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Abstract
This chapter provides new and detailed estimates of intergenerational earnings
inequality in Italy and sheds light on mechanisms behind association of gross and
net earnings between fathers and sons.
Being not available panel data following subsequent generations in Italy, we
make use of a recently built dataset that merges information provided by IT-SILC
2005 (i.e., the Italian component of EU-SILC 2005) with detailed information about
the whole working life of those interviewed in IT-SILC recorded in the
administrative archives managed by the Italian National Social Security Institute
(INPS). This dataset allows us to rely on the two-sample two-stage least squares
method (TSTSLS) to predict father earnings and, then, compute point in time
intergenerational elasticities (IGE) and imputed rank to rank slopes. Furthermore,
the characteristics of the dataset allow us to extend point in time estimates
considering, for both sons and “pseudo-fathers”, average earnings in a 5-year period
and observing sons at various ages, thus assessing the robustness of our estimates
to attenuation and life cycle biases.
Confirming previous evidence (Mocetti 2007; Piraino 2007), we find that Italy
is characterized by a relatively high earnings inequality in cross country comparison
– the size of the estimated β is usually over 0.40 – and the size of the
intergenerational association increases when older sons and multi-annual averages
are considered.
We also investigate mechanisms behind this association both: i) including a set
of possible mediating factors of the parental influence (e.g., sons’ education,
occupation, labour market experience) among the control variables when regressing
sons’ earnings on fathers’ earnings and ii) following the sequential decomposition
approach suggested by Blanden et al. (2007). Results show that a limited share of
the intergenerational association is attributable to sons’ educational and
occupational attainment, while the largest part of the association is mediated by
sons’ employability along the career, i.e., by their effective experience since the
entry in the labour market.
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Introduction
In the last few decades, a growing body of international literature has focused on
intergenerational transmission of social and economic advantages (and
disadvantages). Economists have focused their attention on measuring the degree
of income persistence across two generations and, more specifically, on the
estimation of the intergenerational elasticity coefficient β that captures how much
of the income difference between two parents still is preserved between their
children (see Blanden, 2013). Due to constraints that effect women participation in
the labour market, literature on intergenerational mobility usually focuses on the
association between fathers and sons’ earnings.
Even if reliable estimates of the intergenerational earnings elasticity (IGE) are
available only for few nations, a generally accepted ranking has emerged from
cross-country empirical studies on economic mobility as concerns developed
countries (Solon, 2002; Corak, 2013; D'Addio, 2007; Bjorklund & Jantti, 2009;
Blanden, 2013): Nordic European countries emerge as the most mobile, while the
US, the UK and Southern European countries are reported to be the most unequal.
According to the few available estimates (Mocetti, 2007, Piraino, 2007), Italy
belongs to the low-mobility group.
Actually, due to the unavailability of datasets jointly recording information on
children and parents’ earnings or income, Italy has received a limited attention in
the intergenerational mobility literature. Nonetheless, the IGE in Italy has been
estimated in recent years by means of the two-sample two-stage least squares
(TSTSLS) method, which allows researchers to overcome the lack of data regarding
actual fathers’ incomes (Mocetti 2007; Piraino, 2007). More specifically, when long
panel data recording income information for both generations of parents and
children observed at middle ages are not available, the TSTSLS empirical approach
exploits two independent samples of children and pseudo-fathers and some childreported retrospective information about fathers to obtain a prediction of fathers’
earnings in the first stage and the IGE in the second. Mocetti (2007) and Piraino

(2007), following this approach by using various cross-sections of the Survey of
Household Income and Wealth (SHIW) carried out by the Bank of Italy, computed
point in time measures (i.e. concerning a single year) of intergenerational net
earnings elasticity. They obtained estimated values amounting, respectively, to 0.50
and 0.44.
An alternative measure of mobility, i.e. the rank to rank slope, has recently
proved to be more robust across samples and specifications (Dahl & Delaire 2008;
Chetty et al. 2014) and with respect to both life-cycle and attenuation bias (Gregg
et al. 2014) than the IGE2. However, to the best of our knowledge, no studies have
so far estimated rank to rank slopes for Italy
Therefore, the aim of this chapter is to provide new estimates of the earnings
mobility in Italy by means of a proper dataset, that, compared to the SHIW, allows
us to observe children and pseudo-fathers earnings for more than one-year. To this
aim, we use the AD-SILC dataset, that has been developed merging information
provided in IT-SILC (2005) – where a retrospective section on parental
characteristics is recorded – with information on the whole working history since
the entry in the labour market of all individuals interviewed in IT-SILC provided
by the administrative archives managed by the Italian National Social Security
Institute (INPS). Thus, we can exploit the longitudinal nature of these data to apply
the TSTSLS procedure, computing multi-year earnings values for both generations.
INPS data record earnings gross of taxes and contribution paid by the worker, thus
they allow use to compute indexes of intergenerational inequality of gross earnings,
thus computing the size of income persistence produced by the labour market,
before the redistributive effect of taxes and transfers. In order to compare our results
with those provided by Mocetti (2007) and Piraino (2007), who focused on net
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More specifically, intergenerational elasticity capture both the re-ranking across generations
and the differences in the amount of inequality within each generation (due to changes in income
distribution across generations). Thus, the IGE is very sensitive to changes in inequality and it may
not capture changes in positional income mobility only, but also the evolution of cross-sectional
earnings inequality (Lefranc, 2011). This may be problematic when we want to compare the degree
of intergenerational mobility across countries with different level of cross-sectional inequality.

earnings, we also reconstructed net earnings for both generations to estimate the
intergenerational elasticity of net earnings.
However, the aim of this chapter does not limit to compute summary measures
of intergenerational inequality (as the IGE or the rank to rank slope). Indeed, we
also aim at assessing which are the main mechanisms behind the correlation
between parents’ and children’ earnings. In particular, we aim at analysing whether
the bulk of intergenerational inequality is explained by educational and
occupational attainments of children coming from different backgrounds or a
significant association between parents’ and children’ earnings emerges also
controlling for these children’s outcomes.
To this end, we first compare our baseline results adding in our estimates of the
link between parents’ and children’s earnings further variables, that can mediate the
relationship between fathers’ circumstances and children earnings, namely
children’s, education, contractual arrangement and experience in the labour market.
Moreover, we apply a sequential decomposition approach (Blanden et al. 2007;
Hirvonen, 2010; Buchner at al., 2012; Macmillan, 2013; Blanden et al, 2014) to
disentangle the share of the IGE explained by various children’s characteristics that
might be affected by parental circumstances. According to the Becker and Tomes
theoretical framework (1979 and 1986), when capitals markets are not perfect and
public investment in education does not fully compensate for them, investment in
children human capital by parents coming from disadvantaged background are
limited, since parents face liquidity constraints. Literature on intergenerational
mobility based on this theoretical framework recognizes education as the main
transmission mechanism of persistence across generations: children coming from a
more disadvantaged background receive a lower level of investments education
and, consequently, later in life they will have less job opportunity and lower
earnings.
However, this “human capital view” has been challenged by some scholars that
recognize the importance of a “direct” effect of family background on earnings, not
mediated by “formal” educational attainments. (e.g., Breen & Goldthorpe, 2001;

Goldthorpe & Jackson, 2008; Franzini & Raitano, 2009; Franzini et al, 2013;
Hudson and Sessions 2011, Raitano & Vona, 2015).
The decomposition approach, as mentioned, measures to which extent the IGE
is explained by sons’ characteristics (e.g. education or occupation). The explained
part is measured accounting for both the relationship between parent’s earnings and
children’s characteristics and the return to those characteristics in the labour market.
Thus, the intergenerational elasticity can be decomposed in two parts: the indirect
effect of parental background acting through children’s endowment of different
characteristics and a residual direct effect not explained by these characteristics.
The reminder of this chapter is structured as follows. Section 1.1 presents the
main findings of the empirical literature on intergenerational mobility, focusing on
the differences between the empirical approaches that have been proposed to tackle
with the issue of intergenerational inequality when information of parents’ earnings
are not available. Section 1.2 describes the dataset and the sample selection used to
run our estimates. Section 1.3 describes the methodology and the empirical strategy
that we follow in this chapter. Section 1.4 presents results of the TSTSLS estimates
of the IGE comparing results obtained observing parents and children for different
time spans. Section 1.5 presents results of the estimates of imputed rank-rank slopes
comparing again results obtained observing parents and children for different time
spans. Section 1.6 shows how IGE and rank to rank slopes change when we add
some children outcomes among the control variables, while Section 1.7 shows
results of the decomposition of the IGE for Italy into different mediating variables
that may account for the transmission of earnings between parents and children.
Section 1.8 concludes, summarizing our main results.
1.1. Intergenerational earnings mobility: OLS estimates
Over the last two decades economists have broadly analysed to what extent
economic advantages are transmitted from one generation to the next. The ideal
way to evaluate the degree of intergenerational economic mobility is to use
permanent earnings (or permanent incomes, when also information on not labour

incomes are available) as a measure of economic welfare of individuals and to
estimate the following equation:
𝑓

𝑦𝑖𝑠 = 𝛼 + 𝛽 𝑦𝑖 + 𝜀𝑖

(1)

𝑓

where 𝑦𝑖𝑠 and 𝑦𝑖 are respectively the logarithm of permanent children’s’ and
parents’ earnings and 𝛽 is the IGE3. According to this measure of economic
association between generations, a country is completely mobile when the
estimated 𝛽 equals 0, while the higher the earnings elasticity is, the lower the degree
of economic mobility across generations will be.
Unfortunately, several methodological issues arise when trying to estimate
equation 1. Firstly, also the few datasets covering two generations usually report
short-term rather than permanent measures of earnings. This implies that, under
classical measurement errors assumptions, estimated elasticities obtained using
yearly instead of permanent fathers’ earnings are likely to be downward biased due
to the so-called attenuation bias (Solon, 1992; Zimmerman, 1992). A usual way to
reduce this kind of bias is to average fathers’ earnings over a period as large as
possible. The greater the number of years available when averaging fathers’
earnings is, the closer to the true 𝛽 the estimated IGE will be (Mazudmer, 2005).
Secondly, the lack of permanent measures of earnings might cause the so-called
lifecycle bias if too young children are considered. More specifically, estimated
elasticities are influenced by the amount of earnings dispersion which tends to
become higher as individuals get older, since earnings profiles are steeper for those
with higher long-run earnings. Therefore, Haider and Solon (2006) suggest
choosing both parents and children at median age to minimise the lifecycle bias
when permanent measures of earnings are not available.
Table 1.1 summarizes estimated earnings elasticities from different empirical
studies on 8 developed countries which use a 4/5 year-time average of parental
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For a review of the studies on intergenerational earnings mobility, see Solon (1999), Black and
Deveroux (2010) and Blanden (2013).

earnings on the right-hand side of equation 1. Reported elasticities identify the
Unites States as the less mobile society among those considered with an estimated
𝛽 of 0.54. Conversely, Denmark is reported to be the most mobile country with an
estimated earnings elasticity of 0.14.

Table 1.1: Intergenerational earnings elasticity: OLS estimates (4/5yrs averaged
fathers’earnings)
Country
Source
Earnings Elasticty
U.S.

Zimmerman (1992)

0.54

Norway

Nilsen et al. (2012)

0.27 (on average)

Germany

Vogel (2008)

0.25

Sweden

Björklund & Chadwick (2003)

0.24

Canada

Corak & Heisz (1999)

0.23

Finland

Pekkarinen et al. (2009)

0.23-0.30

Hussain et al. (2008)

0.14

Denmark

As described in chapter 1, information about parents’ earnings and/or income
are usually absent in most of developed countries and in almost all less developed
countries. For this reason, it is extremely hard to rank countries in terms of
economic mobility by considering only those for which an OLS estimate on
effective parents’ and children’s incomes is available. A way to overcome this issue
was first proposed by Björklund and Jӓntti (1997) that make use of the two-sample
instrumental variable methodology (TSIV), originally described by Angrist and
Krueger (1992) and Arellano and Meghir (1992), to estimate intergenerational
elasticities in Sweden and the United States. This approach exploits two
independent samples and some information about some socio-economic
characteristics of actual parents (usually of the father) reported by their children
(usually the sons) to predict earnings of the older generation.

As time goes by, the TSTSLS method becomes gradually more used because
computationally more convenient and asymptotically more efficient than the TSIV
(Inoue and Solon, 2010). The TSTSLS method is implemented by exploiting a
sample of adult sons, who report some socio-economic characteristics of their
actual fathers, and an independent sample of individuals different from the actual
fathers observed during the childhood of the adult sons to obtain intergenerational
elasticities in a two-stage approach.
The number of retrospective variables available may influence obtained IGE in
two ways. Firstly, as 0 ≤ R2 ≤ 1, the variance of father’s predicted earnings is less
than or equal to the variance of actual father’s earnings and 𝛽̂𝑇𝑆𝑇𝑆𝐿𝑆 = 𝛽𝑇𝑅𝑈𝐸 when
R2 =1. This means that the higher the number of good auxiliary variables is, the
higher the explained variance of pseudo-fathers’ earnings will be and the lower the
bias of the TSTSLS estimator is expected to be. This is mainly due to the fact that
the estimated elasticities converges in probability to the following expression:

𝛽 ≅ 𝜌𝑠𝑓

𝑠𝑑𝑠
𝑠𝑑𝑓

(2)

where 𝜌𝑠𝑓 is the correlation between sons’ and fathers’ earnings and 𝑠𝑑𝑠 and
𝑠𝑑𝑓 are the two standard deviations.
1.2. Data and sample selection
Our estimates of intergenerational earnings mobility are obtained by relying on
AD-SILC, a very rich panel dataset built merging the 2005 wave of the Italian
sample of the Survey on Income and Living Condition (IT-SILC) conducted by
Istat (the National Italian Statistical Institute) with information collected from
administrative archives managed by the Italian Social Security Institute (INPS) that
cover individual earnings histories from the moment they enter labour market
earnings up to the end of 2013. The administrative archives provide records of every
job relationship that individuals experienced during the year such as the duration
(measured in weeks), the fund where the worker pays contributions (allowing us to

distinguish private and public employees and the various groups of self-employed),
gross earnings (including personal income taxes and pension contributions paid by
the worker). Furthermore, we can distinguish weeks spent working from weeks
spent receiving maternity, sickness and CIG allowances or unemployment benefits.
The panel structure of our data allows us to exactly measure the time of entry in the
labour market and the effective labour market experience since the entry. Note that
administrative archives record information on all types of workers in Italy, thus they
are free from attrition; furthermore, earnings measured in administrative archives
are less affected by measurement errors than survey data.
As in most of studies on intergenerational mobility we analyse the relationship
between parents and children focusing on fathers and sons. In order to carry out our
empirical strategy, the IT-SILC 2005 survey contains a specific section about
intergenerational mobility and thus, information about fathers’ characteristics when
sons were aged around 14, e.g. father’s educational attainments, occupations and
activity status. The 2005 wave of IT-SILC has then been merged with the INPS
archives in order to obtain retrospective information on fathers through the IT-SILC
and sons’ earnings from the administrative archives.
We select two subsamples of sons and pseudo-father according to the following
rules.We consider sons born in the period 1970-1974 and follow these individuals
since they are aged 35 up to age 39. Thus, according to their birth year, sons are
followed in the period 2005-2013. Earnings since age 35 to age 39 are also
averaged. Pseudo-fathers are selected among those individuals observed in the
period 1980-1988 and aged between 40 and 44 in INPS archives (and their earnings
over the period are also averaged): thus we consider pseud-fathers born in the period
1940-1944. The two generations are thus observed at middle ages according to the
selection rules proposed by Haider and Solon (2006) to minimize the amount of
lifecycle bias.
Our main variable of interest, annual gross earnings, includes both employment
and self-employment labour income and is considered in real terms (it has been
deflated according to the 2012 Consumer Price Index). Thus, considering gross
incomes, we are able to first evaluate the extent of intergenerational mobility in the

labour market before the effect of taxes and transfers tooks place. Then, in order to
compare our results to previous estimates of the IGE for Italy (Piraino, 2007;
Mocetti, 2007), we reconstruct net earnings and estimate intergenerational mobility
measures after the redistributive intervention on earnings exerted by the State
through social contributions and income taxes4.
Descriptive statistics presented in table 1.2 show that the two final samples count
1445 sons and 2742 pseudo-fathers. Gross earnings are slightly more dispersed in
the sample of sons than in the sample of pseudo-fathers. As expected, income
taxation reduces earnings dispersion in both generations.

Table 1.2: Two-Sample Descriptive Statistics
Age (Mean)

Log Gross Earnings (Mean)

Log Net Earnings (Mean)

Observations

Sons

Pseudo-Fathers

38.80

41.97

(0.69)

(0.44)

10.00

9.90

(0.66)

(0.49)

9.65

9.63

(0.59)

(0.46)

1445

2742

Author's elaboration based on the AD_SILC dataset.
Standard deviations in parenthesis. All economic variables are deflated by using the 2012 consumer price index

A first way to describe the extent of intergenerational mobility in Italy is to
present sons’ probabilities of ending up in a specific quintile of the earnings
distribution given the quintile of their fathers’ (figure 1.1). This kind of descriptive
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We first subtract employee and self-employed mandatory social contributions and then apply
to all individuals tax rules (i.e. tax rates and related deductions).

analysis may be also useful to evaluate the pattern of mobility along the distribution,
as previous literature reports higher levels of intergenerational economic correlation
at the top of the earnings’ distribution (see Björklund et al. 2010).
Figure 1.1 shows that for most gross earnings quintiles5, sons are more likely to
ends up in the same quintile as their fathers (diagonal probabilities are all greater
than 20 percent expect the third quintile).

Figure 1.1: Probability of ending up in a specific quintile of the gross earnings
distribution given the quantile of their fathers’

Author's elaboration based on the AD_SILC dataset.

The degree of persistence of earnings across generations is particularly high at
the top and at the bottom of the distribution: 31 percent of sons whose pseudo-

5

We do not report also mobility matrix for net earnings since results are the same, as taxation
does not re-rank individuals.

fathers were collocated in the highest quintile of the distribution remains in the same
quintile and more than 50 percent in one of the highest two quintiles. Conversely,
only about 10 percent of sons from the best economic background end up in the
worst quintile. The degree of persistence is also high at the bottom-end of the
earnings distribution: about 52 percent of sons coming from the lowest quintile of
the fathers’ earnings distribution remains in one the bottom two quintiles.
1.3. Empirical strategy
As in previous studies on intergenerational economic mobility in Italy, we
exploit the TSTSLS method to obtain measures of intergenerational associations
for both gross and net annual earnings. We perform the method by exploiting a set
of fathers’ socio-economic characteristics reported by sons that can be used to
predict their fathers’ earnings. More formally, in the first stage we estimate the
following equation by exploiting the sample of pseudo-fathers:
𝑝𝑓

𝑝𝑓

𝑌𝑖,𝑡 = 𝛼 + 𝜃1 𝑍𝑖 + 𝑣𝑖,𝑡
𝑝𝑓

(3)

𝑝𝑓

where 𝑌𝑖,𝑡 is is the logarithm of pseudo-fathers’ earnings, 𝑍𝑖

is the vector of

socio-economic characteristics of pseudo-fathers and 𝑣𝑖,𝑡 is the usual disturbance.
𝑝𝑓

The set of auxiliary variables contained in 𝑍𝑖

includes 4 educational categories

(primary or lower, lower secondary, upper secondary and tertiary degree), 27
occupational categories (according to the 2 digits ISCO-88 classification), 20
dummies on the region of residence6 and a dummy for self-employment.
Then, we obtain the IGE in the second stage, by regressing the logarithm of sons’
earnings on that of pseudo-fathers’:
𝑆
𝑦𝑖,𝑡
= 𝛼 + 𝛽𝑦̂𝑖𝐹 + µ𝐵𝑖𝑠 + 𝜖𝑖,𝑡

(4)

We link sons’ region of birth to parents’ region of residence to avoid biases related to a possible
mobility across regions of children during their adult age.
6

𝑆
where 𝑦𝑖,𝑡
is the logarithm of sons’ earnings, 𝑦̂𝑖𝐹 = 𝜃̂1 𝑍𝑖𝐹 is the prediction of the

logarithm of fathers’, 𝐵𝑖𝑠 is year of birth of the son and 𝛽 is the IGE.
Even though we are exploiting an instrumental variable approach based on two
independent samples, we do not aim to identify the causal effect of fathers’ earnings
on sons’ earnings. The object is to merely predict the former in the best possible
way. This is the reason why we do not require the set of auxiliary variables - used
to predict fathers’ earnings in the first stage - to satisfy any exclusion restriction.
However, we are not able to obtain a perfect prediction of fathers’ lifetime earnings
by using the set of socio-economic characteristics at our disposal. This is why a
TSTSLS estimator could be affected by three different kind of potential biases
compared to the OLS estimator obtained by using fathers’ earnings averaged over
a multi-year period.
Firstly, an attenuation bias deriving from the fact that we are using an imputed
value instead of an actual value as a regressor. We are thus introducing
measurement error.
Secondly, if socio-economic characteristics of fathers are positively correlated
with the error term in equation 4 (if auxiliary variables are not exogenous), we are
introducing an upward bias in our estimates as the predicted variance of the earnings
of the first generation is lower than actual variance.
A further source of potential bias can derive from the fact that there could be
other unobservables included in 𝑣𝑖,𝑡 (e.g. soft skills, social networks, cultural
factors, cognitive and non-cognitive abilities) not totally captured by the set of
auxiliary variables used in the first stage. In this case, estimates of earnings mobility
could be upward biased (downward biased) if these unobservables are negatively
(positively) correlated across generations7.
However, the R2 of the first stage regression may be considered as a good
measure of the fraction of the variance of averaged pseudo-fathers’ earnings
predicted from auxiliary variables only if averaged rather than yearly pseudofathers’ earnings were available in the first stage. Unfortunately, empirical works
7

See Olivetti and Paserman (2015) for a more detailed and formalised discussion of the different
potential sources of bias deriving from imputing fathers’ earnings.

that use the TSTSLS approach are often not able to use averaged earnings as a
dependent variable in the first stage. More formally, at any point of time, earnings
of pseudo-father 𝑖 may be expressed according to the following expression:
𝑝𝑓

𝑝𝑓

𝑌𝑖,𝑡 = 𝑌𝑖

where

𝑝𝑓

𝑝𝑓

𝑌𝑖,𝑡 and 𝑌𝑖

+ 𝜑𝑖,𝑡 + 𝜔𝑡

(5)

are respectively yearly and averaged pseudo-fathers’

earnings, 𝜑𝑖,𝑡 are transitory individual shocks (or measurement errors) and 𝜔𝑡 are
aggregate transitory shocks. This means that:
𝑝𝑓

𝑝𝑓

(6)

𝑝𝑓

𝑝𝑓

(7)

𝜎 2 (𝑌𝑖,𝑡 ) > 𝜎 2 (𝑌𝑖 )
𝑅 2 (𝑌𝑖,𝑡 ) < 𝑅 2 (𝑌𝑖 )
𝑓

𝑓

𝑓

𝑓

where 𝜎 2 (𝑌𝑖,𝑡 ) and 𝜎 2 (𝑌𝑖 ) are the two variances and 𝑅 2 (𝑌𝑖,𝑡 ) and 𝑅 2 (𝑌𝑖 )
are the proportion of the two variances that is predictable from the set of auxiliary
variables in the first stage. According to this framework, it is plausible to say that
𝑅 2 in the first stage depends on three factors: 1. The number of auxiliary variables
exploited to predict earnings (and their predictive power); 2. The number of years
on which pseudo-fathers’ earnings are averaged; 3. The amount of transitory shocks
occurred to individuals over the period of analysis8.
In this chapter, we try to partially reduce some of these sources of biases with
respect to previous evidence for Italy. To do that we exploit a set of auxiliary
variables which allow us to explain about 40% of the variance of pseudo-fathers’
earnings (about 10% higher than those obtained in the first stage by Piraino, 2007
and Mocetti, 2007). This means that we are partially reducing unexplained variance
due to unobservables included in 𝑣𝑖,𝑡 . Moreover, we are able to reduce measurement

8

For a more detailed discussion of the downward bias derived from using yearly instead of
averaged earnings for the first generation, see Jerrim et al. (2016)

error also by averaging earnings of pseudo-fathers over a 5-year period in order to
get a better prediction of lifetime earnings.
1.4. Estimated intergenerational earnings elasticities
Estimated IGE for gross earnings is presented in table 1.3. The first column
reports an estimated IGE of 0.496, obtained when earnings of both pseudo-fathers
and sons are observed in a 5-year period. Such a result means that a 10 percent
variation in fathers’ earnings is associated with a 4.96 percent variation in son’s
earnings. This estimated IGE is slightly higher than that of 0.44 reported by Piraino
(2007) and close to that of 0.50 reported by Mocetti (2007) using net instead of
gross incomes.
However, when we use a single year measure for both the two generations –
observing fathers and sons, respectively, in 1985 and 2009 only – the estimated IGE
becomes lower than that obtained by Piraino (2007) and Mocetti (2007) that used
point time estimates for both generations. This lower value is probably related to a
reduction in the unexplained variance of pseudo-fathers’ earnings. On the contrary,
the use of time-averages increases our estimated elasticity. This means that,
although the two generations are taken at middle ages as suggested by Haider and
Solon (2006), using a single year measure of earnings may cause a downward bias
in estimated IGE due to both left-hand and right-hand side measurement errors.
These results are consistent with previous evidence which show that both TSTSLS
and OLS estimates of intergenerational earnings elasticities are likely to be
downward biased using point in time measures of fathers’ earnings, even when
commonly used selection rules for both generations are exploited (Gregg et al.
2014, Jerrim et al., 2016).
The last column of table 1.3 show that the IGE increases when zero earnings
observations are not excluded from the analysis, i.e. when individuals that are not
present in INPS archives in a year in the observed period are considered in the
estimates considering a zero-earning value for that year. This suggests that sons of
poorer fathers are likely to have more unstable careers (i.e. to spend a year without
earnings) than workers coming from a better background.

Table 1.3: Association between son’s and father’s gross earnings. Prime age sonsa.
OLS estimates in the second stageb
Observation span of fathers’ and sons’ earnings
5 years-5 years

5 years-5 years

5 years-1 year

1 year-5 years

1 year-1 year

0.496***

0.441***

0.402***

0.382***

0.623***

s.e.

[0.056]

[0.056]

[0.054]

[0.054]

[0.081]

Obs

1445

1365

1445

1365

1481

R2

0.059

0.048

0.043

0.040

0.044

R2 first stage

0.409

0.409

0.404

0.404

0.409

Father’s earnings

Imputing zerosc

a

when observed in a 5 year period, fathers and sons are considered, respectively, when aged 40-44 in the period 1980-1988
and 35-39 in the period 2005-2013. When observed in a single year, fathers and sons are considered, respectively, in 1985
and 2009. b TSTSLS are carried out: in the first stage father’s earnings are imputed regressing log annual gross earnings on
dummies on education, occupation, self-employment, region of work; in the second stage sons’ log annual gross earnings are
regressed on predicted fathers’ log earnings, also controlling for sons’ year of birth. c 5-year average of sons’ earnings in
age class 35-39 are computed assigning a zero value to sons who do not report earnings in administrative archives in a certain
year. *** p<0.01, ** p<0.05, * p<0.10. Source: elaborations on AD-SILC dataset

The presence of the life cycle bias is confirmed when we replace the sons’
generation by considering a sample of younger sons aged 25-29 born from 1970
1974 (Table 1.4). In this case, the estimated IGE obtained by measuring over a 5year period falls to 0.270 (0.365 when also zero earnings observations are included
in the analysis).
Some sensitivity tests are performed to evaluate the robustness of our estimated
elasticity. First, we check whether the estimated IGE changes if we exclude a single
predictor from the first stage regression9. More specifically, the TSTSLS estimate
should be considered upward (downward) biased if auxiliary variables used in the
first stage have positive (negative) direct effect on sons’ earnings. Results presented
in table A.1 in the appendix show that the estimated elasticity tends to be extremely
stable if either educational or occupational categories are excluded from the set of
auxiliary variables exploited as predictors in the first stage and becomes higher
(lower) if we exclude the dummy for self-employment (region of residence) from
the first-stage regression of pseudo-fathers’ earnings.
9

We perform the Sargan test to evaluate if the full set of instruments used in the first stage in
uncorrelated with the error term of the second stage regression. The test rejects the null hypothesis,
which means that at least one instrument is not exogenous.

Table 1.4: Association between son’s and father’s earnings. Young sons a. OLS
estimates in the second stageb
Observation span of fathers’ and sons’ earnings
5 years-5 years

5 years-5 years

5 years-1 year

1 year-5 years

1 year-1 year

0.270***

0.225***

0.235***

0.237***

0.365***

s.e.

[0.058]

[0.079]

[0.057]

[0.076]

[0.097]

Obs

1395

1147

1395

1147

1410

2

0.016

0.020

0.013

0.022

0.018

0.409

0.409

0.404

0.404

0.409

Father’s earnings

R

R2 first stage

Imputing zerosc

a

When observed in a 5 year period, fathers and sons are considered, respectively, when aged 40-44 in the period 1980-1988
and 25-29 in the period 1995-2003. When observed in a single year, fathers and sons are considered, respectively, in 1985
and 1999. b TSTSLS are carried out: in the first stage father’s earnings are imputed regressing log annual gross earnings on
dummies on education, occupation, self-employment, region of work; in the second stage sons’ log annual gross earnings are
regressed on predicted fathers’ log earnings, also controlling for sons’ year of birth. c 5-year average of sons’ earnings in
age class 25-29 are computed assigning a zero value to sons who do not report earnings in administrative archives in a certain
year. *** p<0.01, ** p<0.05, * p<0.10. Source: elaborations on AD-SILC dataset

As mentioned, previous estimates for Italy (Piraino, 2007; Mocetti, 2007) are
computed on net earnings. In order to better compare our estimates, we derive also
measures of net earnings for both generations. In table 1.5 we present the IGE
computed on net earnings. The estimated IGE of 0.428 is obtained when earnings
of both sons and pseudo-fathers are observed over a 5-year period. This estimated
IGE is lower than the one previously obtained when using gross earnings. It is
possible to notice that, with respect to our previous estimates, the R2 for the first
stage equation – thus, the explained variance of pseudo-fathers’ earnings –
increases: the same auxiliary variables seem to better predict net earnings than gross
earnings. Moreover, the income taxation system has reduced more earnings
dispersion in the sons’ generation than in the first generation.
When comparing our estimates using net earnings, we can see that estimated
IGE now is lower compared to those reported by both Mocetti (2007) and Piraino
(2007), even if we use earnings of both pseudo-fathers and sons observed in a 5year period. Moreover, when we use a 1-year measure of net earnings for both
generations, we obtain an even lower estimated of the IGE with respect to previous
estimates for Italy (Mocetti, 2007; Piraino, 2007) that use point in time measures.

As in the case of the estimated IGE obtained using gross earnings, the use of timeaverages increases our estimated IGE.

Table 1.5: Association between son’s and father’s net earnings. Prime age sonsc.
OLS estimates in the second stageb
Observation span of fathers’ and sons’ earnings
5 years-5 years

5 years-5 years

5 years-1 year

1 year-5 years

1 year-1 year

0.428***

0.383***

0.350***

0.333***

0.540***

s.e.

[0.048]

[0.048]

[0.049]

[0.046]

[0.073]

Obs

1445

1365

1445

1365

1481

2

0.056

0.047

0.042

0.040

0.038

0.463

0.463

0.472

0.472

0.463

Father’s earnings

R

R2 first stage

Imputing zerosc

a

when observed in a 5 year period, fathers and sons are considered, respectively, when aged 40-44 in the period 1980-1988
and 35-39 in the period 2005-2013. When observed in a single year, fathers and sons are considered, respectively, in 1985
and 2009. b TSTSLS are carried out: in the first stage father’s earnings are imputed regressing log annual net earnings on
dummies on education, occupation, self-employment, region of work; in the second stage sons’ log annual net earnings are
regressed on predicted fathers’ log earnings, also controlling for sons’ year of birth. c 5-year average of sons’ earnings in age
class 35-39 are computed assigning a zero value to sons who do not report earnings in administrative archives in a certain
year. *** p<0.01, ** p<0.05, * p<0.10. Source: elaborations on AD-SILC dataset.

Comparing estimates of intergenerational elasticity coefficient is not a trivial
exercise, because differences in estimates must be interpreted considering many
factors such as the measure of earnings or income used, the sample selection and
the applied methodology. For example, when the TSTSLS method is applied, the
set of auxiliary variables used in the first stage to predict fathers’ earnings vary
across different studies, depending on the availability of retrospective socioeconomic information about fathers reported by sons. In the best-case scenario, a
large number of socio-economic characteristics of the father such as his education,
occupational qualification, sector of activity, geographic area and age (or year of
birth) are all exploited as predictors; in the worst, estimates are obtained by using
only one retrospective variable such as in the case of Brazil (see for example Dunn,
2007).

Some results from empirical studies estimating earnings elasticities for different
countries using either the TSIV of the TSTSLS method are presented in table 1.6.

Table 1.6: Intergenerational earnings elasticity for developed and less developed
countries: TSTSLS or TSIV estimates
Country
Source
Earnings Elasticity
Ecuador

Grawe (2004)

1.13

Brazil

Dunn (2007)

0.69

Chile

Nunez and Miranda (2011)

0.66

Piraino (2015)

0.62-0.68

China

Gong et al. (2012)

0.63*

Peru

Grawe (2001)

0.60

Ferreira & Veloso (2006)

0.58

U.S.

Björklund and Jӓntii (1997)

0.52

Italy

Mocetti (2007)

0.50

Pakistan

Grawe (2001)

0.46

Italy

Piraino (2007)

0.44

Nepal

Grawe (2001)

0.44

Spain

Cervini-Plà (2015)

0.42

France

Lefranc & Trannoy (2005)

0.40

South Korea

Ueda (2013)

0.35

Japan

Ueda (2013)

0.35

U.K.

Bidisha et al. (2013)

0.33

Cavaglià (2015)

0.30

U.K.

Nicoletti and Ermish (2007)

0.29

Sweden

Björklund and Jӓntii (1997)

0.28

Australia

Leigh (2007A)

0.20-0.30

Kan et al. (2015)

0.18*

South Africa

Brazil

Germany

Taiwan

* Income elasticity is reported since an estimate of the earnings elasticity is not available

Unlike OLS estimates of earnings mobility, which are only available for a small
number of developed countries, elasticities obtained by means of either the TSTSLS
or TSIV approach are provided for many developed and less developed countries.
The latter are reported to be less mobile societies as estimated earnings elasticities
are basically greater than 0.60. On the contrary, Taiwan, Sweden and Australia,
among those considered, are countries with high levels of intergenerational mobility
with estimates IGE below the value of 0.30. If we consider our estimates of the IGE
of 0.43, when we use net earnings or 0.50 when we use gross earnings, we can
consider Italy as a medium-mobility country, when compared to both developed
and less developed countries, and a low-mobility country when restricting the
analysis to the subsample of developed countries. For instance, IGE estimates in
other developed countries such as Germany, UK, Sweden, Australia and Japan are
below the value of 0.40. It is interesting to compare our estimates with the elasticity
of another Mediterranean country, Spain (Cervini, 2015), obtained using TSTSLS
method and gross earnings. According to her results, the IGE for Spain is of 0.42,
lower than our estimated IGE of 0.50 obtained using gross earnings and very close
to the one obtained when using net earnings (0.43).
1.5. Estimated rank-rank slopes
Since the size of the intergenerational elasticity coefficient depends on the
income dispersion in the two generations, we also estimate an alternative measure
of intergenerational mobility: the rank-rank slope, a measure of the association
between fathers’ relative position in their respective earnings distributions (Dahl &
DeLeire, 2008). From a statistical point of view, rank-rank slopes are usually
intended to be more robust across samples and specifications (Chetty et al. 2014;
Gregg et al. 2014).
The intergenerational elasticity coefficient converges in probability to the
correlation coefficient of log earnings times the ratio between the standard deviation
in sons’ generation and that in fathers’ generation. Hence, given the connection
between the intergenerational elasticity coefficient and the correlation coefficient
and given that the correlation coefficient and the rank-rank slope are both scale-

invariant measures of relative mobility, we can easily see how the rank-rank slope
is closely related to the intergenerational elasticity coefficient, but has the
advantage to be “independent” from inequality within generations. In other words,
the intergenerational elasticity coefficient may be affected by a change in inequality
across the two generations, whereas rank to rank slope is not.
If our aim is to provide estimates of intergenerational mobility for Italy that can
be compared with those of other countries, estimating rank to rank slopes may be a
more suitable strategy. Since the level of inequality is not the same across countries,
the rank to rank slope may provide a better picture of differences in
intergenerational mobility.
Rank to rank slopes are also more robust with respect to both the two key
measurement issues, namely life-cycle and attenuation bias (Gregg et al. 2014).
Life-cycle bias is mainly driven by mismeasurement of earnings gaps between
individuals rather than positional inaccuracy along the earnings distribution. When
using rank to rank slope we have also to deal with an attenuation bias smaller in
magnitude since measurement errors and transitory shocks cause scale
mismeasurement rather than positional inaccuracy in the earnings distribution.
Rank-rank slopes are usually obtained by estimating the following equation:
𝑝𝑠 = 𝛼 + 𝛾𝑝𝑓 + 𝜀

(8)

where 𝑝𝑐 is the percentile of sons’ earnings in their own distribution and 𝑝𝑓 is
the percentile of fathers’. In this framework, an estimated 𝛾 of 0.5 means that the
expected difference in ranks between sons would be about 5 percentiles if the
difference in ranks among their fathers was 10 percentiles. However, we are not
able to estimate rank-rank slopes by simply re-categorizing earnings of the two
generations since data on actual fathers’ earnings are not available. For this reason,
we exploit a different approach consisting in three different steps. Firstly, we obtain
a prediction of the logarithm of fathers’ earnings by exploiting the sample of
pseudo-fathers and the same set of auxiliary variables used for obtaining TSTSLS

estimates of the IGE. Secondly, predicted fathers’ earnings are percentile ranked so
that we can estimate in the last step the following equation:
𝑝𝑠 = 𝛼 + 𝛾𝑝̂𝑓 + 𝜀

(9)

where 𝑝𝑐 is the percentile of sons’ earnings in their own distribution and 𝑝̂𝑓 is
the imputed percentile of fathers’ earnings distribution. This approach, apart for the
set of auxiliary variables exploited in the first step, is very close to that used by
Olivetti and al. (2016) to obtain intergenerational and multigenerational imputed
rank-rank slopes for the US10.
From a statistical point of view, it is not easy to understand to what extent our
imputed rank-rank slope can be compared to rank-rank slopes obtained by
percentile ranking actual fathers’ earnings. Obviously, when we impute the
percentile of the father from a predicted variable we are likely to make some errors
in placing all fathers in the right percentile of their earnings distribution. For this
reason, our estimates are likely to be affected by attenuation bias. However, this
kind of positional measurement errors cannot be intended as “classical” (see Nybom
and Stuhler, 2016) since both our dependent variable and the regressor in equation
8 and 9 are uniformly distributed. This means that all statistical properties based on
the assumption of normally distributed variables do not hold in our case. This is
why we should exercise caution in comparing our imputed rank-rank slope to
estimates obtained in previous studies for other countries.
Table 1.7 presents our findings and shows, in the case of multi-year averages for
both generations, an estimated value of 0.254 which, interestingly is characterized
by a lower reduction, compared to the IGE in table 1.5, when different yearly values
of annual earnings are considered. Moreover, in table 1.8 we report imputed rank
to rank slopes for net earnings. Since income taxation should affect earnings
dispersion but not the position on the ladder of the income distribution, estimates

As in a previous article by Olivetti and Paserman (2015) they impute father’s income, which
is unobserved, using the average income of fathers of children with a given first name.
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of imputed rank to rank slopes do not change. These findings further confirm rank
to rank slope robustness.

Table 1.7: Association between son’s and father’s gross earnings. Prime age sonsa.
Rank to rank estimatesb
Observation span of fathers’ and sons’ earnings
5 years-5 years

5 years-1 year

1 year-5 years

1 year-1 year

5 years-5 years
Imputing zerosc

0.254***

0.237***

0.228***

0.217***

0.249***

s.e.

[0.025]

[0.026]

[0.026]

[0.027]

[0.025]

Obs

1445

1365

1445

1365

1481

2

0.071

0.062

0.058

0.053

0.071

0.409

0.409

0.404

0.404

0.409

Father’s earnings

R

R2 first stage
a

When observed in a 5 year period, fathers and sons are considered, respectively, when aged 40-44 in the period 1980-1988
and 35-39 in the period 2005-2013. When observed in a single year, fathers and sons are considered, respectively, in 1985
and 2009. b TSTSLS are carried out: in the first stage percentiles of father’s earnings are imputed regressing log annual gross
earnings on dummies on education, occupation, self-employment, region of work; in the second stage percentiles of sons’
log annual gross earnings are regressed on predicted percentiles of fathers’ log earnings, also controlling for sons’ year of
birth. c 5-year average of sons’ earnings in age class 35-39 are computed assigning a zero value to sons who do not report
earnings in administrative archives in a certain year. *** p<0.01, ** p<0.05, * p<0.10. Source: elaborations on AD-SILC
dataset

However, it is not easy to compare our estimate to those obtained for other
countries as this alternative measure of intergenerational association has a shorter
history with respect to IGE and moreover, to the best of our knowledge, there is no
evidence of rank to rank estimates obtained by computing fathers percentiles
according to parental earnings obtained through an imputation procedure.
To the best of our knowledge Dahl & Delaire (2008) were pioneers in the usage
of rank to rank: for the USA, they estimate a rank to rank slope of 0.289 taking 34
years old sons and averaging fathers’ earnings from age 20 to 55 also including
years of zero earnings. Still for the USA, Chetty et al. (2014) estimate a rank to rank
slope of 0.34 whereas Mazumder (2015) estimate a rank to rank coefficient of 0.40
when using 15 years of fathers’ earnings (0.31 if using a single year of father’s
earnings). Bratberg et al. (2017) in a recent work on cross country measures of
intergenerational mobility display rank to rank estimate for several countries: 0.383

for the US, 0.257 for Germany, 0.233 for Norway and 0.215 for Sweden. For the
UK, we have rank to rank estimates from Gregg et al. (2014): 0.34 for sons aged 42
and parental income measured when sons were 16.

Table 1.8: Association between son’s and father’s earnings percentiles. Young
sonsa. Rank to rank estimatesb
Observation span of fathers’ and sons’ earnings
5 years-5 years

5 years-1 year

1 year-5 years

1 year-1 year

5 years-5 years
Imputing zerosc

Father’s earnings

0.181***

0.182***

0.169***

0.177***

0.148***

s.e.

[0.0265]

[0.0282]

[0.0268]

[0.0298]

[0.0283]

Obs

1395

1147

1395

1147

1410

R2

0.038

0.058

0.034

0.056

0.042

R2 first stage

0.409

0.409

0.404

0.404

0.409

a

When observed in a 5 year period, fathers and sons are considered, respectively, when aged 40-44 in the period 1980-1988
and 25-29 in the period 2005-2013. When observed in a single year, fathers and sons are considered, respectively, in 1985
and 1999. b TSTSLS are carried out: in the first stage percentiles of father’s earnings are imputed regressing log annual gross
earnings on dummies on education, occupation, self-employment, region of work; in the second stage percentiles of sons’
log annual gross earnings are regressed on predicted percentiles of fathers’ log earnings, also controlling for sons’ year of
birth. c 5-year average of sons’ earnings in age class 25-29 are computed assigning a zero value to sons who do not report
earnings in administrative archives in a certain year. *** p<0.01, ** p<0.05, * p<0.10. Source: elaborations on AD-SILC
dataset.

It is quite striking how these results differ from those related to cross-country
rankings based on the IGE. Even if rank-rank slope estimates are available only for
few countries, and thus we cannot insert our results in a widely accepted crosscountry ranking based on the rank-to rank slope, now distances between countries
are reduced and Italy results to be not very distant from Nordic countries, with a
level of mobility very close to that of Germany.
As in the case of estimated IGE, also rank to rank estimates appear to be affected
by the life cycle bias. Indeed, when we consider sons aged 25-29 instead than 3539 (table 1.8), the estimated rank to rank coefficient falls to 0.181 when earnings of
both generations are measured over a 5-year period.

1.6. Intergenerational mechanisms
A classical way to examine empirically intergenerational mechanisms behind the
intergenerational transmission of earnings is to is to re-estimate the equation 4 with
𝑠
some additional controls included in the vector 𝑋𝑖,𝑡
(e.g. Raitano and Vona 2015):

𝑆
𝑠
𝑦𝑖,𝑡
= 𝛼 + 𝛽2 𝑦̂𝑖𝐹 + δ𝑋𝑖,𝑡
+ 𝜃𝐵𝑖𝑠 + 𝜖𝑖,𝑡

(10)

𝑆
where 𝑦𝑖,𝑡
is the logarithm of sons’ earnings (a time average is used for sons with

two or more time observations), 𝑦̂𝑖𝐹 = 𝜃̂1 𝑍𝑖𝐹 is the prediction of the logarithm of
𝑠
fathers’, 𝑋𝑖,𝑡
is the vector of control variables, 𝐵𝑖𝑠 is year of birth of son and 𝛽2 is

the new estimated IGE.
Among all possible channels of influence, we consider 8 categories of sons’
educational level, 27 categories of occupations (according to 2 digits ISCO) and the
working status (private employee, public employee, self-employed, professional or
parasubordinate worker) and work experience measured as the number of working
weeks since they entry into activity. We consider three different models, where 5year average earnings for both generations are considered: in the first only son’s
𝑠
educational attainment is included in the vector 𝑋𝑖,𝑡
; the second one includes both

sons’ educational levels and occupation and working status; the last adds experience
and thus considers all mediating variables.
The assumption is that if a mediating variable is positively correlated with both
fathers’ and sons’ earnings, the estimated elasticity will fall once this control is
included in the regression. Therefore, the difference between 𝛽̂ obtained by
estimating equation 4 (our baseline) and 𝛽̂2 can be interpret as the fraction of the
elasticity associated to a single mediating factor. However, this is true only if this
𝑠
mediating variable included in the vector 𝑋𝑖,𝑡
is not correlated with the error term.

Conversely, if the mediating variable is positively (negatively) correlated with other
unobservable factors that influence sons’ earnings, the coefficient 𝛽̂2 is upward
(downward) biased and the channel of influence is overestimated (underestimated).

Figure 1.2: T2TSLS estimated coefficient of the association between son’s and
father’s earnings, including sons’ outcomes among the covariatesa. Fathers and sons
observed for 5 yearsb.
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Dummies on sons’ year of birth are included among covariates in all estimated models. b Fathers and sons are observed,
respectively, when aged 40-44 in the period 1980-1988 and 35-39 in the period 2005-2013. 90% confidence intervals. Source:
elaborations on AD-SILC dataset
a

Estimated elasticities obtained by means of equation 10 are presented in figure
1.2 together with their 90% confidence intervals. Estimates suggest that including
all three control variables together is the only result statistically different from the
baseline estimate (when no sons’ characteristics are controlled for).
On the contrary, the estimated IGE obtained by including either sons’
educational levels or educational levels and occupation and work status are not
statistically different from the baseline. These results provide some evidence that
higher income of fathers’ may influence their sons’ economic outcomes in ways
other than through the mere investment human capital. More specifically, sons from
lower income families may obtain less stable occupations which negatively affects
their experience and may reduce their gross annual earnings, as shown in the “full
model”

Figure 1.3: Rank to rank estimated coefficient of the association between son’s and
father’s earnings percentiles, including sons’ outcomes among the covariatesa.
Fathers and sons observed for 5 yearsb.
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Dummies on sons’ year of birth are included among covariates in all estimated models. b Fathers and sons are observed,
respectively, when aged 40-44 in the period 1980-1988 and 35-39 in the period 2005-2013. 90% confidence intervals. Source:
elaborations on AD-SILC dataset.
a

Results obtained by estimating equation 10 are confirmed when we examine the
relative importance of the three mechanisms by means of rank to rank estimates
carried out starting from predicted incomes obtained by the two-stage procedure
(Figure 1.3). As in the case of elasticity, we compare our baseline rank to rank
slopes estimate with those obtained using different set of controls: first we add to
our baseline model dummies on education, then both dummies on education and
work status and, in the last model, dummies for education, work status, and
effective experience. Education, again, seems to capture only a small part of the
intergenerational earnings persistence. In the next section, we will deepen this
results by means of a decomposition analysis.
1.7. Decomposition approach
A further detailed way to examine the role of mechanisms driving the
intergenerational correlation of earnings is to exploit the sequential decomposition
approach suggested by Blanden, Gregg and Macmillan (2007) and further
developeded in Blanden et al. (2014).

Following Blanden et al. (2014) we decompose the IGE into two parts: the first
one is how much of the father-son earnings relationship is accounted for by
transmission factors – that is, some sons’ outcomes, e.g. education or occupation,
that are affected by parental characteristics and then influence sons’ earnings –,
whereas the second one is the unexplained persistence in earnings that is not
transmitted through the considered mediating variables. The part of the
intergenerational persistence explained by the pathway factors is the product of two
measures: the relationship between fathers’ earnings and the pathway factor and its
monetary return in the labour market.
Among all possible transmission mechanism, this section focuses on two
mediating variables: educational attainments and occupational qualification. The
first step of the decomposition method consists in estimating the univariate
relationship between sons’ educational attainments and the prediction of logarithm
of fathers’ earnings:
𝐸𝑑𝑢𝑐𝑖𝑠 = 𝛼𝑒𝑑 + 𝜆𝑒𝑑 𝑦̂𝑓 + 𝑒1𝑖

(11)

Then, to combine the estimated association with the return of educational
attainments in the labour market, the logarithm of sons’ earnings is regressed on
sons’ educational attainments. We control for the prediction of the logarithm of
fathers’ earnings, thus estimating the effect of education on sons’ earnings
independent of that estimated in equation 11:
𝑙𝑛𝑌𝑖𝑠𝑜𝑛 = 𝜔1 + 𝜌𝑒𝑑 𝐸𝑑𝑢𝑐𝑖𝑠𝑜𝑛 + 𝛾𝑖𝑛𝑐 𝑦̂𝑓 + 𝜈1𝑖

(12)

It follows that the IGE estimated in equation 4 (i.e. our baseline) can be
decomposed into two parts:
𝛽 = 𝜆𝑒𝑑 𝜌𝑒𝑑 + 𝛾𝑖𝑛𝑐

(13)

where 𝜆𝑒𝑑 𝜌𝑒𝑑 is the indirect effect of fathers’ earnings on sons’ through the
educational channel and 𝛾𝑖𝑛𝑐 is the unexplained persistence in earnings that is not
transmitted through education.
Then, we account for occupational attainments only by estimating in equation
14 the association between occupational status and father’s earnings and in equation
15 its monetary pay-off in the labour market:
𝑂𝑐𝑐𝑖𝑠 = 𝛼𝑜𝑐𝑐 + 𝜆𝑜𝑐𝑐 𝑦̂𝑓 + 𝑒1𝑖

(14)

𝑦𝑖𝑠𝑜𝑛 = 𝜔2 + 𝜌𝑜𝑐𝑐 𝑂𝑐𝑐𝑖𝑠𝑜𝑛 + 𝛾𝑖𝑛𝑐 𝑦̂𝑓 + 𝜈2𝑖

(15)

In this case, the decomposition becomes:
𝛽 = 𝜆𝑜𝑐𝑐 𝜌𝑜𝑐𝑐 + 𝛾𝑖𝑛𝑐

(16)

Moreover, we want to consider the interaction between educational attainments
and occupational choices. Therefore, once we have estimated the relationship of
each variables with fathers’ earnings, we estimate an equation where we consider
together the return to education and occupation in the labour market. In the next
equation 17, we obtain the monetary pay-off of each variable, conditional on the
others.
𝑦𝑖𝑠 = 𝜔1 + 𝜌𝑒𝑑 𝐸𝑑𝑖𝑠 + 𝜌𝑜𝑐𝑐 𝑂𝑐𝑐𝑖𝑠 + 𝛾𝑖𝑛𝑐 𝑦̂𝑓 + 𝜈3𝑖

(17)

Now β can be decomposed as follows:
𝛽 = 𝜆𝑒𝑑 𝛾𝑒𝑑 + 𝜆𝑜𝑐𝑐 𝛾𝑜𝑐𝑐 + 𝛾𝑖𝑛𝑐

(18)

where we can distinguish the component of beta accounted for by educational
attainments and the part of beta accounted for by occupational outcomes. Thus,

𝜆𝑒𝑑 𝛾𝑒𝑑 − 𝜆𝑒𝑑 𝜌𝑒𝑑 gives the extent to which the influence of education is transmitted
through occupation.
According to Hirvonen (2010), in order to obtain consistent estimates for the
coefficients of the two mediating variables, error terms of equation 11 and equation
14 must be uncorrelated with the error term in the return equation 17. However, this
assumption is likely to be violated since both educational attainments and
occupational status could be related to other variables, such as cognitive and noncognitive skills, education quality and other hardly observables factors as, for
example, social networks and family ties. Unfortunately, our dataset does not
provide information on education quality (e.g. marks or field of study), on cognitive
and non-cognitive skills and social network (e.g. channels used to find job) to
control for other sons’ characteristics.
Observe however, that our decomposition approach cannot be directly compared
to that proposed by Blanden et al. (2007) and Blanden et al. (2014) as we are using
imputed instead of actual fathers’ earnings. In fact, estimated 𝜆𝑒𝑑 and 𝛾𝑖𝑛𝑐 may be
biased due to unobservables included in the vector 𝜈1𝑖 of equation 12 that are not
captured by the set of auxiliary variables used to predict fathers’ earnings. More
specifically, there could be some variables (e. g. soft skills, social networks, cultural
factors, cognitive and non-cognitive abilities) that are positively correlated to
ìearnings of the two generations (i.e. they are in the error term of our baseline
equation 12) and to educational attainments of offspring. Therefore, we are likely
to be underestimating the mediating role of education if imputed earnings are less
correlated to the mediating variable than actual earnings (i.e. imputed earnings are
less correlated to unobservables in equation 12 which are correlated to educational
attainments)
With all this in mind, we proceed to decompose intergenerational mobility into
different channels. Educational attainments of sons included in the decomposition
analysis are provided by the 2005 wave of the IT-SILC survey. More specifically,
educational levels are coded according to the five main International Standard
Classification of Education levels (ISCED). Here we rely on a four-modal
distribution of education: “tertiary graduates”, “high-school graduates”, “middle

school graduates” and “elementary”. However, when we estimate the univariate
relationship between fathers’ earnings and sons’ education, exclusive dummies
would lead to ambiguity in the interpretation of the coefficient for the middle
category. Thus, following Blanden et al. (2014) we redefine our dummy on
education as equal to one for all those who are at the relevant education level or
above: “tertiary graduates”, “at least high-school” and “at least middle school”. In
this case the coefficient must be interpreted as the incremental effect of that
education level compared to the next lower level of education.
Regarding occupational status, it was originally classified according to ISCO
codes: the lowest ISCO code indicates the highest occupational quality. We convert
ISCO categories in a four-modal distribution of occupation: “higher managerial and
professional” (corporate managers, professionals, legislators), “lower managerial
and professional” (associate professionals, managers of small enterprises),
“intermediate” (clerks and service workers), “bottom occupation” (assemblers,
agricultural, crafts, elementary occupations). As with education, we then redefine
our variables equal to one for all those who are at the relevant occupational level or
above11.
The decomposition analysis is carried out on IGE estimates run on 5-year
earnings averages for both generations (see section 1.4). Results are summarized in
Table 1.9. The overall IGE can be decomposed into the relationship between
father’s earnings and the mediating variables (λ) multiplied by the return to those
variables in the labor market (γ), plus the unexplained persistence in earnings that
is not transmitted by those factors.

Column (i) considers only education as

mediating variable, column (ii) only occupation and column (iii) consider the
interaction between the two variables.

11

We use less categories for both mediating variables than we did in the previous sections for
computational reasons

Table 1.9: Decomposition: share of β explained by mediating variables.
factor

(i)

(ii)

(iii)

college degree

0.022

0.011

at least highschool

0.047

0.035

at least middle school

0.018

0.018

Total educational outcomes

0.087

0.064

higher manangerial or professionals

0.004

0.001

at least lower managerial or professional

0.021

0.017

at least intermediate

0.026

0.017

total occupational outcomes

0.051

0.035

total accounted for (λ*γ)

0.087

0.051

0.099

not accounted for

0.409

0.445

0.397

total

0.496

0.496

0.496

% through ed.outcomes

17.61%

% through occupational outcomes
% of total

17.61%

12.91%
10.34%

7.08%

10.34%

19.99%

Following Blanden (2014) we add to the full decomposition, model (iii), the two
variables in the order in which they occur in the aging process. The sum of the
explained and unexplained component of β is 0.496, that is the total association
between fathers’ earnings and sons’. In model (i) we first include only education
that explains 17.6% of the intergenerational persistence, whereas around 82% can
be accounted as the direct effect of father’s earnings. In model (ii) we include only
occupations that accounts for almost 10.3% of the intergenerational elasticity
coefficient. When in model (iii), our complete decomposition, we include both
education and occupation, the magnitude of the indirect effect implies that around
20% of total effect is mediate by education and occupation. The share of persistence
accounted for by education decreases from 17.6% to 12.9%. Thus, the two
mechanisms are clearly correlated and occupation takes over some of the

explanatory power of education. Parental background exerts its effect on education,
education effects sorting into occupation and occupation influences earnings. When
we move from model (i) to model (iii) we notice that proportion of the
intergenerational elasticity coefficients explained increase only by 2.4 percentage
points thus occupation contributes directly only marginally in explaining
intergenerational persistence, but it is education that works through occupational
sorting.

Table 1.10: Detailed decomposition results
association with father's earnings (λ)

return in the labour market (γ)

(i)

(ii)

(iii)

Education:

college

at least high school

at least middle school

0.217

0.1024

0.0501

[0.0331]

[0.0520]

[0.0586]

0.2752

0.1704

0.1262

[0.0376]

[0.0382]

[0.0383]

0.065

0.2803

0.2836

[0.0161]

[0.1119]

[0.1071]

Occupation:

high managerial and professional

at least low managerial and professional

0.0964

0.0421

0.0155

[0.0277]

[0.0685]

[0.0750]

0.1955

0.1094

0.0869

[0.0414]

[0.0541]

[0.0536]

0.2392

0.108

0.0695

[0.0420]

[0.0476]

[0.0476]

at least intermediate
Author's elaboration based on the AD_SILC dataset.

In table 1.10 we report the estimates that are behind the decomposition presented
in table 1.9. The first column reports the λ coefficient estimated in the set of
regression of the relationship between the mediating variables and father’s earnings.
The second pair of columns presents the γ coefficients from the single regression
of log sons’ earnings on the set of included pathway variables. Column from two to
fourth display the γ coefficient from the regression of sons’ earnings on the
mediating factors: equation (i) regress son’s earnings on education, equation (ii) on
occupation and equation (iii) on both educational and occupational levels.
1.8. Concluding remarks
This chapter provides new evidence on the degree of earnings correlation across
generations in Italy, which may be considered as a low mobility country (Piraino,
2007; Mocetti, 2007). New results are provided by relying on the AD-SILC, a very
rich panel dataset built merging the 2005 wave of the Italian sample of the Survey
on Income and Living Condition (IT-SILC) conducted by ISTAT (the National
Italian Statistical Institute) with information collected from administrative archives
managed by the Italian Social Security Institute (INPS) that cover individual
earnings histories from the moment they enter the labour market to the end of 2013.
The advantages of exploiting this dataset are twofold. Firstly, unlike previous
estimates of the intergenerational earnings elasticity (IGE) for Italy obtained by
using net earnings, we are able to examine the extent of intergenerational mobility
in the labour market which is not mediated by the redistributive effect of taxes and,
once reconstructed net earnings, we can compare the two measures. Secondly, we
can rely on a large panel dimension which permits to obtain a measure of earnings
which is less affected by lifecycle and attenuation biases.
As in previous studies on intergenerational economic mobility in Italy, we
exploited the two-sample two-stage least squares (TSTSLS) method to obtain
different measures of intergenerational earnings associations. Nonetheless, unlike
previous studies for Italy, we exploited the large panel dimension of the dataset to
measure earnings over a 5–year period both in the first and second stage of the

TSTSLS approach. Moreover, our auxiliary variables have a higher number of
categories, thus allowing us to obtain a higher predictive power in the first stage.
Results showed an IGE of 0.496 for gross earnings and an IGE of 0.428 for net
earnings. The two measures both become lower if estimates are obtained by using
point in time measures of earnings of the two generations or young sons.
We also provided estimates of rank to rank slopes for Italy that proved to be
more robust across different specifications, samples and measures of earnings.
Since this measure remove the “within generation” inequality component, it is
particularly suited for cross-country comparisons. Moreover, rank to rank slope
measures are available only for few countries, and thus a cross country ranking
based on this measure is not easy. However, according to our results, conversely on
what we find for the IGE, Italy is not so distant from Nordic European countries
and very closed to the level of mobility of Germany. Therefore, it is highly desirable
for future research to provide, besides the IGE, also measures based on the rank to
rank slope.
Education is usually recognized as the most prominent mechanism affecting the
intergenerational transmission of income from parents to children. We presented
additional estimates including as regressors children characteristics affected by
parental circumstances – e.g. education, occupation – to assess whether a residual
influence of parental background still emerges when these characteristics are
controlled for.
Furthermore, we also applied the decomposition method proposed by Blanden
et al. (2014) in order to compare the role played by education and occupation as
transmission mechanisms of intergenerational inequality. We find that, when
considered together, education and occupation account for around 20% of fatherson earnings relationship: education contributes to 12.9% of the earnings
persistence, while occupation account for around 7.1%.
Thanks to the sequential decomposition we assessed that the proportion of β
accounted for by education becomes smaller when occupational attainments, that
occur later in life with respect to the educational ones, are included. Therefore, part
of the effect of education is absorbed by occupational choices. Considering

education alone, as the only transmission mechanism, may overstate its explanatory
power of the persistence of socio-economic outcomes (Hirvonen, 2010). Even when
we considered both education and occupation, it is highly likely that the part of the
intergenerational elasticity coefficient ascribed to education, still conceals some of
the explanatory power that should be ascribed to other mechanisms (e.g. soft and
hard skills). Therefore, it is likely that we are overestimating the effect of the
education and these results should be interpreted as an upper bound. The role of
education in Italy, compared to that found by Blanden at al. (2014) for the UK and
the US is very limited and it is even more limited if our results should be interpreted
as an upper bound.
D’Addio (2007) suggests that in many country – among which we find both USA
and UK -

high skill premia are associated with low level of intergenerational

mobility. However, this picture does not fit for Italy, where we can find the
coexistence of low labor market rewards for education and a high level of
intergenerational persistence. Recent literature posits that in Italy is possible to
detect a decrease in the earnings differential between educated and less-educated
workers (Lovaglio & Verzillo 2016; Naticchioni et al. 2010) and, in particular, most
recent cohorts of high-skilled workers are suffering much heavier earnings penalty
with respect to unskilled workers (Naticchioni et al. 2016). Thus, low wage premia
for highly qualified workers may disincentive family in investing in their children
education and this may explain why education accounts for a limited part of the
intergenerational resemblance of earnings, that is more likely to be driven by other
mechanisms, for example the importance of family connections and social ties in
finding highly rewarded jobs (Raitano & Vona, 2015)
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Appendix

Tab. A1: Association between son’s and father’s earnings. Prime age sons. Fathers
and sons observed for 5 yearsa. OLS estimates in the second stage dropping one
coefficient at a time in the first stageb
Regressors dropped in the first stage
Education
dummies
Father’s

Occupation
dummies

Dummy on

Dummies on

self-

region of

employment

work

0.489***

0.466***

0.640***

0.370***

s.e.

[0.055]

[0.057]

[0.064]

[0.057]

Obs

1445

1445

1445

1445

0.055

0.052

0.069

0.031

0.380

0.351

0.282

0.374

earnings

R

2

R2 first stage
a

When observed in a 5-year period, fathers and sons are considered, respectively, when aged 40-44 in the period 1980-1988
and 35-39 in the period 2005-2013. When observed in a single year, fathers and sons are considered, respectively, in 1985
and 2009. b TSTSLS are carried out: in the first stage father’s earnings are imputed regressing log annual gross earnings on
dummies on education, occupation, self-employment, region of work; in the second stage sons’ log annual gross earnings are
regressed on predicted fathers’ log earnings, also controlling for sons’ year of birth. *** p<0.01, ** p<0.05, * p<0.10. Source:
elaborations on AD-SILC dataset.

Tab. A2: Association between son’s and father’s earnings. Prime age sons. Fathers
and sons observed for 5 yearsa. Rank to rank estimates dropping one coefficient at
a time in the first stageb
Regressors dropped in the first stage
Education
dummies
Father’s

Dummies on

on self-

region of

employment

work

0.237***

0.262***

0.187***

s.e.

[0.025]

[0.026]

[0.026]

[0.026]

Obs

1445

1445

1445

1445

0.066

0.063

0.075

0.042

0.380

0.351

0.282

0.374

R

2

R first stage
a

dummies

Dummy

0.244***

earnings

2

Occupation

When observed in a 5-year period, fathers and sons are considered, respectively, when aged 40-44 in the period 1980-1988
and 35-39 in the period 2005-2013. When observed in a single year, fathers and sons are considered, respectively, in 1985
and 2009. b TSTSLS are carried out: in the first stage father’s earnings are imputed regressing log annual gross earnings on
dummies on education, occupation, self-employment, region of work; in the second stage sons’ log annual gross earnings are
regressed on predicted fathers’ log earnings, also controlling for sons’ year of birth. *** p<0.01, ** p<0.05, * p<0.10. Source:
elaborations on AD-SILC dataset

