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Abstract

Are younger generations better off than older ones? Can younger cohorts starting with
lower real wages catch up with previous generations? Are young or old generations becoming
more unequal? In the last fifteen years these questions, of great interest for the policy maker,
have motivated a considerable amount of research on changes in the wage structure, with a
particular emphasis on North America and the U.K. first and other countries much later (see
Acemoglu, 2002, Acemoglu 2003; Card et al., 1999; Goldin and Katz, 1996; Berman et al.,
1998; Blau and Khan, 1996; Katz and Murphy, 1992). While some authors have documented
an increase in inequality, however measured, that cannot be accounted for by observables
like education, experience, sex, and age, others have concentrated their attention on how the
earnings distribution (captured by its central location or other statistics) has changed through
time.

In our study we concentrate on the study of inter-generational and intra-generational pat-
terns of earnings for Italian male dependent workers for the period 1987-2002. Using data from
the Bank of Italy’s Survey of Household Income and Wealth, we construct cohort-education-
(macro) region specific age profiles for mean real wages (the measure of central location here
adopted) and for the 90-10 percentile differential (the inequality measure), allowing for re-
gion specific price indexes. We verify how different cohorts have been doing comparatively
and finally we test whether, with time, the (mean) returns to experience and education have
increased.

Our preliminary results indicate that for the two education groups considered each suc-
cessive generation has benefited from higher entry wages. At the same time we find that the
wage age-profiles for both education groups have become flatter so that we cannot conclude
that more recent cohorts are better off than their immediate predecessors. When looking at
High/Low education relative wages, we find that there is only scant evidence of positive cohort

profiles (i.e. that the education premium has been rising across cohorts), while we notice that



the relative wage tends to increase over the life-cycle. Finally we find that inequality tends
to increase with age, while we also find evidence of across-cohort variation, in the direction of
increasing inequality.

Our work is relevant under various aspects. On the one hand it provides a clear framework
in which between and within cohorts comparisons are meaningful and easily interpretable.
Moreover it allows us to relate our results to those obtained by MaCurdy and Mroz (1995)
and Beaudry and Green (2000), in their study of the earning patterns of, respectively, American
and Canadian workers.
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1 Introduction

Are younger generations better off than older ones? Can younger cohorts starting with lower real
wages catch up with previous generations? Are young or old generations becoming more unequal?
What is the role played by education in shaping wage inequality over the life-cycle?

In the last fifteen years these questions, of great interest for the policy maker, have motivated
a considerable amount of research on changes in the wage structure. While some authors have
documented an increase in inequality, however measured, that cannot be accounted for by observ-
ables like education, experience, sex, and age, others have concentrated their attention on how
the earnings distribution (captured by its central location or other statistics) has changed through
time.

In our work we concentrate on the study of inter-generational and intra-generational patterns
of earnings for Italian male employees for the period 1987-2002. Using data from the Bank of
Ttaly’s Survey of Household Income and Wealth, we construct cohort specific age profiles for mean
wages (the measure of central location here adopted) and for the 90-10 percentile differential (the
inequality measure); we estimate the age profiles for various categories of workers, which differ
for educational attainment and for region of residence; we verify how different cohorts have been
doing comparatively and finally we test whether, with time, the (mean) returns to experience and
education have increased. Moreover we verify how the inequality measure has changed with time
and across cohorts.

Our results indicate that for the two education groups considered each successive generation,
with the exception of those with high education that entered the labor market in the years 1998-
2002, have benefited from higher entry wages. At the same time we find that the wage age-profiles
for both groups have become flatter so that we cannot conclude that more recent cohorts are
better off than their immediate predecessors. When looking at the return to education, we find
scant evidence of across-cohort variation, while there is clear evidence that the education premium
rises with age. Finally we find that inequality tends to increase both across-cohorts and along the
life-cycle.

Our work is relevant under various aspects. On the one hand it provides a clear framework in



which between and within cohorts comparisons are meaningful and easily interpretable. Moreover
it allows us to relate our results to those obtained by MaCurdy and Mroz (1995) and Beaudry
and Green (2000), in their study of the earning patterns of, respectively, American and Canadian
workers. Finally we notice that our effort has implications that go beyond the characterization of
wage patterns per se, since changes in (mean) returns to education, captured by changes in the
life-cycle profiles for (mean) wages, can have relevant consequences on consumption, saving, capital
accumulation and growth!.

The paper proceeds as follows. In Section 2 we describe the methodology used. In Section
3 we present the data and clarify our cohort approach. In Section 4 we derive and discuss the
results from our regressions using mean wages. Section 5 presents the results on wage inequality

and Section 6 concludes our work.

2 Methodological issues

During the last fifteen years a considerable effort has been put towards the study of the wage
structure and its changes though time. The emphasis has been mainly on the U.S. but recently
there have been numerous studies on the experience of other OECD countries (see, among others,
Brunello et al., 2000; Katz et al.,1995). The results of this line of research, which started by the
earlier contributions of Bound and Johnson (1992) and Juhn et al. (1993), are well described
in Acemoglu (2002) and can be summarized as follows: 1) returns to education in the U.S. fell
during the 1970’s but they rose sharply during the 1980’s; 2) overall wage inequality has risen
considerably, starting in the 1970’s and much of this rise is due to an increase in overall inequality;
3) average wages have stagnated and wages of low skilled workers have been falling since the late
1970’s. While these can be considered stylized facts for the U.S., and hence the interest is on their
interpretation (see Di Nardo et al.,1995; Acemoglu, 2002), for Italy we still need to draw a clear
picture of what has happened in the late 1980’s and in the 1990’s. Our work is a step towards
this goal, and our objective is to identify the changes through time (or across cohorts) and age of
two simple and intuitive statistics, the mean wage and the 90-10 percentile wage difference?. The
first is of particular interest because it allows us to characterize the shape of the age profile for
earnings and its changes through time® (and hence across cohorts), while the second one captures
how inequality has evolved with time.

In spite of the apparent simplicity of such a task, there are some serious identification issues

IThe knowledge of the life-cycle profiles for earnings gives us information indirectly useful for estimating the
effects of fiscal policy. Given the importance of overlapping generations model for fiscal policy and given that those
model are generally based on the life-cycle hypothesis, knowing the changes in the life-cycle wage profiles can be
useful in identifying the effects on consumption and saving of changes in life-cycle based tax-transfer programs, like

Social Security. See Biagi (2000).

2This choice is mainly motivated by the objective of comparing our results to those of MaCurdy and Mroz (1995)
and Beaudry and Green (2000).

3The age profile could be affected by changes in training policies, while its position could depend on changes in
education policies or in the relative numerosity of the various cohorts.



that make our work complex. Individuals accumulate experience as they age and let’s assume
that this increases their marginal productivity (at least up to a certain age) which gets reflected
in rising (up to a certain age) wages. Such a relationship between earning and age (experience),
usually referred to as the age-profile for wages, could be affected by many factors. For instance,
suppose that the returns to age/experience do not change with time (so that the shape of the
age profile is common across cohorts), but some generations are more fortunate than others (for
instance because they did not have to go to war). This type of variation would lead to across-cohort
changes in the position of the age profile, which would show up in the estimation as significant
cohort effects. Alternatively, suppose that in a given year there is a macroeconomic shock that
affects all workers in the same way. This would imply that the position and, possibly, the shape
of the age profile change across cohorts, simply because some individuals are affected by such a
shock at the beginning and others at the end of their working life. We would like to identify the
driving cause in the various cases, since the policy implications are different. Unfortunately there
is a general identification issue related to the fact that we cannot separately identify age, cohort
and time effects because the three are perfectly collinear (see Heckman and Robb,1985).

This conclusion has relevant implications for the amount of information we can extract from our
data, depending on the form it comes into. Suppose that we have a single cross-section and that
we are interested in estimating the earnings age-profile. Since we would be observing individuals
with different ages that belong to different cohorts, we would not be able to separately identify
the shape of the age profile from its position (the cohort effects). In other words, if we observe
that an older individual has a higher wage compared to a younger worker, we would not know
whether such a difference is due to ageing itself or to the fact that the older individual belongs to
a cohort that benefits from true cohort effects. For instance, suppose that the "true” age profile is
quite concave and common across cohorts, but suppose also that more recent cohorts benefit from
positive cohort effects so that their age profile is shifted upward?. If we focused on a single cross
section we would be estimating an age profile much less concave than the actual one, because age
and cohort effects would be mixed together. On the other hand, we could have longitudinal data.
In this case we would not know whether the changes observed across time for the wage of the same
individual are due to ageing or to true time effects (calendar time is the sum of the birth cohort
and age). Finally, we could have a repeated series of cross-sections. In this case we do not follow
the same individual through time but we can go around this problem assuming that individuals
belonging to the same cohort and that are identical under some aspects that do not depend upon
time nor age (for instance education,region of residence and sex), differ on all the other aspects just
because of individual idiosyncratic shocks. For instance, the wages of College Graduates belonging
to the same cohort (typically defined in terms of 5 or 10 years interval) might differ for many
reasons. If we assume that individual observations differ from the mean because of idiosyncratic
shocks that are not correlated and that have expected value equal to zero, by taking the mean wage

4This might happen if we have a positive shift in the demand for educated workers. Since education occurs at
the earlier stage of one’s life, we would observe that the wages received by younger cohorts of educated workers at
each age are higher than those received by the older cohorts belonging to the same skill/education group.



in a given year we can characterize the average (and representative) behavior of this group. With
the advantage that, in the following year, while we are not able to observe the same individuals
(because it is a new and different cross-section) we can still follow the same average individual.
At the price of averaging out individual differences we buy the possibility of exploiting variation
through time. At that stage, the same identification problems encountered with true panel data
appear for this synthetic panel. To solve them one needs to make identification assumptions. Ours
is that the only time effects are business-cycle effects, so that the differences across cohorts can
be interpreted as true cohort effects. This is an assumption and, as such, cannot be tested. The
interesting consequence of such an assumption is that we can estimate cohort specific age profiles.

Our work follows a methodology very close to the one used in MaCurdy and Mroz (1995)
and Beaudry and Green (2000), in which the labor market conditions of different generations of,
respectively, American and Canadian workers are considered. This allows for a comparison of the

experience of Italian workers with that one of their North-American counterparts®.

3 The data

Our data come from the Bank of Italy’s Survey of Household Income and Wealth, which reports
information on individual and household variables. Data on individual labor income, defined as
annual labor income net of taxes and contributions to the Social Security system, are the main
concern for this work.

These data have been collected since 1965, but only for the period after 1984 are we able to have
information on the age of individuals, because the age variable prior to 1984 has been recorded only
in classes of ten-year intervals. Moreover, to increase data comparability we choose to focus only
on data from the 1987 Survey onwards. Hence we use data from the 1987, 1989, 1991, 1993, 1995,
1998, 2000 and 2002 Surveys®. The data have been collected by different agencies in the different
years and hence the sampling techniques and the definitions of the variables do not always coincide.
We have tried as much as possible to create comparable variables when this was necessary”.

Given the sample provided by the Bank of Italy, we focus on a restricted sub-sample, formed
by males employees in the private and public sectors. We choose to exclude self-employed workers
mainly because individual income for this category of workers is under-reported. We also exclude
workers from the agricultural sector.

We then split the sample by two education groups and by three macro-areas. As for education,
we distinguish between those with less than or completed Junior High School (the mandatory school

level in Italy) and those with completed High School or more (including those who completed a

5An analysis of life-cycle wage profiles for Italian workers was previously done by Lucifora and Rapelli (1995),
who used individual longitudinal data from the National Pension Institute (INPS). Our data come from a different
source, they cover a different time period and the methodology we use is different. We discuss their results in Section
4.

6Soon we will be able to add the 2004 Survey.

"For a description and analysis of the sampling procedure see Brandolini and Cannari (1994).



Bachelor degree or postgraduate education). As for the geographic areas, we distinguish between
North, Centre and South (including Islands). For all groups, we focus only on agents (potentially)
permanently attached to the labor market and hence only on individuals that, in every given year,
are older than 20 8 and younger than 60 (the mandatory retirement age for Old Age Pensions in
the private sector prior to the 1995 reform). When the highest bound of the age interval upon
which the cohort is built is greater that 60 we drop the cohort. We also drop cohorts for which
the mean values are computed using less than 20 observations.

Then, for each age-region-education cell, we compute the average value and the 90-10 percentile
differential for gross real wages, under the assumption that all the other individual characteristics
are basically just error terms that are identically and independently distributed. In order to obtain
a sufficient number of observations we construct cohorts that have a five year interval. Hence we
have 10 cohorts: the oldest one is the cohort indexed by 1, made up by those who are between age
50 and 54 in 1987° and hence that were between age 20 and age 24 in 1957.

A problem arises from the fact that the Bank of Italy’s Survey of Household Income and Wealth
reports information on annual labor income net of taxes and contributions to the Social Security
system, while we are interested in gross weekly labor income. The tax structure would not matter
so much if it were proportional. But this is not the case, since the Italian income tax schedule is
highly progressive, so that the average tax rate is not independent from the (observed) net wage.
Hence, we had to do a sort of reversed income tax computation.

To assign individuals to their actual income tax bracket, for every year and every individual,
we start from the reported net income and assign the individual to the tax bracket that would be
appropriate if net and gross income coincided. Then, using the information on the household, we
compute the resulting due tax and net income. If net income resulting from this computation is
different from the observed net income, we reassign the individual to a higher tax bracket. This
goes on until the computed gross income is consistent with both the observed net income and
the tax schedule. Finally, once we have gross annual income we obtain gross annual labor income
applying the average tax rate to the observed net labor income and taking into account Social
Security taxes. Then we divide annual gross labor income by the number of weeks worked and we
obtain gross weekly labor income. Given our focus on full time employees, we have excluded part
time workers or individuals employed for less than 12 months.

Once we have constructed gross nominal weekly wages for each individual we get real wages
using macro-region specific CPI indexes, with base year 1995. These indexes have been created
by us under the assumption that in 1987 all the macro-regions considered (North, Centre, South)
share the same price index, which is then allowed to vary across macro-regions in the following

years.

8These values are slightly higher than the average starting age obtained from the sample but we wanted to avoid
including individuals that are only temporarily attached to the labor market.

9We dropped from the estimation the cohort made up by those who are between 55 and 59 in 1987 because we
have only two useable observations for them (those from the 1987 and from the 1989 surveys).



4 Estimating life-cycle profiles for wages

Before presenting our results is important to discuss the relevance of the age-cohort interaction
term, and the amount of information that we can extract from its estimated coefficient. We
discuss separately the issues of within and across group comparisons (where a group is defined by
macro-region of residence and education).

First we look at within-group comparisons. Suppose that we find evidence of significant cohort
effects but not of significant age-cohort interaction. Then we can conclude that all cohorts within
a given regional-education group share the same age-profile, while they differ with respect to the
position of such a profile. If we interpret the position of the age-profile as the relative (to the
reference cohort) wage at the entrance in the labor market, the first type of information that we
can get out of this exercise has to do with comparing entry wages across cohorts!’ belonging to
the same group. On the other hand, if we find evidence of significant age-cohort interaction, then
simple across-cohort comparisons are less obvious. For instance, for the same group, we can have
some cohorts entering with higher wages but experiencing lower returns to age or, on the contrary,
cohorts experiencing both higher entry wages and higher returns to experience.

Things are even more complex when we consider across-groups comparison of the age profiles.
In fact, for each group we can identify the age profile for a generic cohort and then compare
the degree of concavity/convexity of the age profile across groups, but this comparison would be
meaningful only if we could exclude significant age-cohort interaction. This point can be better
appreciated if we assume that the wage profiles originate from a simple demand and supply model

according to which output (Y;) is given by

}/t =F (tha L2t7t)

where L, i = 1,2, refers to the quantity of effective labor of skill group 7 at time ¢ (this model'! is
developed by Beaudry and Green, 2000).The quantity of effective labor for a particular skill group

1 is given by

Lis =Y g (a0, )i
jeJ
where j indexes cohorts, a;; is the age of cohort j at time ¢, I; ;; represents the level of actual
employment (number of workers) in skill group ¢ of cohort j at time ¢ and g(a;+,t) are the effective
units of labor of a worker of age a;; in cohort j at time ¢t belonging to skill group ¢ (notice that
productivity is time dependent).
Assume that workers are paid their marginal contribution to the aggregate production func-

10For each sector-education group, the reference cohort is the oldest one.
HWe allow for two types of workers given that we have two education group. Notice that we have made the

production function dependent on time, hence allowing for changes in technology.



tion'? and hence that the natural logarithm of the wage is equal to'?

OF (L, Lo, t)

Inw; ;: =1In [ oL,

] +1n [g'(ajq,t)]

This implies that log wages can be decomposed into a time effect (In [%j“t)} ), which is
group specific but not dependent upon age, and a time-dependent age effect (In [gi(aj,t, t)} ), which
can vary across groups.

The observed time effects depend on the factors underlying supply and demand. Given our
assumptions, time effects really capture the factors affecting production and hence labor demand.
If we have Hicks neutral technological change!® we should observe positive time effects for all
groups. If we have both Hicks neutral and skill/education specific technological changes, then the
overall effect depends on the interaction of the two forces'® and can be quantified only on the
empirical ground.

This is clearly not the only possible structural representation for the wage process, but it has

the advantage of having the following simple parametrization

Inw;jr= B0+ Bix*t+B;2%ajt+5,3% ajz,t + Bia* a’?’,t +Bisxajext+mn;, (1)

where j indexes the cohort, ¢ indexes the year and a;; is the age of cohort j in year ¢, while
i
how the value of skill j changes with time, 3, 5, 3, 3, 8; 4 measure how log wages change with age

as, and a?,t capture non linearities in age. Notice that, under this representation, 3, ; measures
and f3; 5 captures how the value of experience (the age profiles'%) changes with time.

However, when trying to estimate this simple model we have an identification problem since we
cannot separate age, cohort and time effects. This problem originates from the fact that calendar
time ¢ is the sum of the year of birth j of each cohort and its age a;;. This amount to saying that
an equivalent representation for the wage process described in 1, obtained using ¢ = j 4+ a; ¢, is the

following

Inw;jt=%0+Y1%]+Vi2*ajt+7;3% a?,t + Yk a’?,t Vs ¥ i+ A0, 5, (2)

In this framework <, ; captures the relative position of the various cohorts at the moment of

entry in the labor market, while v, 5, 7, 3, and 7, 4 capture the age profile and ~, ; measures how

2By assuming that workers just offer their effort at the level demanded by firms we make such a model depend
purely on labor demand.

3We just derived the aggregate production function with respect to Lt

14We should be aware that we could have also effects coming from changes in the education composition of the
work force, which would affect labor supply. On this see Card and Lemieux (2001) and Biagi and Lucifora (2005).

15Beaudry and Green (2000) propose a particular interpretation of skill-biased technological change, according

W decreases with time); b) the
1t

increases with time) and c¢) the return to experience increase

to which, over time: a) the productivity of unskilled workers decreases (
( OF (Lit,Lat,t)
d

productivity of skilled workers increases Tor

( Bgi(u.j’t ,t)
daj ¢
16We use age as a proxy for experience.

increases with time for both groups).



the age profile changes across cohorts'”. The error term n;,5.+ 15 modelled as the sum of a cohort
specific term (g;), an across-cohorts common time specific term (v;) and a truly idiosicratic term
(¥4j¢), with mean zero and standard deviation equal to 1.

In our work we have performed various exercises. First we have estimated model 2 for each
education group separately, including area-specific dummy variables (so that we allow the intercept
-but not the slope- of the age profile to vary across macro-regions). Second, for each macro-region,
we have generated a cohort specific education premium, given by the area and cohort-specific ratio
of the mean wage for high and low education workers. We have then regressed the log of such
ratio on the same regressors as in 2 to study how the education premium changes across cohorts
and along the life-cycle. Finally, we have looked at within-group inequality, as measured by the
90-10 percentile ratio, and we have estimated how such a variable changes through age and cohorts
for the two education groups. In all our exercises we have included also a control for common
across-cohorts business cycle fluctuations'® (the OECD measure of the gap between actual and
potential output as a percentage of potential output).

The precision of the estimation of the coefficients in 2 depends on the strength of the underlying
factors. To clarify, assume that there are no cyclical effects and consider the following ”true”
profiles for two successive cohorts: the younger cohort has higher entry wages but shows lower
wage growth along the life-cycle, so that the age profile is flatter. If these effects are strong enough
then we would estimate significant cohort effects (a rising cohort-effects profile) and a significantly
negative age-cohort interaction term (we are considering the oldest cohort as the reference one).
If we excluded the age-cohort interaction term (either because it is not very strong and hence
not significant or simply because we choose to do so) we force a common age profile on the data
(capturing the shapes of both actual age profiles), which has the effect of affecting the estimated
cohort effects as well. In the example at hand it would push the cohort effects closer, because the
coeflicients on the cohort dummies would now take care of the different age profiles as well. In our
work we have estimated both unrestricted and a restricted models, and we have performed Wald

tests on the estimated coefficients to select the most appropriate ones.

4.1 Within-group comparisons: estimating cohort-specific life-cycle pro-
files for gross weekly wages
High Education Group

When we estimate a cubic in age not allowing for age-cohort interaction, we find that the age

profile is almost linear (we cannot reject the hypothesis that both coefficients on age cube and

17For instance the skill-biased technological change hypothesis proposed by Beaudry and Green implies that
Y1,1 <0, 721 > 0and v; 5 > 0 for ¢ = 1,2, which amounts to saying that we should observe rising intercepts and
steeper slopes for younger cohorts of skilled workers and dropping intercepts and rising slopes for younger cohorts of
unskilled workers. Notice that a Hicks neutral technological change would affects across-cohorts but not across-skills
comparisions.

18The assumption that the only relevant time effects are cyclical effects allows us to interpret the other potential
time effects (the trend) as cohort effects.



age squared are zero) and that there is evidence of significant cohort effects (see Table 1, col. 1).
It is interesting to note that these effects would give rise to negatively sloped cohort profiles for
entry wages. Given that - by assumption - we have excluded age-cohort interaction, this conclusion
would imply that each cohort has been doing worse than its immediate antecedents with the same
education level. This counter-intuitive result is due to the assumption of an across-cohort common
age-profile. In fact, when we estimate a model that allows for interaction between the cohort
dummies and age, we find that we can reject the hypothesis that all the age-cohort interaction
terms are zero, so that the unrestricted model is preferable (see Table 2, col. 1). Under such a
model we find evidence of rising cohort effects for all cohorts. Moreover, we estimate a concave age
profile, whose slope tends to become flatter for more recent cohorts. Overall the results for this
group show that younger cohorts enter with higher entry wages, but, compared to their immediate
antecedents, they also experience lower wage growth along the life-cycle.

Low Education Groups

For this group we get results that are quite similar to those obtained for the group with High
education. When we estimate a cubic in age, excluding age-cohort interaction terms, we find
negative and significant cohort effects (see Tab. 1, col. 2). On the other hand, when we allow for
interaction between age and the cohort effects (note that we can reject the hypothesis that all the
age-cohort interaction terms are zero) we find rising coefficients (with the exception of cohort 10,
for which the coefficient is not significant) on the cohort dummies (see Table 2, col. 2), a concave
age-profile and declining coefficients on the cohort-age interaction terms (with the exception of
cohort 10), indicating that for this group as well we have age profiles that get flatter as younger
cohorts enter the labor market. For this group as well the restricted model is soundly rejected by
a Wald test on the joint significance of the estimates for the age-cohort interactions.

Overall these results indicate that younger cohorts, in both education groups, are doing better
than their immediate predecessors when entering the labor market, but are also experiencing lower
wage growth along the life-cycle. This result is difficult to reconcile with theories that predict that
returns to skill have increased in the last decade, since a implication of such a theory is that - for
a given education level - experience has become more and more valuable as new cohorts enter the
labor market. A corollary of this in perfectly competitive markets is that the return to experience
(i.e. the age profile) should become higher (i.e. steeper) for younger cohorts. We have showed
that this is not the case. A second interesting piece of information is the one coming from the
analysis of relative wages. This will allow us to test whether more recent cohorts -on average- have

experienced higher returns to education.

4.2 Across-group comparisons: estimating cohort-specific life-cycle pro-
files for gross weekly relative wages

In this part of the research we investigate changes in returns to education as captured by across-
group comparisons. For each geographical area and cohort we have generated the ratio between

the mean wage of those with high education and the mean wage of those with low education (as

10



previously defined). This is equivalent to creating an area-cohort-year specific "skilled-unskilled"
relative wage whose properties we have further analyzed. Specifically, the have regressed the
log of this ratio (i.e. the difference in the logs of real gross weekly wages) on a cubic in age,
cohort dummies and the same variable capturing the economic cycle used in previous regressions.
Notice that the possibility of generating such a relative wage arises naturally in our quasi-panel
approach, in which we focus on the behavior of representative individuals, characterized by their
education level, their cohort of birth and their macro-region of residence. When we do not allow
for age-cohort interaction (Table 3, col. 1), we find no evidence that (mean) education premium
has increased as new cohorts have entered the labor market (with the exception of cohort 2, for
which we have some positive evidence). As for the effect of age, our cubic signals that there is
tendency for the education premium to increase along the life-cycle. When we allow for age-cohort
interaction (Table 3, col. 2), we basically confirm this evidence: more recent cohorts tend to show
higher entry-level education premium but this evidence is never statistically significant (actually
for cohort 10 - the only one for which cohort effects are significant- we get a negative coefficient)
while the slope on the first order term of the age-profile tends to become flatter (but again this
evidence is not statistically significant). Overall, we read these results as showing that in Italy we
do not find a clear evidence in favour of across-cohort increasing returns to education. However we
have some evidence that education and experience interact in such a way that the age-profile for
more educated workers tends to be relatively steeper (but this effects does not vary significantly

across generations).

4.3 Discussion

It is interesting to compare our result with those obtained by MaCurdy and Mroz (1995), who,
using data from the CPS for the period 1977-1994, characterize the wage profiles for four groups
of U.S. workers: high school dropouts, high school graduates, persons with some college education
and college graduates. They find that real wages are monotonically increasing in educational
attainment and that real wages were higher in 1980 than in 1990 for all groups, a part from
College Graduates. Moreover, they cannot reject what they name the uniform-growth model for
median wages, according to which, for each education group, cohorts share the same age profile,
whose position though differs across cohorts. As for the shape of the age-profiles, the authors
find that all education groups exhibit concave profiles (with the exception of the group with some
college education, for which the profile is almost linear) and that those with higher education have
higher wage growth at young ages, while wage growth stops at around age 45.

As for the position of the age profile (corresponding to the concept of entry wages), the evidence
obtained by MaCurdy and Mroz points towards a dramatic drop for all groups except for College
Graduates (this group experience a decrease from the years 1976 to 1980, then a raise, up to
year 1989, and then a further drop). Moreover, they find that the drop is higher for the group
with the lowest educational attainment. The overall evidence hence points towards a worsening

of the relative position of the group with low education and a substantially unchanged position
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for the group of College Graduates. According to these results, the college premium (which, for
an ageless agent, corresponds to the ratio of entry wages of college graduates over those of high
school dropouts) has risen in the U.S. because the position of the group with low education has
significantly worsened.

Beaudry and Green, using data from the Survey of Consumer Finances across the period 1971-
1993, within a setup close to ours, look at the experience of only two groups: those with some or
completed high school and college graduates. The results for mean wages are someway different
from those of Mroz and MaCurdy. From the various models estimated, Beaudry and Green gather
the following picture: on the one hand we have the group of those with some or completed high
school, for which entry wages have been rising up to the 1978 cohort and then falling thereafter.
For this group the two authors consistently find that the cohort-age interaction term has a negative
coeflicient, implying that more recent cohorts have been facing flatter age-profiles. The evidence
that, past the 1978 cohort, entry wages for more recent cohorts are declining and that their age
profiles are flatter suggests that it is quite unlikely that they will be able to catch up with the
older cohorts. As for the group of college graduates, the evidence shows that more recent cohorts
consistently start from lower wages and experience flatter age profiles.

When comparing the experience of Canadian and U.S. workers, we find that College Graduates
have done better in the U.S. since, for the time horizon considered, they have not been experiencing
the loss in real wages that their Canadian counterpart have. As for the groups with lower education,
the two studies are not immediately comparable because the definitions for these groups do not
coincide, but it appears that, after 1978, the experience of Canadian workers is not much better
than that of their American counterparts. The formers have been experiencing dropping entry
wages and lower wage growth, while the latter have been experiencing only dropping entry wages.

How are Italian workers doing when compared to workers from the U.S. and Canada? The
evidence for the age profiles of Italian workers obtained when we assume no age-cohort interac-
tion (which corresponds to the model estimated by Mroz and MaCurdy) shows some similarities
with that of analogously educated U.S. workers as far as the age profiles are concerned, while it
differs substantially with respect to the relative position of the various cohorts within the groups
(declining cohort profiles irrespective of education). However, for Italy we cannot accept the
uniform-growth model (i.e. the restricted model that imposes no age-cohort interaction), and our
preferred estimation shows that each cohort -irrespective of education (a part from cohort 10 for
the group with low education)- has been experiencing higher entry wages and flatter age profiles,
when compared to its immediate predecessor. As in the U.S, in Italy as well when compared to
workers with lower education, more educated workers tend to have higher entry wages and more
concave age-profiles, hence experiencing higher wage growth in the first part of their life cycle
(but younger cohorts are also facing flatter age profiles, for both education groups). When we
compare the experience of Italian workers with High-education with those of U.S. College or High
School Graduates we find that this group of Italian workers has been doing quite well. While in
the U.S. High School Graduates have been experiencing dropping entry wages and only College
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Graduates have been able to keep their relative position, for Italy we find quite different results
(higher entry wages and flatter age-profiles). For the group with lower education, which we can
compare to U.S. and Canadian High School dropouts, again we find that the experience of Italian
workers differs substantially from that of their North American counterparts. In Italy we do not
observe the dramatic drop in entry real wages that is observed for this group in the U.S. along the
entire period considered by MaCurdy and Mroz and documented by Beaudry and Green for the
post-1978 cohorts of Canadian low-education workers. On the contrary, we find rising entry wages
together with flatter age profiles, so that, while we cannot conclude that younger generations of
Italian Low-education workers are better off than older ones over the entire life-cycle, we can at
least conclude that in Italy wages for the low-skilled group have not been dropping.

A previous study on Italian wages that uses longitudinal data is Lucifora and Rapelli (1995).
There are some basic differences between their and our study. They use longitudinal data on
individual observations for the period 1974-1988, coming from the National Institute for Social
Security (INPS). Hence they can follow the same individual through time and can hence control
for more variables, among which sector, firm size and skill level. The more interesting models
estimated by Lucifora and Rapelli are a cohort fixed effect model and an random effect model.
In the first case they control for cohort dummies and cyclical time effects (hence similarly to us),
while in the second case, besides cohort dummies, they allow the error term that captures both an
individual and a time stochastic factor.

Their results show that the cohort effects are robust to the introduction of a more complex error
term structure and that the age profiles differ markedly from those that would be estimated with
a single cross-section. Finally, they find that the degree of concavity of the age profiles decreases
as the estimated model becomes more complex.

Comparing these results to ours, we notice that the evidence of rising cohort effects is common
in both studies, while the basic difference is in terms of age profiles, which, in the study of Lucifora

and Rapelli, tend to be more linear for the individuals with lower education as well.

5 What about within-cohort inequality?

One of the main findings of the literature that has studied wage inequality is that residual inequality
(defined as the inequality of the residual from a typical Mincerian wage equation) in the last 15
years has increased substantially (see Acemoglu, 2002). This has been interpreted either as evidence
of skill-biased technological change or as a "measure of our ignorance”. While residual inequality
is an interesting subject on its own, here we are interested in verifying how overall wage inequality
has changed across and within cohorts. We focus on a simple measures of inequality (the 90-10
percentile differential) and we verify how it varies both along the life-cycle (the age profile for wage

inequality) and across-cohorts!?. As usual we have an identification problem, and the solution

19The 90-10 percentile differential is a measure of absolute wage inequality, since it just captures how far apart

are the 90th and the 10th percentiles. Such a measure is not affected by changes in the central locations (the mean
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to this problem is the same we proposed for the mean: we assume that the only time effects are
cyclical effects, and we characterize the age and the cohort profiles for the dependent variable.

High education

For this group we find that there is relevant across-cohort and life-cycle variation. In fact, a
restricted model in which we do not allow for age-cohort interaction and age enters only with a
first order term, shows that younger cohorts -especially cohort 6 to 9 (see Table 4, col.1)- have been
facing more inequality and that the latter rises (linearly) with age. These results are not totally
confirmed when we allow for age-cohort interaction (Table 5, col. 1). In this case, with a cubic
model in age we find negative and declining (rising in absolute values) cohort effects (but never
significant at customary confidence levels) up to cohort 7, followed by rising effects (but again
never significant). We also find that the coefficients on the age-cohort dummies interaction terms
are positive and rising in value up to cohort 7, signalling that the age profile for absolute inequality
is getting steeper for younger cohorts. However these effects are significant only for cohort 6 and
7.

To reconcile these apparently opposite results (declining versus rising cohort effect) we have to
realize that, when we allow for full cohort-age interaction, we permit the cohort profiles to be more
flexible, and, particularly, we allow them to cross. If for instance the data point towards dropping
cohort effects and positive and increasing coefficients on age-cohort interaction, we could observe
some crossing of the life-cycle profiles for inequality, showing that younger generations start with
lower wage inequality, which then increases with age. If we restricted the functional form to exclude
those age-cohort interaction terms we would be forcing the data to exhibit rising cohort effects,
in order to capture those crossings that the data actually show. We expect that the stronger and
more significant are those excluded cohort-age interaction terms, the less significant are the cohort
effects that we estimate in the restricted model. In the case of High Education workers the evidence
shows that those age-cohort interaction terms are not very significant and hence the cohort effects
estimated in the restricted model are still quite significant®®. In fact, when performing a Wald test
on the joint significance of the estimates for the parameters on the age-cohort interactions we find
that we cannot reject the Null hypothesis that all the parameters are jointly equal to zero, so that
the restricted model appears more appropriate.

Low education

For this group, the restricted model with no age-cohort interaction and with age entering linearly
shows clear evidence of positive cohort and age profiles (i.e. inequality rises as younger cohorts
enter in the labor market and as workers become older). The unrestricted model, with age-cohort

interaction terms, shows similar results: cohort effects are declining only for the first three cohorts

or the median) of the distribution. On the contrary, if we considered the differential in the logs of the 90th and
10th percentiles, we would be looking at relative changes. It is easy to see that changes in the central locations of
the distribution that do not affect the 90-10 percentile difference (and hence would lead us to conclude that there
have been no changes in absolute inequality) would lead to variations in the difference between the logs of the 90th

and 10th percentiles (hence pointing towards an increase in relative inequality).
20This is just the mirror image of what happens when estimating the profiles for mean wages for this group.
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while they rise thereafter (they are negative but their absolute value becomes smaller past cohort 3).
Moreover the estimates for the age-cohort interaction coeflicients are positive, rising and significant
(with the exception of cohort 2). For this group both the restricted and the unrestricted model
show consistent evidence that younger cohorts of workers with low-education have been facing
more inequality at the entrance in the labor market and the effect of age on inequality has been
rising as well. When performing a Wald test on the estimates for the age-cohort interaction terms
we find that we can reject the Null, so that the unrestricted model appears more appropriate.

Overall it appears that, for both education groups, inequality increases along the life-cycle, as
predicted by models in which ability is revealed with experience. We have sufficient evidence that
younger cohorts face higher inequality even at the entrance in the labor market, and -for the group
with lower education- we also find that the age profile for inequality has become steeper for more
recent generations (but this evidence is not statistically significant).

Once again it is interesting to compare the experience of Italian workers with that of their North
American counterparts. The work by MaCurdy and Mroz (1995) for the U.S. finds that within
each education group there is evidence of an increase in the 90-10 percentile difference along the life
cycle. At the same time they find that with time (and hence across cohorts), the 90-10 percentile
difference has been going down for the group with the lowest education (high school dropouts),
it has remained roughly constant for the groups with the average level of education and it has
increased slightly for the youngest generations of College Graduates. Overall they conclude that,
within each education group, real absolute dispersion (within-group inequality across cohorts)
has not increased much, while there is strong evidence of a widening of the wage distribution
across education groups. But this is due to a widening of the mean and median education wage
premium.. Hence they argue that ”the location of the wage distribution for each education group
shifted homogeneously across time and all ages, and the real absolute dispersion about the central
tendency remained roughly constant”. This, together with the evidence that for all groups, with
the exclusion of College Graduates, median ”entry” wages have been falling across cohorts, leads
to the conclusion that, with the exception of the group previously mentioned, what is driving
the observed increase in the skill-premium for the U.S. is really the fall in the real wages of less
educated workers?!.

Beaudry and Green (2000) looking at the performance of the 90-10 percentile differential for
various education groups of Canadian workers, find significant evidence that absolute inequality
increases along the life-cycle (similarly to the findings of MaCurdy and Mroz and consistently with
the human capital model for wages). They also find that Canadian cohorts experience different
values for the 90-10 percentile differential. Specifically, they show that for both groups considered
(workers with some or completed High school and College Graduates), absolute within-cohort wage
inequality increases across successive cohorts up to the cohort that entered the labor market in
1984 after which it basically stopped. Moreover they find that the coefficient on the age-interaction

2INote that these findings are consistent with an increase in relative inequality, which would be driven by the

variation in the median wage for each group.
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term is negative, so that as they age, more recent cohorts experience lower increase in inequality.

Our results indicate that, as far as inequality in concerned, the experience of Italian workers is
only partially similar to that found by Mroz and MaCurdy for the U.S. or Beaudry and Green for
Canada. Similarities refer to the fact that we find that wage inequality increases over the life-cycle.
The main difference refers to the fact that consistently we find evidence -stronger for the group
with lower education- that the cohort profiles for wage inequality are positive across education

groups.

6 Conclusions

Within a framework in which inter and intra-generational comparisons of labor market performance
are well defined, we have characterized the wage patterns for recent cohorts of Italian full time
employees. Our results show that Italian workers have had an overall better labor market experience
than their North American counterparts. Previous studies by Mroz and MaCurdy for the U.S. and
Beaudry and Green for Canada have in fact documented the strong decline with time in the relative
position of workers with low education, when compared to College Graduates, clarifying how such
a change is if fact the result of a drop in real wages for low education workers together with almost
constant real wages for College Graduates. On the contrary, for Italy we find that both education
group considered (High vs. Low Education) share similar patterns: younger generations have been
doing better than previous ones at the entry in the labor market. At the same time we find
consistent evidence that the age profiles of more recent generations are becoming flatter. Along
the life-cycle this could offset the benefits coming from higher entry wages, so that we cannot
conclude that more recent generations are overall better off, but we can safely conclude that
Italian fully-employed workers with low education have had a better performance in comparisons
with their North American counterparts. What are left to be explained are the reasons for such
a different outcome on this side of the Atlantic Ocean. One possibility is that the forces at play
are different. For instance we could argue that the U.S. and Canada in the late 1970’s and early
1980 experienced a technological revolution that favoured skilled over unskilled workers, while
Italy did not. The problem with this simple "demand driven" interpretation is that it does not
appear to be consistent with the data. In fact, if we do not consider the supply side of the story,
a skilled-biased technological change should lead to an increase in the education premium, but
such a premium should be due to the fact that educated workers become absolutely better off
while low skill workers more or less keep the same real wage. What we observe in the U.S. and
Canada is something different: recent cohorts of college workers barely kept their position while
young generations of low-education workers are strictly worse off. Hence a pure labor demand
interpretation of the phenomenon is not appropriate for North America as well. Returns to skill
and education have increased in North America, together with an increase in the literacy rate. A
skill-biased technological change hypothesis would be consistent with the data only as long as we
allow for (skill/education dependent) labor supply adjustment. But the latter is also potentially
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affected by the secular changes observed in the female participation rate, which could have affected
the education premium in a way consistent with the data as long as the labor force participation
rate in recent generations is higher among women with low education. Finally it is possible that
the different outcome in Italy is due to the successful effort of Unions directed to the compression of
the earnings distribution. If this were to be brought about in a situation where we observe a shock
on the demand side favoring skilled labor, then, in an Inside-Outside framework, we would observe
that the unemployment rate has increased more for younger generations of unskilled workers.
While this study, belonging to the class of reduced form estimation, has just characterized the
wage patterns for Italian male employees, future research should try to disentangle the effects and

quantify the relative importance of the forces potentially at play.

17



References

[1]

[4]

[5]

[10]

[11]

[14]

Acemoglu, D. (1998); Why Do New Technologies Complement Skills? Directed Technological
Change and Wage Inequality; Quarterly Journal of Economics; n.1; 1998, pp.1055-1090.

Acemoglu, D. (2002); Technical Change, Inequality, and The Labor Market; Journal of Eco-

nomic Literature, volume 40, pp. 7-72.

Acemoglu, D. (2003); Patterns of Skill Premia; Review of Economic Studies, volume 70, pp.
199-230.

Allen, S.G. (2001); Technology and the Wage Structure; Journal of Labor Economics, vol. 19,
pp. 440-483.

Bartel A. and F. Lichtenberg (1987); Technical Change, Learning and Wages; Economics of

Innovation and New technology; vol.1; 1987.

Beaudry, P. and D. Green (2000); Cohort Patterns in Canadian Earnings: assessing the role
of skill premia in inequality trends; Canadian Journal of Economics; vol.33 (4); pp. 907-936.

Beaudry, P. and M. Devereux (1996); Exploring General Equilibrium Implications of Skill-
Biased Technological Change, Discussion paper N. 96-01, January 1996, Department of Eco-

nomics, University of British Columbia; 1996.

Berman, E., Bound J. and S. Machin (1998); Implications of Skilled-Biased Technological
Change: International Evidence; Quarterly Journal of Economics; 113, pp.1245-1280.

Biagi F. (2000); Social Security and Saving Rates: a Cohort Analysis Using Italian Data;
Ph.D. Thesis, University of British Columbia, Vancouver, Canada, 2000.

Biagi F. and C. Lucifora (2005) Baby Bust, Educational Boom and Unemployment in Europe:
Economic Factors and Labour Market Institutions, [ZA Working paper n.1806.

Blau, F. and L. M. Khan (1996); International Differences in Male Wage Inequality: Institu-
tions Versus Market Forces; Journal of Political Economy; 104; pp. 791-837.

Bound J. and G. Johnson (1992); Changes in the Structure of Wages in the 1980’s: an

FEvaluation of Alternative Explanations; American Economic Review, vol. 82 (3); pp.371-392.

Brandolini and Cannari (1994); Methodological Appendiz: the Bank of Italy’s Survey of House-
holds Income and Wealth. In A. Ando, L. Guiso and 1. Visco, Eds., Saving and the Accumula-
tion of Wealth. Essays on Italian Household and Government Saving Behaviour; Cambridge:

Cambridge University Press 1994.

Brunello G., Comi S., and C. Lucifora (2000); The College wage gap in 10 European countries:

evidence from two cohorts. IZA Discussion paper 228.

18



[15]

[16]

Card D., Kramarz F. and T. Lemieux (1999); Changes in the Relative Structure of Wages and
Employment: a Comparison of the United States, Canada and France; Canadian Journal of
Economics; vol. 32(4), pp. 843-877.

Card D. and T. Lemieux T (2001); Can Falling Supply Ezplain the Rising Return to College
for Younger Men? A Cohort-Based Analysis; Quarterly Journal of Economics; 116(2); pp
405-476.

Caselli, F. (1999); Technological Revolutions; American Economic Review; 89(1); pp. 78-102.

Deaton, A. (1985); Panel Data from Time Series of Cross-Sections; Journal of Econometrics;
n.30, 1985.

Di Nardo J., Fortin N. and T. Lemieux (1995); Labor Market Institutions and the Distribution
of Wages, 1973-1992: a Semiparametric Approach; Econometrica; 64; pp.1001-1044.

Erickson C. and A. Ichino (1995); Wage Differentials in Italy: Market Forces,Institutions,
and Inflation; in Differences and Changes in Wage Structures; ed. R. Freeman and L. Katz;
Chicago University press and NBER; Chicago.

Goldin C. and L. Katz (1996); The Origins of Technology-Skill Complementarity; Quarterly
Journal of Economics; 113; pp. 693-732.

Heckman, J. and R. Robb (1985); Using Longitudinal Data to Estimate Age, Period, and
Cohort Effects in Farnings Equations; in Analyzing Longitudinal Data for Age, Period and
Cohort Effects, edited by S. Feinberg and W. Mason; New York; Academic Press; 1985.

Juhn, C., Murphy K. and B. Pierce (1993); Wage Inequality and the Rise in Returns to Skill;
Journal of Political Economy; vol.101 (3); pp. 410-442.

Katz. L, Loveman, G.W. and D.G. Blanchflower (1995); A Comparison of Changes in the
Structure of Wages in Four OECD Countries; in R. Freeman and L. Katz (eds.), Differences
and Changes in Wage Structures; The University of Chicago Press; 1995.

Katz L. and K.Murphy (1992); Changes in Relative Wages, 1965-1987: Supply and Demand
Factors; Quarterly Journal of Economics; vol. 107; pp. 35-78.

Krueger, A. (1993); How Computers Have Changed the Wage Structure: Evidence from Micro-
data, 1984-1989; Quarterly Journal of Economics; vol 108; pp. 33-60.

Krusell, P., Ohanian, L., Rios-Rull,. J.V. and G. Violante (2000); Capital-Skill Complemen-
tarity and Inequality: A Macroeconomic Analysis, Econometrica, vol. 68(5), pp 1029-1054.

Lemieux, T. (1993); Unions and Wage Inequality in Canada and the United States; in Small
Differences that Matter: Labor Markets and Income Maintenance in Canada and the United
States; ed. by D. Card and R. Freeman; University of Chicago Press and NBER; Chicago.

19



[29] Lucifora, C. and F. Rappelli; Evoluzione delle retribuzioni nel ciclo di vita: un’analisi su dati

longitudinali; Lavoro e relazioni industriali, n.3, 1995.

[30] MaCurdy T. and T. Mroz (1995); Measuring Macroeconomic Shifts in Wages from Cohort

Specification; mimeo.

[31] Murphy K. and F. Welch (1992); The Structure of Wages; Quarterly Journal of Economics;
vol. 107; pp. 255-285.

20



Table 1: Log of Gross Wages-Synthetic Cohorts: no Age-Cohort interaction

High Education Low Education
(Secondary, Tertiary | (Primary Education or
and Post-Tertiary less)
Education)
Age -0.0076 -0.0215
(0.0041) (0.0039)
Cohort 2 -0.0351 -0.0824
(0.0874) (0.0838)
Cohort 3 -0.1639 -0.1652
(0.0861) (0.0808)
Cohort 4 -0.3271 -0.2851
(0.0926) (0.0885)
Cohort 5 -0.4515 -0.4270
(0.1045) (0.1001)
Cohort 6 -0.6465 -0.6002
(0.1181) (0.1141)
Cohort 7 -0.8034 -0.7834
(0.1336) (0.1292)
Cohort 8 -1.0156 -0.9907
(0.1457) (0.1418)
Cohort 9 -1.2465 -1.2542
(0.1653) (0.1588)
Cohort 10 -1.7346 -1.9815
(0.1948) (0.2191)
Centre -0.1269 -0.0844
(0.0416) (0.0406)
South -0.1322 -0.1611
(0.0410) (0.0398)
Output gap -0.0305 -0.0112
(0.0127) (0.0121)
Intercept 3.8777 4.0586
(0.2442) (0.2338)
Adj. R2 0.70 0.50
Number of Obs. 175 181
Dependent Log of Gross (Weekly) | Log of Gross (Weekly)
Variable Wages Wages

Note: Standard Errors are in parenthesis.




Table 2: Log of Gross Wages: Synthetic Cohorts with Age-Cohort interaction

High Education Low Education
(Secondary, Tertiary and Post- (Primary Education or less)
Tertiary Education)
Age 1.0108 0.8737
(0.1719) (0.1517)
Age Square -0.0111 -0.0064
(0.0042) (0.0038)
Age Cube 0.00002 -0.00001
(0.00003) (0.00003)
Cohort 2 2.9739 3.4184
(1.6252) (1.4355)
Cohort 3 6.8473 7.2417
(1.7139) (1.4642)
Cohort 4 10.1573 10.7650
(1.9529) (1.7477)
Cohort 5 13.0146 14.0443
(2.1717) (1.9692)
Cohort 6 15.6667 16.9787
(2.2963) (2.1075)
Cohort 7 1.87377 19.1703
(2.3771) (2.1865)
Cohort 8 19.5623 20.6885
(2.4555) (2.2464)
Cohort 9 22.6397 22.8705
(2.5977) (2.3657)
Cohort 10 31.8870 -13.3949
(4.8925) (49.6872)
Age*Cohort 2 -0.0532 -0.0637
(0.0301) (0.0266)
Age*Cohort 3 -0.1306 -0.1391
(0.0318) (0.0270)
Age*Cohort 4 -0.2052 -0.2178
(0.0372) (0.0334)
Age*Cohort 5 -0.2771 -0.2996
(0.0428) (0.0390)
Age*Cohort 6 -0.3546 -0.3842
(0.0468) (0.0433)
Age*Cohort 7 -0.4291 -0.4580
(0.0504) (0.0468)
Age*Cohort 8 -0.5000 -0.5224
(0.0549) (0.0505)
Age*Cohort 9 -0.6378 -0.6268
(0.0652) (0.0590)
Age*Cohort 10 -1.0886 0.9886
(0.1989) (2.2697)
Centre -0.1169 -0.0809
(0.0321) (0.0307)
South -0.1262 -0.1620
(0.0316) (0.0303)
Output gap 0.0143 0.0323
(0.0107) (0.0100)
Intercept -22.982 -22.4622
(3.030) (2.7197)
Adj. R2 0.82 0.72
Number of Obs. 175 181
Dependent Variable Log of Gross (Weekly) Wages Log of Gross (Weekly) Wages

Note: Standard Errors are in parenthesis.




Table 3: High/Low Education Difference in log of Gross Wages: Synthetic Cohorts

Without Age- Cohort Interaction |  With Age- Cohort Interaction
Age 0.1460 0.1059
(0.0468) (0.1046)
Age Square -0.0038 -0.0026
(0.0012) (0.0026)
Age Cube 0.00003 0.00002
(0.00001) (0.00002)
Cohort 2 0.0797 0.6112
(0.0418) (0.9891)
Cohort 3 0.0268 1.0002
(0.0428) (1.0431)
Cohort 4 0.0213 0.9302
(0.0477) (1.1886)
Cohort 5 0.0251 0.6177
(0.0532) (1.3218)
Cohort 6 -0.0301 0.5497
(0.0581) (1.3976)
Cohort 7 -0.0241 0.5014
(0.0631) (1.4468)
Cohort 8 -0.0447 0.4259
(0.0680) (1.4945)
Cohort 9 -0.0202 0.3493
(0.0769) (1.5810)
Cohort 10 0.0010 -5.8262
(0.0925) (2.9777)
Age*Cohort 2 -0.0095
n.a (0.0183)
Age*Cohort 3 -0.0183
n.a (0.0193)
Age*Cohort 4 -0.0172
n.a (0.0226)
Age*Cohort 5 -0.0097
n.a (0.0261)
Age*Cohort 6 -0.0091
n.a (0.0285)
Age*Cohort 7 -0.0075
n.a (0.0307)
Age*Cohort 8 -0.0055
n.a (0.0334)
Age*Cohort 9 -0.0016
n.a (0.0397)
Age*Cohort 10 0.2764
n.a (0.1210)
Centre -0.0417 -0.0449
(0.0194) (0.0195)
South 0.0326 0.0287
(0.0191) (0.0192)
Output gap -0.0197 -0.0186
(0.0059) (0.0065)
Intercept -1.6308 -1.5446
(0.5805) (1.8444)
Adj. R2 0.72 0.72
Number of Obs. 175 175
Dependent Variable Ratio of log of Gross (Weekly) Log of Gross (Weekly) Wages
Wages

Note: Standard Errors are in parenthesis.




Table 4: Ratio P90/P10 for Gross Wages-Synthetic Cohorts: no Age-Cohort interaction

High Education Low Education
(Secondary-Tertiary and (Primary Education or
Post-Tertiary Education) less)
Age 0.0457 0.0280
(0.0085) (0.0075)
Cohort 2 0.2214 0.1948
(0.1791) (0.1596)
Cohort 3 0.2881 0.3990
(0.1764) (0.1538)
Cohort 4 0.2629 0.4200
(0.1897) (0.1686)
Cohort 5 0.4597 0.6208
(0.2141) (0.1906)
Cohort 6 0.4151 0.7140
(0.2419) (0.2174)
Cohort 7 0.6253 0.9592
(0.2738) (0.2461)
Cohort 8 0.7060 1.1741
(0.2985) (0.2700)
Cohort 9 1.155 1.4611
(0.3386) (0.3024)
Cohort 10 0.7663 2.2477
(0.3991) (0.4173)
Centre 0.0021 0.0694
(0.0853) (0.0774)
South 0.1509 0.6565
(0.0840) (0.0759)
Output gap -0.0248 -0.0326
(0.0262) (0.0231)
Intercept 0.3955 0.1879
(0.5003) (0.4452)
Adj. R2 0.28 0.40
Number of Obs. 175 181
Dependent Ratio P90/P10 for Gross Ratio P90/P10 for Gross
Variable (Weekly) Wages (Weekly) Wages

Note: Standard Errors are in parenthesis.



Table 5: Ratio P90/P10 for Gross Wages-Synthetic Cohorts: with Age-Cohort interaction

High Education Low Education
(Secondary-Tertiary and Post- (Primary Education or less)
Tertiary Education)
Age 0.0845 0.2812
(0.4564) (0.3605)
Age Square -0.0092 -0.0066
(0.0113) (0.0090)
Age Cube 0.0001 0.00004
(0.00009) (0.00007)
Cohort 2 0.1588 -4.3838
(4.3131) (3.4099)
Cohort 3 -4.4863 -6.3967
(4.5486) (3.4781)
Cohort 4 -6.4563 -4.1999
(5.1829) (4.1514)
Cohort 5 -7.4665 -4.0520
(5.7635) (4.6777)
Cohort 6 -9.1328 -3.1428
(6.0941) (5.0061)
Cohort 7 -9.3463 -1.3501
(6.3085) (5.1937)
Cohort 8 -8.5990 -0.7896
(6.5167) (5.3360)
Cohort 9 -3.9538 1.9513
(6.8940) (5.6194)
Cohort 10 5.9561 522.128
(12.9839) (118.023)
Age*Cohort 2 -0.0005 0.0821
(0.0799) (0.0632)
Age*Cohort 3 0.0915 0.1268
(0.0845) (0.0642)
Age*Cohort 4 0.1344 0.0816
(0.0988) (0.0793)
Age*Cohort 5 0.1634 0.0833
(0.1138) (0.0927)
Age*Cohort 6 0.2074 0.0625
(0.1242) (0.1030)
Age*Cohort 7 0.2221 0.0137
(0.1338) (0.1112)
Age*Cohort 8 0.1986 -0.0007
(0.1458) (0.1200)
Age*Cohort 9 0.0293 -0.1029
(0.1731) (0.1401)
Age*Cohort 10 -0.4549 -23.8592
(0.5279) (5.3913)
Centre 0.0361 0.0553
(0.0853) (0.0729)
South 0.1760 0.6221
(0.0838) (0.0720)
Output gap -0.0402 -0.0298
(0.0286) (0.0239)
Intercept 7.8456 -0.5870
(8.0426) (6.4601)
Adj. R2 0.29 0.47
Number of Obs. 175 181
Dependent Variable Ratio P90/P10 for Gross Ratio P90/P10 for Gross
(Weekly) Wages (Weekly) Wages

Note: Standard Errors are in parenthesis.
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