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Abstract 

In a previous paper on European countries (Raitano, Vona 2011), we show that, even when 
conditioning on child education and occupation, an unexplained residual correlation between family 
background and child earnings persists in Italy and it is mostly associated to a parachute for those 
descending the social scale. This evidence suggests that in Italy the main source of high 
intergenerational inequality is not the educational system, but the dynamics on the labour market. In 
this paper, focusing on Italy we can deeply analyze the impact of family background along the entire 
carrier path by means of micro-data provided by an innovative panel following individuals during 
their whole working life and containing information on parental background and several children 
characteristics and labour market outcomes and firms’ features. We find that family background 
significantly affects returns to labour market experience on top on its effect on the earning potential. 
Moreover, this effect is not substantially larger for high ability individuals and it is linked to the 
sectorial degree of competition and it seems driven by those who change firms during their career.  

 

 

1. Introduction 

Italy is usually considered as a country with a particularly high social immobility. Irrespective to the 
method used to assess the impact of family background on child earnings, Italy scores the highest 
together with the US and the UK (Bjorklund and Jantti 2009). For the two Anglo-Saxon countries, 
such a high impact of family background is consistent with well-known disparities in human capital 
levels, generated early in the lifetime by a decentralized, (often) segregated and highly 
heterogeneous schooling environment. It seems instead exceedingly more difficult to rely on a pure 
human capital explanation for Italy. 

First, evidence from standardized test scores (e.g. PISA, TIMMS) shows that the highly centralized 
and mainly public Italian schooling system does not foster inheritance of human capital substantially 
more than for the average of Oecd countries (Schuetz et al 2008). A similar argument applies for the 
influence of family background on the attainment of formal qualifications at different levels, on 
which Italy is not much worse than EU partners (Franzini and Raitano 2009; Checchi and Meschi 
2012). Second, Italy is a country with relatively low levels of cross-sectional wage inequality, low 
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returns to skills and a centralized wage setting (Brandolini et al 2001), all factors that should reduce 
the labour market projection of human capital disparities.  

In this paper, we amend the widely accepted human capital explanation of intergenerational 
inequality and empirically test the possibility that family connections keep having a strong influence 
along the entire son’s carrier, independently on their educational attainments. We estimate the 
impact of family background on returns to labour market experience (i.e. the seniority, the number 
of years spent working) for Italian males working as private employees using a new rich longitudinal 
dataset (ADSILC) that allows to control for both observable and unobservable individual skills. ADSILC 
– built merging survey data recorded in EU-SILC and administrative data for individuals’ whole 
working career – contains data on earnings for a representative sample of the Italian population, 
detailed measures of effective seniority, individual and firms characteristics and retrospective 
information on the family background when the child was 14 (parental education and occupation, 
number of siblings, family composition, etc.). To the best of our knowledge, ADSILC is the first panel 
that allows testing the influence of family background variables on entire working carriers. 

In a paper on European countries based on the cross-sectional EU-SILC (Raitano, Vona 2011), we 
showed that, even when conditioning on child education and occupation, a residual correlation 
between FB and child earnings persists in Italy, Spain and the UK and this residual correlation is 
mostly associated to a parachute for those descending the social scale in Italy and Spain. However, 
since the EU-SILC module on social mobility is a cross-section, we cannot control for unobservable 
individual characteristics plaguing our estimates. By using the longitudinal AD-SILC dataset we 
confirm that in Italy a “residual” correlation between family background and offspring earnings 
remains once controlling for offspring’s education. More important, we inquire where this Residual 
Effect develops, finding that it largely develops during the working life. Furthermore, we carry out 
some tests in order to identify whether this effect depends on unobserved abilities rather than on 
network effects, showing through various empirical strategies that is seems due to network effects. 

The paper is related to two main strands of the literature. First, we contribute to the literature on 
intergenerational inequality; particularly to those works that decompose intergenerational income 
elasticities into different components (Bowles and Gintis 2002, Blanden et al. 2011). Note that our 
dataset contains detailed information post-LM entry, while existing studies usually exploit datasets 
that contain detailed individual histories before LM entry and just few observations during the 
working carrier (Jenkins 2011). Therefore, we also contribute to the literature on the life-cycle bias in 
the estimated family background (FB) effects, as we can precisely measure the influence of FB at 
different stages of the carrier (Haider and Solon 2006). This feature of our data allows us to 
complement existing analyses on intergenerational inequality directly looking at the post-labour 
market entry influence of FB. Second, our work is related to the vast literature on labour market 
experience and earnings. For the US, a closely related work by Hudson and Session (2011) – carried 
out by means of cross-sectional data – finds that earning profiles are steeper for workers with more 
educated parents. Our analysis extends their work in several ways: first, using a panel, we control for 
individual effects; second, our dataset allows to use effective experience and include firm- and 
sector-seniority, rather than the mere individual potential experience; third, we aim to identify the 
part of the FB effect which is due to family connections.  

The remaining of the paper is organized as follows. In section 2 we present the dataset, showing the 
descriptive evidence about the association between family background characteristics and individual 
earnings during the whole career. In section 3 we discuss the empirical strategy, whereas section 4 
presents the main results of our analyses. 
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2. The dataset 

In this paper we use a new panel on individual working histories, called AD-SILC, recently built 
merging longitudinal information provided by administrative archives with a sample dataset. In 
particular AD-SILC has been developed merging the IT-SILC 2005 sample (i.e. the Italian version of EU-
SILC 2005) with the administrative records on individual working histories since their entry in the 
labour market up to 2009 collected by the Italian National Social Security Institute (INPS). 

AD-SILC is the first panel dataset available for Italy that follows individuals for dozen of years and 
collects detailed information on individual working statuses, characteristics (e.g. education and 
information on family background) and on firms features (e.g. sector and firm size).  

Administrative archives manage detailed information on the universe of individuals (and firms) since 
the beginning of their working career up to the most recent years and these archives refer to each 
type of worker (i.e. private and public employees, self-employed). For each working episode (or 
period receiving welfare and unemployment benefits), in each year, archives record the number of 
weeks, the gross earnings (including employees’ contributions), the starting and final date of the 
episode and the characteristics of the firms. Therefore these archives offer a comprehensive  picture 
of the working episodes of the Italian labour force. By definition, administrative archives are not 
plagued by attrition (if someone disappears from the archives it means that he/she has stopped to 
work). However, being not relevant to administrative purposes, these archives do not record 
information needed for analyzing determinants of individual working statuses and earnings, e.g. 
educational attainments, family composition, family background. On the contrary, the IT-SILC 2005 
wave collects detailed information about several time invariant individual characteristics, including a 
specific section on family background (e.g. on parental characteristics when the interviewed was 14, 
father and mother birth date, education, occupation, family composition). Due to their 
complementary characteristics, IT-SILC and INPS archives information have then been merged in a 
new panel dataset. Hence, starting from a cross section of about 47,000 individuals interviewed in IT-
SILC 2005, the AD-SILC panel contains around 1,150,000 observations. 

In order to analyze the association between parental background and offspring’s earnings AD-SILC 
has many pros. It allows to exactly measure individual labour market experience and tenure (i.e. the 
consecutive years of experience in a given firm), also distinguishing total seniority (e.g. as public or 
private employees or as self-employed) and seniority as private employees. On the contrary ,survey 
data are often plagued by measurement errors about seniority and tenure (they are based on 
individual recall) and, often, by the need to refer to potential experience (i.e. the seniority starts 
from a conventional age based on the highest educational attainment and no career interruptions 
are considered). Furthermore, using the SILC information about the year when the highest 
educational degree has been attained, we can consider the specific education got by the worker in 
that year, therefore estimating also in a fixed effect model the effect of educational attainment 
(getting around 10% of Italian employees a higher educational degree after they have entered in the 
labour market). 

Apart from year dummies and cohort of entry in the labour market, AD-SILC allows to include several 
individual controls, as the Region where the individual works, his age, seniority and tenure, and 
further background characteristics (the number of siblings and dummies about the family 
composition when aged 14, i.e. the presence of both parents or living in a single mother-hood 
family). Moreover, collecting administrative data information about each working episode during the 
year, we can add further controls as the exact total number of weeks worked during the year (as 
employee or self-employed), dummies about the occurrence during the year of suspension of the 
working activity (i.e. cassa integrazione) and the provision during the year of an unemployment 
benefit, the total number of weeks spent working not as private employees and the total yearly 
income coming from those activities and for a dummy for part-time jobs. Moreover, since 1987 also 
the characteristics of the employer – i.e. firm size and sector of activity (recorded at 3 digits NACE) – 
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are recorded (whereas the firm code is always available, then allowing to compute tenure in a given 
firm).  

In this paper we only refer to private employees, because self-employed wages are plagued by huge 
problems of underreporting and truncation and public employees earnings are available since 1996. 
The dependent variable is the log of gross weekly wages from private employment (i.e. including 
personal income taxes and employees’ social insurance contributions). For reducing the impact of 
outliers we do not use, for each year, the top 1% and the bottom 1% of the wage distribution. As 
proxy of family background we use parental education (the highest education got by the father or 
the mother)1. We convert educational attainments (both for parents and sons) in years of education.  

For avoiding difficulties linked to the different labour supply behaviors and to much more 
fragmented working careers, in line with most of the studies analyzing intergenerational inequality, 
we consider only males.  

In particular we refer to the cohorts of males entered in the labour market as private employees 
since 1975 to 2006 and aged at the entry year less than 35 and we observe their working career up to 
the end of 2009 (i.e. in the period 1975-2009). We do not use years prior 1975 because the variable 
collecting earnings has several missing values and the identification code of firms (needed for 
computing tenure) is collected only since 1975. For each year we consider individuals aged 15-64. We 
excluded from the sample individuals not having the Italian citizenship because the retrospective 
sample (i.e. a sample developed starting from Italian population in 2005) is not able to be 
representative of immigrants in past years. 

The final sample used in this paper is composed by 94,295 longitudinal observations concerning 
5,978 individuals entered in the labour market in the period 1975-2006 and then followed up to 35 
years. In the following, we follow cohorts of males since their entry on the labour market as private 
employees and we compute whether: a) a residual background correlation exists even if controlling 
for offspring education, at the different ages (figure 1); ii) this correlation changes according to 
individual seniority (figure 2). 

A standard Mincerian augmented by parental years of education estimated at the different sons’ 
ages (figure 1) confirms that parental background is associated to higher wages and that this 
association increases with sons age and would, then, be underestimated if too young sons were 
considered (Haider and Solon 2006). What is more important is that the steeper age profile of the 
background-wage relationship seems linked to a positive association between parental background 
and the individual experience on the labour market. Running Mincerian equation at different 
seniorities a clear picture emerges showing that the “family background effect” increases along the 
individual career (figure 2), confirming the findings by Hudson and Sessions (2011). It seems then 
fruitful to get more insight into the relationship between sons’ education, parental characteristics, 
labour market experience and earnings. 

 

3. The empirical strategy 

To account for family background effects on the earnings potential and the carrier path through 
ability-to-learn (Nelson and Phelps 1966), we estimate the following wage equation: 

log (wit ) = Skilli + βSkilli*Expit + γXit + εit 

                                                           
1
 The praxis in economic analysis of intergenerational inequality is to measure on the same scale both the 

parent and the child socio-economic positions. For earnings, however, this is often impossible due to the lack of 
income data for the parents. Parental education represents then the closer substitute as it is often seen as a 
proxy of unobservable skills. 
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where Skilli is based both on sons’ and parental education, Expit is the labour market experience 
(seniority) and Xit are additional characteristics that can be controlled for in regressions. 

Hudson and Sessions (2011) use a similar strategy in a cross-section, so not controlling for  
unobservable individual time invariant characteristics and using potential rather than effective 
experience on the labour market. We follow Hudson and Sessions (2011), then we assess  the 
influence of parental education on earning-experience profiles, augmenting a standard wage 
equation including the interaction between parental education and experience. 

This interaction (seniority*parental education in the tables of section 4) is then our main variable of 
interest and we consider it as a proxy of the Labour Market-impact of family background. Several 
problems arise when attempting to estimate this equation with OLS. Using potential experience as in 
Hudson and Sessions (2011), endogeneity in child education is a source of estimation bias. Since we 
observe effective rather than potential experience, we do not incur in this source of bias.  

However, the estimated LMI-FB may be not well identified also when using effective experience. 
Furthermore, it may be difficult to give a clear interpretation to the estimated effect. Above all, the 
steepness of the returns to experience is a proxy of the ability to learn, which in turn depends on 
workers’ skills (Nelson and Phelps 1966). Since parental education is a very rough proxy of skills, we 
also include the interaction between LM experience and sons’ education (compare model 0 and 
model 1 in section 4.1). This extended specification provides a lower bound of the direct influence of 
parental education on child earnings (child and parental education are positively correlated), but is 
helpful for interpreting the estimated effect. Indeed, the interaction between child education and 
experience controls for the part of the Labour Market-impact of family background that is more likely 
related to unobservable skills such as learning abilities. Accordingly, our favourite specification is 
based on regressions that fully exploit the longitudinal feature of our dataset and are then based on 
a random effects model – where also the linear impact of time invariant parental education can be 
estimated – and, mostly, on a fixed effect model. 

The second crucial issue concerns the interpretation of the Labour market impact of Family 
background. Such impact cannot be safely attributed to family connections rather than to 
unobservable skills if an exogenous variation in hiring practices does not allow for a precise 
identification of the former effect. 

Our main hypothesis is that an increase in market competition induces a change in hiring and 
promotion practices within the firm. Following an increase in competition, firm’s market shares 
become more sensible to cost differentials that, in turn, depend on workers’ skills. Firms are forced 
to become more efficient in order to stay in the market, for instance by hiring talented people. In 
such a context, rents should fall together with the resources used by the firm to pledge politicians, 
powerful stakeholders and friends. In the Italian labour market, there is a rich anecdotal evidence 
that incumbents’ rents are at least partially used to hire recommended workers. Therefore, we 
expect that an increase in competition forces firms to change the hiring and promotion practices so 
as to favour talented rather than recommended workers.   

We use a standard difference-in-difference approach to evaluate the effect of an increase in 
competition on returns to skills and FB along the working carrier (Guadalupe 2007). We use two 
standard measures of competition: import penetration following an exogenous increase in the 
exchange rate (the Lira-Ecu exchange rate has been fixed in October 1997 ADD) and the liberalization 
occurred in the highly regulated industries from 1999 to 2001. 

We include in regressions a dummy “POST” discriminating between the period before the change in 
competition (=0) and the period after (=1). To depurate from pre-existing differences in returns to FB 
and skills across industries, we include a full set of interactions between our three variables of 
interest: LM experience, competition and parental and children education. Likewise, we include a full 
set of interactions between these variables (and their pairwise interactions) and the POST dummy to 
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account for changes in returns to these variables, independent from the change in competition 
(POST*COMP).  

The reading of the main effect of interest might be difficult as it consists of a quadruple interaction 
between LM experience, parental education, competition and the post-experiment dummy. 
Moreover, a decrease in the LMI-FB can be either due to an improvement for those who have more 
education than their parents or to a worsening for those who have less education than their parents. 
We carry out the experiment by three groups: upward movers (those who attain relatively more 
education than their parents, net of the average increase in years of schooling across the two 
generations), stayers (those who more or less do the same as their parents) and downward movers 
(those who attain relatively less education than their parents).  

 

4. Results 

4.1 Baseline 

Table 1, model 1 shows the baseline results obtained through pooled OLS, fixed effects and random 
effect models, where we include both children and parental education and the interaction between 
child education and LM experience, whereas in model 0 sons education and its interaction with the 
experience is not included. The comparison of the estimated coefficients across these models is 
insightful for understanding the influence of unobservable individual characteristics on our variables 
of interest, i.e. the interaction between LM experience and parental or child education. Quite 
interestingly, the three models deliver very similar estimated coefficients of our main variables. This 
comparison suggests that parental education, child education and the family composition when 14 
(number of siblings, presence of both parents or a single mother) are, if jointly considered, a very 
good proxy for unobservable individual characteristics.  

In all estimated models the interaction between parental background and sons’ experience is 
positive and highly significant. Quantifying estimated coefficients, it emerges that a 10 years increase 
in child education leads to an increase in the earning potential by 15% and it is magnified after 10 
years of experience by a further 14% wage increase. At the same time since the model 1 it emerges 
that a 10 years increase in parental education leads to an increase in the earning potential by 3.7%, 
and it is magnified after 10 years of experience by a further 6% wage increase. Furthermore, it has to 
be pointed out that these quantifications are lower bounds as child education depends on parental 
one, with an estimated correlation between 0.30-0.35. Taking this into account (Blanden et al. 2007), 
a 10-years increase in parental education leads to a 8.7% increase in earning potential, magnified 
after 10 years of experience by a further 10.7% wage increase. 

The results on the two interaction terms are impressively robust to the inclusion of additional 
explanatory variables carried out using the FE model as a benchmark, also considering only the 
period since 1987 in order to control also for firms’ characteristics. Model 1A in Table 2 includes 
controls for the individual working histories (number of unemployment spells), for the qualification 
(blue or white collar) and for the recent working status (in partial or total unemployment in the 
previous months, number of weeks worked, other incomes, weeks worked as self-employed). Note 
that controlling for qualification and past unemployment spells is equivalent to add information on 
individual abilities. Qualification, in particular, is a good predictor of earnings: its effect is large and 
statistically significant at 99%. As expected, the relationship between the steepness of the earning-
experience profile and parental education is partially related to the achievement of a better 
qualification during the working carrier. However, the inclusion of qualification is not sufficient to 
wipe out the bulk of the family background effect. Furthermore, our results are confirmed when we 
restrict the sample to males entered in the labour market in the period 1980-1990, then having 
accumulated at least 20 years of experience up to 2009 (table A.1). 
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As preliminary evidence towards a correct interpretation of the LMI of FB, quantile regressions 
consent to look at the influence of FB along the ability distribution. This exercise is important as 
recent theoretical developments, grounded on robust evidence, emphasize the complementarity 
between FB and individual abilities as a crucial ingredient of the skill formation process (e.g. 
Cunhaand Heckman 2007). Figures 3-4 show that for parental education the estimated effect is quite 
stable across deciles, while both child education and its interaction with experience have, as usual, a 
greater influence on top deciles. This result implies that the influence of parental education, given 
son’s education, does not increase for high ability individuals. Such a flat profile seems instead to 
suggest that a good FB is a substitute for scarce son’s abilities. Clearly, FB can compensate for low 
son’s abilities only when the hiring rules consent to rely on personal connections and family ties 
rather than on individual abilities.  

 

4.2 Quasi-experimental evidence 

From an econometric standpoint, proving that the impact of family background passes through 
family connections rather through unobservable skills is not an easy task. The core of our empirical 
strategy is a well-established quasi-experimental setting previously used to estimate the impact of 
market competition on returns to skills (Guadalupe 2007). The basic intuition is that an increase in 
market competition threatens incumbents’ market power forcing firms to hire talented workers, 
irrespective to their connections. If family connections matter in shaping carrier paths, it seems then 
reasonable to expect that an increase in competition, by inducing a change in existing hiring 
practices, will reduce returns to FB in the labour market. Our main result strongly supports this 
hypothesis, showing that the interaction between and seniority significantly reduces in the period 
following the product market competition increase when it is interacted with the two proxies of 
competition (table 3). 

We then carry out a more thoughtful experiment by splitting our sample in three groups: those who 
acquire less education than their best parent (downward movers), those who remain more or less 
with the same level of education, net of the average 4 years increase among generations (stayers), 
and those who improve by more than 5 years (upward movers). Splitting our sample in this way is 
useful as we can distinguish two sub-groups within the group of those with average-good FB: those 
who keep more or less the same position as their parents and those who worsen the parental 
position. 

Consistently with previous findings showing that the family background effect mainly acts in Italy as a 
parachute for those coming from a good background and worsening the occupational or educational 
attainment with respect to their parents (Raitano and Vona 2010 and 2011), it has to be stressed that 
the increase of competition (i.e. after the shock) significantly reduces the wage gap advantaging 
during the career the “downward” individuals, whereas the other coefficients are not significant 
(tables 4-5). 

Finally, we inquired whether the family background effect could act mostly advantaging those who 
change firms (i.e. a re-employability effect), rather than those always working in the same firm. The 
assumption is that those characterized by better networks could exploit their connections for finding 
a better job during their career. Consistently with this assumption the family background effect only 
emerges for those changing jobs at least once during their career (table 6). 

Furthermore, interacting seniority and background with a dummy identifying the year when the 
individuals move to another firm confirm that those characterized by a better background 
significantly increase their wage when they move to another firm (table 6, last column). 
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5. Conclusions 

To be added 

References 

To be added 

Figure. 1: OLS estimated coefficients of sons and parental education on individual wages at different ages.  

 

Source: elaborations on AD-SILC data 

 

Figure. 2: OLS estimated coefficients of sons and parental education on individual wages at different 
seniorities. 

 

Source: elaborations on AD-SILC data 

0.00%

1.00%

2.00%

3.00%

4.00%

5.00%

6.00%

7.00%

25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49

Offspring years of education Parental years of education

0

0.01

0.02

0.03

0.04

0.05

0.06

1 2 3 4 5 6 7 8 9 101112131415161718192021222324252627282930

Son years of education Parental years of education



9 
 

Table 1: Estimates of the link between parental education, offspring education, seniority and wages 

 Model 0 Model 1 

 Pooled OLS Fixed effects Random effects Pooled OLS Fixed effects Random effects 

 b/se b/se b/se b/se b/se b/se 

Seniority 0.0478*** 0.0492*** 0.0503*** 0.0338*** 0.0318*** 0.0334*** 

 [0.0029] [0.0029] [0.0025] [0.0031] [0.0032] [0.0028] 

Sen
2
 (*10) -0.0239*** -0.0233*** -0.0237*** -0.0213*** -0.0205*** -0.0209*** 

 [0.0015] [0.0013] [0.0013] [0.0014] [0.0013] [0.0013] 

Sen
3
 (*100) 0.0048*** 0.0045*** 0.0045*** 0.0044*** 0.0042*** 0.0042*** 

 [0.0003] [0.0003] [0.0003] [0.0003] [0.0003] [0.0003] 

Par_education 0.0054***  0.0073*** 0.0026*  0.0037*** 

 [0.0014]  [0.0012] [0.0014]  [0.0012] 

Sen*par_educ 0.0012*** 0.0011*** 0.0011*** 0.0007*** 0.0007*** 0.0007*** 

 [0.0001] [0.0001] [0.0001] [0.0001] [0.0001] [0.0001] 

Son_education    0.0155*** 0.0118*** 0.0149*** 

    [0.0016] [0.0032] [0.0016] 

Sen*son_educ    0.0012*** 0.0012*** 0.0012*** 

    [0.0001] [0.0001] [0.0001] 

N 80,784 80,784 80,784 80,784 80,784 80,784 

r2_a 0.4028 0.3467  0.4523 0.3567  

r2_w  0.3471 0.3467  0.3572 0.3567 

r2_b  0.3214 0.4546  0.4502 0.5132 

Controls: age, age
2
, presence of both parents, presence of a single mother, number of siblings, dummy for part-

time plus year, cohort of entry in the labour market and Regional fixed effects. Fixed effects models also 
include a dummy=1 for white collar or managerial occupations. Standard error clustered by individuals.  
Source: elaborations on AD-SILC data 
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Table 2: Estimates of the link between parental education, offspring education, seniority and wages. 
Fixed effect model. Robustness checks 

 
Model 1A Model 1B Model 1C Model 1D 

 
b/se b/se b/se b/se 

Seniority 0.0284*** 0.0194*** 0.0286*** 0.0358*** 

 
[0.0033] [0.0031] [0.0052] [0.0064] 

Sen2 (*10) -0.0199*** -0.0177*** -0.0253*** -0.0304*** 

 
[0.0013] [0.0013] [0.0031] [0.0034] 

Sen3 (*100) 0.0039*** 0.0037*** 0.0068*** 0.0079*** 

 
[0.0003] [0.0003] [0.0009] [0.0010] 

Sen*son_educ 0.0012*** 0.0013*** 0.0012*** 0.0012*** 

 
[0.0001] [0.0001] [0.0002] [0.0002] 

Sen*par_educ 0.0005*** 0.0006*** 0.0009*** 0.0008*** 

 
[0.0001] [0.0001] [0.0002] [0.0002] 

N 82862 94035 40208 34979 

r2_a 0.3863 0.4099 0.4583 0.4500 

r2_w 0.3868 0.4103 0.4595 0.4536 

r2_b 0.5123 0.4801 0.5933 0.5852 

Controls: age, age
2
, dummy for part-time, a dummy=1 for white collar or managerial occupations plus year, 

cohort of entry in the labour market and Regional fixed effects. Model 1A includes past number of firm 
changes, past periods of unemployment, total weeks worked during the year, weeks worked as self-employed 
during the year, total amount of other labour incomes earned during the year. Model 1B includes tenure and 
the square of the tenure in the firm. Models 1C and 1D adds information about the firms’ characteristics 
(available since 1987): model 1C includes the log of the firm size, the experience (linear and squared) in the 
NACE three digits sector plus sectors fixed effect; in model 1D dummies built interacting classes of firm size and 
three digit sectors are added. Standard error clustered by individuals. Source: elaborations on AD-SILC data 

 

Fig. 3: Quantile regressions on individual wages. Estimated coefficients of sons and parental 
education 

 

Source: elaborations on AD-SILC data 
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Fig. 4: Quantile regressions on individual wages. Estimated coefficients of the interaction between 
seniority and sons and parental education 

 

Source: elaborations on AD-SILC data 
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Table 3: Fixed effect regressions on individual wages. Interactions among seniority, sons and parental 
education and shocks on sectorial degrees of competition 

 Experiment 1 
Product market deregulation 

In the period 1999-2001 

Experiment 2 
Lira appreciation in 1997 
In the period 1999-2001 

 EXP1b EXP1c 

 b/se b/se 

Competition 0.0066 -0.27 

 [0.1546] [0.05] 

Seniority*competition -0.0389* 0.02 

 [0.0223] [0.05] 

Son education*competition 0.0119 0.01 

 [0.0099] [0.03] 

Parental education*competition -0.0135 -0.02 

 [0.0121] [0.02] 

Seniority*educ*compet 0.0003 0.0147 

 [0.0015] [0.0263] 

Seniority*par_educ*compet 0.0037** -0.0227 

 [0.0017] [0.0164] 

Competition*post shock -0.06 -0.03 

 [0.2598] [0.39] 

Seniority*Compet*post shock 0.0358 -0.01 

 [0.0253] [0.06] 

Son_educ*Compet*post shock -0.0172 -0.01 

 [0.0166] [0.03] 

Par_educ*Compet*post shock 0.0278* 0.04** 

 [0.0156] [0.02] 

Sen*son_educ*comp*post 0.0004 0.0021 

 [0.0017] [0.0044] 

Sen*par_educ*comp*post -0.0043** -0.0043 

 [0.0017] [0.0029] 

N 33,007 38,792 

r2_a 0.4626 0.439426 

In the experiment 1 a dummy on sectors characterized by a reduction in the product market regulation index is 
used as proxy of competition. In the experiment 2 the share of import penetration on sectorial value added is 
used as proxy of competition. Controls: age, age

2
, dummy for part-time and for white collar or managerial 

occupations plus year, cohort of entry in the labour market and Regional fixed effects. Block bootstrap 
standard errors, clustered by sector of entry. Cohorts in individuals entered in the labour market as private 
employees in the period 1987-2006. Source: elaborations on AD-SILC data 
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Table 4: Fixed effect regressions on individual wages. Interactions among seniority, sons and parental 
education and the 1999-2001 shock on sectorial degrees of competition proxied by the PMR index. 

Individuals distinguished according to educational mobility with respect to their parents  

 Downward movers Stayers Upward movers 

 b/se b/se b/se 

Seniority 0.0776*** 0.0841*** 0.0484* 

 [0.0127] [0.0118] [0.0239] 

Competition*post shock 0.1428 -0.0205 0.0863 

 [0.1252] [0.0997] [0.0837] 

Seniority*competition 0.0582*** -0.0033 0.009 

 [0.0162] [0.0197] [0.0221] 

Seniority*competition*post shock -0.0575** -0.0056 -0.0217 

 [0.0231] [0.0198] [0.0222] 

N 5,095 5,774 4,405 

r2_a 0.4641 0.439 0.4405 

Controls: age, age
2
, dummy for part-time and for white collar or managerial occupations plus year, cohort of 

entry in the labour market and Regional fixed effects. Block bootstrap standard errors, clustered by sector of 
entry. Cohorts in individuals entered in the labour market as private employees in the period 1992-2006. 
Source: elaborations on AD-SILC data 

 

Table 5: Fixed effect regressions on individual wages. Interactions among seniority, sons and parental 
education and the 1997 shock on sectorial degrees of competition proxied by the import penetration 

share. Individuals distinguished according to educational mobility with respect to their parents  

 Downward movers Stayers Upward movers 

 b/se b/se b/se 

Seniority 0.0673*** 0.0792*** 0.0735*** 
 [0.0101] [0.0070] [0.0066] 
Competition*post shock 0.0043*** -0.0006 0.0014 
 [0.0011] [0.0012] [0.0010] 
Seniority*competition 0.0005*** 0.0000 0.0002 
 [0.0002] [0.0002] [0.0002] 
Seniority*competition*post shock -0.0005** 0.0001 -0.0001 
 [0.0002] [0.0002] [0.0001] 

N 11,701 14,923 26,624 
r2_a 0.4398 0.3941 0.4189 

Controls: age, age
2
, dummy for part-time and for white collar or managerial occupations plus year, cohort of 

entry in the labour market and Regional fixed effects. Block bootstrap standard errors, clustered by sector of 
entry. Cohorts in individuals entered in the labour market as private employees in the period 1987-2006. 
Source: elaborations on AD-SILC data 
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Table 6: Estimates of the link between parental education, offspring education, seniority and wages. 
Fixed effect model. Individual distinguished according to the number of firm changes during their 

career 

 
No  

changes 
At least  

1 change 
1 change 2 changes 

3-4 
changes 

At least  
5 changes 

Interact 
 “firm  

change” 

Seniority -0.0104 0.0130*** 0.0053 0.0146 0.0134 0.0096 0.0148*** 

 
[0.0137] [0.0048] [0.0092] [0.0114] [0.0084] [0.0095] [0.0044] 

Sen
2
 (*10) -0.0093** -0.0132*** -0.0107*** -0.0123*** -0.0132*** 

-
0.0134*** 

-
0.0132*** 

 
[0.0037] [0.0018] [0.0033] [0.0040] [0.0031] [0.0038] [0.0016] 

Sen
3
 (*100) 0.0027*** 0.0028*** 0.0024*** 0.0024*** 0.0030*** 0.0028*** 0.0029*** 

 
[0.0006] [0.0003] [0.0006] [0.0008] [0.0006] [0.0007] [0.0003] 

Sen*son_educ 0.0015*** 0.0012*** 0.0012*** 0.0007*** 0.0015*** 0.0012*** 0.0014*** 

 
[0.0003] [0.0001] [0.0003] [0.0003] [0.0002] [0.0002] [0.0001] 

Sen*par_educ 0.0002 0.0006*** 0.0005** 0.0004 0.0004* 0.0010*** 0.0005*** 

 
[0.0002] [0.0001] [0.0002] [0.0003] [0.0002] [0.0002] [0.0001] 

Son_ed*change 
    

  0.0012 

     
  [0.0009] 

Par_ed*change 
    

  0.0021** 

     
  [0.0010] 

N 9,730 64,650 13,665 14,402 18,938 17,645 74,587 

r2_a 0.3949 0.3605 0.4168 0.3970 0.4030 0.2848 0.3511 

r2_w 0.3990 0.3614 0.4197 0.3999 0.4053 0.2886 0.3518 

r2_b 0.1712 0.5091 0.3285 0.4118 0.5093 0.4367 0.4206 

Controls: age, age
2
, dummy for part-time, a dummy=1 for white collar or managerial occupations, year of 

tenure (also squared), past years of unemployment and number of past firm changes, plus year, cohort of entry 
in the labour market and Regional fixed effects. Standard error clustered by individuals. Source: elaborations 
on AD-SILC data 
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Table A1: Estimates of the link between parental education, offspring education, seniority and wages. 
Individuals entered in the labour market as private employees in the period 1980-1990 

 
Model 0 Model 1 

 
Pooled OLS Fixed effects Random effects Pooled OLS Fixed effects Random effects 

 
b/se b/se b/se b/se b/se b/se 

Seniority 0.0666*** 0.0621*** 0.0650*** 0.0513*** 0.0447*** 0.0478*** 

 
[0.0047] [0.0046] [0.0044] [0.0049] [0.0051] [0.0048] 

Sen
2
 (*10) -0.0494*** -0.0469*** -0.0484*** -0.0454*** -0.0423*** -0.0436*** 

 
[0.0037] [0.0036] [0.0035] [0.0036] [0.0036] [0.0035] 

Sen
3
 (*100) 0.0134*** 0.0124*** 0.0127*** 0.0124*** 0.0114*** 0.0117*** 

 
[0.0011] [0.0010] [0.0010] [0.0011] [0.0010] [0.0010] 

Par_education 0.0061*** 
 

0.0076*** 0.0042*** 
 

0.0055*** 

 
[0.0016] 

 
[0.0016] [0.0016] 

 
[0.0016] 

Sen*par_educ 0.0012*** 0.0012*** 0.0012*** 0.0008*** 0.0008*** 0.0008*** 

 
[0.0002] [0.0002] [0.0002] [0.0002] [0.0002] [0.0002] 

Son_education 
   

0.0120*** 0.0077** 0.0107*** 

    
[0.0019] [0.0037] [0.0021] 

Sen*son_educ 
   

0.0012*** 0.0012*** 0.0012*** 

    
[0.0002] [0.0002] [0.0002] 

N 44,151 44,151 44,151 44,151 44,151 44,151 

r2_a 0.4133 0.387 
 

0.4455 0.3941 
 

r2_w 
 

0.3878 0.3873 
 

0.3949 0.3944 

r2_b 
 

0.3765 0.4579 
 

0.4624 0.4983 

Controls: age, age
2
, presence of both parents, presence of a single mother, number of siblings, dummy for part-

time plus year, cohort of entry in the labour market and Regional fixed effects. Fixed effects models also 
include a dummy=1 for white collar or managerial occupations. Standard error clustered by individuals. Source: 
elaborations on AD-SILC data 


