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Abstract
We develop and estimate an equilibrium model of geographic variation in the intergenerational elasticity of earnings (IGE). The theory extends the Becker-Tomes model, introducing a production sector in which human capital inputs are strategic complements. We
show that the equilibrium return to human capital investments is lower in places where
skill complementarity is more intense, and this is associated with less intergenerational
persistence. Moreover, education subsidies are more desirable where complementarities
are stronger, endogenously leading to a negative correlation between progressive public
policy and IGE. Using microdata we construct location-specific measures of skill complementarity and document that patterns of geographic variation in IGE are consistent with
our hypothesis. Geographic differences in skill complementarity directly account for up
to one fifth of cross-country variation in intergenerational earnings persistence. Governments in countries where prominent industries exhibit intense skill complementarity
spend larger fractions of GDP on public education, suggesting that technology differences
may indirectly explain an even larger proportion of cross-country IGE variation.
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Introduction

A large literature documents significant differences in the intergenerational earnings elasticity
(IGE) across countries (e.g. Corak, 2006; Black and Devereux, 2011; Jantti, Bratsberg, Røed,
Raaum, Naylor, Osterbacka, Bjorklund, and Eriksson, 2006). More recent work has measured intergenerational earnings mobility across regions of the United States (Chetty, Hendren, Kline, and Saez, 2014), finding large and persistent differences. This body of research
has also documented interesting correlations between IGEs and measures of public education
spending, inequality and returns to human capital investments (Blanden, 2009). Yet, little is
known about what drives these correlations and whether they are useful for understanding
differences in intergenerational mobility across regions.1 An exception to this is the theoretical contribution by Ichino, Karabarbounis, and Moretti (2010), who show how variation in
political institutions can lead to both variation in public education policies and IGEs.
In this paper we suggest that geographic variation in intergenerational mobility rates may
be partly due to technology. We show that strategic complementarities in the way human
capital is used in production directly affect the intergenerational persistence of earnings. We
also show that differences in strategic complementarity result in differences in the desirability
of progressive public education policies, highlighting an additional (indirect) channel through
which technology may affect IGEs.
When we analyze cross-sectional data about the geography of intergenerational persistence, we find evidence supporting this hypothesis. We use this reduced-form evidence to motivate our structural analysis and we estimate a richer model of earnings’ persistence in which
different countries (‘islands’) are characterized by different degrees of skill-complementarity
in production. The model is parameterized using US and international data. Our results suggest that differences in the degree of skill-complementarity can directly account for about
20% of international variation in IGEs. For comparison, observed variation in the generosity
of public policies can explain about 25% of the variation in IGEs.
Our theory of mobility highlights the importance of supply side factors. We start from
the observation that each country’s industrial composition spans several sectors, and workers
within each sector have different skill endowments. These workers’ skills are more or less
substitutable depending on the sector. For example, workers’ skills may be fairly complementary in the manufacture of complicated machinery, while in other industries, such as health or
education, worker productivity is less dependent on the skills of co-workers.
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Quantitative studies of intergenerational persistence have focused on the ‘aggregate’ mobility rate of the
United States (e.g. Restuccia and Urrutia, 2004; Lee and Seshadri, 2014).
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To the extent that endowments, location and historical circumstances result in differences
in the relative size of each industry within a country, one will observe heterogeneity in the level
of overall skill substitutability across countries. Comparative advantage in certain industries,
and technologies, may therefore affect human capital investments, government policies, and
earnings mobility between generations. Countries where industries employ technologies in
which skills are more complementary will exhibit more mobility (i.e., less intergenerational
income persistence) in equilibrium. Moreover, in these countries government policies that
equalize skills will be more desirable. We present evidence that these relationships cannot be
rejected in cross-sectional data from a variety of developed countries.
A key feature of our theory is that imperfect skill substitutability in production generates
strategic complementarity in parental investments in children’s human capital. The existence,
and importance, of such strategic complementarity (or ‘education spill-overs’) in the United
States has been documented by Moretti (2004)2 . This means that the prevailing technology determines the degree to which a worker’s own skills, as opposed to the skills of co-workers, determine her wage. In industries where skills are highly substitutable in production, a worker’s
wages are mostly determined by her own skills. Conversely, in industries where skills are relatively complementary in production, the skill levels of co-workers play a larger role through
their effects on the overall productivity of the group. This has direct consequences for the
return to human capital investments.
The more substitutable are skills, the greater the dependence of a worker’s wage on her
own skill attainment. Thus, the human capital investment made by parents will have a greater
impact on their children’s future earnings if they live in a country where skill substitutability
is higher. Moreover, the greater returns to large human capital investments in countries where
skill substitutability is higher will induce larger human capital investments among wealthy
families.
Variation in the degree of skill substitutability may also have implications for the optimal
progressiveness of education and tax policies, and thus exert indirect effects on intergenerational mobility. As the degree of strategic complementarity in human capital investments
increases, skills become more complementary and their homogeneity in the population induces significant improvements in the stock of human capital and aggregate productivity. A
similar point has been made in the past by Arrow (1962) and Romer (1986). For this reason
lower skill substitutability in production implies an increase in the desirability of policies that
equalize skills, such as public education spending. Thus, the well-known association between
2
Moretti (2004) shows that spill-overs are larger between similar industries. His industry decomposition is
finer, hence similar industries in his data mostly fall within the same coarse group at our level of aggregation.
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progressive public policy and intergenerational mobility endogenously arises in such an environment. This highlights an additional channel through which skill substitutability may affect
intergenerational mobility.3
Finally, a negative association between income inequality and economic mobility arises in
the model, as the degree of income inequality is directly related to the substitutability of skills
in production. This is consistent with empirical observations suggesting that countries with
more inequality also experience less earnings mobility across generations, a relationship that
has been dubbed the ‘Great Gatsby’ curve (see Krueger, 2012; Corak, 2013).
We begin the paper with an analytical example, which illustrates the mechanism. In this
simple setting we consider only two periods, and let parental human capital levels be exogenous endowments. There are no heritable skills, thus a parent can only affect her child’s
outcomes by investing in her child’s human capital. Altruism motivates parents to do so; however, the skill substitutability parameter in the aggregate production function moderates the
relationship between children’s future earnings and the human capital their parents bestow
upon them. These simplifications lead to the stylized result that the IGE is proportional to the
skill substitutability parameter. Furthermore, we show analytically that the optimal education
subsidy and income taxation rates are decreasing in skill substitutability due to the lessening
of strategic complementarity among skill investments.
The next step is to confront the implications of this simple theory with data. Our strategy
is to develop measures of skill substitutability within industrial sectors using data for the US
(O*Net survey data and CPS wage data). Given these measures we compute the overall skill
substitutability within each country, weighing industries by their relative size as measured in
OECD-STAN data. Then we examine the cross-country relationship between aggregate skill
substitutability and measures of the IGE taken from the literature. The results highlight a welldefined pattern, as we consistently find a robust negative correlation between the IGE and the
degree of skill substitutability prevailing in a country, as the analytical example suggests.
This empirical evidence indicates the presence of a relationship between industry composition and intergenerational income persistence. However, it does not establish the nature of
this relationship. This motivates the next step in which we develop a richer model entailing a
steady-state overlapping-generations economy with an endogenous skill distribution and multiple sectors. Workers in this environment are free to select into different industries, each with
an associated level of skill substitutability. We characterize and solve for the equilibrium of
the associated two-sided matching process. Total production of the final consumption good
3
For a cross-country examination of the equilibrium effects of taxation on human capital accumulation, see
Guvenen, Kuruscu, and Ozkan (2013).
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is a Cobb-Douglas aggregate of the goods produced in different sectors. The model is solved
and estimated using US data. To assess the role of technological differences we run counterfactual experiments in which we change the industry composition to generate the degree of
skill substitutability observed in other countries: this corresponds to re-weighting industries
so that industrial composition replicates that of a different country where the intergenerational
income elasticity is also known. Crucially, public education policy, marginal tax rates, and the
progressiveness of the tax system are held constant at US levels in order to isolate the direct
effect of technology. Our results indicate that between 15% and 20% of international variation
in IGEs can be accounted for directly through differences in skill substitutability.
Lastly, we explore the possibility that human capital spill-overs may affect the IGE through
the additional channel of optimal public policies. We solve constrained social planning problems for a select set of countries, and obtain the degree of skill subsidization that maximizes
welfare conditional on the prevalent technology structure. When we allow for this indirect
effect of technology on policy the model can account for up to 1/3 of observed international
variation in IGEs. A caveat about this exercise is in order: one should not draw conclusions
about how much of the cross-country variation in IGE is due to differences in optimal policies, because the simple subsidy considered in the model often differs from the patchwork
of observed public policies adopted by each country. Yet, we present evidence that countries
characterized by lower levels of skill substitutability in production tend to adopt policies that
encourage skill acquisition, fostering a more homogeneous work force.
The remainder of the paper proceeds as follows. Section 2 introduces a simple analytical
model, develops the results and intuition relating skill substitutability to intergenerational mobility, and illustrates why the correlation between mobility and proxies of skill substitutability
arise endogenously in that setting. Section 3 presents evidence of the reduced-form relationship between mobility and skill substitutability across countries. Section 4 describes the richer
structural model and how we estimate it. Section 5 overviews the experiments and main findings, and Section 6 introduces an extension in which we allow for optimal skill subsidization,
conditional on production functions. Section 7 provides a discussion of the results and concludes.

2

A Two-Generation Analytical Example

To illustrate the relationship between technology and the transmission of economic advantage
we employ a two-period overlapping generations model. In the first period two generations
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are alive, adults and children. Adult agents are the parents of children who will become the
adults of the second period. The setting can be generalized to include an infinite sequence of
parents and children, but some analytical tractability would be lost. In contrast, the two-period
model yields clear results that are easily interpretable.

2.1

Setup

A parent born into the initial generation is endowed with human capital hp . Parents derive
income from their human capital, which allows them to pay for their own consumption, cp ,
and for investments in their child’s human capital, hc . A child’s human capital simply equals
the investment made by the parent. When the child comes of age, she earns income based on
her human capital and spends this income on own consumption, cc .
Spill-overs are a key aspect of the production technology. High skilled workers exert a
positive influence on each other’s output, and on the productivity of lower skilled workers.
In contrast, low skilled workers have a negative effect on the productivity of high-skilled coworkers. One way to describe this type of interaction is to use a CES aggregator of the human
capital supplied by all workers in the set I:
 λ1


Z

hλi di .

y=

(1)

i∈I

This production function captures spill-over effects among co-workers but has the uncomfortable implication that each worker is a de facto monopolist. To alleviate this downside we
restrict human capital attainment to vary across discrete levels contained in the set H. Changing the variable of integration in the above formulation results in the following production
function:

 λ1
Z
(2)
y=
q(h)hλ dh ,
h∈H

where q(h) is the measure of workers from the set I who possess human capital h. Under this
representation the representative firm chooses the measures q(h) for each h so as to maximize
profit, taking the wage function w(h) as given.
The parameter λ ∈ (0, 1] dictates the degree of skill substitutability. If λ = 1 then the
skills of different individuals are perfectly substitutable. As λ becomes smaller the skills
of different individuals become less substitutable. Lower substitutability of skills implies a
6

higher strategic complementarity in skill investments because the productivity of each worker
increasingly depends on the productivity of co-workers. This is apparent in the competitive
wage of a worker with human capital h, which equals the marginal product of the measure
q(h):
1
(3)
w(h) = y 1−λ hλ .
λ
Other workers’ productivities influence a person’s wages through y, but the influence of y diminishes as λ approaches unity. An implication of this wage function, and a key difference
from the standard Becker and Tomes model, is that the marginal return to human capital investments is positive but decreasing in h, that is w0 (h) = y 1−λ hλ−1 . This follows from the fact
that, in the presence of skill complementarity, the return to human capital investments is also
a function of the ‘fixed factor’ y. Figure 1 illustrates this point, plotting the marginal return
to human capital investments for the linear (λ = 1) case and for a high-complementarity case
(λ = 1/2).
Figure 1: Marginal return to human capital investments under different levels of skill complementarity.
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A parent’s value function, Vp (hp ), depends on own consumption and, through altruism, on
the utility of the child, Vc (hc ). The degree of altruism is equal to β, hence the parent’s value
function is
Vp (hp ) = max {u(cp ) + βVc (hc ) | cp + hc = w(hp )} .
(4)
cp ,hc

The constraint in the maximization problem is the parent’s budget constraint. Own consumption and investment in their child must be paid for out of labor income w(hp ). Implicit in this
7

restriction is that parents cannot borrow against the child’s future income in order to finance
human capital.

2.2

Implications for Earnings Mobility

Given the two period nature of the problem the child’s value function is simply
Vc (hc ) = max {u(cc ) | cc = w(hc )} .
cc

(5)

The constraint is the child’s budget identity. Because the child is the final generation she
simply consumes all earnings.
The following inter-generational equation can be derived from the first-order optimality
conditions:
u0 (cc )
βλyc1−λ .
(6)
hc1−λ = 0
u (cp )
This equation obviates the complexity of a parent’s problem. The choice of human capital
investment in a child is related to the marginal utility of consumption of both child and parent,
as well as to aggregate output.
Under the assumption of log-utility a child’s human capital can be expressed as a function
of primitive parameters:
βλ 1−λ λ
y hp .
hc =
(7)
1 + βλ p
This expression has the stark implication that the elasticity of a child’s earnings with respect
to parental earnings is directly dependent on the prevailing degree of skill substitutability in
the economy. A second important implication is that the influence of others’ skills on one’s
own human capital increases as skills become more complementary in production.
The same expression can also be written in terms of income. Because w(h) is earnings,
equation 7 can be rearranged into an intergenerational earnings equation:

w(hc ) =

βλ
1 + βλ

λ

yc1−λ w(hp )λ .

Thus, the intergenerational elasticity of income also depends directly on λ.

8

(8)

2.3

Optimal Education Policy

Institutional variation in government support for human capital investments is often associated
to higher intergenerational mobility. In cross-country data the level of public support appears
to be negatively related to the intergenerational income elasticity, indicating that heavier public
education subsidies are associated with greater economic mobility. What is unclear is whether
there is a causal relationship, or this coincidence is the product of mutual associations with
some other variable.
In this simple analytical example the optimal subsidization of human capital investments
(in the Ramsey sense) depends on skill substitutability in production. Less substitutability
implies that subsidization is socially more desirable. Hence, the the optimal level of public
education support is negatively related to λ, and positively related to intergenerational mobility.
We study a constrained social planning problem in which ex-ante social welfare is maximized by choosing a proportional subsidy for human capital investments, s, as well as a
proportional wage tax, τ . Ex-ante welfare is the expected discounted utility of a family behind the ‘veil of ignorance’, prior to learning the relative advantage of the parent. Hence, the
planning problem is as follows:
Z
max

Vp (hp ; s, τ )dF (hp )

s,τ

s.t.
cp + (1 − s)hc

=

(1 − τ )yp1−λ hλp

cc

=

yc1−λ hλc

hc

=

1−τ βλ
y 1−λ hλp
1−s 1+βλ p

τ yp

=

yc

=

R
s hc di
R
1
( hc λ di) λ

(9)

Crucially, the third constraint imposes that household optimization holds, i.e. this is a Ramsey
planning problem. The fourth constraint imposes that a government budget constraint must be
satisfied under the chosen policies. The fifth constraint captures the fact that the social planner
understands that yc will be influenced by the chosen policies through effects on human capital
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investments. After some algebra, the planner’s optimal policies reduce to,
s∗ = 1 − λ
β
τ ∗ = (1 − λ) 1+β
.

(10)

Clearly, as the degree of strategic complementarity rises the social planner finds interventions
more desirable. In this simple scenario the optimal subsidy moves one-to-one with the degree
of skill substitutability in production.
Although substantial interventions may occur when strategic complementarity is sufficiently intense, such changes would not affect the intergenerational earnings elasticity. This
can easily be seen by writing a version of equation 8 that holds under these policies. To derive
such an expression we substitute the optimal policies into the solution to problem 9, which
results in:
λ

βλ(1 + β)
yc1−λ w(hp )λ .
(11)
w(hc ) =
β(1 + βλ)
Under this policy example the intercept of the intergenerational log-earnings regression
would be affected, but not the slope. However, independence between policy and intergenerational elasticity is not a general result. If public investments are lump-sum rather than
proportional – perhaps a more realistic representation of public primary/secondary schooling
systems – intergenerational mobility will be affected. Augmenting our original setup so that
hc = m + S, we would have the following expression for a child’s human capital attainment:


βλ 1−λ λ
y hp .
hc = max S, (1 − τ )
1 + βλ p

(12)

Among families with high-income parents the intergenerational elasticity will continue to be
λ, but among low income families (those for whom hc = S), the intergenerational elasticity
will be zero. Clearly, lump-sum education policies would reduce the overall intergenerational
earnings elasticity. Optimal policy in this setting is non-trivial, and we defer a discussion to
the richer numerical analysis below.

3

Evidence from the Geography of Earnings’ Mobility

Geographic variation may convey valuable information about the role of technology in driving
social mobility. Here we provide reduced-form evidence suggesting that regional differences
in economic mobility are in fact associated to the geography of industry composition. We
10

do so by constructing proxies of the ‘average’ degree of skill substitutability in production
for different locations, which we then relate to local measures of inter-generational earnings
persistence. The analysis is performed at the cross-country level.

3.1

Cross-Country Differences

The hypothesis that intergenerational persistence within a country may be partly related to
that country’s production arrangements is hard to test directly. The lack of accurate, and
comparable, data on lifetime income of parents and children for a large set of countries makes
it difficult to assess the importance of different mechanisms driving cross-country variation in
intergenerational persistence of income and economic status.
To approximate cross-country variation in intergenerational mobility we have gathered estimates from a large number of studies measuring the inter-generational elasticity of earnings.
For some countries several measurements are available, a fact that allows us to run various
robustness checks of our reduced-form results.
For each country in our sample we construct a skill substitutability proxy, which captures
differences in skill substitutability resulting from variation in industry composition. In practice, these proxies are constructed in two steps: (i) we devise measures of skill substitutability
in production for different industries; (ii) we use STAN OECD data on sectoral value-added
to weigh each industry and generate a country-specific measure of average substitutability of
skills. In what follows we briefly describe how different proxies are constructed.
Industry measures of skill substitutability. We use two alternative approaches to measuring skill substitutability at the industry level.4 The first relies on model restrictions, which
suggest that industries in which skill substitutability is relatively stronger are, ceteris paribus,
characterized by higher wage dispersion.5 The wage dispersion proxies are obtained using
US data from the Current Population Suvery (CPS) for the year 2000. We present results
using either the standard deviation or the coefficient of variation as measures of wage dispersion, but we also verify robustness using inter-percentile differences (results available from
the authors). We consider both raw wages and residual wages; the latter are obtained by
first regressing measures of individual wages on a set of observable characteristics.6 The raw
4

For a similar approach see Bombardini, Gallipoli, and Pupato (2012; 2014).
This relationship, which we also use to identify and estimate industry-specific skill complementarity, is
derived in Section 4 where the structural model is described.
6
In the first stage we control for age, education, gender, industry, State and MSA, race, veteran status and
employment type.
5
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(or residual) wages are then grouped into industries corresponding to the ISIC classification
adopted in the STAN data set. At this level of disaggregation there are 30 different industries.
To obtain industry weights we take an average of each industry’s value-added share over the
five year interval between 2001 and 2005, as recorded in the STAN data. Finally, using these
weights we build measures of wage dispersion for each country.
To assess the robustness of results we use an alternative set of skill substitutability proxies
that do not rely on economic theory but rather exploit direct measures of skill substitutability
obtained from the O*NET database. The O*NET reports information on many occupationspecific requirements, including measures of skill substitutability in production. We aggregate
these measures at the industry level to create industry-specific proxies. The O*NET measures
are based on workers’ answers to simple questions. To be useful, the questions must capture
the degree of skill-substitutability in both the manufacturing and services industries. Moreover, they must be sufficiently unambiguous in their phrasing so that they can be interpreted
as direct proxies of skill substitutability. For this analysis we choose three questions that focus
on the degree to which each worker’s output depends on the skills of her co-workers, as well
as on her own skills. We select questions that were posed directly to workers, rather than
measures constructed by analysts. The first question asks workers whether they “work as a
team member”. The answer to this question is a simple yes or no. In contrast, the measurement scale for the remaining two questions ranges between 1 and 5. The second question is
slightly more nuanced, asking workers: “How important is independence to the performance
of your current job?”. The question highlights whether a “job requires developing one’s own
ways of doing things, guiding oneself with little or no supervision, and depending on oneself
to get things done”. An occupation with the latter characteristics is one in which own skills
and effort are the main drivers of productivity, rather than interaction with other people; to
make this proxy comparable with the other measures of substitutability, we generate a “lack
of” independence variable. The third question relates to each worker’s responsibility for the
final outcomes and results in production. The exact question is: “How responsible are you
for work outcomes and results of other workers on your current job?”. This latter question
measures the extent to which a particular worker’s input may affect the output of co-workers.
In summary, we use two subsets of skill substitutability (based on wage dispersion or
O*NET measures) each consisting of various different proxies. In the O*NET subset we measure the importance of team membership, responsibility for others’ output and independence
in production. In the subset of wage dispersion measures, we include the standard deviation
and the coefficient of variation for both raw and residual wages. It is important to highlight
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that while the proxies in the O*NET subset are negatively correlated with skill substitutability, the opposite is true for the wage dispersion proxies, which instead are increasing in skill
substitutability.
We first use each proxy within a subset separately; then, we perform factor analysis to
identify the principal component driving the measures within each subset. This gives us a
unique proxy of skill substitutability within each industry, which should in principle be more
precise, as it is generated by aggregating the noisy information of all proxies in a given subset.7
Country-level measures of the inter-generational elasticity of earnings. Estimates of
the IGE are available for several countries and periods. However, the methods and data used
to obtain such estimates vary across studies. To account for this problem, we construct different samples of countries for which we observe IGE. The first sample only includes IGE
estimates for nine countries corresponding to the preferred sample listed in Table 1 of Corak
(2006) — namely Canada, Denmark, Finland, France, Germany, Norway, Sweden, UK and
US. We call this sample the ‘core’ sample. These countries are chosen because a large number
of reliable, and comparable, estimates of the IGE exists for them. Multiple measurements
allow researchers to form a fairly good idea about the true IGE value in these countries. An
additional advantage of this small set of nine countries is that Corak’s study provides a set of
‘low end’ and ‘high end’ estimates of the IGE for these countries. This additional information
can be used to verify the robustness of the cross-country results.
To gauge the sensitivity of our findings we also extend the core sample using observations
for five more countries, namely Australia, Japan, Korea, Netherlands and Switzerland. These
countries are not part of the preferred subset in Corak (2006) because fewer estimates of the
IGE are available for them, which does not allow to assess their precision. Nonetheless the
IGE estimates are obtained using data sets and methods which are fairly comparable to those
used in the core sample. Adding these countries increases the sample size, but it also adds
noise as IGE estimates are likely to be less accurate. All the alternative IGE samples are
reported in Table 1.
Findings of cross-country analysis. In what follows we overview results from leastsquare regressions of each country’s IGE on proxies of skill-substitutability. We set out by
focusing on the small (core) sample of nine countries for which we have fairly accurate and
consistent measurements of the IGE. The first three columns in Table 2 report the estimated
7

A restriction, satisfied by all the measures we use, is that different proxies within a subset must positively correlate across different occupations and industries, indicating that they similarly co-vary with skill substitutability.
This restriction makes interpretation of the common components relatively straightforward.
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Table 1: Inter-generational elasticity of earnings (IGE) in different countries: different samples.
core

core (low end)

core (high end)

core + 5

(1)

(2)

(3)

(4)

Country
Australia

0.26

Canada

0.19

0.16

0.21

0.19

Denmark

0.15

0.13

0.16

0.15

Finland

0.18

0.16

0.21

0.18

France

0.41

0.35

0.45

0.41

Germany

0.32

0.27

0.35

0.32

Japan

0.34

Korea

0.25

Netherlands

0.23

Norway

0.17

0.15

0.19

0.17

Sweden

0.27

0.23

0.3

0.27

Switzerland

0.46

UK

0.5

0.43

0.55

0.5

USA

0.47

0.4

0.52

0.47

changes in the level of IGE associated to a one-standard-deviation increase in the skill substitutability proxy.
Each column refers to a regression estimated using a different set of IGE measures: in the
first column (core) we use the preferred estimates of Corak (2006) for the nine countries in
the sample; the next two columns report results of regressions in which we use the lower end
and higher end estimates for the same core sample. The last column reports results from an
expanded sample in which we add 5 extra countries to the analysis. The top panel (A) reports
results based on O*NET measures of complementarity, while the bottom panel (B) performs
the same analysis using complementarity measures based on industry-specific wage dispersion. Given the fact that O*NET proxies are increasing in complementarity while dispersion
proxies are decreasing, the sign of the estimated coefficients are not the same in Panel (A) and
Panel (B), however the magnitudes are comparable to each other because they are based on
standardized proxies.
The results are quite striking, especially if one considers the small sample sizes. First,
in all the samples we find significant variation in the conditional mean of the IGE as the
cross-country substitutability changes. Second, the estimated conditional mean differences
are sizeable: a one-standard-deviation change in the skill-substitutability proxy induces a difference in IGE of between 5 and 10 basis points, depending on the sample and the measure
14

Table 2: Estimated change in IGE associated to a one-standard-deviation decrease in the skillsubstitutability proxy. Top panel (A): proxies based on ONET measures. Bottom panel (B): proxies
based on wage dispersion. Columns correspond to different samples (‘core’ sample in first column;
extended sample in second column). Standard errors in parenthesis.
Panel (A)

IGE measures
core

core (low end)

core (high end)

core + 5

(1)

(2)

(3)

(4)

team member

-.068
(.032)

-.056
(.027)

-.073
(.036)

-.055
(.025)

responsibility

-.088
(.036)

-.074
(.031)

-.095
(.041)

-.042
(.032)

independence

-.081
(.027)

-.068
(.022)

-.087
(.030)

-.053
(.028)

common componentb

-.085
(.033)

-.071
(.028)

-.091
(.037)

-.054
(.030)

skill substitutability proxy
ONET proxies
(decreasing in substitutability)

Panel (B)

IGE measures
core

core (low end)

core (high end)

core + 5

(1)

(2)

(3)

(4)

S.D. of raw wages

.108
(.029)

.091
(.025)

.117
(.032)

.090
(.019)

C.V. of raw wages

.100
(.033)

.084
(.029)

.109
(.036)

.080
(.021)

S.D. of residual wages

.107
(.028)

.090
(.024)

.116
(.030)

.083
(.017)

C.V. of residual wages

.095
(.031)

.079
(.026)

.102
(.034)

.068
(.017)

common componentb

.104
(.031)

.087
(.027)

.113
(.034)

.082
(.019)

skill substitutability proxy
a

Wage dispersion proxies
(increasing in substitutability)

Notes
a Common component estimated using skill substitutability proxies listed in each panel.
b C.V.=coefficient of variation; S.D.=standard deviation.
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of skill substitutability. These changes are not small, considering that most IGEs have a size
somewhere between 15 and 50 basis points (see Table 1)8 . Third, the conditional effects on
the IGE are fairly similar and do not depend on (i) the specific IGE sample we use (core, lower
or higher estimates) or, (ii) the specific skill-substitutability proxy.
To make the latter point more transparent we report in Figures 2 and 3 the scatter plots
of IGEs, for the ‘core’ and extended country samples, versus the skill substitutability indices.
In both figures we superimpose a linear fit line. The plots in Figure 2 and 3 are based on
different sets of skill substitutability proxies. As we change the country samples — or the way
substitutability is measured — similar patterns are detected. Observations consistently line
up around the fit lines and, crucially, countries with relatively stronger skill substitutability in
production exhibit a higher IGE. One notable exception is Denmark, which appears to have a
much lower IGE than would be predicted by its industry composition.
An interesting feature of the plots in Figure 3 is that they offer an alternative view of
the so-called ‘Great Gatsby’ relationship between intergenerational income persistence and
inequality. Unlike the usual accounts of this relationship, the country-specific proxies of wage
inequality in Figure 3 are obtained from weighted averages of US industry wage dispersion
measures, where weights change by country and correspond to industry shares. The fact that
a clear relationship is apparent, despite the use of wage dispersion measures from a single
country, suggests that industry composition may be key for that relationship. This evidence
also hints at the possibility that patterns of industry wage dispersion may be fairly stable
across countries, which would be consistent with the hypothesis that industry-specific skill
complementarity does not vary dramatically between countries. We explore this possibility
in more detail in Appendix A.3, where we show how the ranking of both earnings and wage
dispersion across industries is remarkably stable across countries and over the period of time
considered.
When we extend the core sample by including five additional countries (Australia, Japan,
Korea, Netherlands and Switzerland) we end up with a set of 14 IGE measures corresponding
to those listed in column (4) of Table 1. The last column of Table 2 reports estimated slope
coefficients of the univariate regression using the extended sample of IGEs and different measures of country-specific skill substitutability. Significance levels are consistent with ‘core’
sample results, and magnitudes are comparable, albeit slightly lower. The scatter plots, in
the right panels of Figures 2 and 3, confirm a robust correlation between measures of skill
substitutability and IGE levels.
8

The R2 values of these univariate regressions are relatively large, often exceeding 40%.
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Figure 2: IGE vs average skill substitutability, in both the core IGE sample (left column) and the extended sample (right colum). ONET proxies: (top row) responsibility; (middle row) independence;
(bottom row) common factor estimated from three separate ONET proxies (responsibility, independence, team member).
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Figure 3: IGE vs average skill substitutability, in both the core IGE sample (left column) and the
extended sample (right colum). Wage dispersion proxies: (top row) S.D. of raw wages; (middle row)
S.D. of residual wages; (bottom row) common factor estimated from four separate wage dispersion
proxies.
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4

Structural Analysis

We study a steady-state overlapping generations economy. Each generation consists of a unit
continuum of households who live for two periods. During the first period of life households
are non-autonomous, their only activity being the acquisition of human capital. During the
second period of life households earn wages, which depend on human capital levels, and
decide how much to invest in the human capital of their children.
The model explicitly accounts for the two-way relationship between distribution of skills
and industrial composition. Both the aggregate skill distribution and the distribution of skills
across industries are shaped by parental decisions. These distributions determine the incomes
of the current generation of workers, and hence the human capital investments they make for
their children. In the long-run the economy reaches an equilibrium, in which cross-industry
allocations and the skill distribution are both stationary. Differences in primitive structural
parameters across countries, which we estimate, determine differences in these steady state
objects and, as a consequence, differences in intergenerational mobility.
A key feature of the model economy is its multi-sector structure, which naturally maps into
industry level data. The idea is that the substitutability of skills varies across industries, and
the extent of this variation can be assessed using different data sources. The counterfactual
experiments involve re-weighing the importance of these industries in accordance with the
industrial composition of alternative countries, while holding other exogenous features of the
economy fixed at U.S. levels. This exercise results in a different level of overall skill substitutability, and allows one to quantify the associated equilibrium changes in intergenerational
mobility. As in the simplest version of the model, the production function implies strategic
complementarity in human capital investments, creating a role for public policy that depends
on the degree of skill substitutability.

4.1

Model

Production
The production side of the economy consists of N sectors, the outputs of which are aggregated
into a final consumption good. The inputs to the production of any intermediate good yn are
the industry-specific capital kn , and industry specific human capital `n :
n
yn = knαn `1−α
.
n
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(13)

The capital share is allowed to vary by industry, as observed in the data. This means that
differences in capital intensity may affect worker productivity across industries. The industry
specific human capital input depends on four factors: the number of workers in the industry,
the workers’ individual skill levels, the workers’ idiosyncratic productivity realizations, and
the industry-specific substitutability of skills. Crucially, we allow for strategic complementarity in human capital investments. The specification of `n is
Z
`n =

λn

z(i)h(i) di

 λ1

n

,

(14)

In

where In is the set of workers in industry n, z(i) is the realized productivity of worker i,
h(i) is the skill level of worker i, and λn reflects skill substitutability in this industry. As the
mass of the set In grows, so does the human capital input of industry n; adding an additional
high-skilled worker increases `n by more than an additional low-skilled worker, and more so
if skills are easily substitutable.
The timing is such that workers’ idiosyncratic productivity shocks are observed after they
have been allocated to an industry. This results in the distribution of realized productivity
shocks in every industry being the same as the aggregate distribution of productivity shocks,
which is known. Therefore, relaxing this assumption would not alter the nature of the equilibrium sorting of workers to industries9 . One interpretation of the productivity shocks is a
lifetime labor supply shock, which does not affect the skill attainment, but rather total life
cycle labor supply.
Output of the final consumption good is a Cobb-Douglas aggregate of all intermediate
inputs:
N
Y
Y =
ynγn .
(15)
n=1

P
The weights γn reflect the relative size of each industry, where N
n=1 γn = 1. These weights
can be directly measured from data on output shares. Adjustment of these weights to reflect
observed international differences is one of the key sources of variation in the counterfactual
experiments. We interpret the weights γn as arising from a combination of resource endow9

Relaxing this assumption would introduce a non-uniqueness problem in the sorting of workers across firms.
However, this non-uniqueness would affect only the distribution of z(i) across industries, rather than the distribution of the h(i)’s. For example, if it were optimal for an industry to hire 10 units of type ĥ workers, this would
be the case even if the timing of productivity realizations was relaxed. The non-uniqueness would arise because
10 units of ĥ could be attained either by hiring 10 workers for whom z(i) = 1, or five worker for whom z(i) = 2,
or any other such combination.
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ments, historical occurrences, geography, climate, and similar long-term characteristics, which
together affect relative advantage, industrial composition and aggregate technology.
The labor input within each industry has the same CES specification as the aggregate
production function used in the two-period analytical example. However, unlike the simple
model, the set of workers within a given industry is endogenous because workers can sort
freely across industries. This results in a worker-industry matching problem, similar in nature
to the setting studied by Pycia (2012). In such a setting it can be difficult to characterize a
stable match equilibrium because each worker’s productivity depends on that of co-workers,
and differently so across industries. To make this problem tractable we make two simple
assumptions that allow us to write the equilibrium allocation as the solution of a standard
Kuhn-Tucker program. The two assumptions are (1) that skill levels change in discrete steps,
and (2) that skill levels are finite in number. As shown next, this allows us to transform the
problem into a simple constrained maximization problem.
Let the finite set of possible human capital attainments be H, and let the measure of workers with attainment h in industry n be qn (h). Then the industry production function 13 can be
re-written as
 λ1
Z Z
n
λn
,
(16)
zdF (z)qn (h)h dh
`n =
H

Z

where we integrate over the set of skill levels and productivity realizations, rather than over
the set of workers within the industry. Note that our assumption that productivity risk is realized after matching has allowed us to simply weigh the measure of workers by their average
productivity. Viewing the aggregate production technology as operated by a competitive representative firm, the appropriate profit maximization problem is:
max

{qn (h)}

Y ({qn (h)} , {kn }) −

PN R R
n=1

H

Z

zw(h, n)qn (h)dF (z)dh −

PN

n=1 (r

+ δ)kn

s.t.
{qn (h)} ≥ 0,
{kn } ≥ 0,
(17)
where w(h, n) is the wage per unit of human capital of skill-level h in industry n. The vector
{qn (h)} contains measures of all industry and attainment specific human capital inputs, and
the vector {kn } contains all industry specific physical capital inputs.
First-order optimality conditions for profit maximization include complementary slackness
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conditions for human capital input measures:

∂Y ({qn (h)} , {kn })
− w(h, n) = 0.
qn (h)
∂qn (h)


(18)

These optimality restrictions state that workers with skill level h are either paid their marginal
product within an industry, or there is a measure zero of them working in that industry. The
wage paid per unit of human capital of skill-level h in an industry n is:
1
w(h, n) = Y γn (1 − αn )
λn



hλn
R
( H qn (h)hλn dh)


,

(19)

where the right-hand-side is the marginal product from equation 18. This labor demand holds
whenever qn (h) > 0, and implies that the variance of wages within industry n is an increasing
function of λn , as one can show that V arn (ln w(h)) = λ2n · V ar(ln h). Firms also hire capital
services optimally, thus sectoral inputs satisfy:
∂Y ({qn (h)} , {kn })
− (1 − τk )r − δ = 0,
∂kn

(20)

where δ is the capital depreciation rate. The real interest rate r is assumed to be exogenously
determined in world capital markets, thus equilibrium capital inputs are easily computable
from these equations.
Households
The household side of the economy is similar to that in Restuccia and Urrutia (2004). A
household’s adult wage depends on two state variables: the endowment of skills, h, and the
realized idiosyncratic shock, z. The idiosyncratic shock is distributed log-normally with mean
µz and variance σz2 ,
ln z ∼ N (µz , σz2 ).
(21)
The variance σz2 is set to replicate the degree of idiosyncratic risk observed in U.S. earnings
data, as described in the parametrization section. The mean is set so as to normalize average
productivity to unity, i.e. E[z] = 1.
A child’s achievement, h0 = g(θ0 , m + s), depends on their endowment of heritable traits
θ0 ∈ Θ, parental investments m and public investments s. We use a one-period stand-in to
approximate the complicated dynamic skill-formation technology described in (e.g. Cunha,
Heckman, and Schennach, 2010; Del Boca, Flinn, and Wiswall, 2013; Abbott, 2015). We
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assume the same technology as that employed in Restuccia and Urrutia (2004) and earlier by
Becker (1981):
h0 = θ0 (m + s)ψ .
(22)
Investments are units of resources. Heritable traits are persistent across generations and follow
a mean zero AR(1) process, as in Solon (2004):
ln(θ0 ) = ρ ln(θ) + η

(23)

η ∼ N (0, ση2 ).
Note that all exogenous intergenerational persistence is driven by this component, as idiosyncratic income risk (z) is iid across generations.
Utility from consumption is of a CRRA form, and the altruism weight a parent puts on
their child’s wellbeing is denoted as β. To capture the progressivity of U.S. tax policies, we
implement a proportional wage tax, τ , and transfer a proportion of revenue back in lump-sum
fashion, T . Parents may transfer wealth a0 ≥ 0 to their children, in addition to investing m
in their human capital. Given this structure, the parents’ decision problem can be represented
recursively as:
0

V (a, h, θ , z) = max
c,m

n

c1−σ
1−σ

0

0

00

0

0

+ βE [V (a , h , θ , z )|θ ]

o

s.t.
c + m + a0 = zW (h)(1 − τ ) + T + a(1 + r)
h0 = g(θ0 , m + s)
00

ln(θ ) ∼ N (ρ ln(θ

0

(24)

), ση2 )

ln(z 0 ) ∼ N (µz , σz2 ).
a0 ≥ 0
W (h) = maxn {w(h, n)}
Each parent has full information about their child’s inherited traits, but does not know what
the realized productivity shock z 0 will be nor the inherited traits of the grandchild θ00 . The final
equation of the problem is an implicit labor supply condition, which says that a worker with
skill h will always work in the industry that rewards her skill the most.
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Government
Any tax revenues in excess of the lump-sum transfers are spent on non-valued expenditure, G.
The government budget constraint is,
Z
G=τ

w(h(i))z(i)di + τk

N
X

rkn − T − s.

(25)

n=1

4.2

Equilibrium

We use the notion of stationary competitive equilibrium10 and define it as a collection of:
(i) decision rules {c(a, h, θ0 , z), m(a, h, θ0 , z), a0 (a, h, θ0 , z)} for consumption, human capital investments and asset transfers, and the value function V (a, h, θ0 , z);
(ii) Aggregate industry specific human capital attainment measures {qn (h)};
(iii) Wages {w(h, n)};
(iv) and state-space measure µ; such that
1. The decision rules solve the household optimization problem 9, and V (a, h, θ0 , z) is the
associated value function.
2. The representative firm optimally hires human and physical capital, thus equations 18
and 20 hold.
3. Each skill and industry specific labor market clears
PN

n=1 qn (h)

R

=

1h dµ ∀ h ∈ H,

A×H×Θ×Z

(26)

and 0 = qn (h) [w(h, n) − ∂Y /∂qn (h)]
where 1h is an indicator function for the state variable h.
4. The government budget constraint in equation 25 holds.
5. Individual and aggregate behaviors are consistent: the measure µ is the fixed point of
µ(S) = Q(S, µ) where (i) Q(S, ·) is a transition function generated by the individual
10

Our definition is simplified because of the open-economy assumption with outside determination of the real
interest rate.
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decision rules and the exogenous laws of motion for θ0 and z; and (ii) S is the generic
subset of the Borel-sigma algebra BS defined over the state space A × H × Θ × Z.

4.3

Worker-Industry Matching in Equilibrium

The worker-industry sorting that occurs in our model equilibrium hinges on skill substitutability differences. Matching is positively assortative between a worker’s human capital level and
the industry-specific degree of skill substitutability. That is, the most skilled workers sort into
industries where skills are the most substitutable because it is in these industries that they
capture the largest returns. The choices of high skill workers push lower skill workers towards industries with more skill complementarity. We formalize these matching patterns in
a proposition stating that, for any two workers with diverse skill levels employed in different
industries, the higher skilled worker must be employed in the industry for which λ is larger.

Proposition 1 Suppose workers i and j have skill levels hi and hj , where hi > hj . If worker
i is in industry 1 and worker j is in industry 2, then λ1 ≥ λ2 .
Proof. In equilibrium workers choose industries where their wage will be the highest. Then
w(i, 1) ≥ w(i, 2), and w(j, 1) ≤ w(j, 2). Therefore,
w(i, 2)
w(i, 1)
≥
.
w(j, 1)
w(j, 2)
Using the wage equations (labor demand) this implies


hi
hj

λ1


≥

hi
hj

λ2
.

The proof shows how the ratio of the marginal products of high to low skilled workers
will always be larger in industries where skills are more substitutable. Because this is true, in
any counterfactual case where the low skilled worker is in the high substitutability industry,
greater efficiency could be attained by switching the two workers.

4.4

Benchmark Model: Parameterization and Properties

In what follows we describe how the numerical counterpart of the model is parameterized.
We do so by focusing, in turn, on the production side, the household side and on tax and
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benefit parameters. Tables 3 and 4 report parameter values. In Section 4.8 we describe some
properties of the benchmark model.

4.5

Production parameters

Industry-specific physical capital. The quantity of physical capital in each industry depends
on the capital share αn in that industry, and on the (exogenous) gross return on capital r + δ.
We set the real interest and depreciation rates so that their annualized values are 3.5% and
6.0%, respectively. The industry-specific share of output paid to capital is measured using
OECD STAN data and is set equal to αn .
Intermediate goods aggregation. The relative value of output derived from each industry is
equal to its weight γn . Thus, the aggregation weights can be parameterized by setting them
equal to the share of total output (value added) attributed to each industry. To this purpose we
compute, for each industry, the average of the value-added shares observed in STAN OECD
data over the five years from 2001 to 2005.
Industry-specific elasticity of substitution. We use our O*Net indicators in the parametrization of complementarity. More specifically, we adopt an Indirect Inference approach and use
the O*Net measure as a noisy indicator of variation in λn by positing the relationship
λn = a0 + a1 · O*Netn .

(27)

Our identification strategy relies on model implications for the relationships between a1 , a2
and earnings’ variation. In particular, we use information about: (i) the degree of total crosssectional variation in earnings; (ii) the relationship between intra-industry earnings’ variation
and our O*Net indicators. To understand how matching these moments identifies a1 and a2
consider the following expression for the variance of log earnings within industry n:
V arn (ln y) = V ar(ln z) + (a0 + a1 · O*Netn )2 · V arn (ln h)

(28)

This variance decomposition can be derived from the labor demand (wage) equation 19 with
λn replaced by the linear specification.11
11

Write down the logarithm of wage equation as
"
 λn #
1 − αn
1
ln(z · w(h)) = ln γn
Y
+ ln z + λn · ln h.
λn
`n

Then the variance of wages within industry n is V arn (ln y) = V ar(ln z) + λ2n · V ar(ln h).
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The parameters (a0 , a1 ) are jointly identified by overall earning’s dispersion and by differences in within-industry dispersion. The variance of earnings in every industry rises if a0
increases. Thus a0 can be identified by targeting overall earnings dispersion produced by the
model to what is observed from data. Crucially, the log earnings variation to be matched
is that of lifetime earnings, which Bowlus and Robin (2012) suggest is 30% lower than its
cross-sectional counterpart. Estimates of the cross-sectional variance of log earnings are generally close to 0.6 (e.g. Heathcote, Storesletten, and Violante, 2010), thus we target a standard
deviation of log lifetime earnings equal to 0.42.
To identify a1 we use information about the relationship between within-industry wage
dispersion and industry O*Net scores, as described by equation 28.12 From CPS data we
compute the standard deviation of log earnings within each industry, and then regress these
standard deviations on the industry-level O*Net scores. We find that the slope coefficient from
this regression is equal to 0.56, which we use as a target. In the spirit of indirect inference,
we repeat this regression using simulated earnings data and specify a1 so that the target slope
coefficient is reproduced by the model.

4.6

Household parameters

Preferences. We set the risk aversion parameter to σ = 2, and the discount factor to β =
0.5. The value of the discount factor reflects the time gap between outcomes of children and
parents. Based on a 25 year gap, the annualized discount factor implied by our parametrization
is just above 0.97.
Idiosyncratic income risk. Storesletten, Telmer, and Yaron (2004) suggest that post marketentry factors account for about 40% of income variation in U.S. data, which we adopt as a
target. Because income risk is orthogonal to other sources of income variation, this target can
be achieved by choosing the variance of income shocks σz2 appropriately. Finally, given σz2 ,
the mean of log income risk, µz , can be set so that the mean of the level of z is unity.
Human capital production. The skill formation technology is specified as in Restuccia and
Urrutia (2004):
h0 = θ0 (m + s)ψ .
(29)
The elasticity of human capital with respect to expenditures, determined by ψ, regulates how
12

Note that also a0 has an effect on within-industry dispersion. Hence, there may in principle be different
combinations of (a0 , a1 ) which fit the data equally well. For our purposes any such combination is sufficient to
recover the parameter λn .
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much parents are willing to spend on their child’s human capital. The data moment we employ
to identify ψ is the proportion of GDP spent on education by private households. According
to OECD data this was 2.3% of GDP in 2010.
Transmission of heritable traits. The degree of persistence in heritable traits, ρ, influences
the equilibrium level of intergenerational income mobility. If heritable traits are highly persistent, then the relative magnitude of returns to human capital investments is similar for parents
and their children, as described in equation 29.
In order to identify the persistence of heritable traits our model targets the intergenerational
persistence of earnings in the US. As we work in a stationary environment we simply match
the intergenerational correlation of earnings, which Jantti, Bratsberg, Røed, Raaum, Naylor,
Osterbacka, Bjorklund, and Eriksson (2006) estimate to be 0.357.13
To parameterize the variance of the heritable trait shock, ση2 , we employ information from
income quintile transition matrices. Jantti, Bratsberg, Røed, Raaum, Naylor, Osterbacka,
Bjorklund, and Eriksson (2006) consider a measure of mobility based on the trace of a (k × k)
transition matrix, Pk :
k − tr(Pk )
.
(30)
MT =
k−1
This measure, which is estimated to be 0.86 for the U.S. males and 0.93 for U.S. females, gets
larger as it becomes more likely for a child to enter a different income quintile than their parent.
Substantially different IGEs can be generated while holding the diagonal of the transition
matrix constant by adjusting the dispersion of the off-diagonal elements. Thus, the statistic MT
provides identifying information that is distinct from the IGE. If the persistent ability levels
in our model are relatively dispersed then it is much less likely that an idiosyncratic shock
will transit a child to a different income quintile than their parent. However, if ability levels
are relatively similar, then idiosyncratic shocks can easily generate quintile transitions. Thus,
given ρ and σz2 , the variability in heritable traits can be identified by matching MT = 0.89.

4.7

Government parameters

We set the marginal tax rate to τ = 0.296, which is the percentage of U.S. labor costs paid as
either income tax, payroll tax, or social security contributions, as reported by the OECD (see
Table 7). As in Abbott, Gallipoli, Meghir, and Violante (2013) we calibrate the lump-sum tax
13

In our quantitative experiments we scale up intergenerational correlations by 1.32 to convert them to elasticities. This accounts for changes in the variance of earnings over time.

28

rebate so as to match the progressiveness of U.S. tax policy:
V ar [ln ((1 − τ )zW (h) + T )]
= 0.61.
V ar [ln(zW (h))]

(31)

We calibrate s to match the 5.5% share of GDP spent publicly on education in the US.14
Finally, the tax rate on capital income to τk = 0.4.
Table 3: Parameter values: non industry-specific parameters.

4.8

Parameter

Value

Calibrated parameters
Idiosyncratic Risk Variance
Idiosyncratic Risk Mean
Heritable Trait Persistence
Heritable Trait Variation
Human Capital Production Weight
Substitution Parameter Constant
Substitution Parameter Slope

σz2
µz
ρ
ση2
ψ
a1
a2

0.070
-0.035
0.429
0.362
0.254
0.504
1.801

Fixed parameters
Intergenerational Discount Factor
CRRA Parameter
Net Annualized Interest Rate
Annualized Depreciation Rate

β
σ
r
δ

0.5
2.0
0.035
0.06

Properties of the Benchmark Model

Table 3 presents a summary of the parameters other than industry level parameters. Table 4
summarizes the industry level parameters γn , αn and λn , by industry. The lowest estimated λ
is 0.228, and the highest is 0.970. Among the low substitutability industries are various types
of manufacturing and agriculture15 , high substitutability sectors include education, health care
and finance.
14

Table 7 in the Appendix provides details on education spending by country as reported by the OECD.
Employment in US agriculture is often in large scale farms, which are often organized like industrial establishments.
15
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Table 4: Parameter values: industry-specific production parameters.

γn

αn

λn

Industry Share

Capital Share

Estimated Complementaritya

Agriculture, Hunting, Forestry and Fishing

0.0102

0.6798

0.235

Basic Metals and Fabricated Metal Products

0.0137

0.276

0.339

Chemical, Rubber, Plastics and Fuel Products

0.0283

0.5506

0.524

Construction
Education

0.0471
0.051

0.3364
0.0847

0.491
0.970

Electrical and optical equipment

0.0167

0.0443

0.521

Electricity, gas, and water supply

0.0171

0.7094

0.458

Financial intermediation

0.0807

0.4726

0.842

Food products and beverages

0.0154

0.5724

0.270

Health and social work

0.0653

0.1862

0.955

Hotels and restaurants

0.0289

0.3825

0.273

Leather, leather products and footwear

0.0002

0.1633

0.538

Machinery and equipment, n.e.c.

0.0089

0.2689

0.435

Manufacturing n.e.c. and recycling

0.0085

0.3445

0.355

Mining

0.0125

0.6802

0.446

Motor vehicles, trailers and semi-trailers

0.0104

0.3107

0.228

Other community, social and personal services

0.0415

0.3894

0.670

Other non-metallic mineral products

0.0037

0.3573

0.506

Other transport equipment

0.0061

0.2907

0.350

Post and telecommunications

0.0305

0.4952

0.316

Printing and publishing

0.0146

0.2183

0.756

Public admin. and defence - social security

0.0792

0.204

0.694

Pulp, paper and paper products

0.0047

0.4002

0.390

Real estate activities

0.1132

0.9514

0.920

Industry

Renting of machinery and equipments

0.1294

0.3247

0.656

Textiles

0.0023

0.2079

0.397

Transport and Storarge

0.029

0.3173

0.500

Wearing apparel, dressing and dyeing of fur

0.0012

0.347

0.243

Wholesale and retail trade - repairs

0.1258

0.4337

0.218

Wood and products of wood and cork

0.0026

0.2226

0.356

Notes

a Higher λ means lower skill complementarity.
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These observations are in line with the model implication that highly-skilled workers sort
into industries where skills are most substitutable and where their returns to human capital are
highest.16
Sources of persistence. In this model there are both an endogenous and an exogenous
driver of intergenerational income persistence. The exogenous source is the persistence of
heritable traits across generations; the endogenous source is the persistence of human capital
attainment across generations. To assess their relative importance we experiment with eliminating the persistence of heritable traits, holding their variance constant. In equilibrium the
IGE is reduced to 0.324, thus about 1/3 of intergenerational persistence is due to exogenous
transmission of traits, and 2/3 is due to the endogenous persistence of human capital investments.
Assessing the effect of education spending. To provide external validation of the model
we also assess its behavior. As a benchmark for comparison we use well-known findings by
Restuccia and Urrutia (2004). In particular, we examine an experiment involving increased
public education expenditure. Restuccia and Urrutia’s model distinguishes between college
and lower education. We reproduce their experiments, in which education spending as a fraction of GDP is increased proportionally by 20% and the labor tax rate adjusts to finance new
spending. That study estimates that the IGE would fall from a benchmark level of 0.4 to 0.36
when early education spending increases; in contrast, the IGE would exhibit no change if only
college education spending were increased. The weighted average effect of these education
experiments implies an expected IGE reduction from 0.4 to 0.378 in response to a 20% increase in education spending. For comparison we estimate the effect of a 20% increase in
public education spending in our model, paid by higher labor income taxes: this would result
in a reduction of the IGE from 0.47 to 0.443. The proportional reduction of the IGE in our
experiment is roughly 6.1%, and very similar to the 5.8% proportional reduction estimated by
Restuccia and Urrutia.

5

Counterfactual Experiments

To assess the explanatory power of the skill-substitutability mechanism we perform counterfactual experiments that answer the following question:
16
We have checked how average years of education by industry, measured using CPS data, relate to these
estimates, finding a significant positive relationship between educational attainment and skill substitutability.
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How different would intergenerational mobility in the U.S. be if its industrial composition was that of country X, but all other relevant features remained the same?
There are two features of industrial composition that are observable across countries and can
be varied in counterfactual experiments. In the first experiment we change the relative importance of an industry in the overall economy, as reflected in the share γn of final output paid to
that industry. This aspect is important because if weight is shifted to any particular industry,
overall skill substitutability will rise or fall depending on whether skills in that industry are
relatively substitutable or complementary. The second experiment relates to the capital intensity in different industries. If skills are quite substitutable in an industry, but the capital share
is very large, then the effect on the overall complementarity will be limited. In contrast, if the
capital share of output in that industry is small, then that industry will be relatively influential.
In addition to experiments that adjust output weights or capital shares, we also perform
experiments in which we impose the tax and education policies observed in different countries
on our US benchmark economy. These exercises serve two purposes: first, they provide a clear
reference benchmark (based on the effects of policy differences on income mobility) which
can be used to gauge the relative importance of skill complementarity for intergenerational
mobility. In this sense, policy differences deliver a natural metric to quantify the importance
of skill complementarity. Second, they also provide an upper bound on the indirect effect of
skill complementarity differences. In other words, by superimposing a rough approximation
of the tax and benefit system prevailing in a different country, we are able to measure how
differences in public education spending — possibly due to underlying economic incentives
— would affect intergenerational persistence in the US.
All of our experiments describe equilibrium outcomes, in which a new set of wages and
other equilibrium objects are attained after the US equilibrium is perturbed by industrial and/or
policy changes. One key constraint relates to the government budget identity. As overall skill
substitutability alters incentives to invest in human capital, the equilibrium skill distribution
will also change. This will impact government tax revenues, resulting in an unbalanced government budget constraint unless offsetting policy changes take place. We do not change the
marginal tax rate as this would clearly alter the return to human capital (see Guvenen, Kuruscu, and Ozkan (2013)); for the same reason we do not want to alter the progressiveness
of the tax system either. With this in mind, we allow the government budget constraint to be
satisfied through a combination of changes in T and G, where the changes in T are restricted
to maintain progressiveness at U.S. levels. This is equivalent to choosing T so that equation
31 is satisfied.
32

Table 5 reports the results of our experiments by country. For each experiment the results
are divided into two parts, referring to the ‘core’ or ‘core+5’ samples. For each experiment we
report the ratio of the standard deviation of counterfactual and observed IGEs, as well as the
correlation between observed and predicted IGEs. The ratio of standard deviations indicates
how much of the observed dispersion in IGEs is accounted for by the changes made in each
experiment. The correlation is intended to show how well the predicted deviations from US
mobility in each experiment align with observed deviations, regardless of the magnitude of
deviations.17
First, we focus on the experiment in which output shares are adjusted to reflect national
data, holding all other exogenous features of the benchmark economy constant. There are
some great successes in explaining observed IGEs as well as some failures. The experiment
explains more than half of the difference in IGEs between Japan and the US, but at the same
time explains little of the difference between Denmark and the US. The relative magnitudes of
the predicted differences in IGE correspond to the relative magnitudes of observed differences
as indicated by the sizeable correlations between data and experimental predictions, particularly for the core sample. In terms of explanatory power, output share differences account for
16% of IGE variation in the core sample and 18.5% in the core+5 sample.
When capital shares are adjusted, as well as output shares, the results generally improve.
For example, this experiment explains twice as much of the difference between the US and
Denmark, compared to when only output shares were adjusted, but total explanatory power
for Denmark remains low. Overall this experiment explains 17.1% of IGE variation in the core
sample and 20.5% of IGE variation in the core+5 sample, both being slightly greater than the
previous experiment.
In considering the effects of observed differences in education and fiscal policies, it is
useful to compare the results of the experiment in which only observed policy changes are
applied to the results of the experiments in which output and capital shares are changed. For
the core sample, observed differences in public policy explain nearly an identical amount of
the variation in IGE, as shown by the relative standard deviations. However, the correlation
between predictions based on public policy and actual IGEs is only one-third the size of the
correlation based on the first two experiments in which technology is changed. Thus, if we
measured these effects as the product of the correlation and relative standard deviations (that
is, an OLS regression coefficient) we would find that the effect of differences in industrial
composition is three times the size of the effect of differences in public policy! In the extended
17
The product of the ratio of standard deviations and the correlation corresponds to the OLS coefficient obtained from a regression of counterfactual and observed IGEs.
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Table 5: Experiments involve four alternative sets of changes. Each experiment measures the effect on
the benchmark (US) IGE of adopting each different country’s specific features. In column (1) we report
the IGE estimate for each country, as in Corak (2006). In the other columns we report the counterfactual
IGE obtained in the benchmark model after: (1) changing output shares γn ; (2) changing both output
and labor shares, γn and αn ; (3) changing observed policies and shares (adjust output and capital shares
as well as education subsidization rate s and labor income tax rate τ ); (4) changing observed policies
only (adjust only public education and tax rates).

Effect on benchmark (US) IGE of changing:
Country

USA

IGE
Estimate

Output
Shares

Output and
Capital
Shares

Observed
Policies and
Shares

Observed
Policies
only

(1)

(2)

(3)

(4)

(5)

0.47

–

–

–

–

Core Sample
Canada

0.19

0.410

0.398

0.398

0.466

Denmark

0.15

0.454

0.437

0.382

0.408

Finland

0.18

0.449

0.427

0.410

0.416

France

0.41

0.479

0.451

0.416

0.430

Norway

0.17

0.428

0.409

0.362

0.408

Sweden

0.27

0.448

0.451

0.428

0.410

Germany

0.32

0.443

0.401

0.393

0.422

0.5

0.457

0.442

0.422

0.443

Correlation

–

0.668

0.509

0.596

0.204

Relative S.D.c

–

0.160

0.171

0.174

0.160

Australia

0.26

0.438

0.411

0.422

0.472

Japan

0.34

0.399

0.392

0.405

0.476

UK
b

Additional Sample

Korea

0.25

0.426

0.413

0.437

0.482

Netherlands

0.23

0.453

0.459

0.430

0.449

Switzerlanda

0.46

0.441

–

0.456

0.481

–

0.430

0.428

0.631

0.285

–

0.185

0.205

0.220

0.260

b

Correlation

Relative S.D.
Notes

c

a Capital share data are not available for Switzerland, thus US capital shares are maintained.
b The ‘Correlation’ raw reports the measure of association between observed and counterfactual IGEs for each given experiment.
c The ‘Relative S.D.’ raw reports how much of the observed IGE standard deviation is accounted for by the standard deviation of
counterfactual IGEs in each given experiment.

sample the ratio of standard deviations is relatively large at 0.26, but this is entirely generated
by counter-factually large predicted IGEs for Korea, Japan and Australia.
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In the third experiment we change both technology shares and public policies to gauge
their combined effects. As mentioned before, this can be viewed as an upper bound on the
total effect of differences in skill complementarity on mobility that accounts for any induced
variation in education subsidization motives. It is impossible to say how much of observed
policy differences are actually due to differences in education spill-over across countries, but
clearly an upper bound is all of it. One can see that explanatory power does modestly improve
when policy differences are accounted for, particularly in the extended sample. Overall, we
would conclude that skill complementarity can directly account for about 20% of international
variation in mobility, and well above that level if allowing for indirect policy effects.

6

Conclusions

Large discrepancies exist in the degree of economic mobility across countries, yet relatively
little is known about the origins of such differences. This paper explores the hypothesis that
different production arrangements may help shape observed differences in the transmission of
economic advantage.
Using a two-generation example we illustrate how the intensity of strategic complementarity in skill investments may lead to more or less earnings’ mobility. We show that, in this
setting, stronger skill substitutability directly dictates a higher degree of intergenerational persistence. Moreover, in this simple framework, stronger skill substitutability in production is
associated with less progressive public policies that equalize skills in the workforce.
To provide some evidence in support of this hypothesis we study geographical variation in
income persistence. We present a descriptive analysis of international data, linking skill substitutability in production and intergenerational mobility at the country level. We find a sizable
and significant cross-country association between different measures of skill substitutability
and estimates of IGEs.
To explore the origins of these statistical associations we develop and estimate a structural
equilibrium model. The model allows one to broadly quantify the importance of skill substitutability for cross-country differences in intergenerational mobility. In the model we explicitly allow for: (i) an exogenous persistent process for heritable traits (skill endowments);
(ii) endogenously persistent investments in human capital; and (iii) an equilibrium distribution
of human capital attainments with associated market-clearing wages. The production side of
the economy consists of many industries, and for each such industry we estimate a parameter summarizing the degree of workers’ skill substitutability. We provide a theoretical result
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that characterizes equilibrium worker-industry matching, and use it to solve for the model
equilibrium.
We perform various counterfactual experiments, which involve re-weighing to reflect the
industry composition of different countries. These experiments indicate that between 15 and
20% of international variation in intergenerational mobility can be directly accounted for by
cross-country differences in skill substitutability in production.
Finally, we assess the relationship between public education policies and skill complementarity. The model implies that optimal education subsidies should be higher in countries
where skill substitutability in production is weakest. In fact, these countries should exhibit a
mix of more progressive policies and higher earnings’ mobility. This observation suggests the
presence of an indirect effect through which technology may affect intergenerational mobility, namely by changing social incentives to adopt policies that equalize skills in the working
population. When accounting for these indirect effects the model explains a larger share of
the cross-country variation in earnings’ mobility, and provides a way to rationalize the observation of significant and persistent geographic differences in the degree of mobility and the
progressiveness of policies.
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A
A.1

Appendix
Cross-country industry composition: STAN data

We use data provided by the OECD to approximate the relative importance of different industries within each of the countries considered in the reduced form analysis. The data is from the
structural STAN databases and provides information about the value added of each individual
industry in different years. The data is disaggregated at the 2-digit level and covers 30 industry
groups, which are listed in the following table.

A.2

Taxes and Public Education Spending

Table 7 reports observed public education expenditure levels as well as labor income tax burdens for the year 2010. This information is primarily based on OECD data.

A.3

Cross-country patterns in industry wage and income dispersion

As the degree of substitutability of skills is not directly observable, we pursue different ways
to rank industries in terms of their ability to substitute across workers’ skills. One of them is
to exploit a theoretical result linking the degree of complementarity to the measured dispersion of raw, and residual, wages within industries. In a setting with labor market frictions,
Bombardini, Gallipoli, and Pupato (2012) establish that wage dispersion within industries increases in the degree of skill substitutability when some skills are unobservable. Sectors with
higher complementarity are characterized by a more compressed wage distribution because,
for example, workers with higher-than-average skills contribute relatively less to surplus, a
fact reflected in their wage. Despite the different model setting, a similar result holds also in
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Table 6: This table reports the industries used in our analysis. The first column indicates the ISIC code
corresponding to each industry (or subset of codes, e.g. C01T05 means from C01 to C05.)

ISIC code

Industry

C01T05

Agriculture, hunting, forestry and fishing

C10T14

Mining

C15T16

Food products, beverages and tobacco

C17

Textiles

C18

Wearing apparel, dressing and dyeing of fur

C19

Leather, leather products and footwear

C20

Wood and products of wood and cork

C21

Pulp, paper and paper products

C22

Printing and publishing

C23T25
C26
C27T28

Chemical, rubber, plastics and fuel products
Other non-metallic mineral products
Basic metals and fabricated metal products

C29

Machinery and equipment, n.e.c.

C30T33

Electrical and optical equipment

C34

Motor vehicles, trailers, and semi-trailers

C35

Other transport equipment

C36T37

Manufacturing n.e.c. and recycling

C40T41

Electricity, gas and water supply

C45
C50T52

Construction
Wholesale and retail trade - repairs

C55

Hotels and restaurants

C60T63

Transport and storage

C64
C65T67
C70

Post and telecommunications
Financial intermediation
Real estate activities

C71T74

Renting of mach. and equip. - other business activities

C75

Public admin. and defence - compulsory social security

C80

Education

C85

Health and social work

C90T93

Other community, social and personal services

the context of our analysis: the proof of Proposition (1) shows that the ratio of the marginal
products of high to low skilled workers will always be larger in industries where skills are
more substitutable. In other words, given two workers with different skills, the difference in
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Table 7: The second column of this table reports the share of GDP spent by all levels of government
on education in year 2010, as per the OECD document "Education at a Glance 2013." *German data
taken from World Bank data. The third column reports the percentage of labor earnings that is paid as
income/payroll taxes or social security contributions in 2010, also reported by the OECD.

Country

Public Education Spending as % of
GDP

Taxes as % of Labor Income

United States

5.5%

29.6%

Canada

5.3%

30.8%

Denmark

8.8%

38.6%

Finland

6.8%

42.5%

France

5.9%

50.2%

Norway

8.8%

37.6%

Sweden

7.0%

42.8%

Germany

5.1%*

49.7%

UK

6.3%

32.3%

Australia

5.2%

27.2%

Japan

3.8%

31.2%

Core Sample

Additional sample

Korea

4.9%

21.0%

Netherlands

6.0%

38.6%

Switzerland

5.2%

21.5%
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their wages will increase in the degree of skill substitutability in production. This implication
of the model is also apparent when looking at equation (28), which links industry-specific
skill substitutability to raw wage dispersion: differences in wage dispersion across sectors are
partly due to differences in the way skills are aggregated and one should observe a positive
correlation in industry-specific wage dispersion across different countries. Moreover, based
on the proof of Proposition (1), this cross-country correlation at the industry level should continue to hold even after purging out some workers’ heterogeneity, after controlling for their
observable characteristics.
We set out to investigate this hypothesis and document that the ranking of within-industry
wage dispersion follows a consistent pattern across countries by using the Luxembourg Income Study Database (LIS). The LIS provides a set of cross-sectional datasets describing
household and individual income and other characteristics for a large number of countries and
years. These datasets have been harmonized (to the extent possible) to make variables directly
comparable across countries and years.
Unfortunately, while the variables provided in the LIS are comparable across datasets,
many variables are only available for a limited number of datasets. In particular, there is
insufficient wage-by-industry data for Australia, Canada, Japan, Korea, Norway, Sweden, and
Switzerland. However, good data exists over multiple years for the US, Germany, and Ireland.
A handful of EU countries have a single year with sufficient data. The UK and France18 lack
wage data, but have data on total labour income. Therefore, we present two comparisons of
within-industry wage dispersion: one based on total labour income, and the other based on
hourly wage.
For income statistics, our sample includes all individuals between the ages of 16 and 65
with non-zero wages. Individuals are weighted by the population weight provided by the LIS.
For wage statistics, we are able to restrict the sample to individuals who are employed in
private industry, and we weigh individuals by their average (weekly) hours worked as well as
their population weight. We are unable to consistently identify self-employed individuals, so
they remain in both samples.
Our 30 industry classification system is based on 2-digit ISIC3 industry codes. Many
datasets in the LIS include 2-digit ISIC industry codes or a compatible classification as a part
of their labour statistics, making conversion straightforward. The US and France use unique
classification systems. For these countries we constructed our own crosswalks based on the
18

Income data for France is not perfectly comparable to the other countries in the sample because it is reported
after certain deductions are made. However, we feel that even imperfect data can be informative so we include it
nonetheless.
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documented descriptions of the industry codes. We rank industries according to the standard
deviation of log labour income and log wage (from highest to lowest), both with and without
controls. This results in four different sets of ranks overall. We use the same set of controls for
both labour and wage ranks. Namely: industry (by our 30 industry classification), education
(a three category classification), age (with squared and cubed terms), sex, and region (state or
province, depending on the country).
We calculate the four rankings for the US and for a set of EU countries, according to
data availability. Estimating standard deviations for each industry requires a large number
of individuals in every industry. The LIS datasets sometimes have a very small number of
individuals in particular industries. This leads to less reliable estimates of ranks. However,
ranks are unlikely to shift substantially for each country over a short span of time. Therefore
we also calculate pooled ranks for a few countries where this is possible. More specifically,
we pool individuals in every viable dataset between 1999 and 2014 for the given country and
add year dummies to the set of controls.
Figure 4 shows the relationship between ranks for US and Germany based on pooled samples. There is a strong correlation between ranks, regardless of which of the four statistics we
use. Rankings based on income dispersion are almost identical between the two countries. The
correlation between wage dispersion ranks is comparatively weaker but remains quite strong
and significant. This is partly because the sample sizes are quite a bit smaller, which adds
noise to the rank measures. In both cases, adding controls reduces the strength of correlation,
indicating that common demographic patterns explain a small part of the correspondence between rankings. However, the fact that even the ranks calculated from wages with controls
show a significant positive correlation provides robust evidence that there is some unobserved
feature of industry structure which characterizes each industry and is common across countries, influencing wage dispersion.
The widespread nature of this pattern is documented in table 8. In this Table we replicate
the exercise illustrated in figure 4 for a larger set of countries. Ranks are computed for each
dataset (or pooled dataset), and then each rank is regressed individually on the corresponding ranks from the pooled US sample.19 Table 8 reports the resulting slope coefficients and
standard deviations for OLS regressions with robust standard errors.
The results in Table 8 show that the industry ranks calculated for all countries in the sample
are highly correlated. As in the case of Germany, the correlation for ranks of labor income
dispersion is stronger than for wage dispersion. Yet, in the whole sample, controlling for
19

We drop the “residual” industry category, as it is sometimes an outlier and is not particularly informative.
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demographic characteristics has a small effect, and does not always decrease the strength of the
relationship. This suggests that the main source of these correlations is some other unobserved
industry specific effect. Again, this evidence supports the argument that the international
pattern of within-industry wage dispersion must be due to some aspect of industry structure.
Our hypothesis is that this pattern reflects different degrees of skill complementarity in the
production process. While countries may be using slightly different production technologies to
produce similar goods, these technologies may all share some features which broadly shape the
organizational structure and types of labour employed: low skill-complementarity technologies allow firms to hire a mix of high and low skill workers, while high skill-complementarity
technologies encourage a more homogenous workforce, as shown in Bombardini, Gallipoli
and Pupato (2012). This is consistent with the observed covariation in the international patterns of wage dispersion by industry.
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Figure 4: Comparison of US and German industry ranks according to different dispersion statistics.
"Residual" refers to the remaining unexplained variation after controlling for industry, education, age,
sex, region (state or province), and year.
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Table 8: This table summarizes the correspondence of within-industry earnings and wage dispersion
patterns across countries, based on comparable LIS data. Values are calculated in two steps: first we
calculate the standard deviation of each (logged) variable for each industry in a given country, and
rank industries in that country from highest to lowest dispersion; second, the ranks of each country and
dispersion statistic are regressed independently on the corresponding ranks for the US using OLS with
robust standard errors. The table reports the slope coefficient associated with each regression. Standard
errors are in brackets. Missing values occur where the LIS has insufficient data on wages.
Industry S.D. rank, regression slope coefficients
Dependant variable: industry S.D. rank, US data (pooled 2004,2007,2010)
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