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Abstract

I document new facts on spatial variation in life cycle wage growth within three countries
along the development scale: Brazil, Mexico, and the United States. I find that rich
states tend to have steeper experience-wage profiles than poor states in each country.
Differences in educational attainment and industry mix can account for a large share
of the covariance between income per capita and profile steepness in both developing
countries, while differences in occupation types are key in every case. Evidence from
internal migrants supports the notion of substantial gaps in learning environment across
space. Using a general equilibrium model with human capital accumulation and internal
migration, I estimate meaningful gains in labor productivity from inducing migration
to places with higher lifetime wage growth and find that spatial differences in learning

environment account for a considerable portion of the overall gains.
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1 Introduction

A large literature has studied the importance of human capital accumulation in explaining
income differences across countries (Klenow and Rodriguez-Clare, 1997; Bils and Klenow, 2000;
Caselli, 2005; Lagakos et al., 2018b). At the same time, economists have studied the potential
aggregate gains from increasing labor mobility within countries. Most of this literature focuses
on static gains from reallocating workers to places with higher income (Restuccia et al., 2008;
Gollin et al., 2014; Bryan and Morten, 2018).

In this paper I study the interaction of life cycle wage growth and internal migration
based on the following insights. First, economic activity is usually distributed across space,
so locations within countries are represented by different types of industries and occupations.
Second, learning opportunities are potentially different across economic activities and the
possibilities to acquire knowledge from others might depend on the activities that predominate
in a place. Then, locations are a possible determinant of human capital accumulation. Taking
into account spatial differences in learning environment and the implications for aggregate
productivity can provide additional motivation to implement policies that encourage labor
mobility across space.

The first part of the paper documents facts on spatial differences in life cycle wage growth
based on experience-wage profiles estimated at the state level. To do this, I focus on one rich
country, the United States, and two developing countries, Brazil and Mexico. These three
countries have rich microdata, are fairly large in terms of territory, and have considerable
differences in regional development. The main empirical findings can be summarized as follows.
First, rich states tend to have steeper profiles than poor states in all three countries, but the
gaps are somewhat larger in Brazil and Mexico. Second, differences in the distribution of
educational attainment and industry mix account for a considerable share of the covariance
between experience-wage growth and income per capita in both developing countries, while
they seem to have little importance for such covariance in the United States. In contrast,

differences in the distribution of occupations account for a relatively large share of the



covariance between profile steepness and income per capita in every country.

The findings suggest that some locations within each country offer more learning
opportunities. In particular, one possible implication is that workers who live in places with
flatter profiles accumulate lower human capital because they do not learn as much in their
economic activities. If so, a worker who has accumulated much of his experience in a place
with seemingly low learning would have a lower return to experience than a worker who has
accumulated most of his experience in a place with seemingly high learning, even if they are
working in a similar labor market. Indeed, in the three countries considered, I find that recent
migrants from low to high wage growth places have significantly flatter profiles than stayers in
those same places, while the same is not true for recent migrants in the opposite direction.

The spatial variation in life cycle wage growth implies that mobility barriers might prevent
individuals from accumulating more human capital by migrating to places with more learning
opportunities, especially in both developing countries. I motivate this possibility by showing
that migration patterns across states and regions suggest that such barriers are higher in Brazil
and Mexico than in the United States. Then, I build and estimate a general equilibrium model
to quantify the productivity gains from eliminating mobility barriers in each country. The
model features regions that are potentially different in their endogenous learning environment,
as well as workers who differ in their ability to learn in each place and face migrations shocks
throughout their lifetime.

I find that removing migration costs for workers born in places with fewer learning
opportunities increases labor productivity by 2.7 percent in the United States, 6.8 percent
in Mexico, and 8.7 percent in Brazil. These represent meaningful productivity gains from
encouraging internal migration to high learning places. Furthermore, using the structure of
the model, I estimate that human capital accumulated through experience accounts for over
two-thirds of those productivity gains in both developing countries. The majority of these
gains are due to comparative advantage based on learning ability; however, differences in
learning environment between regions are quantitatively important and account for between

one-fourth and a third of the aggregate gains. Thus, the results of the model imply that there



are important dynamic gains from inducing internal migration.

This paper is related to recent literature arguing that human capital might be more
important in explaining income differences across countries than it was previously thought
(see e.g. Erosa et al., 2010; Manuelli and Seshadri, 2014). On the empirical side, Lagakos
et al. (2018b) show that experience-wage profiles are steeper in rich countries than in poor
countries, and their findings suggest that one possible explanation is that workers in poor
countries have fewer learning possibilities. I document new facts on spatial variation in life
cycle wage growth for countries with different levels of economic development. These facts
shed light on the importance of learning opportunities for workers and how the possibility to
migrate internally affects those opportunities. More generally, this paper relates to a large
literature on life cycle earnings and human capital accumulation (e.g. Rubinstein and Weiss,
2006, Huggett et al., 2011; Bagger et al., 2014; Engbom, 2019).

In addition, this paper contributes to the literature studying aggregate gains from
encouraging internal migration. Bryan and Morten (2018) build a static model of internal
migration and find that removing all barriers to labor mobility has significant positive effects
on aggregate productivity in Indonesia.! I focus on dynamic benefits from inducing internal
migration by quantifying the aggregate productivity gains in a model that features regions
with different learning possibilities and individual comparative advantage based on learning
ability.?2 Moreover, I use the model to quantify the importance of local learning environment
for the overall gains in each country.

The rest of the paper is organized as follows. Section 2 describes the data, and presents
evidence on spatial variation in experience-wage profiles and internal migration in the three
countries considered. Then, Section 3 presents a general equilibrium model with human capital

accumulation and internal migration. Section 4 describes how the model is taken to the data,

In an experimental setting, Bryan et al. (2014) show that returns to internal migration can be large based
on inducing seasonal migration in Bangladesh. Other papers focusing on labor mobility between urban and
rural activities include Vollrath (2009) and Lagakos et al. (2019). Additionally, De la Roca and Puga (2016)
and Martellini (2019) focus on dynamic gains from migrating to big cities in developed countries.

2Papers that develop frameworks with migration across multiple regions in dynamic settings include Kennan
and Walker (2011) and Caliendo et al. (2019).



as well as the estimation results. Section 5 presents counterfactual experiments using the

calibrated model for each country. Finally, Section 6 concludes.

2 Empirical Evidence

The following sections present the data, methodology and main empirical facts of the paper.

2.1 Data

I use microdata from ITPUMS-International for Brazil, Mexico and the United States. Most
of the original data sources are national censuses or, in some cases, household surveys. An
advantage of these data is that many variables are harmonized across countries which facilitates
their comparison. Moreover, census data allows me to slice the data along multiple important
dimensions. The main variables that I use are individual earnings, hours worked, age, education
years, occupation, industry, state of birth, current state of residence, and state of residence
five years before the census or survey. The time period covered for each country is similar:
approximately 1990-2010. Most of the variables are available for all this period with few
exceptions.

Throughout this paper I define hourly wages as total earnings divided by hours worked in
a year. Individual earnings include any source of labor income, including business income. I
restrict the sample to full-time male workers with positive earnings and data on hours worked,
including those who are self-employed. The decision to include the latter is that omitting
them would restrict the sample considerably in several states of Brazil and Mexico. A possible
concern is that part of self-employed income might not be labor but capital income; however,
this should not matter for the estimated wage growth of self-employed individuals unless one
assumes that the share of their income that should be imputed to capital varies significantly
over the life cycle. Nevertheless, another concern is that self-employed income is not accurately
measured in surveys. Lagakos et al. (2018b) show that despite such concerns including the

self-employed does not seem to affect the comparison of wage growth over the life cycle.



I also restrict the sample to individuals who have data on educational attainment and are
working in the private sector. This is motivated by the concern that non-wage compensation
might be an important component for workers in the public sector. Furthermore, I follow the
literature and define potential experience as min{age — ¢; — 6, age — 16}. This means that
individuals start working after they finish school or when they turn 16, whichever comes last.
I use age 16 as the cutoff because some individuals might start working when they are young,
especially in poorer places of Brazil and Mexico. Finally, I focus on workers with 0 to 40 years
of potential experience. Appendix A presents additional evidence based on alternative samples

such as focusing on wage workers.

2.2 Life Cycle Wage Growth Across Space

To estimate experience-wage profiles, I use the following specification for each state within a

country:
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where w;, is the hourly wage of worker i from origin o (state of birth) in year ¢; s;, are his
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years of schooling; i, are year dummy variables; v, are origin fixed effects; and D7,  is a dummy
that takes the value of one if a worker is in experience group x € X = {5 — 9,10 — 14, ...}.
The omitted group are workers with less than five years of potential experience. Thus, the
coefficient (3, captures the average wage of a worker in experience group x relative to workers
with less than five years. This specification is a flexible version of the approach by Mincer
(1974) that captures nonlinearities in experience. To ease the notation, I have omitted country
and state indices in the specification.

First, to look at spatial variation in life cycle wage growth, Figure 1 presents maps with the
height of the estimated profile for every state in each country. To be specific, the maps show
the average wage of workers with 25 to 29 years of potential experience relative to workers with

less than five years of experience. These results indicate that there is substantial dispersion in

profile steepness across states within each country.



Figure 1: Life Cycle Wage Growth Across Space
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Notes: These maps display the average wage gain of workers with 25 to 29 of experience relative to workers with 0 to 4 years of
experience in percentage terms for each state within a country. Experience-wage profiles are estimated for every state controlling
for education, state of birth, and time effects in every case. Alaska and Hawaii are omitted from the U.S. figure. I follow the
geographical division of IPUMS-International for every country.



Now, to compare how big are the differences in experience-wage profiles across states in
each country, I compute the average profile height for each state relative to workers with less
than five years of potential experience, and rank states according to their average height.
The ratio between states in the 90th and 10th percentile of the profile height distribution is
equal to 1.46 in Brazil, 1.42 in Mexico, and 1.24 for the United States. Therefore, while there
is significant spatial variation in profile height in all of these countries, the gaps in profile
steepness are larger in both developing countries. The following paragraphs document how
the spatial variation in life cycle wage growth is related to differences in income, educational
attainment, and types of economic activities across states.

Figure 2 presents the relationship between income per capita and life cycle wage growth
among states for each country. Income refers to Gross Domestic Product (GDP) per capita
obtained from OECD data and wage growth represents the average height of the experience-
wage profile estimated from equation 1. These results show that there is a positive correlation
between income and profile steepness in every country. The linear correlation coefficient (using
log income) is 0.79 for Brazil, 0.64 for Mexico, and 0.40 for the United States. Additionally, the
elasticity of average wage growth with respect to income per capita implied by a linear fit of
the data is equal to 0.22 in Brazil, 0.20 in Mexico and 0.19 in the United States. This evidence
implies that experience-wage profiles tend to be steeper in rich states than in poor states within
each of these countries and the relationship is somewhat stronger in both developing countries,
especially in Brazil.?®

Next, I use data on recent internal migrants to present additional evidence on spatial
differences in life cycle growth. The fundamental idea of this exercise is similar to the insight
of Lagakos et al. (2018a). That is, estimate returns to experience for workers who have recently
migrated to places with seemingly higher learning from places with seemingly lower learning,
and compare them with the returns to experience of native workers or stayers in the new place

of residence. This comparison is informative about differences in human capital accumulation

3The evidence on profile height and income per capita does not include the District of Columbia due to
being a considerable outlier: GDP per capita is over three times higher than the national average and the
experience-wage profile is relatively flat.



Figure 2: Life Cycle Wage Growth and Income Across Space
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Notes: Income per capita was obtained from OECD statistics for 2015 and wage growth refers to the average height of the
experience-wage profile. These profiles are estimated at the state level in each country controlling for education, state of birth,
and time effects in every case. I follow the geographical division of IPUMS-International for every country.

across space since recent migrants in high wage growth places acquired most of their working
experience in low growth locations, especially those who move later in life, while native workers
acquired their experience in high growth places. If the place of origin did not matter for returns
to experience or knowledge acquired through work was not portable across places, then recent
migrants in places with steeper profiles should have similar returns to native workers.

Moreover, if recent migrants do have flatter experience-wage profiles in high wage growth
places and this reflects differences in learning opportunities across locations, then migrants
from high to low growth places should have relatively steep profiles in such locations, or at
least the difference in wage growth with respect to native workers should be smaller than the
difference between migrants and native workers in high growth places. This is because recent
migrants in low growth places coming from locations with higher wage growth would have
accumulated some of their human capital in places with larger scope for learning.

To do this comparison, I first classify states with high wage growth as those whose average
profile height is in the upper quartile of the profile height distribution across states in each
country. Second, workers are defined as recent migrants if they moved from a state classified

as low wage growth to a state with high wage growth within the last 5 years, while native



Table 1: Internal Migrants and Life Cycle Wage Growth
Average Height of Experience-Wage Profiles

Low Growth States High Growth States
Country New Migrants Stayers New Migrants Stayers
Brazil 76.1 77.0 54.5 97.9
Mexico 51.2 441 441 55.2
United States 86.3 85.3 79.3 98.4

Notes: States are classified as high growth places if they are in the upper quartile of the profile height distribution across states
in each country. New migrants are workers who moved between low and high growth states within the last five years, and stayers
are workers who live in a high (low) growth state and were born in a high (low) growth state. For each group of states and type of
worker, I estimate experience-wage profiles and compute the average wage gain of workers with more than five years of potential
experience relative to workers with less than 5 years in percentage terms.

workers or stayers are those who were born and are still living in a state classified as high
wage growth. To be clear, the idea in this exercise is that a migrant with 30 years of potential
experience who migrated within the last five years would have accumulated at least 25 years of
experience in his place of origin. Then, I estimate equation 1 for stayers and recent migrants
who live in high growth places and compute the average height of the experience-wage profile.
This means the comparison is done within types of workers, so I am estimating the average
wage of recent migrants with five or more years of experience relative to the average wage
of recent migrants with less than five years, and the same is true for stayers. An equivalent
exercise is done for workers in low growth places.

Table 1 presents the results of the estimation. These evidence is consistent with the
hypothesis that places with flatter profiles offer fewer learning opportunities to workers over
the life cycle. Recent migrants from low to high growth places have significantly flatter profiles
than stayers in those locations. The difference is especially large for the case of Brazil, where
the average height for native workers is 43 percentage points higher, but in both Mexico and
the United States the gap in average height is considerable. In contrast, recent migrants from
high to low growth places seem to have relatively high returns to experience relative to stayers
in those places. In fact, for Mexico and the United States, recent migrants have a steeper

profile than native workers in low growth places. In the case of Brazil, recent migrants in



Figure 3: Education years of new migrants and stayers
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Notes: This figure presents average education years for recent migrants and stayers in each region. States are classified as high
growth places if they are in the upper quartile of the profile height distribution across states in each country. New migrants are
workers who moved between low and high growth states within the last five years, and stayers are workers who live in a high (low)
growth state and were born in a high (low) growth state.

such locations do not have a higher average profile height than stayers but the gap is much
smaller than the one observed in the opposite direction. These results also show that recent
migrants from high to low wage growth places have steeper profiles than migrants in the
opposite direction in every country. Moreover, stayers in high growth places have the steepest
experience-wage profile which also supports the idea that those locations offer more scope for
lifetime learning.

A possible concern with the previous results is that selection might be playing a role. For
instance, recent migrants from high growth places could have a higher learning ability than
recent migrants from low growth places. To evaluate this possibility based on the idea that
learning ability and schooling are positively correlated, Figure 3 compares average education
years of stayers and recent migrants by region in each country. In Mexico and the United
States, migrants are positively selected in both regions and differences are not large in most
cases. Recent migrants in low growth places of Mexico do have a high education compared to
other categories; however, note that in Table 1 those migrants have flatter profiles than workers
who stay in high growth places despite the difference in education years. Furthermore, the fact
that recent migrants from low growth places are positively selected on education in Mexico and
the United States provides support for the idea that location characteristics matter for human

capital accumulation. In the case of Brazil, recent migrants in high growth places are negatively
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Figure 4: Education years of new migrants by years of potential experience
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Notes: This figure presents average education years for recent migrants by years of potential experience (more or less than 15
years). States are classified as high growth places if they are in the upper quartile of the profile height distribution across states
in each country. New migrants are workers who moved between low and high growth states within the last five years.

selected on education which could partially explain the large difference in measured returns to
experience. Below, I explore further the importance of education for spatial differences in life
cycle wage growth.

Another related concern with the results in Table 1 is that selection on ability might
depend on experience. For instance, experience-wage profiles of recent migrants from low
growth regions might be flatter because workers who move earlier in life are positively selected
relative to those who move later in life and the strength of such selection is stronger than
for migrants in the opposite direction. To explore this possibility, Figure 4 compares average
education years for migrants with different potential experience (more or less than 15 years).
In every country and region workers with less experience have more education though the
differences are small in most cases. The two exceptions are low growth regions in Brazil and
Mexico where the difference in education years is moderately large. Note that if the latter
reflects selection on ability related to experience, this could partially explain the difference
in profile steepness with respect to stayers in high growth regions but not the difference with
respect to recent migrants in those places. Overall, the comparison of education across migrants
and stayers does not provide definitive evidence that selection is the main driver of differences
in measured returns to experience in Table 1, though it could be playing a role especially in
the case of Brazil. The model presented below attempts to separate the individual and local

component that determine the return to experience in a location.
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I now exploit the data to explore different hypothesis for the spatial covariance between
income per capita and life cycle wage growth. It is crucial to look at evidence that helps
distinguish the importance of different potential explanations, since this will determine the
relevance of policies related to encouraging internal migration. For example, one possible
explanation for the findings presented above is that poor states tend to have less educated
workers and experience-wage profiles are flatter for this group of workers. The latter has been
documented for different countries (see Lemieux, 2006; Lagakos et al., 2018b). If most of
the variation in life cycle wage growth across states is due to differences in the distribution
of educational attainment, then the possibility to migrate during the working lifetime is less
important, as well as other location characteristics, and policies should focus on closing the gaps
in educational attainment across states. Therefore, I carry out multiple accounting exercises
to explore the importance of three factors - education, occupation, and industry - for the
covariance of income and experience-wage growth across space in each country.

To quantify the importance of differences in the distribution of educational attainment, I
do the following exercise. First, I categorize workers by years of schooling: 0-6 (some or all
primary school); 7-12 (some or all secondary school); and 13 or more (college and graduate
school). Second, for each state and education group in a country, I estimate experience-wage
profiles based on equation 1 and compute the average profile height. Next, for each state in
a country, I compute a counterfactual profile using the average height of the actual profile by
education group and weighting these averages with the distribution of education categories in
states that are in the upper quartile of the profile height distribution. In other words, the
counterfactual profile uses the actual wage growth of each education group in a state and
assumes that the distribution of educational attainment is the same as in the states with
steepest profiles. In the extreme case where all the variation in life cycle wage growth across
states comes from differences in the distribution of educational attainment, there would not
be any spatial dispersion in counterfactual profiles.

To complete the exercise, I run a linear regression of average profile height on log income

per capita for the actual and counterfactual profiles, and compare the slope across cases. A

12



Table 2: Accounting for Spatial Variation in Life Cycle Wage Growth

Covariance with income per capita

Counterfactual
Country Actual Education Occupations Industries
Brazil 17.9 11.2 9.8 11.0
Mexico 9.1 4.5 5.3 3.6
United States  17.7 16.1 11.0 17.2

Notes: This table presents the slope of a regression of profile height on log gdp per capita. This is done at the state level for actual
and counterfactual experience-wage profiles. The latter are estimated assuming: (i) that every state has the same distribution
of educational attainment; (ii) the same distribution of workers across occupation categories; and (iii) the same distribution of
workers across industries. These profiles are estimated for every state controlling for education, state of birth, and time effects in
every case.

smaller coefficient in the counterfactual case means that education is quantitatively important
since the covariance with income has decreased. The second column in Table 2 shows the actual
slope and the third column the counterfactual slope based on educational attainment. These
results imply that education accounts for a small share of the covariance between income and
life cycle wage growth in the United States since both slopes are similar. In contrast, education
can account for a much larger share of the covariance in both developing countries, especially in
Mexico where the counterfactual slope is half of the actual slope. Thus, this evidence suggests
that differences in the distribution of educational attainment are important for the relationship
between regional development and experience-wage growth in developing countries but not in
the United States. One explanation for the latter is that U.S. states are more homogeneous in
terms of educational attainment, so the variation in life cycle wage growth must be explained
by other variables.*

Next, I do a similar accounting exercise to measure the importance of differences in the

types of occupations that predominate in each state for the covariance between income and

4These accounting results may underestimate the importance of education in explaining the variation in
experience wage profiles if years of schooling do not capture the full effects of education on human capital
accumulation. It could be the case that there are substantial differences in education quality between rich
and poor states, which could account for a large portion of the variation in life cycle wage growth. That said,
differences in education quality are probably smaller among states within countries than between rich and poor
countries.
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experience-wage growth. In this case, I define three occupation categories based on the type of
skills they require: high cognitive skills, medium cognitive skills, and manual skills. The basic
idea is that cognitive occupations have a larger scope for learning than manual occupations,
thus, workers in states where cognitive occupations predominate have higher human capital
accumulation over the life cycle. In practice, I use the following classification based on
the International Standard Classification of Occupations (ISCO). High cognitive occupations
include legislators and managers, professionals, and technicians and associate professionals;
medium cognitive occupations are clerks, service workers, occupations in shop or market sales,
and crafts and trade workers; and manual occupations include agricultural workers, plant or
machine operators and assemblers, and elementary occupations.

Then, using these groups of occupations, I estimate counterfactual experience-wage profiles
assuming that every state has the same distribution of workers across occupations as states
that are in the upper quartile of profile height distribution. Similar to the case of education, if
all the variation in life cycle wage growth across states was due to the fact that high cognitive
occupations predominate in states with steeper profiles, then there should not be any variation
in the counterfactual profiles in which the distribution of occupations is the same for every
state.

The fourth column in Table 2 shows that occupations can account for a large share of the
covariance between income and life cycle wage growth across states in every country. That
is, the counterfactual slope is considerably smaller than the actual slope in every case. These
results imply that differences in the distribution of occupations across states are quantitatively
important for the spatial variation in experience-wage profiles. Additionally, the last column
in Table 2 presents a similar accounting exercise using industries instead of occupations. For
this, I consider four types of industries: agriculture, manufacturing, and services (low-skilled
and high-skilled).® According to these results , differences in industry mix can also account

for a substantial amount of the covariance between income and life cycle wage growth in both

°T use the industry classification of IPUMS-International. Manufacturing includes mining and extraction,
construction, and electricity, gas, water and waste management. Low-skilled services include wholesale and
retail trade, hotels and restaurants, transport, storage and communication, and private household services.
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Table 3: Accounting for Spatial Variation in Life Cycle Wage Growth

Covariance with income per capita: workers with less than 12 years of education

Counterfactual
Country Actual Occupations Industries
Brazil 17.5 12.9 10.6
Mexico 9.8 6.0 3.0

Notes: This table presents the slope of a regression of profile height on log gdp per capita. This is done at the state level for actual
and counterfactual experience-wage profiles. The latter are estimated assuming: (i) that every state has the same distribution
of educational attainment; (ii) the same distribution of workers across occupation categories; and (iii) the same distribution of
workers across industries. These profiles are estimated for every state controlling for education, state of birth, and time effects in
every case.

developing countries, but not in the United States where the counterfactual slope does not
change much.

Now, the previous results imply that both education and the local mix of economic activity
matter for the covariance of income and life cycle wage growth across states in both developing
countries. To highlight the quantitative importance of local economic activity in Mexico and
Brazil, I do a similar accounting exercise to the ones described above but restricting the
sample to workers with less than 12 years of education. This group of workers has the flattest
experience-wage profile in every country and accounts for approximately 70% of the workforce
in Brazil and Mexico in the data. The results in Table 3 imply that the local mix of economic
activity is important for the spatial covariance between income per capita and life cycle wage
growth, independently from education. In the case where differences in educational attainment
are driving most of the importance of occupation and industry, there should not be a large
change in the covariance between income and experience-wage growth based on counterfactual
profiles from workers with similar education but this is far from being the case.

Lastly, recent work has shown that big cities are a important factor in terms of spatial
variation in life-cycle wage growth (De la Roca and Puga, 2016; Martellini, 2019). In this
case, the correlation between urban population share and average height of experience-wage

profile among states is equal to 0.22 in Mexico, 0.43 in the United states, and 0.65 in Brazil.
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Thus, the data in this paper are consistent with the notion that urbanization has a positive
relationship with human capital accumulation over the life cycle.

To summarize, the evidence presented in this section suggests that there are significant
differences in the scope for lifetime learning across space within countries. This implies that
migration possibilities from places with low learning to places with high learning might be
key for human capital accumulation, especially for young workers, and this is particularly
important in developing countries where barriers to internal migration might be larger. To
explore this idea, the next section documents differences in migration flows across the three
countries considered. Lastly, it is worth mentioning that none of the results in this section are
considered causal relationships since, for example, unobserved individual characteristics might
explain some these patterns; however, they are suggestive that there is substantial variation

in learning environment across space.

2.3 Internal Migration

This section presents migration facts for the three countries considered. There are two simple
measures of internal migration that can be constructed with the available data and compared
across countries. One could be considered a long run interstate migration rate and is the share
of workers who are no longer living in their state of birth. The second is a short run interstate
migration rate and is the share of workers who have moved across states within the last five
years. I calculate these two statistics for each country based on the same sample of workers
that was used in the previous section.”

The estimates presented in Table 4 show that 37 percent of U.S. workers have moved
from their state of birth compared to 26 and 20 percent of workers in Mexico and Brazil,

respectively. Furthermore, the share of workers who have moved to a different state within

the last five years is more than two times larger in the United States (11 percent) than in

5The relatively low correlation in Mexico is particularly influenced by one state with moderate urbanization
and a steep profile (state of Tabasco). If this state is omitted, the correlation is equal to 0.39.

"For the United States, data on interstate migration within the last five years is only available for the years
1990 and 2000. Patterns of internal migration in the United States have been studied in detail by Molloy et al.
(2011) and Kaplan and Schulhofer-Wohl (2017).
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Table 4: Migration Rates (percentage of population)

Interstate Interregional
Country Long Run Short Run Long Run Short Run
Brazil 19.9 4.0 13.9 2.8
Mexico 25.8 5.7 14.3 3.1
United States 36.6 10.8 25.8 7.3

Notes: Long run migration refers to workers who are no longer living in their state of birth and short run migration to workers
who moved across states within the last five years. For regional rates, states are grouped using the classification by the BEA
(U.S., 8 regions), IGBE (Brazil, 5 regions) and CONABIO (Mexico, 8 regions). These results are based on the whole sample of
male workers in the private sector with 0 to 40 years of experience. I follow the geographical division of IPUMS-International for
every country.

both developing countries (6 percent in Mexico and 4 percent in Brazil). These facts support
the notion that the United States is a benchmark of high labor mobility across space, while
workers in developing countries face higher barriers to migration. This also means that workers
in developing countries who are born in a state with less scope for lifetime learning might face
higher migration barriers than U.S. workers in a similar situation.

I now present an additional measure of internal migration. It aims to address the possibility
that most of the relatively high migration in the United States is due to its geopolitical division,
so workers move between states that are close to each other in a narrow geographical region.
To evaluate this, I calculate long and short run migration rates across regions in each country
based on regional divisions established by a government or public agency.® The third and
fourth columns of Table 4 present the interregional migration rates, which show that taking
into account broader geographical units does not change the qualitative findings. That is, the
share of U.S. workers that have moved from their region of birth is more than 10 percentage
points higher than in Mexico and Brazil, and the share of U.S. workers who have moved
between regions in the last five years is more than two times larger than in both developing
countries.

To sum up, in each of the three analyzed countries there is substantial variation in the

8T use the eight regions used by the Bureau of Economic Analysis (BEA) in the U.S.; the five regions used
by the Brazilian Institute of Geography and Statistics (IBGE); and the eight economic regions used by the
Comisién Nacional para el Conocimiento y Uso de la Biodiversidad(CONABIO) in Mexico.
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steepness of experience-wage profiles across space, and in every country richer states tend to
have steeper profiles. To account for the latter, variation in the distribution of educational
attainment and industry mix seems to matter in Brazil and Mexico, but not so much in the
United States. In contrast, variation in the distribution of workers across occupations accounts
for a relatively large share of the covariance between income and experience-wage growth in
every case. These findings support the idea that labor markets in some states offer a larger
scope for lifetime learning than others. The latter implies that migration possibilities might be
key to accumulate human capital through working experience and barriers to leave places with
fewer learning opportunities can play an important role in explaining productivity differences
across countries.

The next section presents a general equilibrium model with internal migration and human
capital accumulation. The main goal of the model is to quantify the aggregate productivity
gains from reducing barriers to labor mobility in each country, particularly between places
with different wage growth over the life cycle, and measure the importance of local learning
environment for migration gains. The model considers multiple determinants of labor mobility,
differences in human capital accumulation across places, and general equilibrium effects of
increasing internal migration. The model also provides a structural interpretation to the
apparent differences in returns to experience across space, taking into account different sources

of individual heterogeneity.

3 Model

The setting in the model is as follows. There are two regions in the economy indexed by
j € {L, H}. These regions are potentially different in the learning environment they offer to
workers over the life cycle. Workers are born in one region and have the option to move at
some point of their lifetime. Therefore, from the worker point of view, regions represent an
origin o and a destination d. Time is discrete, a unit mass of workers is born every period in

the economy, and I focus on the steady state.
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3.1 Workers

Workers are indexed by ¢, have linear preferences over a final consumption good and discount
the future with factor 8. Moreover, workers differ in their learning ability in each location a;;s,
which also depends on a given level of individual education s. The idiosyncratic learning ability
can be interpreted as comparative advantage to perform and learn in the economic activities
that predominate in each location. Additionally, each worker is endowed with one unit of time
that he supplies inelastically in the local labor market and workers are not allowed to borrow

or lend. Then, each worker lives for T periods and maximizes expected lifetime utility:

T
max FE Z ﬁtil (,Uj Wijt — Tz’,tI[mi,t:d]) (2)
{mi,t}zzl t=1
subject to
wijs =wjhie, Vtand je {o,d}, (3)
{d, o}, if m,=o0,Vr<t,
miq S
{0}, otherwise ,
hitir = hip + aizsLih . VE>1 and j € {o,d}, (4)

where w;;; are labor earnings in life period ¢, which are a function of the wage rate per efficiency
unit w; and worker’s human capital h; ;. Note that labor income is used by every worker to buy
the final consumption good so that ¢;j; = w;j;. Furthermore, u; are exogenous amenities in
region j which are broadly defined and govern compensating wage differentials across places;
m; ¢ is the migration decision by worker ¢ in period ¢ (workers start in their origin); 7;, are
migration costs in utility units and Zp is an indicator function of the set P that takes the
value of one when the worker decides to migrate from his place of origin. Migration costs are
given by 7,; = T — ¥b;4, so they include a common element that is time-invariant plus an
idiosyncratic shock experienced by each worker.

According to equation (4), human capital is accumulated over time through learning by
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doing.? That is, workers increase their level of human capital with working experience and
their rate of learning depends on individual ability a,j; and endogenous local environment
given by £L; = %-H]j , where H; is total human capital in region j, which a worker takes as
given, and ; is parameter that governs the strength of local human capital spillovers in life
cycle wage growth. This parameter captures differences in occupation or industry mix, as well
as other factors that might increase learning possibilities in a particular region such as the
existence of big cities. Parameter a governs the decline of learning opportunities over the life
cycle. Therefore, this specification is based on the idea that workers who are close to the end
of their working life have less potential or room for learning. Moreover, the production of
human capital allows for the possibility that workers with higher learning ability have steeper
experience-wage profiles, so selection can be an important determinant of spatial differences
in life cycle wage growth. Initial human capital h; is normalized to one for every individual.
In this model, a worker would like to migrate as soon as possible if the potential destination
gives him a higher stream of lifetime utility, that is, if he has a comparative advantage in his
potential destination. The individual shock b;; captures the fact that workers face random
shocks that make migration more or less costly over time. This shock is observed by the worker
at the begging of every period before making a migration decision. Then, the problem of each
worker can be summarized as follows. A worker is born in one of the two regions and can
choose to move at any point in time if his potential destination offers higher lifetime utility net
of migration costs. Then, if a worker chooses to migrate, the decision is irreversible and they
incur migration costs in the period they move.'® Lastly, after workers make their migration

choice, production and consumption take place.

9For other examples of human capital models based on learning by doing see Imai and Keane (2004),
Gemici and Wiswall (2014), Fan et al. (2015), and Blandin (2018).

10Tn this model, the simplification of allowing just one move is not restrictive given that workers who move
to a place with higher lifetime income do not have incentives to leave. This would be different in a model with
location-specific shocks over the life cycle. Kennan and Walker (2011) document that the average numbers of
moves in a lifetime are lower that two in the United States, and the majority of second moves are returns to
home (thus, less likely to be based on comparative advantage or job opportunities). Bryan and Morten (2018)
provide similar evidence for Indonesia.
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3.2 Production

The final consumption good in the economy is produced according to

P
p—1

, (5)

—1

> (4,2,) "

JE{L,H}

where Z; is the demand for efficiency units from region j; A; is a productivity parameter in
each region j; and p € [0, 00) is the elasticity of substitution across goods produced in different
regions. The final good producer must pay the wage per efficiency unit w; to each worker and

maximizes profits every period solving

Zjvje{LvH}

max Y — ijZj, (6)
J

where the final consumption good has been used as the numeraire. Note that this problem
is equivalent to regions producing differentiated intermediate goods using a linear technology,

A;Z;, which are then supplied to the final producer in the economy.

3.3 Equilibrium Analysis

In equilibrium, the final good market has to clear in each period as well as the local labor
market. The latter means that regional demand for efficiency units has to be equal to total

supply, that is,

Z= [ miF=m, je(Ln),
SV

J

where (2; is the set of individuals who choose to live in region j and F; is a cumulative
probability function of individual characteristics. The parametrization of the latter is described

in the next section. For p > 0, local wages decrease with labor demand which tends to limit
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the concentration of population in one place.

As stated above, workers in the model migrate if they have a comparative advantage in
their potential destination or if a random shock leads them to leave their place of origin. Then,
because comparative advantage is based on learning ability, one feature of the equilibrium is
that movers are positively selected on human capital. This means that a potential gain from
relaxing migration costs in the model economy is that workers who are “misallocated” can move
to places where they can learn more based on their individual talents for economic activities in
such locations. This is a dynamic version of the static comparative advantage that is common
in the literature. The existence of idiosyncratic shocks weakens the strength of selection by
introducing randomness in the workers who move, but it is still the case that conditional on
having a comparative advantage in the potential destination (a;qs > a;0s), workers with higher
learning ability are more likely to move. This is important given the concern that spatial
differences in experience-wage profiles are driven by unobserved learning ability.

Moreover, to see how individual ability and £; determine the measured return to experience
in each region, assume that « is equal to -1 so that h; 41 = h; (1 + a;j5L;). This assumption
would imply that the rate of learning is constant over the life cycle, but it is helpful to highlight
the interaction between selection on ability and the true return to experience. That said, taking
log approximations, in such case we can define the change in log earnings from ¢ — 1 to t for a
given worker in region j as Alog(w;j:) = a;;sL,;. Then, the average one-period wage gain for

workers in a particular region is given by

Alog(wij,t) = ﬁjE[CLZ’osli € Qj], VRS {L, H} and Vi. (8)

Therefore, the measured return to experience in one region can be high if individuals who live
there have a high learning ability or if the true return to experience captured by £; is high.

Furthermore, based on the same assumptions, the difference in average wage across regions for
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workers with ¢ years of experience who have not migrated is

log(wip ) — log(w;r:) =log(wy) — log(wy,)+ -
(t—l) [*CHE[asz] _ELE[aiLs] s Z :mmzo,VxSt.

This expression emphasizes that the potential gains from inducing migration to high learning
places include a static gain and a human capital accumulation gain, and the latter is a function
of a comparative advantage effect from learning ability and the local learning environment. If
dynamic gains due to differences in £; are large, then there is more potential for policy-induced
migration gains. In the quantitative section, I decompose the productivity gains coming from

each of these factors when workers are induced to migrate from the low learning region.

4 Estimation

This section describes how I take the model to the data. First, I present the parametrization
of the model. Then, I calibrate it using a simulated method of moments. I assume that
the number of life periods in the model T is equal to eight and each period represents five
years of potential experience. Furthermore, region H in the model represents states with high
wage growth in the data, similar to the empirical results presented in Table 1. That is, for
each country, I classify states with high wage growth as those with an average height of the
experience-wage profile in the upper quartile of the profile height distribution across states,
while the rest of the states are classified as low wage growth. There are two parameters that I
set outside of the model: the discount factor (3 is set equal to 0.81 based on a five year period
and the elasticity of substitution across regions p is set equal to 6. This is a moderately lower
value than the one used for models with disaggregated locations (see Allen and Arkolakis,
2014; Bryan and Morten, 2018).

Additionally, I set initial population shares in the model equal to the shares of workers born
in each region in the data. The latter results in the following initial population share for region

H in each country: 0.47 in the U.S.; 0.42 in Brazil, and 0.36 in Mexico. Thus, according to
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the classification based on profile heights, states with low wage growth concentrate a relatively

large amount of population in Mexico in comparison to the other two countries.

4.1 Parametrization

This section describes the parametrization of the model. First, location-specific individual
learning ability is defined as a;;s = ¢s€;; where ¢, is a scale factor for education category
s € {led, hed} and €;; represents an unobserved component of learning ability that is location
specific. Each worker belongs to either of two schooling categories: (i) no high school completed
or less than 12 schooling years (led), or (ii) at least high school completed (hed). The initial
shares of workers in these categories is set by region of origin based on the data sample in each
country. Thus, the calibration of the model takes into account differences in the distribution of
educational attainment across regions. Furthermore, I assume ¢;; is independent and identically
distributed across individuals and regions, and follow the human capital literature by assuming
that it is distributed according to a log-normal distribution so that log(e)~N(0, o), where o
governs the variation in learning ability. In addition, the idiosyncratic component of migration
costs b;; is independently and identically distributed across individuals and over time, and I
assume that b ~ Logistic(0,1). This type of distribution is commonly used in frameworks of
location choice. Then, since migration costs are given by 7;;, = T — 1b; ;, parameters 7 and

are used to target migration moments as explained below.

4.2 Method of Moments

This section presents the calibration of the model using a simulated method of moments. To
be specific, I use model-simulated data to compute the value of relevant moments and match
them with their actual data counterparts. I normalize productivity Ay and compensating
differential pg to one, so that the model matches relative wages and migration flows across
regions. I also normalize the ability scale factor for workers with less than 12 years of education
®req to one and match the difference in experience-wage profiles between education categories.

Then, there are nine parameters that need to be estimated: Ay, 7, pur, v, 0,7, @, Pred, for
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j € {L,H}. To do this, I target the following set of moments: the ratio of average wage in
region L (low growth) to average wage in region H (high growth); difference in variance of
log hourly wages between workers with 25-30 years of potential experience and those with less
than five years; average height of the experience-wage profile in each region; average wage of
a worker with 10-15 years of potential experience relative to a worker with less than five years
of experience; height difference of the experience-wage profile between education categories;
the short-run migration rate in the economy; difference in migration rate between young and
older workers; and the population share in region L.

The internal calibration involves nine parameters and moments, and the identification can
be explained as follows. First, productivity parameter Ay, compensating wage differential yp,
and common migration costs T govern the average wage gap across regions as well as the flow
of migrants between each origin and destination. That is, a low value of A, tends to decrease
wages in region L relative to region H, so then puy must adjust to keep the right amount of
people across regions. On the other hand, a higher value of 7 decreases the flow of migrants in
both directions given the distribution of idiosyncratic shocks. To be more specific, I use 7 to
target the share of workers in the economy who migrated across regions within the last 5 years
in the data (one model period). Additionally, a low value of 1) means that idiosyncratic shocks
are less important and most migration happens early in life based on comparative advantage.
Thus, the value of 1 governs how steep is the life cycle profile of migration rates.

To obtain the value of moments related to experience-wage profiles, I estimate a similar

specification by region in both the model and data,'!

log(w;) = a+ Y B.Df + v, + &, (10)

zeX

where w; is the hourly wage of worker 7, D is a dummy that takes the value of one if a

U The specification in the data includes year and state of birth dummy variables. Also, in the data, I control
for education years to be consistent with the profiles estimated in the empirical section; otherwise, the shape
of the profiles can change considerably because older workers with low education tend to have relatively low
wages, which pushes down the average wage of workers with more than 30 years of potential experience. That
is because I assume individuals start working when they turn 16 or when they finish school, whichever comes
last, so relatively old workers with low education show up as workers with high potential experience.
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Table 5: Calibration by Method of Moments

Parameter Value Description Moment
US  Mexico Brazil

Ap 0.95 0.84 0.75  Labor productivity Avg. wage of region L relative to region H
wr 1.23 1.48 1.25  Compensating differentials Population share in region L
T 2.84 4.43 6.51  Migration costs Short run migration rate in the economy
P 1.62 1.76 2.02  Variance of idiosyncratic shocks Diff. in migration rate btw peak and early life
o 1.18 1.87 1.57  Variance of learning ability Diff. in wage variance btw peak and early life
Ohed 1.30 1.80 1.27  Learning ability with high education Diff. in wage growth across educaton groups
@ 1.92 1.29 1.03  Human capital production curvature Wage growth in beggining of working life
YL 0.151  0.043 0.108 Learning envrionment spillovers Wage growth during working life
VH 0.190 0.059  0.147

Notes: This table presents the calibrated values of each parameter based on a simulated method of moments done for each country
independently. The short run migration rate refers to worker who have moved within the last five years. Region H in the model
represents the states with the steepest experience-wage profiles. See text for details.

worker is in experience group x € X = {5 — 9,10 — 14, ...}, and 1), is dummy for region of
origin. The same specification is estimated for each region and education category. Thus, the
calibration is equivalent to an indirect inference approach of matching values and statistics of
Bz in the model and the data. Parameter 7, governs the learning rate through experience in
each region by determining the strength of human capital spillovers in life cycle wage growth
and, therefore, is related to the profile steepness in each place. Furthermore, parameter «
governs the curvature of human capital production, so that high values tend to put most of
the wage growth in the beginning of the life cycle and flatten the profile later in life. Parameter
Onea governs the mean learning ability of workers with high level of schooling, and thus the
difference in profile height between education groups. Lastly, distribution parameter o governs
the variation of hourly wages over the life cycle because a higher variation of learning ability
increases the variance of wages for workers with more experience.

The calibrated value of each parameter is presented in Table 5. These results show that
compensating differentials must be somewhat higher in region L to match the right flow of

migrants across regions. This could represent, for example, the fact that richer regions tend
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Table 6: Method of Moments: Model Fit

Brazil Mexico Us
Moment Model Data Model Data Model Data
Avg. wage of region L relative to region H 0.70 0.70 0.76 0.76 0.89 0.89
Diff. in wage variance btw peak and early life 0.33 0.33 0.26 0.26 0.15 0.14
Short run migration rate in economy (%) 213 214 330 3.29 530  5.29
Diff. in migration rate btw peak and early life 1.27 1.30 1.20 1.21 3.87 3.86
Population share in region L 0.46 0.46 0.35 0.35 0.43 0.43
Wage growth during working life in region L 1.78 1.78 1.46 1.46 1.89 1.89
Wage growth during working life in region H 1.96 1.96 1.54 1.54 2.01 2.01
Wage growth in beggining of working life 1.61 1.61 1.36 1.37 1.72 1.73
Diff. in profile height btw high and low education 0.14 0.14 0.19 0.19 0.13 0.13

Notes: This table presents the results of a simulated method of moments done for each country independently. Region H in the
model represents the states with the steepest experience-wage profiles. The short run migration rate refers to worker who have
moved within the last five years. Peak of the working life refers to workers with 25-30 years of potential experience. The difference
in experience-wage profile height between education groups is based on average profile height.

to have higher costs of living. Furthermore, the results show that migration costs 7 are higher
in both developing countries than in the United States. In fact, as a share of average lifetime
income, trade costs are equal to 16 percent in the United States, compared to 32 percent in
Mexico and 38 percent in Brazil.'> Note that the ranking of migration costs implied by the
calibration is consistent with the ranking of internal migration shares presented in Section 2.3;
that is, the United States has the lowest migration costs and highest migration rates, whereas
Brazil has the highest migration costs and lowest migration rates.

The calibration results also imply that there are considerable regional differences in the
strength of learning spillovers in each country (the rate of human capital accumulation is
governed by 7;). Thus, once variation in individual learning ability is taken into account
to match experience-wage profiles in the model and data, it is the case that returns to
experience captured by the endogenous learning rate are higher in regions with steeper profiles.

Furthermore, the calibration results imply that the learning premium for workers with high

12The magnitudes of the permanent migration costs are similar to the ones estimated by Bryan and Morten
(2018). Heise and Porzio (2019) find smaller migration costs in a model with home-bias preference and labor
market frictions within regions.
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Figure 5: Model Fit: Experience-Wage Profiles by Region
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Notes: This figure compares experience-wage profiles in the actual data and model-simulated data by country and type of region.
High growth region refers to states that are in the upper quartile of the profile height distribution within each country, while low
growth region includes the remaining states.

education ¢y, is substantial among the countries considered and must be particularly large in
Mexico to match the difference in profile height between education groups.

Table 6 presents the fit of the model based on the simulated method of moments. The
model does very well in matching the targeted moments. It is worth highlighting that Brazil is
the country with the largest wage gap between regions, the most variation in hourly wages over
the life cycle, and the lowest migration rate. Moreover, the height difference of experience-

wage profiles between education groups is especially large in Mexico, so the composition of
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Figure 6: Model Fit: Short Run Migration Shares by Experience
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Notes: This figure compares short run migration shares across regions by amount of experience in the actual data and
model-simulated data.

educational attainment is potentially more important in this country for the regions considered.

Furthermore, Figure 5 shows that the model does remarkably well in fitting the experience-
wage profile by type of region in each country. Note that only three profile moments were
targeted for each country in the calibration and the model is able to match the different
profiles to a substantial extent. Lastly, Figure 6 compares the share of workers who migrated
within the last five years by amount of potential experience. The model matches well the fact
that migration declines with experience. That is because workers would like to move as soon
as possible to their potential destination if that place gives them a higher lifetime income,
while older workers might not find it optimal to incur migration costs even if they receive a

positive shock in their potential destination.

4.3 Model Validation

Next, I validate the model by comparing non-targeted facts in the model and data. First,
Figure 7 presents the average wage of migrants (those who left their place of origin at some
point in time) relative to stayers in the model and data. The model is consistent with the

fact that migrants have higher average wages in every country and the magnitude of relative
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Figure 7: Model Validation:
Average wage of migrants relative to stayers
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Notes: This figure compares the average wage of migrants and stayers in the data and model for each country.

Table 7: Model validation:

Difference in returns to experience between recent migrants and stayers

Low Growth Region High Growth Region

Country Model Data Model Data
Brazil -8.90 -0.93 -23.70 -43.36
Mexico 8.31 7.06 -25.56 -11.14
United States 6.53 1.01 -29.43 -19.12

Notes: This table presents the difference in average height of experience-wage profile between recent migrants and stayers in each
region. See text for details.

wages is fairly close to the data counterparts. The model can replicate this because migrants
are positively selected in terms of learning ability.

Next, I compare the average height of experience-wage profiles of recent migrants and
stayers in each region. This was an important piece of evidence presented in Section 2.2 to
argue that migrants bring with them some of the knowledge they acquired in their place of
origin. Thus, to evaluate the model in this dimension, I calculate the difference in average
profile height between type of workers within each region. Table 7 shows that the model
matches quite well the differences in the data. That is, recent migrants in the high growth

region have a considerable flatter profile than stayers in that place, whereas recent migrants in
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the low growth region have a moderately steeper profile than stayers in that region. Moreover,
the model matches the fact that recent migrants in low growth places of Brazil have a flatter
profile than stayers in that place, but the difference is much smaller than in the other region.

To summarize, the calibrated model matches relevant moments of the data related to life
cycle wage growth across space and internal migration in each country, and is consistent with
other important non-targeted moments of migrations patterns and experience-wage profiles

between migrants and stayers.

5 Quantitative Experiments

This section presents counterfactual experiments using the calibrated model. The goal is
to quantify the gains in productivity, measured as total output per worker, from increasing
labor mobility in a setting that allows for different human capital accumulation across space
and measure the importance of local learning environment for such gains. First, I focus on
quantifying the gains of inducing higher migration to region H, which is the place with higher
income and more learning possibilities in every country. In the model, this first experiment
is done by setting the common and permanent component of migration costs 7 equal to zero
for individuals born in region L, keeping barriers constant in the opposite direction. Reducing
migration costs in a particular group of states could be done through targeted policies such as
migration subsidies, transport infrastructure projects, or training programs.

The results presented in the second column of Table 8 show that labor productivity increases
by 2.7 percent in the United States, 6.8 percent in Mexico, and 8.7 percent in Brazil. Thus,
there are moderate but important gains in labor productivity from encouraging migration
to the richer region with more scope for lifetime learning. It is worth highlighting that
productivity gains are larger in both developing countries where migrations costs are higher,
but even in the United States there are gains from increasing labor mobility to high learning
places. These results are informative about the importance of migration costs for internal

mobility and labor productivity in a dynamic setting; however, from a policy perspective it is
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Table 8: Inducing migration to high learning region

Percentage change in labor productivity

Country No migration costs Matching US migration rate
Brazil 8.67 6.98

Mexico 6.78 4.01

US 2.74 -

Notes: This table presents the results of counterfactual experiments relative to the baseline economy. In this case, the common
component of migration costs T is set equal to zero only for workers who were born in region L, while keeping them constant in
the opposite direction.

not realistic to think about zero migration costs.

Therefore, in a second experiment, I take the United States as a high mobility benchmark
and reduce 7 in low learning regions of Mexico and Brazil to match the share of workers who
have left their place of origin within the last five years (one period in the model) in the United
States. In other words, I generate the same short run migration rate of the U.S. economy
in Brazil and Mexico by reducing migration costs for workers born in low learning places.
Then, this experiment represents a more realistic goal for targeted migration policies in both
developing countries. In this case I also keep migration costs unchanged for individuals born
in region H. The third column of Table 8 shows that labor productivity increases by 7.0 and
4.0 percent in Brazil and Mexico, respectively. These results are more conservative than the
previous experiment, but represent meaningful productivity gains taking into account that
selection plays an important role in these results; that is, new migrants in region H tend to
have a lower learning ability in that place than workers who migrated before the policy change.

Now, one crucial question that arises from the previous results is how much of the labor
productivity gain is due to human capital accumulation and how much is coming from static
gains. To decompose these two contributions, I calculate an alternative value of total output
in the counterfactual economy that takes the counterfactual location for each individual but
fixes the human capital profiles to their value in the baseline economy. Then, I aggregate these

alternative labor supplies using the production function in equation (5) and calculate output
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Table 9: Inducing migration to high learning region

Decomposition of labor productivity gain (percentage)

Country All human capital Location learning environment
Brazil 68.1 324
Mexico 69.2 26.6
Us 84.1 34.4

Notes: This table presents the decomposition of productivity gain from increasing migration to the high learning region in each
country. The latter is done by setting the common component of migration costs 7 equal to zero only for workers who were born
in region L, while keeping them constant in the opposite direction. The decomposition in the second column is based on fixing
the human capital profile of each worker to its baseline value. The decomposition in the third column is based on fixing the local
learning rate £; to its baseline value, letting individual ability change.

per worker in the counterfactual economy. The latter represents the gain in labor productivity
coming from reallocation of workers to the region where labor earnings are higher in a given
moment of time (static gain), and the difference between this gain and the actual gain observed
in the counterfactual economy represents the contribution of human capital.

The results presented in Table 9 imply that human capital accounts for a large share of
the labor productivity gains in every country. To be specific, according to the decomposition
described above, human capital accounts for 68 and 69 percent of the gains in Brazil and
Mexico, respectively, and 84 percent of the gains in the United States. The static productivity
gap across regions (A;) is smaller in the latter case, so dynamic gains are relatively larger
in that country. That said, a large share of the human capital gains is due to comparative
advantage based on learning ability. To separate this effect from the local learning environment,
I allow ability to change based on location choices but not the regional learning rate £;, then
calculate the new value of output to compare it with the total gain in productivity. The last
column in Table 9 shows that local learning environment accounts for around 30 percent of
the aggregate productivity gains across all countries, and between a fourth and a third of the
aggregate gains in both developing countries.

These results suggest that human capital might be an important contributor to migration

gains in settings where learning opportunities differ substantially across space. Moreover,

33



Table 10: Increasing migration in the economy

Percentage change in labor productivity

Country No migration costs Removing all barriers
Brazil 8.65 10.95
Mexico 6.66 9.34
Us 3.42 4.12

Notes: This table present the results of counterfactual experiments relative to the baseline economy. In column 2, the common
component of migration costs 7 is set equal to zero for every worker in the economy. In column 3, migration costs are set to zero
and compensating differentials are eliminated (i.e. pg = pur = 1).

they imply that even if we consider regions with large cross-sectional income differences, as
both developing countries in this case, human capital can account for a large fraction of the
productivity gains from inducing migration to rich, high learning places.

The experiments described in previous paragraphs were based on introducing changes to
induce more migration to the high learning region in each country, keeping barriers constant
for migration in the opposite direction. Next, I quantify the productivity gains of reducing
migration costs in the whole economy. The second column in Table 10 presents the results
of setting 7 equal to zero for workers born in every region. In this case, labor productivity
increase by 3.4 percent in the United States, 6.7 percent in Mexico, and 8.7 percent in Brazil.
Note that in this experiment migration also increases from region H to region L, which
means that workers are moving to places with lower productivity and less scope for lifetime
learning. However, the gains in human capital accumulation from higher agglomeration based
on comparative advantage compensate for the latter effects, so the aggregate gains are similar
to the previous case.

The previous results show that compensating differentials act as a barrier to labor mobility
in the economy since they keep or attract workers to places with lower productivity. Thus,
I now consider an experiment where I remove all barriers in the economy by eliminating
migration costs and compensating differentials. In terms of policy, amenities differences could

be addressed with regulations regarding factors such as costs of living or pollution in richer
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regions (see Bryan and Morten, 2018). According to the results presented in column 3 of
Table 10, removing all barriers leads to a 11.0 and 9.3 percent productivity boost in Brazil
and Mexico, respectively. Thus, if the goal of encouraging migration is to increase labor
productivity in developing countries, an important implication of these results is that policies
could focus on increasing labor mobility to places that offer more learning opportunities

through working experience.

6 Conclusion

This paper documents new facts on spatial variation in life cycle wage growth for three countries
with different levels of economic development: Brazil, Mexico, and the United States. First,
rich states tend to have steeper experience-wage profiles than poor states in every country,
but the gaps are larger in both developing countries. Second, differences in the distribution of
educational attainment and industry mix can account for a considerable share of the covariance
between income per capita and experience-wage growth in Brazil and Mexico, but they seem
to be less relevant in the United States. In contrast, spatial differences in the distribution
of occupations can account for a relatively large share of the covariance in every case. This
suggests that workers face different learning opportunities depending on the economic activities
that predominate in their location. Indeed, in each of the countries considered, recent migrants
from low to high wage growth places have flatter experience-wage profiles than stayers in the
destination place.

In order to quantify the potential productivity gains of increasing labor mobility across
space, I build a general equilibrium model with human capital accumulation and internal
migration. I estimate meaningful gains in labor productivity from removing migration barriers
to high learning places in Brazil and Mexico. Moreover, using the structure of the model, I
find that spatial differences in learning environment are quantitatively important and account

for approximately 30 percent of the aggregate gains.
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A Profiles and income per capita: alternative samples

In the main text experience-wage profiles were estimated based on a restricted sample:
full-time male workers in the private sector. In this section I compare the relationship
between experience-wage profile steepness and income per capita using alternative samples.
The comparison is based on regressing average profile height on log income per capita
across states. First, I consider a larger sample that includes both male and female workers
regardless of the time worked and economic sector. This sample includes workers that could
be considered relatively less attached to the labor market. The third column in Table 11
shows that there is a positive covariance between income and profile steepness when a larger
sample of workers is considered, though the value is smaller in every country. Additionally,
I restrict the baseline sample to wage or salaried workers due to measurement concerns
related to self-employment. The last column in Table 11 shows that there is also a positive
covariance between income per capita and profile steepness of wage workers across states in
every country. This covariance is somewhat smaller in both developing countries compared to
the baseline case, though it is moderately larger for the United States. Overall, these results
show that the positive relationship between regional development and life cycle wage growth

holds for alternative samples.

Table 11: Income per capita and life cycle wage growth across states

Country Baseline Max sample Wage workers
Brazil 17.9%** 12,77 11.5%%*
Mexico 9.1%*% 4.3%* 4.9¥Hk
United States 17.7%** 14.2%%* 19.3%**

Notes: This table shows the results of regressing average experience-wage profile height on log GDP per capita across states.
Profile height is relative to workers with less than five years of potential experience. Max sample includes male and female workers
regardless of time worked and economic sector. Wage workers restricts the baseline sample to salaried or wage workers. Income
per capita was obtained from OECD statistics for 2015 and wage growth refers to the average height of the experience-wage profile.
*p < 0.1, ¥*p < 0.05, ***p < 0.01.
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