 (0.0013 (0.0012 (0.0023 (0.0018 (0.0019
experience 0.0308*** 0.0341*** 0.0342*** 0.0252*** 0.0320** 0.0308***
(0.0019 (0.001) (0.0013 (0.0028 (0.0022 (0.0019
experience (squared) -0.0004*** -0.0005***  -0.0005*** -0.0003*** -0.0005** -0.0004***
(0.0000 (0.0000 (0.0000 (0.000) (0.0002 (0.0002
north 0.1010*** 0.1719%* 0.121 7% -0.0121 0.166'* 0.0779***
(0.0128 (0.0115 (0.009) (0.0188 (0.0162 (0.0128
center 0.0568*** 0.1186*** 0.0739*** -0.0295 0.076%* 0.0270
(0.015) (0.0139 (0.0107) (0.0213 (0.0189 (0.0143
constant 1.5347*+* 1.0760*** 1.2853*** 1.4811%*+* 0.8785* 1.1573***
(0.0289 (0.0223 (0.0199 (0.0410 (0.0323 (0.0260

Note: Thelabel®(+1) column contains the estimated coefficients ofltigewage quantile model of the ordéf+1) = 0.841. The
label ®(—1) column contains the estimated coefficients ofltgewage quantile model of ordér(—1) = 0.159. The OLSlabe
column contains the estimated coefficients of tgewage model (2), which are estimated by mear@L&. Standard errors are
parentheses.

Source: Authors’ calculation on the Eu-Silc 20Q8i#n data set

Table 6 — TreimanHartman decomposition of gender wage differential § occupation and sector ¢
economic activity

occupational analysis

decomposition A decomposition B
Italy north center south Italy north center south
inter-occupational component -0.516 -0.321 -0.493  0-87¢ -0.695 -0.439 -0.56¢ -1.415
intra-occupational component 1.157 1.340 1.433 0.64¢ 1.336 1.458 1.50¢ 1.188
gender wage differential 0.641 1.018 0.940 0.22% 0.641 1.018 0.94( -0.227

sector analysis

Decomposition A Decomposition B
Italy north center south Italy north center south
inter-sector component -1.164 -1.130 -1.234 143 -0.663 -0.585 -0.67: -0.868
intra-sector component 1.806 2.148 2174  1.20¢ 1.304 1.604 1.61: 0.640
gender wage differential 0.641 1.018 0.940 0.22i 0.641 1.018 0.94( -0.227

Note: Wages are expressed in euros. Occupi used in the analysis are: legislators, senior iaficand managers; profession
technicians and associate professionals; clerkgiceavorkers and shop and market sales workers; skiggéetultural and fishe
workers; craft and related trades workers; plamt @achine operators and assemblers; elementarpations; thearmed force:
Economic activities used in the analysis are: afftice, hunting and forestry ; industry; constranti wholesale, retail trade ¢
repair; Hotels and restaurants; transport, stomge communication; financial intermediation; reatage, renting and bumgs:
activities; public administration and defence, caifapry social security; education; health and daeak.

Source: Author’s calculation on the Eu-Silc 20G8i#én data set



Table 7 — Estimated standard deviation of the errat component of the log-wage equation for various
combinations of regressor values (reduced models)

6€SQi 6SSDL'

education experience region men women men women
1 L L north 0.264 0.277 0.273 0.334
2 L L south 0.299 0.366 0.316 0.430
3 L H north 0.276 0.267 0.282 0.332
4 L H south 0.311 0.356 0.324 0.428
5 H L north 0.343 0.347 0.344 0.375
6 H L south 0.378 0.436 0.386 0.471
7 H H north 0.355 0.337 0.354 0.373
8 H H south 0.390 0.426 0.396 0.469

Note: L (H) stands folow level variable(high level variablg that is, a sample mean value of variable mimlssj one samp
standard deviation (mean and standard deviationacalated separately by gender). The valijgg; andd.sp; are estimates of t
standard deviations of the erratic component ofdgevage equations, conditional on various contina of regressor valueshe
estimated,sq; is obtained aél/Z)[Oq,(H) W1 Zsp) — O¢(_1)(W5i|zsl-)]. The estimat@,g; is the standard deviation based or
simulated conditional log-wage distribution.

Source: Authors’ calculation on the Eu-Silc 20CQ8i#in data set

Table 8 — Index of discrimination D,. for different values of aversion parameten- by education, work
experience and region (reduced models)

Italy north center south
education exps5 exp>5 Tot. expst exp>5  Tot. exps5 exp>5  Tot. exps<5 exp>5 Tot.
primary r=1 0.127 0.133 0.133 0.138 0.14% 0.142 0.137 0.146 0.144 0.099 0.10¢ 0.106

r=2 0.135 0.137 0.137 0.140 0.147 0.141 0.146 0.151 0.150 0.115 0.11¢ 0.119
r=3 0.143 0.141 0.141 0.142 0.14C 0.140 0.154 0.157 0.156 0.132 0.137 0.131
r=4 0.152 0.145 0.145 0.144 0.13¢ 0.138 0.163 0.162 0.162 0.148 0.14¢ 0.144
secondary r=1 0.081 0.100 0.096 0.089 0.107 0.104 0.091 0.109 0.106 0.050 0.06¢ 0.061
r=2 0.088 0.102 0.099 0.089 0.10¢ 0.101 0.100 0.114 0.112 0.068 0.07¢ 0.076
r=3 0.094 0.103 0.102 0.089 0.10C 0.098 0.109 0.120 0.118 0.087 0.09: 0.091
r=4 0.100 0.105 0.104 0.088 0.09¢ 0.095 0.118 0.125 0.124 0.105 0.10¢ 0.105
tertiary r=1 0.033 0.050 0.046 0.046 0.06( 0.057 0.050 0.063 0.060 0.002 0.017 0.013
r=2 0.041 0.051 0.049 0.043 0.05¢ 0.051 0.058 0.067 0.065 0.022 0.037 0.029
r=3 0.048 0.052 0.051 0.040 0.04¢ 0.044 0.067 0.071 0.070 0.041 0.04¢ 0.044
r=4 0.055 0.053 0.054 0.037 0.03¢ 0.038 0.076 0.075 0.075 0.060 0.05¢ 0.059
total r=1 0.072 0.093 0.089 0.082 0.10z 0.099 0.083 0.102 0.099 0.038 0.05¢ 0.054
r=2 0.078 0.095 0.092 0.081 0.09¢ 0.095 0.092 0.107 0.104 0.057 0.07: 0.068
r=3 0.085 0.097 0.095 0.080 0.09¢ 0.092 0.101 0.112 0.110 0.075 0.08: 0.083
r=4 0.091 0.099 0.097 0.079 0.09C 0.088 0.110 0.117 0.116 0.094 0.09¢ 0.098

Note:expstands foyears of work experience is the aversion parameter.
Source: Authors’ calculation on the Eu-Silc 20C8i#in data set.

Table 9 — Second order, stochastically dominated are of women (reduced models)

Italy north center south
education exps5 exp>5  Tot. exps5  exp>5  Tot. expss  exp>5 Tot. expss  exp>5  Tot.
primary 1.000 0.512 0.55¢ 1.00C 0.042 0.10i 1.000 1.000 1.000 1.000 1.000 1.000
secondary 0.668 0.440 0.48( 0.34¢ 0.000 0.05¢ 1.000 1.000 1.000 1.000 0.997 0.998
tertiary 0.274  0.439 0.40: 0.00C  0.000 0.00( 1.000 1.000 1.000 0.000 0.665 0.495
Tot. 0.588 0.444 0.47( 0.29C  0.003 0.05( 1.000 1.000 1.000 0.717 0.927 0.884

Note:expstands foyears of work experience.
Source: Authors’ calculation on the Eu-Silc 2008i#én data set



Figures

Figure 1 - Standardized normal probability plots fa male log-wage distributions, conditional on
various combinations of regressor values (full mods)
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Figure 2 - Standardized normal probability plots for female log-wage distributions, conditionalon

various combinations of regressor values (full mods)
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Figure 3 - Standardized normal probability plots fa simulated male logwage distributions
conditional on to various regressor combinations @duced models)
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Figure 4 - Standardized normal probability plots fa female log-wage distributions, conditionalon
various regressor combinations (reduced models)
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Figure 5 — Female representation ratio and male meawage byoccupation and sector of econom
activity
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