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Summary: The aim of this paper is to examine the earnings dynamic in Italy, in
order to explain earnings differences between southern Italy and central-
northern Italy. In our analysis we use different techniques: ordinary least
squares (OLS), quantile regression models and the algorithm developed by 
Machado and Mata (2005). In particular, the Machado and Mata (2005) algo-
rithm allows us to examine the relative importance of both differences in work-
ers’ characteristics and in their returns in explaining southern, central and 
northern Italy earnings differences at a point in time, as well as across time
within each macro-area. We focus on the role of differences in educational
endowment and returns to education, one of the most important components of
human capital in the stylised literature. The level of education determines the
substantial disparities in terms of wage returns. However, this holds only for
levels of education related to compulsory education.

Key words: Quantile regression, Wage gap decomposition, Returns to educa-
tion, Italy, Human capital. 

JEL: I21, J24, J31, J45, J71, O15.
 
 
 
 
 
 

Education is widely recognized as a crucial ingredient for both development and so-
cial cohesion. Evaluation of human resources based on education levels attained by a 
disaggregated population and/or labour force for macro-areas enables us to quantify 
the spread of education and, especially, to capture important differences at the re-
gional level. 

Evaluation of returns to education can be read as an indicator of the characte-
ristics of the labour market in relation to the presence of employability for more edu-
cated workers. An economic system of production with a strong demand for educated 
and skilled workers should be distinguished by a higher return on education, and a 
consequent income gap between highly educated workers and those attaining a lower 
educational level. By contrast, a lower return on education could signal a less intense 
demand for better educated employees on the part of the local labour market, or it 
might indicate an oversupply of educated workers compared with real opportunities, 
thus highlighting difficulties in the inclusion of skilled workers from the labour mar-
ket. This situation could lead to the so-called brain drain or the migration of more 
educated individuals abroad, or at least towards markets with greater capacity for 
absorption. 



 

26 Massimiliano Agovino and Antonio Garofalo 

PANOECONOMICUS, 2016, Vol. 63, Issue 1, pp. 25-43 

On the basis of these observations our aim is to examine the earnings dynamic 
in Italy, in order to explain earnings differences between southern Italy and central-
northern Italy. More specifically, by using earnings data for the two areas, and a 
common analytical framework, we address an empirical issue in this paper: the ex-
tent to which differences in average earnings in southern and central-northern Italy 
can be explained by differences in endowment and returns to education and other 
observed factors affecting earnings. 

The paper is structured as follows. Section 1 discusses some background lite-
rature and highlights the paper’s aims, Section 2 briefly introduces the Italian educa-
tional system, Section 3 describes the data and their descriptive statistics, and Section 
4 presents and discusses earnings estimations, and returns to education in particular. 
Section 5 lists the results of the decomposition analysis and Section 6 concludes. 

 
1. Background Literature and Objective 
 

Mincerian wage regression is one of the most widely used tools of empirical eco-
nomics, and has been applied to many areas of labour economics. The Mincer wage 
equation plays a central role in the literature devoted to returns to education as well 
as in the literature on wage inequality. It is also used to investigate statistical discrim-
ination, gender differences in wages and occupational choices (Colm Harmon, Vin-
cent Hogan, and Ian Walker 2003; Joop Hartog, Hans Van Ophem, and Simona Ma-
ria Bajdechi 2004; James J. Heckman, Lance J. Lochner, and Petra E. Todd 2005; 
Charlotte Christiansen, Juanna Schröter Joensen, and Helena Skyt Nielsen 2006; Mi-
roslav Verbič and Franc Kuzmin 2009; Corrado Andini 2011a, b, c, 2013a, b, c). 

An excellent synthesis of research papers adopting the Mincer equation has 
been provided by David Card (1999). The reviewed works generally focus on esti-
mating the average impact of schooling on earnings by means of both ordinary least 
squares and instrumental variable techniques. Starting from the seminal work by 
Moshe Buchinsky (1994), the last few years have seen the publication of numerous 
estimates of the schooling-coefficient along the conditional wage distribution, with 
the frequent finding that education has a positive impact on within-group wage in-
equality, as suggested by Pedro S. Martins and Pedro T. Pereira (2004) and Andini 
(2007a, b). 

In this work, we use quantile regression models that are more suitable than or-
dinary least squares (OLS) models for those countries where there is significant hete-
rogeneity within the labour force, in terms of both earnings and impact of individual 
characteristics on earnings. Subsequently, we use the (decomposition) algorithm de-
veloped by José A. F. Machado and José Mata (2005) in order to examine the rela-
tive importance of differences in workers’ characteristics and in their returns in ex-
plaining southern, central and northern Italy earnings differences at a point in time, 
as well as across time within each macro-area. The use of Machado-Mata methodol-
ogy allows us to study the coefficient effect at each quantile and to account for hete-
rogeneity in returns to individual characteristics (see Heckman and Xuesong Li 
2004) as well heterogeneity in the characteristics themselves across the earnings dis-
tribution. In particular, we focus on the role of differences in endowment of returns 
to education, which is, perhaps, the most important component of human capital in 
the stylised literature. 
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2. The Italian Educational System. A Short Description 
 

Education in Italy is compulsory from the age of 6 to the age of 16, and is divided 
into four stages: primary or elementary school (scuola primaria or scuola elemen-
tare), lower secondary school or middle school (scuola secondaria di primo grado or 
scuola media), upper secondary school or high school (scuola secondaria di secondo 
grado or scuola superiore), university (università) and post-university (PhD and 
Master’s degree). Italy has both public and private education systems. 

Primary school, which lasts five years, is commonly preceded by three years 
of non-compulsory nursery school (known as asilo). Until middle school, the educa-
tional curriculum is the same for all pupils: although one can attend a private or state-
funded school, the subjects studied are the same (with the exception of special 
schools for the blind or the hearing-impaired). The students are given a basic educa-
tion in Italian, English, mathematics, natural sciences, history, geography, social stu-
dies, physical education and visual arts and music. 

Secondary education in Italy lasts eight years and is divided into two stages: 
scuola secondaria di primo grado (lower secondary school), also broadly known as 
scuola media, and scuola secondaria di secondo grado (upper secondary school or 
high school), also broadly known as scuola superiore. Lower secondary school lasts 
three years (roughly from age 11 to 13), whilst high school lasts five years (roughly 
from age 14 to 19). At the end of the final year of high school is an exam known as 
esame di maturità. A score of 60% is required to pass this exam and obtain a high 
school diploma, with the option of gaining access to university education. 

Italy has an extensive international network of state-run and private universi-
ties and colleges offering degrees in higher education. State-run universities account 
for the majority of higher education institutes in Italy, and are managed under the 
supervision of Italy’s Ministry of Education. Italian universities also offer officially 
recognized titles such as PhDs, and they organise Master’s degree courses. 

 
3. Data Description 
 

In this paper the analysis draws on data from the Bank of Italy Survey on Household 
Income and Wealth (SHIW). This is a survey conducted every two years that collects 
information on the economic behaviour of Italian households at the microeconomic 
level. We focus on 1987, 1995 and 2006 because we want to consider the dynamics 
of wages in the first year of data availability, in the middle year and in the last one. 
The choice of 2006 as the last year is guided by the desire to have homogeneous data 
in order to compare the results obtained. In particular, the university reform, which 
came into force under Legislative Decree 270/20041, provided for university reorgan-
ization. This reform started in the academic year 2008/2009. Since the SHIW surveys 
are held every two years and the next survey year after 2006 would have been 2008, 
when the reform came into force, we considered the most recent year prior to the 
reform.  

                                                        
1 The university reform is geared towards a less bureaucratic system and it aims to stimulate greater au-
tonomy and competition among universities. The reform introduced two educational cycles: first degree 
(“ex laurea triennale”), and second degree (“laurea magistrale or specialistica”), which lasts two years. 
Moreover, for some courses single-cycle degree courses are planned. 
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Moreover, we selected the sub-sample of employees by removing self-
employed workers since earnings for the latter are driven by more complex factors, 
such as taxation, and they are structurally different from employees. Furthermore, the 
sample is restricted to include those who are between 15 and 65 years old. The final 
data, for each of three years examined, has 7230 (for 1987), 6479 (for 1995) and 
5934 (for 2006) observations (the table in the Appendix describes the variables we 
use in our analysis). 

To obtain a picture of the unconditional wage dispersion for different ranges 
of schooling in southern Italy and in central-northern Italy, the 10th, 25th, 50th, 75th 
and 90th quantiles of the log hourly wage are listed in Table 1. We also show, in this 
table, a measure of the wage dispersion, the 0.9-0.1 spread. The unconditional log 
hourly wage shows a wider gap at the bottom of distribution, which decreases as we 
consider the upper tail of distribution. Furthermore, differences in the quantiles be-
tween southern Italy and central-northern Italy are reduced for people with university 
and postgraduate qualifications. The spread 0.9-0.1, for the different range of school-
ing, is higher in southern Italy than in central-northern Italy, except for university 
and postgraduate education, where a greater spread is obtained for wages in central-
northern Italy than in southern Italy (Figure 1). 

 
Table 1  Quantiles of the Log Hourly Wage for Different Levels of Education in Southern and  

Central-Northern Italy 
 

year  10% 25% 50% 75% 90% 0.9-0.1 spread 

1987 Elementary 
 

Southern Italy 1.347081 1.631918 1.837288 2.012058 2.158012 0.810931 
Central-Northern Italy 1.570225 1.752547 1.906697 2.040772 2.21892 0.648695 

Middle  Southern Italy 1.347081 1.665535 1.934868 2.089019 2.263372 0.916291 
Central-Northern Italy 1.752547 1.752547 1.934868 2.112549 2.306857 0.554310 

High 
 

Southern Italy 1.624292 1.857907 2.065563 2.289689 2.551054 0.926762 
Central-Northern Italy 1.730074 1.906697 2.109221 2.343415 2.599844 0.869770 

University Southern Italy 2.012058 2.228281 2.604028 2.822988 2.928348 0.916290 
Central-Northern Italy 2.026983 2.22947 2.525736 2.794000 3.007813 0.980830 

Postgraduate Southern Italy 1.941788 2.285351 2.504534 2.599844 2.956519 1.014731 
Central-Northern Italy 2.120271 2.396904 2.668837 3.014788 3.244201 1.123930 

1995 Elementary    Southern Italy 1.570225 1.886078 2.212079 2.435222 2.599844 1.029619 
Central-Northern Italy 1.975690 2.120271 2.263372 2.445694 2.639850 0.664160 

Middle 
 

Southern Italy 1.464864 1.906697 2.263372 2.508495 2.705205 1.240341 
Central-Northern Italy 1.889406 2.094954 2.291543 2.492214 2.686229 0.796823 

High  Southern Italy 1.857907 2.263372 2.551054 2.764147 3.005310 1.147403 
Central-Northern Italy 2.040229 2.238054 2.464043 2.705205 2.956519 0.916290 

University Southern Italy 2.417523 2.602953 2.988771 3.256624 3.467345 1.049822 
Central-Northern Italy 2.291543 2.551054 2.857725 3.169613 3.413278 1.121735 

Postgraduate Southern Italy 2.579225 2.728891 2.917539 3.093738 3.230956 0.651731 
Central-Northern Italy 2.579803 2.599844 3.132630 3.488398 3.516135 0.936332 

2006 
 

Elementary 
 

Southern Italy 1.464864 1.609446 1.857907 2.100853 2.312162 0.847298 
Central-Northern Italy 1.570225 1.752547 1.881379 2.014911 2.158012 0.587787 

Middle  Southern Italy 1.347081 1.647186 1.881894 2.100853 2.291543 0.944462 
Central-Northern Italy 1.650268 1.817085 1.953217 2.100853 2.282283 0.632015 

High 
 

Southern Italy 1.464864 1.819686 2.047125 2.312162 2.551054 1.086190 
Central-Northern Italy 1.714806 1.906697 2.088357 2.314665 2.591876 0.877070 

University 
 

Southern Italy 1.783799 2.081051 2.376701 2.679827 2.928348 1.144549 
Central-Northern Italy 1.830508 2.081051 2.344512 2.733376 3.005310 1.174802 

Postgraduate Southern Italy 2.631097 3.007813 3.179663 3.332571 3.344285 0.713188 
Central-Northern Italy 1.832589 2.081051 2.599844 3.138841 3.155825 1.323236 

 

Source: Own calculations based on SHIW data. 
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Source: Own calculations based on SHIW data. 
 

 

Figure 1  (0.9-0.1) Spread of the Log Hourly Wage for Different Years and Different Levels of  
Education for Southern Italy and Central-Northern Italy 

 
4. Earning Equation and Rate of Return to Education across the 
Quantile Regression Model 
 

As mentioned above, our aim is to estimate returns to education in southern Italy and 
in central-northern Italy: following the economic literature, we estimate separate 
Mincer equations for workers in these two areas. The model takes the following 
form: 
 

   k
k

ki
i

ii controlseducageagey 2
210log  (1)

 

where y is hourly wages, age is a proxy for experience, and educ is a vector of dum-
mies capturing five different education levels (elementary, middle, high, university 
and postgraduate).  

Mincer’s model produces unbiased estimators if the education variable is not 
influenced by other variables (it is exogenous). If we assume that the variable educa-
tion depends on other variables (it is endogenous), as seems more realistic, we must 
use instrumental variables to obtain unbiased OLS estimators. A method to overcome 
this problem is the extended earnings function, which involves the replacement of the 
education variable (years of education) with a set of dummy variables corresponding 
to different degrees (or levels of education) obtained. The control variables include 
different variables that we report in the Appendix. 

The Mincer equation is first estimated by using ordinary last squares (OLS), 
which focuses on mean effects. The quantile regression (Roger Koenker and Kevin 
F. Hallock 1978) is thus a natural extension of the OLS estimation of the conditional 
mean model and describes the conditional quantile regression as a linear function of 
observed heterogeneity, providing a detailed description of the conditional wage dis-
tribution. Specifically, we estimate quantile regression for the 10th, 25th, 50th, 75th and 
90th quantiles of the hourly wage distributions of each area, controlling for individual 
characteristics. 

Estimates of Mincerian equations for southern Italy and central-northern Italy 
are reported in Table 2; in this table we report only coefficients for some control var- 
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Table 2  Estimates of Mincer Equation: OLS and Quantile Regression 
 
   

 
Year 1987 

Coeff. 
Southern Italy Central-Northern Italy 

OLS 10% 25% 50% 75% 90% OLS 10% 25% 50% 75% 90% 
Age .0556*** 

( 6.66) 
.073***
(4.70) 

.0592***
(4.98) 

.0572***
(5.69) 

.034***
(3.45) 

.025 
(1.64 ) 

.049***
(11.29) 

.07*** 
(9.83) 

.06*** 
(10.17) 

.04*** 
(7.69) 

.038*** 
(7.44) 

.02** 
(2.59) 

Age2 -.0005*** 
( -5.53) 

-.0007***
(-4.20) 

-.0005***
(-4.40) 

-.0005***
(-5.24) 

-.0003***
(-2.96) 

-.0002
(-1.33 ) 

-.0004***
(-8.49) 

-.0007***
(-8.48) 

-.0006***
(-9.12) 

-.0004***
(-5.88) 

-.0004*** 
(-6.05) 

-.0002 
(-1.45) 

Women  -.030 
(-1.23) 

-.154***
(-3.96) 

-.0954**
(-2.58) 

-.027 
(-1.00) 

.051* 
(1.69) 

.060 
(1.16 ) 

-.067***
(-5.32) 

-.09***
(-4.42) 

-.07***
(-4.98) 

-.08***
(-6.49) 

-.088*** 
(-6.23) 

-.06**** 
(-2.83) 

Elementary .10** 
(2.11) 

.355***
(2.84 ) 

.0821 
(0.63) 

.115** 
(2.07) 

.060 
(0.87) 

-.092 
(-0.61 ) 

.106**
(2.49) 

.10 
(1.49) 

.10*** 
(2.66) 

.08** 
(2.31) 

.071 
(1.24) 

.012 
(0.17) 

Middle .180*** 
(3.64) 

.474***
(3.78) 

.198 
(1.54) 

.1936***
(3.35) 

.149** 
(2.11) 

-.015 
(-0.10 ) 

.21***
(4.98 ) 

.21*** 
(2.82) 

.19*** 
(4.87) 

.18*** 
(4.59) 

.183*** 
(3.12) 

.13* 
(1.66) 

High .314*** 
(5.88) 

.612***
(4.76) 

.305** 
(2.35) 

.285***
(4.58) 

.245***
(3.31) 

.172 
(1.08 ) 

.29***
(6.75) 

.23*** 
(2.98) 

.25*** 
(5.79) 

.27*** 
(6.68) 

.28*** 
(4.89) 

.29*** 
(3.74) 

University .690*** 
(12.10) 

.820***
(6.19) 

.604***
(4.38) 

.7462***
(9.69) 

.742***
(9.64) 

.532***
(3.21) 

.55***
(11.96) 

.39*** 
(4.97) 

.44*** 
(9.28) 

.52*** 
(10.66) 

.64*** 
(10.15) 

.64*** 
(8.07) 

Post degree .568*** 
(6.47) 

.678***
(3.21) 

.527***
(3.12) 

.645***
(6.51) 

.481***
(5.2) 

.238 
(1.03) 

.63***
(10.19) 

.51*** 
(4.37) 

.49*** 
(6.31) 

.61*** 
(6.81) 

.68*** 
(7.76) 

.71*** 
(5.58) 

Cfdic  .092*** 
(3.59) 

.089** 
(2.22) 

.054* 
(1.66) 

.070** 
(2.28 ) 

.1175***
(4.24) 

.098**
(2.13) 

.07***
(5.27) 

.07*** 
(3.07) 

.05*** 
(3.76) 

.06*** 
(4.55) 

.061*** 
(3.94) 

.081*** 
(3.36) 

Constant .239 
(1.19) 

-.659 
(-1.57) 

.204 
(0.65 ) 

.386 
(1.64 ) 

1.24***
(5.37) 

1.67***
(4.72) 

.572* 
(1.80) 

.095 
(0.42) 

.414** 
(2.26) 

.80*** 
(4.39) 

1.04*** 
(4.59) 

1.05*** 
(2.95) 

Pseudo R2 0.42 0.29 0.26 0.26 0.31 0.31 0.45 0.24 0.25 0.27 0.31 0.33 
 

Note: The table reports coefficient estimates of different quantile regressions; t-test statistics are reported in parenthesis. 
*** significant at 1%, **significant at 5% and * significant at 10%. Other control variables in the regressions are: age cohorts, 
sector and occupation. 

Source: Own calculations based on SHIW data. 

 
Year 1995 

Coeff. 
Southern Italy Central-Northern Italy 

OLS 10% 25% 50% 75% 90% OLS 10% 25% 50% 75% 90% 
Age .068*** 

(7.00) 
.094***
(4.47) 

.08*** 
(6.15) 

.06*** 
(5.69) 

.043***
(3.56) 

.048**
(2.00) 

.044***
(8.72) 

.06*** 
(8.24) 

.05*** 
(7.56) 

.03*** 
(5.80) 

.032*** 
(5.04) 

.03*** 
(4.62) 

Age2 -.0005*** 
(-5.08) 

-.0007***
(-3.44) 

-.0007***
(-5.05) 

-.0006***
(-4.48) 

-.0003**
(-2.53) 

-.0003
(-1.42) 

-.0004***
(-6.34) 

-.0006***
(-6.70) 

-.0005***
(-5.63) 

-.00031***
(-3.91) 

-.0002*** 
(-2.88) 

-.0003*** 
(-3.19) 

Women  -.069*** 
(-2.76) 

-.15***
(-3.08) 

-.10***
(-3.50) 

-.07***
(-2.94) 

.0117 
(0.35) 

.0124 
(0.28) 

-.09***
(-7.85) 

-.11***
(-6.30) 

-.09***
(-7.84) 

-.09***
(-7.68 ) 

-.08*** 
(-5.91) 

-.073*** 
(-3.39) 

Elementary -.094 
(-1.39) 

.096 
(0.54) 

-.051 
(-0.50) 

-.012 
(-0.17) 

-.005 
(-0.08) 

-.16 
(-0.96) 

.024 
(0.39) 

.30* 
(1.92) 

-.0017
(-0.01) 

.05 
(0.72) 

.045 
(0.46) 

-.23 
(-0.79) 

Middle .032 
(0.48) 

.23 
(1.36) 

.11 
(1.12) 

.13* 
(1.76) 

.14* 
(1.90) 

-.058 
(-0.32) 

.15** 
(2.44) 

.42*** 
(2.60) 

.11 
(0.85) 

.18** 
(2.40) 

.17* 
(1.83) 

-.12 
(-0.40) 

High .17** 
(2.53) 

.43** 
(2.40) 

.24** 
(2.31) 

.26*** 
(3.20) 

.23*** 
(3.15) 

.13 
(0.72) 

.24***
(3.88) 

.50*** 
(3.00) 

.18 
(1.41) 

.25*** 
(3.49) 

.26*** 
(2.71) 

.0022 
(0.01) 

University .50*** 
(6.72) 

.63*** 
(3.50) 

.51*** 
(4.37) 

.61*** 
(7.39) 

.64*** 
(7.50) 

.44** 
(2.38) 

.46***
(7.13) 

.58*** 
(3.43) 

.34** 
(2.45) 

.47*** 
(6.25 ) 

.58*** 
(5.56) 

.35 
(1.16) 

Post degree .44** 
(2.02) 

.62* 
(1.91) 

.76** 
(2.56) 

.60** 
(2.32) 

.48*** 
(2.68) 

.322 
(1.52) 

.53***
(3.57) 

.59** 
(2.17) 

.36 
(1.13) 

.38 
(1.30 ) 

.67** 
(2.58) 

.40 
(1.18) 

Cfdic  .030 
(1.19) 

.052 
(1.14) 

.06** 
(2.08) 

.029 
(1.38) 

.039 
(1.39) 

.0055 
(0.13) 

.04***
(3.24) 

.04*** 
(2.62) 

.05*** 
(4.87) 

.05*** 
(3.96) 

.050*** 
(3.09) 

.059*** 
(2.62) 

Constant .45* 
(1.94) 

-1.39**
(-2.53) 

-.20 
(-0.62) 

.45 
(1.57) 

1.22***
(4.09) 

1.69***
(2.78) 

1.1***
(8.98) 

-.08 
(-0.35 ) 

.84*** 
(4.18 ) 

1.22***
(7.87 ) 

1.48*** 
(9.45) 

2.008*** 
(5.59) 

Pseudo R2 0.44 0.32 0.32 0.28 0.28 0.27 0.40 0.22 0.24 0.27 0.29 0.30 
 

Note: The table reports coefficient estimates of different quantile regressions; t-test statistics are reported in parenthesis. 
*** significant at 1%, **significant at 5% and * significant at 10%. Other control variables in the regressions are: age cohorts, 
sector and occupation. 
 

Source: Own calculations based on SHIW data. 
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Year 2006 

Coeff. 
Southern Italy Central-Northern Italy 

OLS 10% 25% 50% 75% 90% OLS 10% 25% 50% 75% 90% 
Age .038*** 

(3.06) 
.087***
(2.95) 

.07*** 
(4.82) 

.02** 
(2.15) 

.017 
(1.22) 

-.007 
(-0.22) 

.02***
(3.84) 

.04*** 
(4.49) 

.03*** 
(4.92) 

.024***
(4.27) 

.0111 
(1.52) 

.0049 
(0.38) 

Age2 -.0003** 
(-2.42) 

-.0007**
(-2.56) 

-.0006***
(-4.02) 

-.00021
(-1.45) 

-.00014
(-0.85) 

.00014 
(0.43) 

-.0001**
(-2.49) 

-.0004***
(-3.64) 

-.0003***
(-3.55) 

-.0002***
(-2.79) 

.000015 
(0.17) 

.0000946 
(0.58) 

Women  -.147*** 
(-5.90) 

-.32***
(-5.27) 

-.14***
(-5.25) 

-.11***
(-5.20) 

-.08***
(-3.18) 

-.097** 
(-2.36) 

-.09***
(-7.58 ) 

-.12***
(-9.94 ) 

-.11***
(-11.49) 

-.098***
(-9.22) 

-.115***   
(-7.27) 

-.095*** 
(-3.56) 

Elementary -.001 
(-0.01) 

.32 
(1.63) 

.058 
(0.26) 

.096 
(0.35) 

.14 
(0.25) 

-1.32 
(-1.58) 

.13 
(0.87) 

.538* 
(1.77 ) 

.10 
(0.34) 

.143 
(0.65) 

.020 
(0.12) 

.044 
(0.36) 

Middle .036 
(0.24) 

.36* 
(1.85) 

.17 
(0.82) 

.17 
(0.63) 

.18 
(0.31) 

-1.32 
(-1.59) 

.27* 
(1.84) 

.643** 
(2.09) 

.219 
(0.75) 

.268 
(1.22) 

.130 
(0.76) 

.244* 
(1.95) 

High .12 
(0.83) 

.39** 
(2.08) 

.23 
(1.05) 

.28 
(1.02) 

.28 
(0.50) 

-1.16 
(-1.38) 

.35** 
(2.38) 

.701** 
(2.26) 

.259 
(0.88) 

.330 
(1.49) 

.213 
(1.25) 

.360*** 
(2.88) 

University .35** 
(2.22) 

.59*** 
(2.89) 

.41* 
(1.87) 

.50* 
(1.73) 

.59 
(1.02) 

-.88 
(-1.05) 

.51***
(3.41) 

.738** 
(2.37) 

.352 
(1.20) 

.505** 
(2.28) 

.450*** 
(2.62) 

.6637*** 
(4.97) 

Post degree .845*** 
(3.39) 

1.1*** 
(3.70) 

1.2*** 
(4.04) 

1.04 
(3.38) 

.98* 
(1.68) 

-.65 
(-0.78) 

.56***
(3.01) 

.854** 
(2.46) 

.293 
(0.83) 

.654** 
(2.11) 

.434 
(1.40) 

.8170*** 
(2.84) 

Cfdic  .0109 
(0.45) 

.012 
(0.28) 

.009 
(0.43) 

.030 
(1.50) 

.046* 
(1.75) 

-.0079 
(-0.21) 

.05***
(4.00) 

.05*** 
(3.66) 

.052***
(5.26) 

.055***
(5.52) 

.047*** 
(3.15) 

.0365 
(1.52) 

Constant 1.12*** 
(3.29) 

-1.09 
(-1.36) 

-.32 
(-0.74) 

1.03***
(2.60) 

1.61***
(2.23) 

4.47*** 
(3.72) 

.96***
(4.53) 

-.727 
(-1.53) 

.494 
(1.44) 

.94*** 
(3.52) 

1.542*** 
(6.14) 

2.31*** 
(4.90) 

Pseudo R2 0.28 0.18 0.19 0.20 0.22 0.23 0.32 0.19 0.20 0.23 0.26 0.26 
 

Note: The table reports coefficient estimates of different quantile regressions; t-test statistics are reported in parenthesis. 
*** significant at 1%, **significant at 5% and * significant at 10%. Other control variables in the regressions are: age cohorts, 
sector and occupation. 

Source: Own calculations based on SHIW data. 

 
iables, if the interviewee is head of the household (cfdic) and if the person is a wom-
an. Detailed results are available from the authors upon request. We report both OLS 
estimates and quantile regression estimates for the two macro-areas and for the three 
years considered. The estimated coefficients are mostly significant and the pseudo R-
squared value indicate a reasonable degree of fit of the Mincer specification given 
the cross-section nature of the data. 

Focusing only on returns of education, it may be observed that OLS estimates 
increase consistently with the education level, for both macro-areas and for all years 
considered, but they decrease over the years. Importantly, education has a greater 
weight in determining the wage premium for southern Italy than for northern-central 
Italy. These results should be taken with caution. In fact, OLS analysis estimates the 
relation between the mean value of the dependent variable (hourly wages) and varia-
tions in the explanatory variables. However, the marginal effects of changes in some 
of the variables in our model may not be equal across the whole distribution of hour-
ly wages. In other words, the estimated coefficients may be a poor estimate of the 
relation between some of the explanatory variables and hourly wages, at different 
quantiles of its distribution.  

Quantile regression is a useful way to overcome this problem, as it provides 
estimates of the regression coefficients at different quantiles of the dependent varia-
ble. Furthermore, two additional features of quantile regression fit our data better 
than traditional OLS. First, the classical properties of efficiency and minimum va-
riance of the OLS estimator are obtained under the restrictive assumption of inde-
pendently, identically and normally distributed error terms. When the error distribu-
tion deviates from normality, the quantile regression estimator may be more efficient 
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than that of OLS (Buchinsky 1998). Second, as the quantile regression estimator is 
derived by minimizing a weighted sum of absolute deviations, the parameter esti-
mates are less sensitive to outliers and long tails in the data distribution. This makes 
the quantile regression estimator relatively robust to heteroskedasticity of the resi-
duals. 

The quantile regression results indicate the following: for the year 1987 re-
turns to education are greater for southern Italy at least until the 50th quantile, while 
from the 50th quantile onwards education in northern-central Italy has higher returns, 
especially at the 75th quantile. From 1995 to 2006 the impact of education in southern 
Italy decreased and lost significance in determining the salaries of employees in par-
ticular from the 50th quantile onwards. We observe a different reality in northern-
central Italy, where returns to education tend to be more significant and crucial espe-
cially in determining wages from the 50th quantile onwards. 

In particular, we observe a dominance effect of the wages distribution of grad-
uate workers in southern Italy on wages distribution of graduate workers in central 
and northern Italy for wages below the median (≤ 50th quantile). Graduates in south-
ern Italy perform better in terms of wages compared to graduates in central and 
northern Italy due to for unobserved factors within our empirical exercise. These un-
observed factors are mainly related to the delay in students in southern Italy obtain-
ing a degree compared to students in northern Italy. The reason for the large number 
of students graduating behind schedule lies in the institutional and organizational 
aspects of the Italian university system (Aina Carmen and Francesco Pastore 2012). 
In particular, the lack of a selective admission test facilitates the entry of unmotivated 
and low-skilled students in universities, whose abandonment rates are high. Hence 
much time is required to graduate. Moreover, the presence of very low tuition fees 
during the period established for graduation does not encourage students to respect 
the schedule to obtain as degree (Pietro Garibaldi et al. 2012). In addition, there are 
also negative signals coming from the labour market, especially in southern Italy, 
which create a kind of deterrent to graduation on schedule (Aina, Eliana Baici, and 
Giorgia Casalone 2011). 

In particular, the specialization in the traditional sectors of Italian industry 
(manufacturing) could explain the low demand for graduate workers, the poor per-
formance of tertiary education and the tendency of young people to reduce their ef-
fort, hence the delay in graduation. In other words, as university students believe that 
the returns to their degrees are low, they also believe that graduating on schedule is 
not necessary. In their study on the economic consequences of graduating beyond the 
legal time, Carmen and Pastore (2012) ascertain that the graduation delay has direct 
effects on wages, introducing wage penalties equal to 7% of the median wage. 

If we compare returns to education in the three years considered, we may note 
a gradual reduction in the importance of education as a determinant of wage. The 
reduction in the importance of education is also emphasised by Istituto per lo Svilup-
po della Formazione Professionale dei Lavoratori (2009) (Institute for the Develop-
ment of Vocational Training of Workers), which reports that, during the period be-
tween 1993 and 2006, workers with high levels of education have been increasingly 
absorbed in jobs requiring low or medium qualifications. This has encouraged a de-
crease in returns to education and, hence, a tendency towards compression of inequa-
lity. 
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On observing the estimates for the coefficients of the control variables we find 
that women in both areas of the country earn less than their male counterparts, and 
gender discrimination, measured by the coefficient of the women dummy variable, is 
higher in lower earnings quantiles. The age earnings profile in both areas of the 
country is quadratic and the coefficient for the head of the household (cfdic) is al-
ways positive and significant, especially for central-northern Italy. The signs of the 
regressors are in line with previous studies on Italian wages (see Massimiliano Bratti 
and Stefano Staffolani 2001; Daniele Checchi 2001; Giuseppe Puggioni 2001; Staf-
folani and Alessandro Sterlacchini 2001; Gianni Boero et al. 2011). 
 
5. Machado-Mata Decomposition: Wage Differential in Returns 
to Education between Southern Italy and Northern-Central 
Italy 

 

In this section we examine the relative impact of returns to education on earnings 
changes by using stylised decomposition methodology. OLS and most statistical 
techniques focus on mean effects. They restrict the effect of the covariates to operate 
in the form of a simple “location shift” (Blaise Melly 2005a, b). The quantile regres-
sion model introduced by Koenker and Gilbert Bassett (1978) is more flexible than 
OLS and allows the effects of a covariate to be studied on the whole conditional dis-
tribution of the dependent variable (for a survey on empirical quantile regression see 
Koenker and Hallock 2001). 

As in studies on sex, race or union wage differentials, the basic methodologi-
cal approach is to estimate an earnings regression by using pooled data for southern 
and central-northern Italy employees and to include a dummy variable for worker’s 
different geographical macro-areas. One problem with the dummy variable approach 
is that the returns to productivity-related characteristics and job attributes are con-
strained to be equal across areas. The effect of a worker’s different geographical ma-
cro-areas (southern and central-northern Italy) is limited to an intercept effect. 

An alternative approach involves estimating separate earnings functions for 
individuals in southern and central-northern Italy. The Blinder Oaxaca decomposi-
tion (1973) is a method for dividing the average earnings differential between two 
groups (or the average differential in the natural log of earnings, depending on the 
econometric model) into two components: the component that can be explained by 
differences in the average characteristics of group members (such as education) and 
the component that cannot be explained by such differences. A disadvantage of this 
approach is that it only focuses on differences at the mean of the two earnings distri-
butions. If we consider only the mean of the regressors, we may miss some important 
factors explaining the difference between the two distributions. 

Machado and Mata (2005) propose an alternative decomposition procedure 
which combines quantile regression and a bootstrap approach. Following Melly 

(2005a, b), we can the decompose the difference in the th quantile of the log hourly 
wage distribution between southern Italy’s workers and central-northern Italy’s 
workers as follows: 
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where  jyQ  is the th  empirical quantile of the wage distribution, with j=south, 
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wage distribution that would have prevailed in central-northern area if all covariates 
had been distributed as in the southern area. For further insights, see Melly (2007). 

The first term represents the contribution of coefficients and the second term 

represents the contribution of the covariates to the difference between the th  quan-

tile of southern Italy workers’ wage distribution and the th  quantile of central-
northern workers’ wage distribution. The residual term arises because the sample is 
randomly generated but it should asymptotically vanish. A detailed description of the 
technique and an analysis of its asymptotic properties are provided by James Al-
brecht, Anders Bjorklund, and Susan Vroman  (2003), Albrecht, Aico van Vuuren, 
and Vroman  (2009). 

In Table 3 we present the results obtained from Equation (2) from the decom-
position of the earnings gap between southern and central-northern employees for the 
selected quantile, using Melly’s (2005a, b) estimator applied to quantile regression. 
Here the focus is the decomposition of the wage gap in an endowment and coeffi-
cients effect, in order to account for the presence of discrimination in the Italian la-
bour market, looking at the different ranges of schooling (middle school, high school 
and university) separately (we omit the results for other educational ranges - elemen-
tary and postgraduate - due to the limited size of the database which could distort the 
results). 

We consider three subsamples for the three different ranges of education in 
order to verify whether for a specific level of education there is a discrimination in 
terms of wage for southern Italian workers vis-à-vis workers in central-northern Italy. 
Looking at the results in Table 3, especially at the columns for 1987, it may be noted 
that, for workers with middle school at the 10th quantile, the coefficients equal to -
22% indicate that wages in southern Italy, for workers with middle school, are about 
22% lower than wages in central-northern Italy (these coefficients can be interpreted 
as discrimination). This discrimination declines with the other quantiles.  

If we look at the results for employees with higher levels of education (high 
school and university), discrimination between workers from the southern area and 
those from the centre-north area still emerges, but it is lower. In addition, for gradu- 
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Table 3 Machado and Mata Decomposition of the South/Centre-North Employee Wage Differential 
for Different Educational Levels 

 

Year Quantile Middle school High school University 

1987 Quantile .1       
     Raw difference 
     Characteristics 
     Coefficients 

 
-.162529*** (-4.40) 
.065216*    (4.88) 

-.227746***  (-5.93) 

 
.084986***(-2.80) 
.053381**(5.02) 

-.138367***(-5.80) 

 
-.013443 (-0.52) 
.007079 (0.67) 

-.020522 (-1.36) 

Quantile .25     
     Raw difference 
     Characteristics 
     Coefficients 

 
-.094083*** (-4.41) 
.066593*** (5.76) 
-.160675***(-8.43) 

 
-.049056***(-2.66) 
.033393***(3.56) 

-.082448***(-6.47) 

 
.020607 (1.14) 

-.016132 (-1.59) 
.03674 (1.31) 

Quantile .5  
     Raw difference 
     Characteristics 
     Coefficients     

 
.027476***(-3.00) 
.068637*** (8.91) 

.096113***(-12.64) 

 
.050254***(-3.16) 

.024119 (2.46) 
-.074374***(-4.98) 

 
.069526***(3.44) 
.000837 (0.05) 

.068688***(21.79) 

Quantile .75 
     Raw difference 
     Characteristics 
     Coefficients     

 
-.016827 (-1.01) 
.06176*** (7.73) 

-.078587***(-4.31) 

 
-.059447**(-2.59) 

.017913 (1.35) 
-.07736***(-3.40) 

 
.019358 (0.62) 
.008863 (0.59) 
.010495 (0.65) 

Quantile .9  
     Raw difference 
     Characteristics 
     Coefficients          

 
-.030004 (-0.95) 
.063433**(7.13) 

-.093437***(-2.96) 

 
-.051868*(-1.73) 
.019247 (1.04) 

-.071115**(-2.07) 

 
-.066609 (-1.36) 
-.000445 (-0.06) 
-.066164 (-1.58) 

1995 
 

Quantile .1       
     Raw difference 
     Characteristics 
     Coefficients 

 
-.378342***(-15.10) 

.041049*(2.68) 
-.419391***(-17.92) 

 
-.130192***(-3.89) 
.088896***(10.98) 
-.219088***(-6.94) 

 
.109419***(50.29) 
.043944**(1.82) 
.065475***(2.98) 

Quantile .25     
     Raw difference 
     Characteristics 
     Coefficients 

 
-.191774***(-7.45) 

.046605 (4.39) 
-.238378***(-8.26) 

 
.006031 (0.30) 

.088336***(12.16) 
-.082305***(-3.79) 

 
.081245***(3.83) 
.042647 (3.60) 
.038598 (1.17) 

Quantile .5  
     Raw difference 
     Characteristics 
     Coefficients     

 
-.044736**(-2.44) 
.059919***(7.62) 

-.104654***(-6.42) 

 
.059456***(3.74) 
.08432***(12.71) 
-.024864 (-1.50) 

 
.120251***(6.11) 
.042773 (2.28) 
.077478**(2.02) 

Quantile .75 
     Raw difference 
     Characteristics 
     Coefficients     

 
.017821 (0.94) 

.062854***(11.21) 
-.045033**(-2.54) 

 
.061148**(2.55) 
.080957***(9.33) 
-.019809 (-0.87) 

 
.088136***(8.68) 

.04726*(2.93) 
.040876 (1.55) 

Quantile .9  
     Raw difference 
     Characteristics 
     Coefficients          

 
.032594 (1.22) 

.057745**(10.15) 
-.025151(-0.89) 

 
.075163**(2.06) 
.070085*(6.77) 
.005078 (0.14) 

 
.057783**(2.34) 
.028925 (6.07) 
.028858 (0.98) 

2006 Quantile .1       
     Raw difference 
     Characteristics 
     Coefficients 

 
-.263012***(-5.54) 

.016705 (1.14) 
-.279718***(-6.86) 

 
-.242221***(-4.94) 

.010542 (0.61) 
-.252762***(-6.39) 

 
-.006304 (-0.11) 
.040047 (1.43) 

-.046351 (-0.94) 

Quantile .25     
     Raw difference 
     Characteristics 
     Coefficients 

 
-.167661***(-8.22) 

.014396 (1.44) 
-.182057***(-11.63) 

 
-.102338***(-3.60) 

.021993 (1.80) 
-.124332***(-5.87) 

 
.010206 (0.22) 
.039804 (1.57) 

-.029598 (-0.84) 

Quantile .5  
     Raw difference 
     Characteristics 
     Coefficients     

 
-.076336***(-4.04) 

.019788 (2.88) 
-.096124***(-4.98) 

 
-.027665 (-1.54) 
.031339**(3.42) 

-.059005***(-3.75) 

 
.024667 (0.44) 
.055281 (2.10) 

-.030614 (-0.55) 

Quantile .75 
     Raw difference 
     Characteristics 
     Coefficients     

 
-.012823 (-0.92) 
.028271*(3.73) 

-.041094**(-2.40) 

 
-.011314 (-0.49) 
.039739* (4.87) 

-.051053**(-2.15) 

 
-.024205 (-0.53) 
.039797 (1.42) 

-.064001 (-1.35) 

Quantile .9  
     Raw difference 
     Characteristics 
     Coefficients          

 
.00755 (0.34) 

.027894 (2.57) 
-.020344 (-0.74) 

 
-.013504 (-0.40) 
.051122 (5.22) 

-.064626 (-1.61) 

 
-.07856 (-1.43) 
.026095 (1.09) 

-.104655 (-1.64) 

Note: The table reports coefficient estimates of different quantile regressions; t-test data are reported in parenthesis. 
*** significant at 1%, **significant at 5% and * significant at 10%.  Control variables in the regressions are age, gender, head 
of household, age cohorts, sector and occupation. 

 

Source: Own calculations based on SHIW data. 
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ate employees this discrimination is not significant. We find the same result for 1995 
and 2006: greater discrimination is shown between southern and central-northern 
workers with a low level of education (middle school). The exception is represented 
by graduates employees in southern Italy for the years 1987 and 1995 to the 50th 
quantile with a wage premium of about 7% compared to graduate employees in 
northern Italy. 

The characteristics component shows that southern workers with any level of 
education should earn more than central-northern workers at all points of the wage 
distribution. In other words, specific characteristics (our covariates) of workers have 
a positive impact in determining the wages of southern workers than central-northern 
workers. The characteristics differential decreases as we move towards employees 
with higher levels of education. The relevance of the characteristics component tends 
to increase over the years, especially for the subsample of workers in the higher 
range of schooling. The raw difference - which is the sum of two effects: characteris-
tics and coefficients - between southern and central-northern workers is particularly 
high for employees with a middle school qualification and is reduced for the remain-
ing workers. It increases for all the years both for workers with middle and high 
school at least up to 50th quantile. For graduate employees, this increase is only ob-
served for 1995. 

In summary, we note that the substantial wage gap between workers in south-
ern Italy and workers in central-northern Italy is mainly due to lower education levels 
(middle and high school). The level of education determines the substantial dispari-
ties in terms of the wage return but this would only hold for education levels related 
to compulsory schooling. 

The characteristics (or endowment) effect and the coefficient effect for educa-
tion, generated by using the Machado-Mata procedure, are reported in Figure 2. Ob-
servation of the coefficient effects for all years for workers with a middle school qua-
lification shows that the wage gap between southern and central-northern Italy de-
creases as we move towards higher quantiles. The effects characteristics is quite sta-
ble over the wage distribution and is close to zero in 1995 and 2006. For workers 
with high school diplomas we observe in 1987 that the coefficient effect is quite high 
for lower quantiles and decreases slightly up to the 20th quantile and stabilises at 
around 8%. The wage gap tends to increase, especially in the lower quantiles, in 
1995 and in 2006, and decreases exponentially in the highest quantiles. The effects 
characteristics is quite stable for all years considered. Finally, there is a fairly unsta-
ble trend for graduate employees, differing with each year analysed. For 1987 from 
the 20th to 60th quantile the wage premium for graduate employees in southern Italy 
decreases for higher quantiles and assumes negative values. For 1995 a similar less 
pronounced trend is observed, with a higher wage premium in the more extreme 
quantiles. Only in 2006 do we observe quite a stable trend around zero except in the 
distribution tails. Unlike the wage gap (or premium), the characteristic differential 
seems to be stable over the wage distribution and does not vary with the quantile. Its 
mean is about 0% for 1987 and 1995 and 0.05% for 2006. 
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 Year 1987
 

 

Middle school High school University 
   

 
 

 Year 1995
 

Middle school High school University 
 

 
 
 Year 2006

 

Middle school High school University 
 

 
 

       
Note: Control variables in the regressions are age, gender, head of the household, age cohorts, sector and occupation. 

Source: Own calculations based on SHIW data. 
 

 

Figure 2 Machado–Mata Decomposition and Differences in Returns to Education for Southern Italy 
and Central-Northern Italy 

 
Since the wage differential varies across the two macro-areas (southern Italy 

and central-northern Italy) and for different educational levels, the wage premium is 
now estimated separately for each single macro-area and for three ranges of educa-
tion: middle, high school and university. The other regressors are the same as in the 
previous estimates.  
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Year 1987
Southern Italy Central-Northern Italy 

 
 

Year 1995
Southern Italy Central-Northern Italy 

 
         

Year 2006
Southern Italy Central-Northern Italy 

 

 
Note: Control variables in the regressions are age, gender, head of the household, age cohorts, sector and
occupation. 

Source: Own calculations based on SHIW data. 
 

 

Figure 3  Wage Premium by Educational Attainment for Employees from Southern and  
Central-Northern Italy  
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In Figure 3 we report only the effects coefficients. We observe for all years 
that the wage premium declines as we move up the income distribution for middle 
and high school but a greater decline is found for central-northern workers than 
southern workers. Only for graduate employees, especially for central-northern ones 
in 2006, do we observe the presence of such an evident wage premium growth for 
higher quantiles. This result is justified by the shorter time needed by northern Italian 
students to obtain their degrees compared to those from southern Italy. The spread 
between the two macro-areas widens especially during 2006, which resulted in an 
increase in the wage premium for graduates from northern Italy. Moreover, the lack 
of adequate job orientation and poor development of contractual instruments that 
allow suitable work experience and training during the years of education, are likely 
to produce a negative effect on the employment of southern Italian graduates and 
hence on their wages. Also, we should consider the rigidity factors that basically re-
quire interventions aimed at improving the efficiency of human capital (Floro Ernes-
to Caroleo 2012). In particular, a rigidity factor found on the labour market in south-
ern Italy is the lack of demand for more educated workers due to the production 
structure, which is dominated by traditional manufacturing sectors with an intensive 
use of unskilled labour. 

 
6. Concluding Remarks 

 

In this paper we focused on the role of differences in educational endowment and 
returns to education in explaining southern Italy and central-northern Italy differenc-
es in average earnings during each of the three periods analysed. 

By analysing descriptive statistics and closely observing the spread for the 
years considered we found large differences in the wages between central-northern 
area and southern area, especially for lower levels of education; this difference is 
reduced for higher educational levels: wage differences between central-northern 
Italy and southern Italy are more pronounced for workers with lower education levels 
and tend to disappear for better-educated employees. 

Examination of both OLS and quantile estimates shows that education has 
greater weight in determining the wage premium for southern Italy than for central-
northern Italy. Machado-Mata decomposition analysis indicates that differences in 
endowment and returns to education do indeed play a role in explaining southern 
Italy and central-northern Italy differences, but that the characteristic effect of educa-
tion is much more modest than the coefficient effect. In particular, we find greater 
discrimination between southern and central-northern workers with low levels of 
education (middle school). The exceptions are graduate employees in southern Italy 
for the years 1987 and 1995 at the 50th quantile with a wage premium of about 7% 
compared to their graduate counterparts in northern Italy. 

By allowing the premium to be different for the four education categories, we 
find that the wage premium declines as we move up the income distribution for mid-
dle and high school; a greater decline is found among workers in central-northern 
Italy than workers in southern Italy. We observe the presence of a wage premium 
only for graduate workers, especially in central-northern Italy in 2006. 
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Appendix 
 

Variable Description 
Dependent variable 
 

Ln(wage) 
 

 
 

Hourly wages were calculated by dividing annual earnings (net of taxes and social security 
contributions) by the total amount of hours worked in a year. In the analysis we used the natural 
logarithm of hourly wage. 

 

Control variables 
 

Age 
  
Age2 
Woman 
Cfdic 
 
Education: 
   Elementary 
   Middle school 
   High school 
   University 
   Post-university 
 
Age cohorts: 
   Up to 31 
   31 – 40 
   41 – 50 
   51 – 65 
 
Sector: 
   Agriculture 
   Industry and construction 
   Wholesale and retail trade 
   Transport and communication 
   Credit and insurance 
   Public administration 
 
Occupation: 
   Blue collar 
   White collar 
   Manager 

 
 

Age was computed as the difference between the survey year and the individual’s year of birth. 
 
Age squared. 
This is a dummy variable that equals one if the person is female. 
This is a dummy variable that equals one if the person is head of the household. 
 
 
This is a dummy variable that equals one if the person has basic schooling. 
This is a dummy variable that equals one if the person has intermediate education. 
This is a dummy variable that equals one if the person has higher education. 
This is a dummy variable that equals one if the person has university education. 
This is a dummy variable that equals one if the person has post-university education. 
 
 
This is a dummy variable that equals one for the age cohort up to 31. 
This is a dummy variable that equals one for the age cohort 31 – 40. 
This is a dummy variable that equals one for the age cohort 41 – 50.  
This is a dummy variable that equals one for the age cohort 51 – 65.     
 
 
This is a dummy variable that equals one if the person works in the agriculture sector. 
This is a dummy variable that equals one if the person works in industry and construction. 
This is a dummy variable that equals one if the person works in the wholesale and retail trade sector. 
This is a dummy variable that equals one if the person works in transport and communications.  
This is a dummy variable that equals one if the person works in credit and insurance.  
This is a dummy variable that equals one if the person works in public administration.  
 
 
This is a dummy variable that equals one if the person is a blue collar worker. 
This is a dummy variable that equals one if the person is a white collar worker. 
This is a dummy variable that equals one if the person is a manager. 

 

Source: Own calculations based on SHIW data. 
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