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1 Introduction

Gender differentials in the labor market have obtained much attention from policy makers and
researchers leading to the implementation of equal pay legislation and the promotion of equal
opportunities. However, differences in pay between men and women persist (see for example
Blau and Kahn, 1992, 2003,0,0; Goldin, 2014). Gender-related wage gaps are found in various
subsamples; across sectors and occupations as well as over time and countries. According to
Eurostat, the average Gender Pay Gap (GPG) in the European Union (EU) is at about 16
percent for the last five years. Yet, there are tremendous differences across countries: while
Italy and Portugal have average GPGs well below 10 percent, the differential in Germany, Great
Britain, Estonia and Slovakia, for example, is above 20 percent.

A general finding in the literature is that the difference in pay by gender cannot be entirely
explained by differences in human capital, job or firm characteristics, but that the unexplained
part of the gap is considerably large. Diverse policies (anti-discrimination laws, female board
quotas and family-friendly policies) were implemented in order to fight differences in pay by gen-
der. By decomposing the wage gap of interest for different sub-samples, the literature identified
various causes of the difference in pay between men and women.

Different GPGs are found across time. In particular, declining GPGs are observed with
slower convergence in recent decades (see Blau and Kahn, 2006; England, 2006). The main
reasons for this decline are found to be the catching-up of women in terms of education and
labor market experience (Goldin, 2006), technical development (Black and Spitz-Oener, 2010),
changes in attitudes towards women in the labor market, less occupational segregation (Cotter,
2004; England, 2006; Mandel and Semyonov, 2014) and anti-discrimination laws (Fortin, 2015).
In particular, research has shown that the unexplained part — also known as the coefficient effect
— of the GPG has been reduced subsequently over time (Mandel and Semyonov, 2014).

Differences in pay are revealed also across sectors and in particular in the public and pri-
vate sectors. Moreover, the Public-Private Sector Wage Gap (PPWG) differs for men and
women (Arulampalam et al., 2007; Lucifora and Meurs, 2006; Melly, 2005). In particular, the
difference in pay by gender is generally smaller in the public compared to the private sector

and, regardless of gender, levels in the public sector differ (Lucifora and Meurs, 2006). The



public sector is generally the preferred sector of women due to its fairer recruitment and selec-
tion criteria as well as remuneration schemes and better implementation of anti-discrimination
laws (Gornick and Jacobs, 1998; Grimshaw, 2000; Castagnetti and Giorgetti, 2018).

In general, studies examining changes in the wage gap over time or between groups/sectors
make use either of the Juhn et al. (1991) method (Blau and Kahn, 1997, 2006) or of the double
Oaxaca-Blinder (OB) decomposition (Smith and Welch, 1989). Both methods rely on estima-
tions obtained on different subsamples. However, the conclusions about the drivers of the change
of wage gaps between groups are generally different when estimated directly or when based on
the comparison of results obtained on different subsamples. It is evident that in the second case
- estimation obtained on different subsamples - it is not possible to draw inference on the differ-
ence of the components of interest. Moreover, the standard method, i.e. ex-post comparison of
the decomposition results, does not allow to catch time - (or sector-) and gender-specific effects
that may exist simultaneously, i.e. interactions across gender and time or sector and gender.

In this paper we propose an extension of the OB decomposition (Blinder, 1973a; Oaxaca,
1973) for estimating the difference between two wage gaps. Our approach allows to perform both
the inference on the changes of the wage gap by groups across sub-samples and the comparison
of the different components across time or sectors. For instance, it can be tested if there has
been a significant change in the explained or unexplained part of the decomposition of interest.
Even though most applications of OB can be found in the labor market and discrimination
literature (see Stanley and Jarrell (1998) and Weichselbaumer and Winter-Ebmer (2005) for
meta studies), our method, as for the standard OB decomposition, can be employed to study
(the evolution of) group differences in any (continuous and unbounded) outcome variable.

However, the OB decomposition has several drawbacks. The most cited is the index number
problem: the decomposition is not unique to the choice of the non-discriminatory wage struc-
ture. Solutions in the literature consist in estimating a pooled wage structure (Neumark, 1988;
Oaxaca and Ransom, 1994) or assigning different weights to the two groups (Reimers, 1983;
Cotton, 1988). The intercept-shift approach (Fortin, 2008) generalizes the approach of Neu-
mark (1988) and Oaxaca and Ransom (1994) allowing different intercepts in the pooled sample.

Fortin (2008) re-writes the decomposition of the GPG in terms of advantages of men and dis-



advantages of women by including the group indicator and parameter restrictions. Thereby,
the decomposition does no longer depend on the choice of the non-discriminatory wage struc-
ture. For a recent application, see for example Elder and Haider (2010) and Magnani and Zhu
(2012). However, as Lee (2015) stressed out, the intercept-shift approach of Fortin (2008) set
the reference parameter for the OB decomposition, i.e. the parameter that would prevail in a
world under no discrimination, on the variance difference among categories instead of on the
level difference. Moreover, the reference intercept in Fortin (2008) is arbitrary: the same OB
decomposition holds with different reference intercepts.

A second problem of the decomposition is known as the omitted group problem: in case
of categorical variables the decomposition depends on the choice of the omitted group in the
regression model (see Jones, 1983; Oaxaca and Ransom, 1994).

We show that our decomposition overcomes both the index number and the omitted group
problem. Moreover, our decomposition does not suffer of arbitrary reference intercepts and relies
on the level difference. We illustrate our method by presenting two empirical applications. First,
we examine the evolution of the GPG in Italy from 2005 to 2016. Second, we analyze the PPWG
between women and men in 2016 in Italy. For each application, we compare the standard Oaxaca-
Blinder decomposition to our proposed approach. We expect to find a statistically significant
change in differences in endowments by gender over time as well as a statistically significant
change in differences in remuneration between men and women over time. This may indicate
the effectiveness of anti-discrimination policies. For the analysis of the PPWG we expect, in line
with the literature, to find larger pay gaps for women between the public and the private sector
than for men. Additionally, we expect to find a larger effect of the unexplained component in
the PPWG for women; while differences in human capital may be the main driver of the pay
differential for men, they may not explain the difference in the PPWG for women.

For the first case, the findings of the study reveal interesting differences in results when
applying our proposed estimation methodology compared to the standard approach.! Human
capital and individual characteristics are found to be the only statistically significant driving

force of the convergence of the GPG in the last decade in Italy. On the contrary, by comparing

!That is the OB decomposition and ex-post comparison of the decomposition results.



the different components of the GPGs by OB, differences in returns to observable wage charac-
teristics, often referred to as the ‘unexplained’ part of the GPG, seem to play a role in closing
the gap over the last decade in Italy. For the second case, we can confirm the conclusions drawn

from the comparison

2 Changes in the Gender Pay Gap: Methods in Use in the

Literature

An often used methodology to study labor-market outcomes by groups (sex, race, and so on) is to
decompose mean differences in log wages based on linear regression models in a counterfactual
manner. The procedure is known in the literature as the Oaxaca-Blinder decomposition. It
estimates the wage separately for the two groups and then decomposes the wage differential in

two components; endowments and coefficients.

_ _ ! ~ _/ ~
Ym —Yr = mM,BM - xF,@F

= (Ty — Tp) By + Zp(Bu — Br) (1)

where g is the dependent varaibel (e.g. the log of hourly wages) of group G = (M, F') evaluated
at the mean and Z4 and BG are K x 1 vectors of average characteristics and estimated coefficients
for group G, respectively.?

The first term is the effect due to differences in observable characteristics, such as education
or work experience. As different observed characteristics are expected to have different effects on
earnings, the difference in observed characteristics is also referred to as the explained component

or the quantity effect. The second term is the effect due to differences in returns on observable

2An alternative is represented by the three-fold decomposition that decomposes the wage differential in en-
dowments, coefficients and interactions:

VEEPN

Ym —Yr = EZMBM — ZpPr
= (@y — Zp)Br + T (Bur — Br) + (@ar — Tp) (Bar — Br)

where the last term (interaction term) accounts for differences in endowments and coefficients that may exist
simultaneously between groups.



wage characteristics. This component is generally referred to as the unexplained part or the
price effect of the GPG. The unexplained part is often used as a measure for discrimination,
but it also incorporates the effect of group differences in unobserved predictors.?

The existence and degree of discrimination has been a controversial issue. One of the main
sources of the controversy is that the wage equation cannot include all relevant variables due
to unobservability of skills and individual productivity. Therefore, observationally equivalent
people based on the characteristics in the wage equation may not be truly equivalent (so-called
omitted variable problem). In this case the OB decomposition would over-estimate the degree of
discrimination, as the price effect is now the sum of discrimination and differences in unobserved
characteristics. Based on the OB decomposition, different studies examining changes in the wage

gap over time (or between groups/sectors) make use of the double OB decomposition as proposed
in Smith and Welch (1989):
A(mur —yrr) = [(Zpp — Zyr) — (Tpp — Tae)] B
+ (@pr — Zp) (Bir — Biar)
+ (@pr — Tar) (Brar — Benr)

+ Zppl(Brr — Bra) — Ber — Benr)] (2)

where the subscripts T' and t refer to current-year and base-year, respectively, and A(yar —
yrr) = (Yur — rr) — (Gare — Yre). The first term in (2) measures the predicted change in
group M — F wages that occurs because of differences in observed characteristics over time
T — t that are valued at base-year group M parameter values. The second term measures
group interactions. If individuals in group F are paid less than those in group M for a given
characteristic, (Btp — Bt M) < 0, then individuals in group F will lose relative to group M in the
case of increasing average sets of endowments over time and gender. The third term measures
year interaction and the fourth term measures group-year interaction. The decomposition in (2)
is conducted by comparing parameter estimates on different samples and periods; i.e. inference

cannot be drawn on the single components of the decomposition.

3The unexplained portion of the GPG may include effects of unobserved characteristics such as individual
productivity, motivation or educational quality (Blau and Kahn, 2006).



Juhn et al. (1991) (JMP) proposed a decomposition equation for changes in wage differentials
that explicitly considers the effect of unobserved skills on the gender wage gap. Evaluated at

the sample mean, the wage equation for group G = (M, F') may be written as:

Jo = ZeB + 66a (3)

where B is the estimated parameter vector from a pooled wage regression,? fc: is the mean
standardized residual in group G, and & is the mean standard error estimate, i.e. the average
percentile rank. While B represents an estimate of the vector of observed prices, & is an estimate
of wage dispersion, which is often interpreted as an estimate of unobserved prices (see Blau and
Kahn, 1997 and Gupta et al., 2006) and bc; represents some measure of generally (unobserved)

labor market ability. Given (3), the wage differential between group M and F is:

I — Gr = (Tpy — Tp)B + (Oar — Or)5 (4)

where the first component represents the explained part of the wage gap, predicted gap, and the
second component represents the residual or unexplained part of the wage gap, residual gap.

From (4), the change in the wage gap between years 7" and ¢ is:

A@Gur — Jrr) = BrA@yr — Tpr) + Eyr — Tpr) ABr +

~

gTA(éFT - 9]\;[T) + (éFt - éMt)AfsT (5)

where the first term represents the difference in mean endowments and the second term rep-
resents difference in returns to endowments. The last two terms correspond to the change in

the residual wage gap. In particular, the first term of the residual wage gap has been termed

4The JMP decomposition considers the estimation of one group equation only, namely the non-discriminated
group, assuming that the discriminated group is affected by the same economic forces that influence the wage
distribution of the non-discriminated group. Thus, the estimated prices of measured characteristics are assumed
to affect both groups in the same way, and the residuals are decomposed into a portion reflecting the prices of
unmeasured skills and a portion reflecting the quantities of unmeasured skills, with the former affecting both
groups similarly (Yun, 2009). Therefore, the JMP decomposition relies on two strong assumptions; first, OLS
estimations of one group are unbiased while the OLS estimations of the other group are biased and, second, the
level of discrimination is constant over time. For these issues and for addressing the index number problem, we
present the JMP decomposition in the case of the pooled wage regression.



the ranking effect and can be split between the effect of movements of group F in the wage
distribution after adjusting for changes in human capital characteristics, 3TA(9FT), and the
term —STA(éMT) which is the effect of movements of group M in the wage distribution at time
T after controlling for changes in human capital characteristics. The last term is interpreted as
the dispersion or unobserved prices effect (see Gupta et al. 2006).

However, unlike Oaxaca type decomposition analysis of wage differentials, the JMP method
provides coefficients and characteristics effects only at an aggregate level. Due to this shortcom-
ing, the JMP method cannot be used for the detailed decomposition of the variation in the GPG.
More importantly, as stressed by Suen (1997), the JMP decomposition of wage residuals into
standard deviation (the price of unobserved skills) and percentile ranks (the level of unobserved
skill) is unbiased only when the two measures are independent.

Moreover, Juhn et al. (1991) and Juhn et al. (1993) do not derive the statistic distribution
of decomposition components. Inference on the different components can be conducted by
using the approach in Gupta et al. (2006) where the standard errors are derived. However,
the standard errors are derived under two strong assumptions: (i) the standard deviation and
percentile ranks are independents; (ii) the covariance between estimators in different time periods

is approximately zero.

3 Proposed Decomposition

The method we propose starts from the OB decomposition proposed by Gelbach (2016) that
divides cross-specification differences in OLS estimates of the female coefficient in a path-
independent way. Following Gelbach (2016), we rely on the omitted-variable-bias (OVB)
formula, to consistently estimate the decomposition conditional on all covariates. As in the
standard OB framework, sequencing problem do not occur when using the OVB formula for

decompositions.®

®Indeed, when starting from a base specification and sequentially adding regressors, the order of addition
influences the coefficient estimates.



The Role of the Intercepts

We start by focusing on the role of the intercept terms that are generally attributed to the second
term in (1): (&pr — &p). The difference in the intercepts is often commented as difference in the
starting points. Indeed Blinder (1973b) called this part the unexplained part of discrimination.
However, the interpretation of the difference in the intercepts may not be straightforward: the
intercept coefficients is influenced by the reference group(s) used for the indicator variable(s) in
the model. Moreover, the intercept is influenced by the choice of scale for continuous variables
in the model. Jones (1983) suggests that the problem is so critical that interpretation of the
intercept is arbitrary and concludes that the intercept is uninterpretable.

Relying on the OVB formula sequential decomposition of the wage gap, we propose a different
interpretation of the difference in the intercepts. Consider the following linear model for the
wage regression on the sample composed by both groups of interest. We consider as groups

those composed by males and female, G = (F, M):

y=ta+ Foy+ Xp1+ XFpB2+ e (6)

where ¢ is a vector of ones, F' is a vector of a dummy variable equal to 1 if the individual is
a female and zero otherwise, X is the matrix of regressors, X F' is the interaction effect, and
€1 is the vector of error terms. The specification in (6) represents, by using the terminology
of Gelbach (2016), the full model. Observe that the least squares estimate of &; is equal to:
BF - B A Where

y = 1PBr + XPir + €F for females

and

y = 1By + X B + €y for males

are the two wage regressions for the female and male group, respectively. Observe also that the
difference in the average observed y between the two groups, i.e. §r — s, is given by 4g in the

following regression:



y = 1y + Fyp + €3 for the whole sample (7)

where F' is a vector of a dummy variable for being a female. The model in (7) represents the

base model. The difference between the base and full model reads as:

Ap — dy = ab®e — of !
represents the part of the gap explained by the regressors (X, X F') and can be decomposed as
the sum of two components by means of the OVB formula as shown in the next Section. If

a{u“ would be equal to zero, this would imply that the model explains all the observed GPG.

oz{“” is the part of the GPG that cannot be explained by the quantity and the price effect.
Therefore, instead of attributing the difference in the intercepts to the price component without
a clear interpretation of its source, we focus the analysis on the components that can be truly

attributed to either part of the decomposition, i.e. to differences in endowments (the ezplained

component) or part of differences in remuneration (the unexplained component).

Changes in Wages over Time

We focus on the estimation of the difference in the GPG over time in order to be able to draw
inference on the difference of the respective pay gaps, i.e. gather information on the differences
of the GPG across years. Moreover, we can investigate what are the main contributors to the
convergence of the GPG over time: gender differences in educational attainment, in labor market
presence or institutional settings such as equal-pay legislation.

The method proposed can be applied to various distinct cases of group differences in outcome
variables over time, sector ...

Consider to estimate the wage equation separately by G (gender) and J (year):

yag = agg + Xaibas + €ay (8)

with G = F, M (for F = female and M = male), J = t,T (for t = starting period and

10



T = ending period); and where yg; is the N x 1 vector of logarithmic wages of G in year
J, agy is the intercept, ¢ is the N x 1 vector of constants, and X is a N x K matrix of
exogenous regressors. Spy is the corresponding K x 1 vector of coefficients and epy isa N x 1
vector containing the error terms. The estimation provides four sets of parameter estimates of
the same dimension, given the assumption that the set of regressors is the same for the four
combinations considered. Evaluating the estimation at the mean, given the OLS property that

OLS estimates must go through the mean of the data, equation (8) becomes:

—

Jar = Jas = Gay + Tabar 9)

where G is the intercept estimate, Z¢ s is the K x1 column vector of sample means of observable

characteristics in X:

_/ . o .
Tay = |21,6J,%2,GJs- - s TK,GJ

and BG J is the corresponding K X 1 vector of parameter estimates.

Now, consider estimating the joint model instead. As in Gelbach (2016), we distinguish
between two sets of regressors, X1 and Xo, where X1, represents the regressors of the base spec-
ification containing only a constant, an interaction term between the gender and year dummies

as well as the group and time dummies themselves:

X1 = [1,FJ, F, J]
where

1 if female 1 if year =t
F = J =

0 if male 0 ifyear =T

The base model is defined as follows:

y = agase + Fjal{ase + Fagase + Jagase + 6base (10)

11



The second set of regressors, Xy, of dimension (N x 4K), contains the matrix of characteristics

X and the interactions of the gender and year dummies with X:
Xo=[X,FX,JX, FJX] (11)

where F'X and JX are the interaction variables between the regressors X, the female dummy,
F and the starting period dummy, .J, respectively. Analogously, F'J X represents the interaction

variable among regressors X, The full model is then defined as follows:
y=aol"" + FIal" + Fad"" + Jod"" + X8 + FX By + JX B3+ FIX By + /! (12)

The link between the parameters of the full model and the four equations represented in (8)
follows straightforward.5
Now consider the set of regressors X as omitted variables. By means of the OVB formula

we have:
&base — dfull + (X{Xl)_lX{XQBfu” (13)
where the vector of parameter estimates from the base model (10) is:

OA[base/ — (dgase dllzase dlzzase dgase) (14)

and &/ is the 4 x 1 vector containing the coefficient estimates of X from the full model (12).

(X{X1)"1X| X, is the linear projection of X on X; and
BIY = (B B> P Ba) (15)

is the (1 x 4K) vector of coefficients from the full model (12). Model (13) can be decomposed

as follows:

@base _ OAéfull +3 (16)

S Appendix A reports the relationship between the two sets of estimation results.

12



where § = G5 — a7 = (X{X1)"' X| XaB/ " and
6 =0x+0px +0sx 4+ 0rsx (17)

where 0g = fsﬁguu, with IS = (X/X)~" X} S of dimension (4 x K) and S is the portion of the
matrix (11) that corresponds to the set of regressors S, for S = X,..., FJX in (11).7
The Decomposition

Our interest relies in the estimation and decomposition of the GPG across two periods, ¢ and

T:
Ar — Ay = <gMT - ?JFT) - (Z?MT - 37Ft>

with A7 being the GPG in T.

It can be easily shown that:

Ar = (gMT - gFT)

— 7@12)1136

and

Ay = (th - gFt)

_ _&l{ase _ dgase

Therefore:
Ap — Ay = af*e

base

Therefore, given (14), we are interested in the second row of &"*¢, i.e. dlf‘lse in order to ob-

7 Accordingly, 6x = X" with I'Y = (X{X1)”" X{X of dimension (4 x K) and 84" is the (K x 1) vector
B in (15).

13



tain the differences of the respective wage gaps; Ar — A;. Following (13) and (16)-(17), we
decompose dl{a“ accordingly. In particular, for decomposing 6/{“5@ we refer to the second row of

(Xin)ilXiXQ:

(X1 X)) X(X =

(XXX FX =

(X1 X)) ' XX =

and

(X1 X)X FIX =

14



The second row of equation (13), i.e. the delta wage gap evaluated at the mean, is thus:

"% = (G — arr) — (Gare — ary) + [(Eyr — Tpr) — @y — Ty)) By

afu A

+ (&g — Tor) Brr — Bur)
—_—
B2

+ (&g — Thye) (Bt — Burr)

B3
+ e (Burr — Brr) — (Bare — Bre))]
B4
=Ar -4
or, equivalently:
021”“58 = oZlf“” + 51 + 52 + 83 + 54
where:
51 = (Tme— U?Ft)BMt —(Zpr — fFT)BMt
oo = Zpi(Bare — Bre) + Trr(Bre — Bt
o3 = (Zpr — Zyr)Bur — (Trr — Tar) Bure
o = Zrr(But — Bri) — Zrr(Bur — Brr)

The above expression can be re-written as a double Oaxaca-Blinder decomposition:

021”“56 _ Ozlfull _ (Qt + K) 4 (Pt + W) + (—QT — K) + (—pT — W)
5/_/ 5,—/ N

o1 02 o3 54

where Qt = (Tpt — fpt)BMt, is the estimated quantity effect and P, = i’Ft(BMt — Bpt), the
estimated price effect in period t, and Qr = (Zypr — a_cFT)BMT, and Pr = EFT(BMT — BFT), the

estimated quantity and price effect in period T, respectively.

15



4 Inference

The asymptotic distribution of v N(§ — §), with § = (dy,...,d4) has been derived in Gelbach
(2016) and it is summarized in the Appendix XX. Given the distribution of the parameters & the
decomposition proposed allows to carry out inference on the dynamic of the single components
of the GPG.

If the interest relies, for instance, in investigating the convergence of the GPG, it can be
analyzed whether the convergence can be explained either by the convergence of human capital
endowments (explained or quantity components) or by the effect of policy intervention (unex-
plained or price components).

The hypothesis that the convergence has been driven by the catching up of the education
level can be tested by:

Hy:014+9035=0

that is equivalent to test for

Hy: Qi =Qr

For the effectiveness of gender anti discrimination laws, it can be tested if the components of

the price effects have been constant over time:
Hy:00+04=0

that is equivalent of testing;:

Hy: P, =Pr

i.e. the Hy is that there was no change in characteristics between M and F over time. Moreover,
each & can be decomposed in its single components. For instance, the contribution to the GPG
of labor market experience to the quantity component in period ¢ can be extracted from 51 and

similarly for the other components. Indeed each 5 is given by
A~ G ~ G A ~
0i = 0ig = Tighyfori=1, ..., 4 (18)

16



5 The Index Number Problem

As is well known in the literature, the Oaxaca-Blinder decomposition is not unique. Therefore,
the choice of the non-discriminatory wage structure (men or women) matters and leads to differ-
ent results (Oaxaca and Ransom, 1994; Cotton, 1988; Fortin et al., 2011a). Several approaches
have been proposed to circumvent this problem (Reimers, 1983; Cotton, 1988; Neumark, 1988;
Oaxaca and Ransom, 1994; Fortin, 2008).

We propose an extension of our method in order to have a wage decomposition invariant
to the reference category adopted. Considering the standard case of the GPG, Fortin (2008)
includes gender intercept shifts along with an identification restriction, in the regression of

females and males pooled together:

Yi =Y +rF + oMM + Xiv + €

subject to:

Yor +Yomr =0

where F; (M;) is equal to one if the individual is female (male) and zero otherwise. The
identification restriction, vor +v0as = 0, imposes that the pooled wage equation truly represents
a non-discriminatory wage structure, i.e. a wage structure where the advantage of men is equal

to the disadvantage of women:

v — gr = (Xar — Xr)¥ + (Bormr — Jor) (19)

The first component on the RHS, (X3 — XF)79, is the explained part, while 4gp; and Jor are

the advantage of men and the disadvantage of women, respectively. In particular:

Yonr = Xar(Bar —A) + (dar —40)  advantage of men

Yor = Xp(Br —4) + (Bor — %0) disadvantage of women.

where &7, &p, Bur, BF are the estimated coefficients of the wage equations for men and women,

17



respectively:

yivr = oan + XyBm + €im (20)

yir = ap+ XpPBr+er (21)

Solution for Differences in Wages over Time

The extension of the decomposition described above to the case of the estimation of the difference

of wage gaps follows straightforward. The set of regressors considered in Section 3 becomes:

X1 = [, (F-=M)J,(F—M),J]
Xo = [X,(F-M)X,JX,(F—-M)JX]
The base model is:
Ui = 10" + (Fy — M) Jiyss® + (F — M)y + Jin*se 4 efose (22)

while the full model is defined as follows:

yo o= A (R _Mi)JNﬁL]u (R _Mi)fy{?ull +Ji7§ull n
+ Xivy+ (Fi — M) Xiyxr + JiXiyxg + (Fs — M) Ji Xivx gr + 6{“” (23)

(ygase ybase ybase nbasey ig the vector of coefficients estimates of X; from the base model (22),

g ull 7}?}” ﬂ;u” 75“”) is the vector containing the coefficient estimates of X; from the full

and (v
model (23) while (v vxr vxJ vxJF) is the vector of coefficients estimates of Xy from the full

model (23). The linear projection of X with respect to X is equal to:

/

—[(@yme — Zpe) — (T — TrT)]/2
/
/

(X)X X =

18



The linear projection of (F' — M)X with respect to X7 is equal to:

/
, , Tyre+ T —(z +z 2
X anyx  |(@eER) G )
/
I / ]
The linear projection of JX with respect to X is equal to:
/
/ / Tp — X 2
(X1 X)X JX = (e )/
/
]

The linear projection of (F' — M)JX with respect to X is equal to:

/

(Zre + Tae) /2
/
/

(X, X1) 7 X (F = M)JX =

It can be easily shown that:

(yMT — yFT> — <yMt - yFt)
ﬁ/base _

Fl = 5
AGPG
T2
and
cfutl _ (GypT — Gpr) — (Gare — Gpy)
FJ 2

where, analogously to Section 3 &z, Gprr, e, Gpr are the estimated coefficients of the wage
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equations for men and women at period ¢ and 7', respectively:

yirt = ane+ XaeBue + € (24)

yire = api+ XpBre+ €t (25)
yimr = amr + XurBur + €mT (26)
yirr = arr + XprBrr + €T (27)

Hence, the relationship:

ghase = ATUL L (XTX0)TIX XA+ (X, X)X X (F — M)jxr +

+ (X X)X X JAxy + (X X)X X T(F — M)ixar
can be re-written in terms of the AGPG as:

2§}5¢ = AGPG =
= [(&ymr — arr) — (Gpe — ape)] + (AZp — AZy)y +

+O 3= > Zr)ixF — ATdxy + > By

where AZy.qr is the difference between the average level of observed characteristics of men and
women in a certain year, with Year = ¢,T and ) Zyeq,r represents the sum of observable labor
market characteristics present for men and women in year= Year. Recall that the model can be

re-written in terms of the OVB formula as follows:

235 = 41U L 54 + 65 4+ b + b

P+Q=264+05+0c+dp

with P accounting for the price effect and @ for the quantity effect. In particular,
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oa = Tyt — Tpr)y — (Tase — Tre)y
Qr w

op = Ty (Bur — ) — Zrr(Ber — A) + (Tare + Tre)Axr
Pr K

oc = (Zaae — Tre) (Y + Axar) — (Bae — Tre)y
Q1 w

op = —[Zare(Brre — 4 — Ax5) — Bre(Bre — 4 — Axy)] — @are + Tre)Axr

Py K

6 Data and Descriptive Statistics

We use the 2016 and 2005 files of the survey Isfol Plus from the Italian Institute for the De-
velopment of Vocational Training for Workers (Isfol). In 2005, Isfol Plus was conducted with
38,940 interviews. In 2016, 54,961 individuals were interviewed. In our analysis, we focus on
full-time employees aged between 18 and 64 years. We include only individuals in the sample
that work more than 35 hours per week. We exclude autonomous workers from the analysis.
The analysis is also constrained to earnings from the main job only, i.e. from the job that yields
the highest income. The selection criteria yielded a sample size of 9,718 in 2005 and of 8,871
in 2016. In 2005, there were 4,873 women (50.14%) and 4,845 men in the sample (49.86%).
In the 2016-release, 4,026 (45.44%) individuals were female and 4,835 (54.56%) were male. In
2016, 1,912 women (52.69% of total public-sector employment) and 1,717 men (47.31% of total
public-sector employment) were occupied in the public sector. Hence, we see in the data that
women seem to favor the public sector, what is in line with results in the literature outlined in
Section 1 on more egalitarian pay schemes in the public compared to the private sector. Table 1
and 2 report mean and standard deviation for human capital variables included in the analysis
for the two cases under consideration, respectively.

For the analysis of the evolution of the gender wage differential over time, we pool together
the two cross sections of 2005 and 2016 and drop individuals that were observed only in one

year. For the analysis of the PPWG between women and men, we use the latest release, i.e.
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the cross section of 2016. Detailed definitions along with the coding of the variables used in the

analysis can be found in the Appendix.

Descriptive Statistics Case 1

Table 1: Descriptive Statistics Case 1

(1) (2) (3) (4) (5) (6) (7) (8)

‘Women 2005 Women 2016 Men 2005 Men 2016

Variable Mean Std.Dev. Mean Std.Dev. Mean Std.Dev. Mean Std.Dev.
Lhwage 1.851 0.368 2.072 0.439 2.003 0.403 2.159 0.459
Schooling 12.94 2.693 13.86 2.408 12.22 2.902 13.06 2.642
Exper 17.16 11.77 20.89 12.64 21.12 12.86 24.72 13.13
Tenure 11.82 10.54 15.42 12.04 14.65 11.76 18.11 12.91
Married 0.563 0.496 0.344 0.475 0.592 0.491 0.358 0.479
North 0.523 0.500 0.530 0.499 0.457 0.498 0.470 0.499
Centre 0.208 0.406 0.215 0.411 0.188 0.390 0.203 0.403
Observations 3,983 4,359 5,202 5,789

Table 1 shows that women have on average higher educational attainment than men and that
their human capital characteristics increased from 2005 to 2016. For men, the increase was less
significant and even decreasing for the proportion of men that obtained the maximum degree
when studying (Mazimum_D_Mark). Men still outperform women in terms of labor market
characteristics (FEzper, Tenure and Extra_Hours). However, while those of women increased
that of men partly even decreased slightly (Ezper). The proportion of married women was
reduced slightly, while that of men increased over the last decade. In 2016, less individuals have
children compared to 2005 (Kids and Kids_3). Finally, women engaged in the labor market are

about two to three years younger than men in 2016 and 2005, respectively.

Descriptive Statistics Case 2

When focusing on differences in characteristics by gender in the public and private sector, we
find that the level of educational attainment is on average higher in the public compared to
the private sector and that women have on average higher educational attainment than men in
both sectors, see Table 2. Hence, women employed in the public sector are even better educated

than their colleagues in the private sector. Similarly, men in the public sector exhibit higher
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Table 2: Descriptive Statistics Case 2

(1) (2) (3) (4) () (6) (7) (8)

Private Sector Men Private Sector Women Public Sector Men Public Sector Women

Variable Mean Std.Dev. Mean Std.Dev. Mean  Std.Dev. Mean Std.Dev.
Lhwage 2.086 0.471 1.952 0.461 2.295 0.402 2.203 0.372
Schooling 12.70 2.686 13.51 2.553 13.73 2.419 14.25 2.176
Exper 22.42 13.63 16.95 12.13 28.97 10.95 25.19 11.75
Exper2 688.3 615.4 434.6 506.1 959.3 549.1 772.6 560.7
Tenure 15.12 12.68 11.22 10.47 23.64 11.43 20.01 11.98
Married 0.422 0.494 0.454 0.498 0.239 0.426 0.223 0.416
North 0.547 0.498 0.613 0.487 0.327 0.469 0.440 0.497
Centre 0.199 0.400 0.202 0.402 0.211 0.408 0.229 0.421
Observations 3,756 2,275 2,033 2,084

educational performance (Schooling and Maximum_D_Mark) compared the men in the private
sector. The capability to speak English (Eng_Skill) is more pronounced in the private sector
for both men and women. Also, men and women are substantially longer employed at the same
institution in the public sector (Tenure). Men do on average more over-work (Eztra_Hours),
what is more pronounced in the private than in the public sector for both, male and female
employees. Next, women are on average younger than men (Age). Employees are about ten
years older in the public than in the private sector. This relatively huge difference may be due
to the stop of recruitment in the public sector in Italy (Mandrone et al., 2012). About the equal
amount of male and female employees is married, yet, the proportion of married employees is
higher in the public sector. Similarly for the variable Kids; employees with children are more
often employed in the public sector. The proportion of individuals with children with less than
four years is more pronounced for women and for both, men and women, more in the private
sector. The latter is related to the fact that younger individuals work on average more often in
the private sector. In particular, given the sharp reduction in recruitment in the public sector

in Italy.
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7 Empirical Results

Empirical Results Case 1: The Gender Pay Gap between 2016 and 2005

Table 3, column (1) shows the base model of case 1, equation (8), and hence the change of the
GPG over time. The difference between the GPG in 2016 and 2005 amounts to —0.03 log points
and is statistically significant. Given the negative sign, the GPG has decreased over time. The
convergence amounts to —0.03— log points, as expected from the standard estimation technique
in Section ?7?. However, now we can also conclude that this reduction in the GPG is statistically
significant. The full model, equation (12), is presented in column (2) of Table 3. We immediately
see that the part of the price effect due to differences in the intercepts, éz{u”, is not statistically
significant. Similarly, the effect of being a woman or in Year 2005, all else equal, becomes
statistically insignificant compared to the base model in column (1). The remaining coefficient
estimates show the expected signs. In particular, we observe a positive effect of educational
attainment, labor market experience and tenure.

Besides looking at the average change in the GPG over time, we can easily extend our
proposed decomposition to test for changes in wages between men and women over time at
different points of the unconditional wage distribution. Therefore, we use unconditional quantile
regression, i.e. we use Recentered Influence Function (RIF) of the log of hourly wages at specific
quantiles as dependent variable. The method was first introduced by ?. 8

Table 7?7 shows the results from our proposed decomposition. The results suggest that the
reduction in the GPG from 2005 to 2016 was entirely due to observed wage characteristics.
Hence, the closing of the GPG is not explained by anti-discrimination laws, changes in attitudes
towards women in the labor market or changes in the family structure and birth control. The
latter is catched by 12, which accounts for changes in institutional settings, but is not statistically
significant. The reduction in the GPG from 2005 to 2016 is explained by women catching up to
men in terms of their educational background and their labor market experience. We know from
Section 1 that women’s human capital (Schooling, Maximum_D_Mark, Ezper) is increasing, while

that of men is partly even decreasing (FEzper) or remained lower than that of women (educational

8For further details on unconditional quantile regressions see Appendix ??.
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Table 3: Wage Regression Case 1, Base and Full Specification

(1) (2)
Basic Wage Regression  Full Wage Regression
Lhwage Lhwage
female -0.087*** -0.201*
(0.009) (0.112)
inter -0.064*** 0.001
(0.012) (0.149)
year -0.156%** -0.116
(0.008) (0.080)
Schooling 0.033***
(0.002)
Exper 0.023***
(0.002)
Exper2 -0.000%**
(0.000)
Tenure 0.004***
(0.001)
Married -0.061%**
(0.010)
North 0.050%***
(0.010)
Centre 0.018
(0.012)
Constant 2.159%%* 1.485***
(0.006) (0.059)
Industry & Occupation Dummies No Yes
Set of Interactions No Yes
Observations 19,333 19,333
R-squared 0.064 0.338

Standard errors clustered at the individual level in parentheses. * * xp < 0.01, * * p < 0.05, *p < 0.1
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attainment variables). In fact, in educational matters, women have outpaced men (Goldin, 2006).

Also, on average, the percentage of women having at least one child (Kids) or a child younger

than three years (Kids_3) declined from 69.80% to 54.80% from 2005 to 2016, respectively. The
results from Section 77?7 suggested that the coefficients part of the GPGs, i.e. the part due to
differences in returns on observable wage characteristics, was a main contributor to the GPG in
either year. However, by estimating the difference of the GPG over time directly, we have shown

that the only factor that contributes statistically significantly to the narrowing of the gap are

better observable wage characteristics for women.

Table 4: Decomposition Case 1 at the Mean & Selected Quantiles, Standard Approach

(1) (2) (3) (4) (5) (6) (7) (8)
2005 2016 2005 2016 2005 2016 2005 2016
Mean Mean 10 10 50 50 90 90
Panel A: Decomposition with Male-Reference Category
GPG 0.152%**  0.087*** (0.118%%F  (0.029**  0.121%%*  0.072%FF  (0.252%**  (.133***
(0.008) (0.009) (0.013) (0.013) (0.009) (0.007) (0.017) (0.013)
Explained 0.006 -0.012* 0.012 -0.009 0.009 -0.015%%%  -0.008  -0.038***
(0.006) (0.007) (0.007) (0.009) (0.006) (0.005) (0.015) (0.010)
Unexplained — 0.146%**  0.100*** 0.106*** (0.038*** (0.112***  (0.086***  0.261*** (.171***
(0.008) (0.009) (0.014) (0.015) (0.009) (0.007) (0.020) (0.015)
Observations 9,185 10,148 9,185 10,148 9,185 10,148 9,185 10,148
Panel B: Regression-Compatible Decomposition
GPG 0.152%F%  0.087*%F*  (0.118%**  0.029%*F  0.121***  0.072*%**  (.252%**  (.133%**
(0.008) (0.009) (0.013) (0.013) (0.009) (0.007) (0.017) (0.013)
Explained -0.001  -0.014**  -0.002  -0.015** 0.004 -0.017%** 0.006 -0.021%**
(0.006) (0.006) (0.007) (0.007) (0.006) (0.004) (0.011) (0.008)
Unexplained — 0.152%** (0.101***  0.120%**% (0.044%**  0.117%%  0.089***  (0.246***  (.154***
(0.007) (0.009) (0.013) (0.014) (0.008) (0.006) (0.018) (0.014)
Observations 9,185 10,148 9,185 10,148 9,185 10,148 9,185 10,148

Robust standard errors in parentheses. * * xp < 0.01, * x p < 0.05, *p < 0.1
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Table 5: Detailed Decomposition Case 1 at the Mean and Selected Quantiles, Standard Approach

(1) (2) (3) (4) (5) (6) (7) (8)
2005 2016 2005 2016 2005 2016 2005 2016
Mean Mean 10 10 50 50 90 90
Panel A: Decomposition with Male-Reference Category
FExplained:
X_HC -0.023%F* - _0.023%**  _0.023***  -0.023***  _0.023***  _0.023***  _0.023%** -0.023%**
(0.002) (0.003) (0.002) (0.003) (0.002) (0.003) (0.002) (0.003)
X LM 0.037%%  0.034**FF  0.037*%FF  0.034*%%F  0.037FFF  0.034*FFF  0.037F** 0.034*+*
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
X_Demo -0.003**  -0.004***  -0.003**  -0.004***  -0.003**  -0.004***  -0.003** -0.004%***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
X_Occlnd -0.006 -0.019%** -0.005 -0.019%** -0.006 -0.019%** -0.006 -0.019%**
(0.004) (0.005) (0.004) (0.005) (0.004) (0.005) (0.004) (0.005)
Total 0.006 -0.012* 0.005 -0.012* 0.006 -0.012* 0.006 -0.012%*
(0.006) (0.007) (0.006) (0.007) (0.006) (0.007) (0.006) (0.007)
Unexplained:
X_HC -0.060 -0.132%* -0.060 -0.132%* -0.060 -0.132%* -0.060 -0.132%*
(0.039) (0.058) (0.039) (0.058) (0.039) (0.058) (0.039) (0.058)
X LM 0.057%** 0.024 0.057*** 0.024 0.057%** 0.024 0.057*** 0.024
(0.019) (0.027) (0.019) (0.027) (0.019) (0.027) (0.019) (0.027)
X_Demo -0.012 -0.016 -0.012 -0.016 -0.012 -0.016 -0.012 -0.016
(0.014) (0.015) (0.014) (0.015) (0.014) (0.015) (0.014) (0.015)
X_Occlnd -0.039 0.023 -0.039 0.023 -0.039 0.023 -0.039 0.023
(0.061) (0.070) (0.061) (0.070) (0.061) (0.070) (0.061) (0.070)
Total 0.146%**  0.100%**  0.146%**  0.100%**  0.146%**  0.100***  0.146%** 0.100%**
(0.008) (0.009) (0.008) (0.009) (0.008) (0.009) (0.008) (0.009)
Constant 0.200** 0.200%* 0.200** 0.201** 0.200** 0.201** 0.200** 0.201%*
(0.078) (0.078) (0.078) (0.101) (0.078) (0.101) (0.078) (0.101)
Panel B: Regression-Compatible Decomposition
Ezxplained:
X_HC -0.024%F%  _0.027F%*  _0.024%**  _0.027**¥*  _0.024***F  _0.027FFF  _0.024%** -0.027%**
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
X LM 0.037*F%  0.033*%F*  0.037%FF  0.033%FF  0.037FFF  (0.033%F*F  (0.037FF* 0.033%#*
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
X Demo  -0.004*%** -0.004*** -0.004*** -0.004*** -0.004*** -0.004*** -0.004*** -0.004%**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
X OccInd  -0.009%*  -0.017***  -0.009**  -0.017***  -0.009**  -0.017***  -0.009** -0.017%**
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
Total -0.001 -0.014** -0.001 -0.014** -0.001 -0.014** -0.001 -0.014**
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
Unexplained:
X_HC -0.059 -0.129%* -0.059 -0.129%* -0.059 -0.129%* -0.059 -0.129%*
(0.038) (0.054) (0.038) (0.054) (0.038) (0.054) (0.038) (0.054)
X LM 0.057*** 0.025 0.057%** 0.025 0.057#+* 0.025 0.057#+* 0.025
(0.021) (0.029) (0.021) (0.029) (0.021) (0.029) (0.021) (0.029)
X_Demo -0.011 -0.017 -0.011 -0.017 -0.011 -0.017 -0.011 -0.017
(0.014)  (0.014)  (0.014)  (0.014)  (0.014)  (0.014)  (0.014) (0.014)
X_Occlnd -0.036 0.021 -0.036 0.021 -0.036 0.021 -0.036 0.021
(0.080) (0.079) (0.080) (0.079) (0.080) (0.079) (0.080) (0.079)
Total 0.152%**  0.101***  0.152***  0.101**%F  0.152%%F  0.101%%F  (.152%** 0.101%***
(0.007) (0.009) (0.007) (0.009) (0.007) (0.009) (0.007) (0.009)
Constant 0.200** 0.201* 0.200** 0.201* 0.200%* 0.201* 0.200** 0.201*
(0.098)  (0.112)  (0.098)  oP.112)  (0.098)  (0.112)  (0.098) (0.112)

Observations are 9,185 & 10,148 in 2005 & 2016, respectively. Robust standard errors in parentheses. * * xp < 0.01, * * p < 0.05, *p < 0.1



Table 6: Hypotheses Testing Case 1 at the Mean & Selected Quantiles

1) (2) (3) (4) (5) (6) (7) (8) 9)

HO x3-Statistic P-value x2-Statistic P-value y2-Statistic P-value x2-Statistic P-value
Mean 10 50 90

Panel B: Regression-Compatible Decomposition

Pr=~PF 0.24 0.626 2.24 0.134 0.03 0.854 1.98 0.160

Qr = Q4 5.34 0.021 1.79 0.185 0.34 0.561 1.13 0.288
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Empirical Results Case 2: Public-Private Sector Wage Gap between Women
and Men

The regression results of the base model, i.e. equation (10), are outlined in column (1) of
Table ?7?7. The results suggest that there has been a positive and statistically significant difference

AFemale _ AMale oqya] to 0.04 log points. This is in line

in the PPWG between women and men,
with the estimation results obtained in Section 7?7, Table ??. The dummy variable for working
in the public sector (pub) positively and significantly influences wages (0.20). The coefficient on
the female-dummy shows that being a women has a significant and negative impact on labor
income, what is what we expected to find.

Again, we can easily extend the empirical estimation using unconditional quantile regressions.

In the full model, column (2) of Table ??, the effect of public-sector employment on wages
turns negative, but remains highly statistically significant, while the female coefficient becomes
statistically insignificant. Yet, the interaction of women and public-sector employment is statis-
tically significant and strongly positive (0.52). This tells us also that d{“”, i.e. the part of the
price or unexplained effect due to differences in the starting points is statistically significant and
hence the unexplained component of the PPWG may not only play a role when estimating it
separately for male and female subsamples (Section ??), but also when estimating the difference
of the PPWG between women and men directly. Again, the remaining estimation coefficients
are in line with the literature, see for example Fortin (2008).

By applying our proposed estimation approach to case 2, we find that the difference in
observable wage characteristics across sectors and gender, F, does play a statistically significant
role in explaining the gap of the PPWG by gender, see Table ?7). Moreover, also differences
in institutional settings across sectors do influence the PPWG differential between women and
men (I2). Indeed, 12 is found to be a main driver of the PPWG between women and men
(—0.06). Finally, the part attributed to differences in returns across sectors and gender exhibits
a statistically significant negative impact on the difference in the PPWG by gender. As we know
from Table 7?7 that (34{“” is positive and statistically significant (0.52), we develop a test in order

to be able to draw conclusions on the statistical significance of the price effect of the difference

in the PPWG between women and men.
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All in all, for case 2, the conclusions drawn from the standard estimation are confirmed; both
quantity and price effects contribute to the difference in the PPWG between women and men.
Nonetheless, we gain the additional insight that the set-up or organization of the sectors does
play a role as well in explaining the statistically significant difference in the PPWG by gender

in 2016 in Italy.

Table 7: Wage Regression Case 2, Base and Full Specification

(1) (2)
Basic Wage Regression  Full Wage Regression

Lhwage Lhwage
Public_Sec 0.252%*#* 0.467**
(0.013) (0.203)
inter -0.042%* -0.358
(0.017) (0.236)
year 0.134%** 0.243*
(0.012) (0.133)
Schooling 0.036%**
(0.003)
Exper 0.020%**
(0.002)
Exper2 -0.000%**
(0.000)
Tenure 0.004***
(0.001)
Married -0.042%**
(0.014)
North 0.062***
(0.015)
Centre 0.031
(0.019)
Constant 1.952%** 1.234%%*
(0.010) (0.110)
Industry & Occupation Dummies No Yes
Set of Interactions No Yes
Observations 10,148 10,148
R-squared 0.070 0.253

Standard errors clustered at the individual level in parentheses. * * *p < 0.01, * % p < 0.05, *p < 0.1

30



Table 8: Decomposition Case 2 at the Mean & Selected Quantiles, Standard Approach

(1) (2) 3) (4) (5) (6) (7) (8)
Men Women Men Women Men Women Men Women
Mean Mean 10 10 50 50 90 90
Panel A: Decomposition with Male-Reference Category
PPWG -0.210%*%  J0.252%**  L0.214%%*  _0.228%**  _(0.168%**  -0.221%**  _0.179**¥*  _(.188***
(0.012) (0.013) (0.018) (0.018) (0.009) (0.009) (0.023) (0.016)
Explained S0.134%F% 0. 131FF*  _0.113%F  _0.147**F*F  _0.101%*FF  _0.125%FF  _0.153%FF  _0.114%F*
(0.024) (0.022) (0.046) (0.035) (0.017) (0.015) (0.036) (0.020)
Unexplained  -0.076%**  -0.121%%*  -0.101**  -0.081**  -0.068*** -0.097*** -0.026 -0.074%**
(0.026) (0.024) (0.048) (0.038) (0.018) (0.017) (0.041) (0.025)
Observations 5,789 4,359 5,789 4,359 5,789 4,359 5,789 4,359
Panel B: Regression-Compatible Decompositionn
PPWG -0.210%*%  J0.252%¥*  _0.214%**  _0.228%¥*  _(0.168%**  -0.221%**  _0.179***  _(.188***
(0.012) (0.013) (0.017) (0.018) (0.009) (0.009) (0.023) (0.016)
Explained S0.157FFF _0.153FK* 0. 117FFE _0.147FFF _0.123%FF  _0.136%FF  -0.224%FF  _0.169%F*
(0.012) (0.014) (0.019) (0.018) (0.009) (0.009) (0.021) (0.016)
Unexplained — -0.052*%**  -0.099*** -0.096*** -0.081*** -0.045%** -0.085%** 0.045* -0.018
(0.015) (0.018) (0.026) (0.024) (0.011) (0.012) (0.027) (0.020)
Observations 5,789 4,359 5,789 4,359 5,789 4,359 5,789 4,359

Robust standard errors in parentheses. * * xp < 0.01, * x p < 0.05, *p < 0.1
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Table 9: Detailed Decomposition Case 2 at the Mean & Selected Quantiles, Standard Approach

1) 3) (9) (11) (17) (19) (25) (27)
Men Women Men Women Men Women Men Women
Mean Mean 10 10 50 50 90 90
Panel A: Decomposition with Male-Reference Category
FExplained:
X_HC -0.027F%* - _0.027F**F  _0.027***F  _0.027**FF  _0.027**FF  _0.027FFF  _0.027FFF  _0.027FF*
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
X LM -0.084%**  _0.098***  -0.084***  -0.098***  _0.084*** _0.098%F*F _0.084%FF  _(.098%**
(0.007) (0.010) (0.007) (0.010) (0.007) (0.010) (0.007) (0.010)
X_Demo 0.002 0.005 0.002 0.005 0.002 0.005 0.002 0.005
(0.005) (0.006) (0.005) (0.006) (0.005) (0.006) (0.005) (0.006)
X_Occlnd -0.026 -0.010 -0.026 -0.010 -0.026 -0.010 -0.026 -0.010
(0.024) (0.020) (0.024) (0.020) (0.024) (0.020) (0.024) (0.020)
Total S0.1347%%* 0. 131%**F  -0.134%**F  _0.131%*FF  -0.134%*FF  -0.131%FF  -0.134%FF  -0.131%**
(0.024) (0.022) (0.024) (0.022) (0.024) (0.022) (0.024) (0.022)
Unexplained:
X_HC -0.052 0.014 -0.052 0.014 -0.052 0.014 -0.052 0.014
(0.074) (0.092) (0.074) (0.092) (0.074) (0.092) (0.074) (0.092)
X LM 0.003 0.093** 0.003 0.093** 0.003 0.093** 0.003 0.093**
(0.048) (0.044) (0.048) (0.044) (0.048) (0.044) (0.048) (0.044)
X_Demo 0.029** 0.031 0.029** 0.031 0.029** 0.031 0.029** 0.031
(0.014) (0.020) (0.014) (0.020) (0.014) (0.020) (0.014) (0.020)
X_Occlnd 0.055 0.207* 0.055 0.207* 0.055 0.207* 0.055 0.207*
(0.090) (0.121) (0.090) (0.121) (0.090) (0.121) (0.090) (0.121)
Total -0.076%**  -0.121%**  _0.076%**  -0.121***  -0.076%**  -0.121***  -0.076***  -0.121***
(0.026) (0.024) (0.026) (0.024) (0.026) (0.024) (0.026) (0.024)
Constant -0.109 -0.467FF* -0.109 -0.467FF* -0.109 -0.467FF* -0.109 -0.467FF*
(0.131) (0.164) (0.131) (0.164) (0.131) (0.164) (0.131) (0.164)
Panel B: Regression-Compatible Decomposition
Ezxplained:
X_HC -0.029%%*  _0.027F**  _0.029%**  _0.027***  _0.020%**  _0.027*¥*F*  _0.029%F*F  _0.027F**
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
X LM -0.089***  _0.095***  -0.089***  -0.095*** -0.089*** -0.095*** -0.089*** -0.095***
(0.006) (0.007) (0.006) (0.007) (0.006) (0.007) (0.006) (0.007)
X_Demo -0.003 0.001 -0.003 0.001 -0.003 0.001 -0.003 0.001
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
X_Occlnd -0.037F%*  _0.031%**  _0.037***  _0.031***  _0.037***  _0.031**F* -0.037FFF  _0.031%**
(0.010) (0.012) (0.010) (0.012) (0.010) (0.012) (0.010) (0.012)
Total -0.157FF* L0.153%** 0. 157***F  _0.153***F  _0.157*FFF  -0.153%FF  -0.157FFF  -(.153%F*
(0.012) (0.014) (0.012) (0.014) (0.012) (0.014) (0.012) (0.014)
Unexplained:
X_HC -0.050 0.015 -0.050 0.015 -0.050 0.015 -0.050 0.015
(0.070) (0.082) (0.070) (0.082) (0.070) (0.082) (0.070) (0.082)
X LM 0.008 0.090** 0.008 0.090** 0.008 0.090** 0.008 0.090**
(0.049) (0.043) (0.049) (0.043) (0.049) (0.043) (0.049) (0.043)
X_Demo 0.034** 0.036 0.034** 0.036 0.034** 0.036 0.034** 0.036
(0.015) (0.024) (0.015) (0.024) (0.015) (0.024) (0.015) (0.024)
X_Occlnd 0.065 0.229 0.065 0.229 0.065 0.229 0.065 0.229
(0.070) (0.154) (0.070) (0.154) (0.070) (0.154) (0.070) (0.154)
Total -0.052%%*  .0.099*%**  -0.052***  -0.099***  -0.052***  -0.099%*F*F -0.052%F*F  -0.099%**
(0.015) (0.018) (0.015) (0.018) (0.015) (0.018) (0.015) (0.018)
Constant -0.109 -0.467** -0.109 -0.467** -0.109 -0.467** -0.109 -0.467**
(0.121)  (0.202)  (0.121) 32 (0.202)  (0.121)  (0.202)  (0.121)  (0.202)

Observations are 5,789 & 4,359 for men and women, respectively.
Robust standard errors in parentheses. * * xp < 0.01, * x p < 0.05, *p < 0.1



Table 10: Hypotheses Testing Case 2

(1) (2) (3) (4) (5) (6) (7) (8) (9)

HO x2-Statistic P-value y2-Statistic P-value y?2-Statistic P-value y2-Statistic P-value
Mean 10 50 90

Panel B: Regression-Compatible Decomposition

Pr="F 2.14 0.144 0.25 0.614 0.01 0.940 4.67 0.031

Qr = Q; 0.54 0.462 2.2 0.138 2.73 0.099 0.82 0.366
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8 Conclusion

This paper takes the cue from two empirical evidence that have been considered in literature
to introduce a new decomposition approach. Adding to the discussion of the convergence of
the GPG over time and the persistence of a PPWG between women and men, we propose an
alternative decomposition method allowing to draw inference on the difference of two wage gaps.
Additionally, the method allows us to catch otherwise unobserved interaction effects across the
respective groups of interest.

In fact, the PPWG which is found to differ for females and males is a topic of on-going
research (Melly, 2005). Similarly, the observed closing of the GPG over the last decades is
heavily discussed in the literature and the determination of the reasons of the narrowing are
of huge interest, especially with regard to policy implications (Blau and Kahn, 2006,0; Goldin,
2014).

Applying the decomposition to the case of the GPG over time (Section 7), the convergence
of the GPG in the last decade was found to be entirely explained by a reduction in differences in
observable labor market characteristics by gender, i.e. by the catching-up of women with respect
to men in these characteristics. On the contrary, by estimating the GPG separately for 2005
and 2016, i.e. following the double OB decomposition, the change in the significance of the price
component might have led to the conclusion that the implementation of anti-discrimination laws
and changing attitudes towards women in the labor market have influenced the narrowing of
the pay gap over time as well. Yet, these policies as well as changes in social norms seem to
have been less effective than expected a priori. In fact, even if the unexplained part is found to
be the main contributor to the GPG in a specific year, it turns insignificant when estimating
changes of the GPG over time directly.

The results for the second case examined, i.e. the PPWG between women and men, pointed
the attention to differences in the structure of the public and private sector, which are found to
be a main driver of the differential. In this case, the results obtained in Section 7?7 are confirmed.
Thanks to the decomposition carried on we can determine whether both parts of the price effect
- the difference in the intercepts and the difference in remuneration - drive the change in the

pay gap in a statistically significant way or not. Our conclusion is that both parts contribute to
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the difference in the PPWG between women and men.

All in all, our decomposition method offers a better understanding of what has lead to the
narrowing of the GPG in the last ten years and what drives the difference in the PPWG between
women and men. Most importantly, we can infer what drives the difference in the respective pay
gaps in a statistically significant manner. Thereby, we add to the literature on the convergence
of the GPG over time for the case of Italy, the finding that the closing of the pay differential
by gender over the last decade was entirely explained by the catching-up of women in terms of
observable labor market characteristics. For the second case of interest in this paper, the PPWG
between women and men, we can confirm the results obtained with the standard method in the
literature for other countries (Mandel and Semyonov, 2014; Melly, 2005).

Despite additional insights on the composition of differences in gaps, the method can be
extended to be robust to the choice of the reference category (Reimers, 1983; Cotton, 1988;
Neumark, 1988; Oaxaca and Ransom, 1994; Fortin, 2008) as well as to the indeterminacy prob-
lem (Lee, 2015). We propose to decompose the GPG following the intercept-shift approach
proposed by (Fortin, 2008) and applying the omitted variable bias formula (as proposed by (Gel-
bach, 2016)). Thereby, when conducting a detailed decomposition, the single parts of the en-
dowments effect can be associated to specific covariates and the invariance problem with respect

to categorical variables can be solved (Gardeazabal and Ugidos, 2004; Fortin, 2008).
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Appendices

A Link between the parameters on pag 12.

1. When F=1, i.e. Female, J=1, i.e. year t:

. dFt:@gull+d{ull+d£ull+d§ull
o BFt:BI+B2+BS+B4

2. When F=0, i.e. Male, J=1, i.e. year t, we get:

o e = G guzz L& guu
° BMt = 51 + 53

3. When F=1, i.e. Female, J=0, i.e. year T, we get:

A ~ full
o apT = Oégu +

@gull
o Brr =P+ o
4. When F=0, i.e. Male, J=0, i.e. year T, we get:

A Afull
® ayT = O

b BMT 251
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Re-arranging terms slightly, gives us:

~ full N

0o —oaMmT
A full . N
Qy = QFT — QMT
A full N
a3 = apT — O)Mt
~full N A N A A
Q= Qpy—ayr — apT + apyT — QM+ AT

= (Gmr — arr) — (e — Gpy)
B1 = Bur

32 = BFT - BMT
B3 = Bare — Bur
54 = BMT - BFT - BMt + BFt

= (Barr — Brr) — (Base — Bre)

B Solving the Index Number Problem for the level of the GPG

Section 5 presents the solution to the indeterminacy problem for the variation over time of the
GPG. This Appendix shows how to solve the indeterminacy problem for the level of the GPG
within the OVB decomposition. Our aim is to have a wage decomposition invariant to the
reference category adopted. Following Fortin (2008), we include gender intercept shifts along
with an identification restriction, in the regression of females and males pooled together, when

considering the standard case of the GPG:

yi = Y0 +YorFi + yomr M; + Xiy + €

subject to:

Yor + Yom =0
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where F; (M;) is equal to one if the individual is female (male) and zero otherwise. The
identification restriction, vor +7v0as = 0, imposes that the pooled wage equation truly represents
a non-discriminatory wage structure, i.e. a wage structure where the advantage of men is equal

to the disadvantage of women:

v — Gr = (X — Xr)Y + (Bom — Aor) (28)

The first component on the RHS, (X,; — Xr)¥, is the explained part, while Agy; and For

are the advantage of men and the disadvantage of women, respectively. In particular:

Yonr = Xar(Bar —A) + (dar — %) advantage of men

Yor = XF(BF —9) + (&r —F0) disadvantage of women.

where dM,&F,BM,BF are the estimated coefficients of the wage equations for men and

women, respectively:

yir = an + XyuBu + €im (29)

yir = ap+ XpBr+e€r (30)

In order to recast the wage decomposition of the full model with the conditional decomposition

framework proposed in Section 3 we estimate the following wage equation:

Yi = Y0 + YorE; +yom M; + Xoy + XiFiyxr + XiMiyx v + v (31)
subject to:
Yor +vou4 = 0
Y, F +yx,m = Ofork=1...K

where vy, r and vx, py are the parameters of the interaction term between the kth regressor

X and the dummy F' and M, respectively. The error term is represented by v;. Evaluating
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equation (31) at the mean yields:

g = Ao+ Yom + Xuy + Xudxm

gr = Ao+ %or + XrY+ Xrixr
Hence, the GPG is given by:

o —9r = (om —Hor) + (Xar — XF)Y + Xnxm — Xpixr (32)

= 2om + (Xn — Xr)y+ (X + Xp)ixm (33)

First, we observe that there exists the following relationship between the parameter estimates

of equations (29)-(30) and (31):

¥Y—A9xm = Pr
Yo —FJom = G
A+A4xm = Bu
Yo+ YoM = aum

Therefore, the GPG of (33) can be re-written in terms of the Fortin-decomposition as:

gv — Gr = (Gpr —A0) — (ar — 50) + (X — Xp)i + X (Bar —4) — Xp(Br — 4) (34)

= (Xnr — Xp)y + [Xn(Bar — %) + (anr — %0)] — [Xp(Br —4) + (@r —40)]  (35)

advantage of men disadvantage of women

Second, the estimation can be recast in terms of sequential decomposition by considering the

following base model:

vi =00 + (M — F)ghi + e (36)

where the set of regressors of the base model is given by X; = {1, (M — F)} , the constant and
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the difference between the two dummy variables F' and M. The full model is defined as follows:

yi = 2"+ (M; — B0 + Xy + Xo(M; — Fy)ysear + ¢ (37)
where X9 = [X, X (M — F)] . X(M — F) is the interaction between the matrix of regressors X

and the vector that contains the difference between the two dummy variables M and F. By the

OVB formula the following relationship holds:

s base ~ full ~
’YO ’YO ’ _ / Y
- (X X)X X (38)
s base ~ full N
Yonr Yonmr YX M

where (58%%¢ 4b22¢)" is the vector of coefficient estimates of X; from the base model (36);

(%C ull ﬁg}ﬁl)/ is the vector containing the coefficient estimates of Xy from the full model (37) and

(% Axar) is the vector of coefficients estimates of X5 from the full model (37). Observe that:

,?gase YM+YF
2
= (39)
~base YM—YF
YoM 2

and ﬁg}\}” is equal to w
Given (39), our interest relies on the second row of equation (38), that represents the de-
composition of the GPG. We observe that the linear projection of X with respect to X is equal

to:

(X)X =1 0
(Xar = Xp)/2

The linear projection of X (M — F') with respect to X7 is equal to:

/

(X, X1) X X(F - M) = I
(Xp + Xp)/2
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Given (38), we observe that:
24005 = 2(0m —Tr) = AWy) = 230 + (X — Xp)i + (Xar + Xp)ixu
= %31 + (Xor = Xp)d + Xne(Bar = 4) + =Xp(Br —4)

= (Xm— Xp)i + [Xnr(Bar —A) + (Gar — %0)] — [Xr(Br — 4) + (Gr — A0)]

advantage of men disadvantage of women

that completes the proof of the decomposition equivalence.

B.1 Invariance decomposition with respect to categorical variables

A second type of identification issue arises when dummy variables are considered in the wage
decomposition. Oaxaca and Ransom (1999) show that the assignment of the unexplained part
of the GPG to specific variables is not invariant to the choice of reference groups. This problem
can be easily solved by imposing the following parameters restrictions as proposed by Fortin
et al. (2011b):

C
> k=0, keC (40)

j=1

where C' denotes the set of categorical variables, and Cj the number of categories for vari-
able k. The neutral, i.e. non-sensitive to any left-out category, Oaxaca-Blinder decomposition
follows. The zero-sum restriction (40) is applied to the wage equation, when female and male
wages are estimated separately as well as to the pooled regression with gender dummies. The
latter is additionally estimated with the identification restriction yops + vor = 0 on the gender
parameters. Thereby, the intercepts, ays, Bor and g, are no longer influenced by the choice
of the reference category and the single parts of the endowments effect can be associated to
specific covariates (Gardeazabal and Ugidos, 2004; Fortin, 2008). The restriction (40) can also
be applied to the method proposed in Section 77 leading to indicator variables that, in case of

categorical variables, are invariant to the choice of the left-out category.
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C Intercept-shift approach versus pooled-sample approach

Lee (2015) shows that the intercept-shift approach proposed by Fortin (2008) presents two
drawbacks. Firstly, the reference parameter for the Oaxaca-Blinder decomposition, i.e. the
parameter that would prevail in a ‘fair’ world under no discrimination, relies on the variance
difference among categories. Secondly, the reference intercept is arbitrary: the same Oaxaca-
Blinder decomposition holds with vastly different reference intercepts.

However, it can be easily shown that our proposed decomposition does not suffer from any
of these aspects. Our decomposition arises from a specification that allows different intercepts
and slopes. In addition, the constraints imposed on the parameters that identify the counter-
factual reference parameters are the parameters such that the advantage of men is equal to the
disadvantage of women.

In fact, in our model the slope that would prevail under no discrimination, -y, is the sample

average of the group slopes; aj; and ap:

v = 0.5a7 + 0.5afp

i.e. it is equivalent to considering the weights proposed by Reimers (1983).%

Moreover, the constraint:

afF — YoF = &M + Yor

prevents the indeterminacy problem shown by Lee (2015) in eq. (6) page 74. It turns out,
that in our model, the intercept indeterminacy problem highlighted by Lee (2015) is ruled out
by imposing the constraint that the advantage of men should be equal to the disadvantage of

women.

D Inference

TO BE ADDED

9See also page 72 of Lee (2015).
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E Unconditional Quantile Regression

To be precise, the RIF-OLS regression model allows to estimate the effect of explanatory vari-
ables, X, on the unconditional quantile, (), of an outcome variable, Y. The RIF is estimated
in quantile regressions by first calculating the sample quantile QT and computing the density
at QT, that is f (QT) using kernel methods 7. This approach relies on the indicator function
1{Y; < @} taking value one if the condition in {-} is true, zero otherwise. Estimates for each
observation i of the RIF, RIF (Yi; Qr), are then obtained by inserting Q, and f (QT) in the

aggregate RIF-function, defined as:

RIF(Yy; Qr) = Qr + ITF(Y4;Qr)

. T — I{Y;f < QT}
=0t o)
1 1
= (g ez Qi Q= A (e T) (ED)

where the RIF is the first order approximation of the quantile Q.. IF(Y;; Q;) represents the
influence function for the 7th quantile. It measures the (marginal) influence of an observation
at Y on the sample quantile. Adding the quantile @), to the influence function yields the RIF.
The probability density of Y at time ¢ evaluated at Qr is fy, (Q-).

The model can then be estimated by OLS using the RIFs as dependent varaibles. 7 (?) model
the conditional expectation of the RIF-regression function, E[RIF(Y;; Q-)|X], as a function of

explanatory variables, X, in the UQR:
E[RIF(Yy; Qr)|X] = 9. (X) (E.2)

where a linear function X, is specified for go,(X). The explanatory variables, X, contain
time-varying controls such as labor market experience and job tenure as well as time con-
stant controls like schooling. The average derivative of the unconditional quantile regression,
Ex [dg%;éx)], captures the marginal effect of a small location shift in the distribution of covari-

ates on the 7th UQ of Y; keeping everything else constant. Therefore, the coefficients, 5, can be
unconditionally interpreted, as E[RIF (Y;; Q)] = Ex [E(RIF(Y;; Q-)|X)] = E(X)B,. That is,
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the unconditional expectations E[RIF(Y; Q)] using the LIE allow for the unconditional mean
interpretation. On the contrary, only the conditional mean interpretation is valid in the context
of CQRs; Q- (V3| X) = XﬁgQR, where ,BTCQR can be interpreted as the effect of X on the 7th
CQ of Y given X. The LIE does not apply here; Qr # Ex|[Q-(Y:|X)] = E(X) TCQR, where Q)
is the UQ. Hence, BTC @R cannot be interpreted as the effect of increasing the mean value of X

in the UQ @,. In UQR, the coefficients 3, can be estimated by OLS in the following way:

Q- = E[RIF(Y;;Q,)] = Ex[RIF(Y;; Q,)|X] = E(X)B; (E.3)
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F Definition of Variables

Variable Name Definition

Dependent Variables

Lhwage Net hourly wages; hourly wages in Euros,

net of taxes and social security contributions

Independent Variable

Dummy and Interaction Effects

female One if the respective individual is a woman, zero otherwise
year One if year is 2005, zero otherwise

pub One if firm is a publicly owned firm, zero otherwise
femyear Interactive effect of year and female, i.e. one if employee

is observed in 2005 and is female, zero otherwise

fempub Interactive effect of pub and female, i.e. one if employee

is employed in the public sector and is female, zero otherwise

Labor Market Presence

Exper Number of years of prior work experience
Exper2 Exper squared

Tenure Number of years worked for current employer
Extra_Hours Measures the hours spent working overtime
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Schooling
Maximum_D_Mark
Eng_Skill

Age

Ttalian

Educ_Moth4

Educ_Mothb

Educ_Fath4

Educ_Fathb

Homeowner

Kids
Kids_3
Married

Sec_2

Educational Attainment

Number of years of schooling completed
One if maximum degree mark was, i.e. 110 e lode, attained, zero otherwise

One if individual is able to communicate in English, zero otherwise

Demographic Background

Age of individual (in years)

One if individual is Italian, zero otherwise

One if mother’s education is at least equal to Diploma, i.e. 13 years of schooling,
zero otherwise

One if mother’s education is equal to Laurea,

i.e. mother holds a university degree, zero otherwise

One if father’s education is at least equal to Diploma, i.e. 13 years of schooling,
zero otherwise

One if father’s education is equal to Laurea,

i.e. father holds a university degree, zero otherwise

One if employee owns a house, zero otherwise

Family Background

One if individual has at least one child, zero otherwise

One if age of youngest child is less or equal to three years, zero otherwise

One if individual is married, zero otherwise

Industry and Occupations

One if individual is engaged in the industrial sector, zero otherwise
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Sec_6
Sec_7
Sec_8
Sec_9
Sec_10
Sec_13
Sec_14

Manager

Intermediate_Prof

North

One if individual is engaged in tourism, zero otherwise

One if individual is engaged in transport, zero otherwise

One if individual is engaged in communication, zero otherwise

One if individual is engaged in financial sector, zero otherwise

One if individual is engaged in firm services, zero otherwise

One if individual is engaged in health, zero otherwise

One if individual is engaged in science and other professional activities, zero otherwise
One if individual executes intellectual professions;

scientific and highly specialized occupations, zero otherwise

One if individual executes intermediary positions in commercial, technical

or administrative sectors, health services and technicians, zero otherwise

Geographic Variables

One if individual lives and works in the North of Italy, zero otherwise
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