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Abstract

Work experience is a major component of human capital accumulation.
Measuring how returns to experience vary across sectors and locations within and
across countries is thus particularly important to understand economic growth. In
this paper, we: (i) Study earnings-experience profiles and obtain measures of returns
to experience across various dimensions using data from 23 million individuals in
more than 1,000 household surveys for 145 countries; (ii) Document that returns
to experience vary across dimensions in both developing and developed countries:
non-agricultural sectors, cognitive occupations, the formal sector, and urban areas
exhibit higher returns than agriculture, manual occupations, the informal sector,
and rural areas, respectively; (iii) Show that despite these gaps, reallocating labor
to the best sector/location in the country might do little to bridge the gap in
aggregate returns between developed and developing countries. Indeed, returns are
significantly higher in richer countries, particularly so for manual occupations; and
(iv) Through cross-country regressions show that a range of institutions, regulations
and norms have served workers better in developed economies than developing
economies in acquiring human capital at work plausibly by both facilitating skill
acquisition and reducing frictions. Overall, this research encourages policies to focus

on raising the returns to experience and labor mobility across various dimensions.
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Work experience is a major component of human capital (Lagakos et al., 2018a;
World Bank, 2018b; Islam et al., 2019a). The average human in the world spends 10
years studying but works for up to 50 years. Thus, despite returns to experience being
on average four times lower than returns to education, the contribution of experience to
human capital accumulation is plausibly as large as the contribution of education itself
(Islam et al., 2019a). A fairly consistent pattern observed is that returns to experience
are significantly higher in developed countries than in developing countries, which has
implications for cross-country divergence (Lagakos et al., 2018a; Islam et al., 2019a). To
what extent such differences are driven by the distinct economic structure of developed
and developing economies? The answers to this question can provide key insights for
development. For example, if experience in urban areas generates more human capital
than experience in rural areas, developed countries may show higher returns simply
because they are more urbanized. As a result, policies aimed at removing constraints
on urbanization may raise returns to experience and human capital in developing
countries. Therefore, measuring how such returns vary across sectors and locations
within and across countries is particularly important to understand economic growth.

Significant differences in productivity, wages, or assets have been disproportionately
observed for developing countries across sectors (e.g., Gollin et al., 2014), between
larger and smaller firms (e.g., Restuccia and Rogerson, 2008; Hsieh and Klenow, 2009)
and between urban and rural areas (e.g., Gollin et al., 2014, 2017). While some studies
question whether such gaps reflect sorting of better able workers across sectors or
locations (e.g., Young, 2013; Hicks et al., 2017), overall the literature has argued that
poorer economies are ineffective in allocating resources to their most productive use
(e.g., Restuccia and Rogerson, 2017). While these differences are often interpreted as
static wage gains — e.g., the immediate effect of moving to a new location —, Roca and
Puga (2017) have shown using Spanish data that such differences also reflect dynamic
wage gains — e.g., the effects of experience accumulated in a specific location. However,
little is known about how dynamic wage gains may vary across countries.

This study explores how returns to experience vary across sectors, occupational
types, formal statuses, and locations, within and across countries and assess whether
reallocating workers could have measurable effects on aggregate returns to experience

in developing countries. The analysis consists of the following steps.
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First, we use the International Income Distribution Database (12D2) of the World
Bank to obtain earnings-experience profiles and returns to experience for many
countries and dimensions. Our sample includes 23 million individuals in 1,084
household surveys and census samples for 145 countries comprising 95% of the world’s
population.

Second, we document that returns to experience significantly vary across
dimensions: non-agricultural sectors, cognitive occupations, the formal sector, and
urban areas exhibit higher returns than agriculture, manual occupations, the informal
sector, and rural areas, respectively. The gaps in the returns across dimensions
are larger in developing countries than in developed countries, which could suggest
misallocation of labor. However, despite these gaps, reallocating labor from the “worst”
sector/location to the “best” sector/location in the country might do little to bridge the
gap in aggregate returns between developed and developing countries. Indeed, returns
are significantly higher in richer countries. In developing countries, earnings increase
by 1.2-1.5% and 1.8-2.1% for each extra year of experience in the “worst” and “best”
sector/location, respectively. In contrast, in developed countries earnings increase by
2.7-3.3% and 3.5-3.6% in the “worst” and “best” sector/location, respectively. Pushing
this further, the “best” sector/location in developing countries still exhibits lower
returns than the “worst” sector/location in developed countries (2.1% vs. 2.7%).

Third, we examine how robust these effects are by attempting to account for cohort,
sorting and selection effects. As is well-documented in the literature, the collinearity
between experience, time, and cohort effects precludes the inclusion of year of birth
fixed effects in estimating returns to experience. We thus use two simple methods
inspired by Heckman and Robb (1985). Given the size of our database, we can afford
to include decade-of-birth fixed effects and/or cohort fixed effects tailored to match the
historical political, economic and/or social circumstances faced by the different cohorts
of the 145 countries. Furthermore, the advantage of focusing on returns to experience
over studying static wage gains is that we can include sector-location fixed effects,
thus comparing the earnings of more experienced individuals with less experienced
individuals in the same sector-location. As such, we capture the most important
aspect of sorting. Our results also hold when including subsector, occupation and/or

sublocation fixed effects, as in Roca and Puga (2017). We then deal with selection effects
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in various ways, e.g. we restrict our analysis to samples with low unemployment or very
high labor force participation rates. Moreover, results hold if we: (i) consider wages
instead of earnings; (ii) interact sectors, occupational types, formal statuses and/or
locations; (iii) study subsectors and occupations; (iv) allow for complementarities
between experience and education; and (v) account for measurement error in earnings
or experience.

Fourth, if economic structure does not account for differences in aggregate returns
between developed and developing countries, country-wide characteristics must be the
main drivers of aggregate returns. Interestingly, the developed-developing gaps are
the largest for manual occupations, suggesting that the characteristics of developed
countries allow its less economically integrated workers to disproportionately gain
from work experience. As explained by Lagakos et al. (2018a), there are two main
explanations as to why experienced workers may receive relatively higher earnings in
developed countries. Workers in richer countries may accumulate more human capital
over the life cycle than workers in poorer countries. Alternatively, labor market frictions
in poor countries could prevent its workers from moving up the ladder to better jobs
that fit their skills profile. Similar to Lagakos et al. (2018a), we are not able to distinguish
the two mechanisms in our data. However, having estimates of the aggregate returns
for 145 countries, we show that they correlate with measures of institutional quality and
labor market flexibility, as well as social norms that may help reduce social frictions.
These results hold if we control for income, suggesting that economic development, and
economic capacity in particular, is not the only determinant of the returns. No matter
their income level, countries may be able to implement policies promoting human
capital accumulation at work and labor mobility.

This study makes significant contributions to the literature on returns to
experience by estimating earnings-experience profiles across many countries in several
dimensions. Studies on wage dynamics have historical roots in the profession,
going back to the early studies that explored returns to education and experience
(Mincer, 1974). There are also more recent extensions (e.g., Heckman et al,
2006a; Polachek, 2008b). Most studies on how Mincer returns vary across sectors,
occupations or locations for the world have mainly focused on the returns to education

(Psacharopoulos and Patrinos, 2018a). To our knowledge, far fewer studies have studied
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returns to experience for the world. We build on the analysis of Lagakos et al. (2018a)—
who estimate wage-experience profiles for 125 samples in 18 countries also using
individual-level data— and expand it for 1,084 samples in 145 countries across various
dimensions and development levels.! We also build on their paper by using different
methods to deal with cohort effects. Our research question also forces us to deal with
sorting effects. In a related paper, Islam et al. (2019a) use the same data to investigate
the consequences for human capital accumulation and long-run growth of differences
in aggregate returns to experience across countries. However, they do not examine the
factors behind the higher returns to experience observed in developed economies, thus
abstracting from the respective roles of economic structure and sector- or location-
specific returns. In contrast, previous studies use far fewer samples, for possibly highly
selected countries, and have not found that returns to experience differ by income level
(e.g., Psacharopoulos, 1994; Bils and Klenow, 2000; King et al., 2012a). They also do not
account for cohort, sorting and selection effects.?

Substantial urban wage premia have then been documented (Glaeser et al., 1992;
Henderson et al., 1995; Duranton and Puga, 2004; Rosenthal and Strange, 2004a; Glaeser
and Gottlieb, 2009; Puga, 2010; Combes et al., 2012c; Combes and Gobillon, 2015),
especially in developing countries (Au and Henderson, 2006; Duranton, 2016; Chauvin
etal., 2017; Combes et al., 2017; Quintero and Roberts, 2018). Much debate has emerged
on whether this wage premium is attributable to the sorting of better-able workers to
cities (Berry and Glaeser, 2005; Combes et al., 2008, 2012a; Eeckhout et al., 2014; Puga,
2017; Bilal and Rossi-Hansberg, 2018; Bosquet and Overman, 2019). Further debate
exists on whether this wage premium is static or dynamic. As such, our paper is closely
related to Roca and Puga (2017) who find using Spanish data that the dynamic premium
is as large as the static premium. Other studies finding significant dynamic urban wage
premium include Baum-Snow and Pavan (2012a) and D’Costa and Overman (2014).
While we also examine static wage premia, it is not the main focus of this study, given
the inherent difficulties in accounting for sorting. We find that developing countries

have significantly larger urban-rural wage gaps than developed countries. However,

Lagakos et al. (2018a) also use an expanded set of 263 samples in 35 countries for robustness checks.
They are able to study wage-experience profiles separately for cognitive and manual occupations for
8 countries only. However, they do not necessarily find higher gaps between manual and cognitive
occupations in developing countries (see their Fig. 10).

20ther studies of the returns to experience focus on one country or a few countries at a time.
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this difference disappears when we allow for work experience to have differential effects
across locations and countries.® Finally, most studies focus on one country or a few
countries at a time — e.g., Chauvin et al. (2017) and Quintero and Roberts (2018) study
4 and 16 countries, respectively — whereas we estimate dynamic urban wage premia for
as many as 132 countries and then examine how it varies with economic development.
In particular, while it has been argued that developing countries might have stronger
agglomeration economies than developed countries (e.g., Combes and Gobillon, 2015,
p.312), we find lower returns to experience in the urban areas of developing countries
(2.1%) than in both the urban and rural areas of developed countries (3.6% and 3.3%,
respectively). These findings are a significant advancement in the literature as most
studies of agglomeration economies focus on static wage gains in somewhat more
successful developing economies (e.g., Brazil, China and India). However, as can be
seen in Figure 1, our analysis includes 103 developing economies, including many low-
income countries that often not analyzed due to lack of wage data.

Finally, the paper uncovers findings that are relevant for the misallocation literature.
A wide range of studies have noted high dispersion rates of productivity levels even
within narrowly defined industries and in various contexts (Restuccia and Rogerson,
2008; Hsieh and Klenow, 2009; Asker et al., 2014; Haltiwanger et al., 2018). Factor
misallocation is seen as the main cause of such dispersion. Studies have found that
reallocating capital may have large effects on aggregate productivity (Olley and Pakes,
1996; Hsieh and Klenow, 2009; Bartelsman et al., 2013; Gopinath et al., 2017). Likewise,
studies have found significant wage gaps across sectors or locations (Gollin et al., 2014;
Bryan et al., 2014; Gollin et al., 2017; Herrendorf and Schoellman, 2018a; Bryan and
Morten, 2019). However, sorting may explain a significant share of these gaps (Lagakos
and Waugh, 2013; Vollrath, 2014; Porzio, 2016) or their entirety (Young, 2013; Hicks et
al., 2017; Alvarez, 2017).* We find that static wage gains disappear once we account for
the effects of experience. Focusing on returns to experience, we do not find that sorting
is consequential for our estimates. However, our estimates also suggest that gaps across

sectors and/or locations are not large enough to explain why developed countries have

3We measure how experience is rewarded in each location rather than the effects of experience
accumulated in each location. However, results hold if we restrict the sample to individuals who have
never migrated. Indeed, experience for individuals born in cities reflects their urban experience.

“There are also studies on the misallocation of land (e.g., Duranton et al., 2015).
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higher returns to experience.

The rest of the paper is organized as follows. Section 1. describes the data from 12D2.
Section 2. explains our econometric specification and methodological choices. Section
3. shows the estimated returns by economic sectors, occupational types, formal status,
locations, and development status. In Sections 4.-7., we examine the robustness of the

results. Section 8. investigates the mechanisms. Section 9. concludes.

1. Data

Data. Our main data source is the International Income Distribution Database (12D2).
[2D2 consists of a large number of individual-level household surveys, labor force
surveys, and census samples harmonized by the Development Economics Research
Group of the World Bank. We restrict our analysis to workers aged between 18 and
67 with data on age, education, and earnings. The main sample includes 24,437,020
individuals from 1,073 surveys and 11 censuses in 145 countries from 1990-2016. We
include samples from the 1990s to increase the number of countries in our sample.®
Sample. We have at least one sample for 145 countries comprising 94% of the world’s
population. Figure 1 shows the number of samples per country. 122 countries have two
samples or more. The data is representative for both developed countries (76% of their
population) and developing countries (98%). Developed countries are high-income
countries circa 2017 according to the classification of the World Bank.® Developing
countries are low-, lower-middle and upper-middle income countries.
Main Variables. We follow Lagakos et al. (2018a) and calculate potential work experience
— which we call “experience” in the rest of the analysis — as follows: (i) For individuals
with atleast 12 years of education, we assume children start school at age 6 and calculate
experience as age - years of education - 6; (ii) For individuals with less than 12 years of
education, we assume that experience before age 18 is inconsequential and calculate
experience as age - 18. Note that we drop the few observations with negative experience.
For many individuals, we have information on their main sector (ISIC-1) and

subsector (ISIC-2) of activity as well as their main occupation (ISCO-08). We also have a

>The database has been largely used to study returns to education with relatively less focus on returns
to experience (Montenegro and Patrinos, 2014; de Hoyos et al., 2015; Gindling and Newhouse, 2014a;
Gindling et al., 2016a).

6datahelpdesk.worldbank.org/knowledgebase/articles/
906519-world-bank-country-and-lending-groups (01-05-2018).


datahelpdesk.worldbank.org/knowledgebase/articles/906519-world-bank-country-and-lending-groups
datahelpdesk.worldbank.org/knowledgebase/articles/906519-world-bank-country-and-lending-groups
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set of variables that allows us to proxy for formal vs. informal employment. Finally, we
know if workers live in urban areas or rural areas.

Limitations. While the 12D2 database is particularly useful in terms of external validity,
the fact that all these surveys/censuses had to be harmonized implies that few variables
are available (about 70, much less than for a typical survey). Also, most samples are
surveys because censuses rarely include data on wages. Next, as we will discuss below,
the variables in 12D2 do not include proper measures of: (i) work experience (instead,
we measure potential work experience); (ii) ability (e.g., test scores); and (iii) sectoral
and occupational history. The data on migration (i.e., locational history) is also limited.

Finally, the data is not panelized. This will limit our ability to measure causal returns.

2. Methodology

Specification. To be consistent with the recent literature on returns to experience, we
adapt the econometric framework of Lagakos et al. (2018a). For individual  in sector or

location d and sample ¢, we use OLS for each country one by one to estimate:

7 7
InWigr = Diar + Z BeeXDidgte + Z BeaDiat * expigre + vedwigr + Xiagm + 0 + €iac - (1)

e=1 e=1

where the dependent variable is the log of monthly labor earnings (InW,4). Dja
is a dummy for the sector or location of interest. We will sequentially consider
four dummies that will capture for whether the worker’s main activity is in the non-
agricultural sector, a cognitive occupation, in the formal sector, or in an urban area.
Experience is categorized into seven bins (exp;q.). The experience bins are [5-9 years]
(which we call 5), [10-14] (10), [15-19] (15), [20-24] (20), [25-29] (25), [30-34] (30), and
[35+] (35). The omitted bin is [0-4] (0). The experience bin dummies are then interacted
with the sector or location dummy (D;4; * exp;ase)-

We account for education through years of schooling as it is one of the main
predictors of earnings and also affects work experience. First, individuals that studied
longer are mechanically less experienced for a given age. Second, individuals that
studied more have higher earnings if returns to education are positive, and education
could also improve longevity. We control for whether the individual is male or

female. Lastly, we include sample fixed effects (6,) to account for country-year-sample
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unobservables. We thus only compare individuals from the same country-year-sample.’

We run the regression for each country, as running the regression for the world is
computationally intensive. Since most countries have several samples of different sizes,
we use individual weights (provided by I12D2) divided by the size of the sample. Finally,
to ensure results are not driven by small samples, we keep samples with at least 10
observations in each sector-bin or location-bin.

The coefficient of D,; represents the static wage difference in moving across
sectors/locations, whereas the coefficients on the experience terms and their
interactions with the sector/location dummy capture the dynamic wage differences
associated with accumulated experience across sectors/locations. The focus of this
study are the latter, because static wage differences are much more difficult to estimate
causally, due to sorting. Given the sector or location fixed effect (D,;), returns to
experience are only estimated for individuals in the same sector or location, thus
making sorting less consequential, as we will discuss in more details below.
Earnings-Experience Profiles. The 7 experience dummy variables give the profile
when the sector or location dummy variable is equal to 0, i.e. in agriculture, manual
occupations, the informal sector, or rural areas. The 7 interacted experience dummy
variables give the difference in the profile between this sector or location and its
corresponding sector or location when the sector or location dummy variable is equal
to 1, i.e. in non-agriculture, cognitive occupations, the formal sector, or urban areas. To
obtain the profile for these latter, we add the coefficients of the uninteracted experience
dummy variables and the coefficients of the interacted experience dummy variables.

To illustrate what can be learned from such profiles, Figure 2(a) and Figure 2(b) show
the earnings-experience profiles for the rural areas, the urban areas, and the whole
economy of the U.S. and Honduras respectively. As can be seen, in the U.S., a worker
with 30 years of experience earn almost twice more than a worker with 0 experience.
Most of the steepness in the profile comes from the first 25 years, specifically the first
5 years. There is also a gap between urban areas and rural areas, but it is relatively
small. In Honduras, the profiles are flatter, and the urban-rural gap is overall wider and

increasing over time. Interestingly, the urban profile of Honduras is much below the

"For the few samples for which the number of years of education is missing whereas educational
attainment is not, we impute that number based on descriptions of educational stages in the country.
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rural profile of the U.S. These patterns are then replicated if we consider all developed
countries (see Figure 3(a)) vs. all developing countries (see Figure 3(b)). To obtain these
profiles, we obtain the average earnings differential for each country (during the period
1990-2016). We then obtain the mean earnings differentials for each group of countries
using the population of each country in 2017. Doing so, we give more weight to larger
countries. Note that the median developed country and the median developing country
in terms of per capita income are Belgium and Jordan respectively.

Returns to Experience. Measures of the returns should take the integral below the
profiles, what Lagakos et al. (2018a) call the “sum of heights”. We estimate an annualized
return for each bin/type of individuals (5, 10, 15, etc.) and take the mean of these
annualized returns to obtain the mean annualized return. Note that we call these
measures “returns” although we ignore the costs associated with work experience.

Our specification has several advantages over the Mincerian specification that
includes a quadratic function of experience: (i) It is more flexible and informative,
especially given that the earnings-experience profiles are not always monotonic;® (ii)
It allows us to construct returns that are independent of the distribution of experience
in the sector or location. Indeed, since we keep samples with at least 10 observations in
each bin, and then give each bin/type of individuals the same weight, the constructed
mean returns are relatively less affected by the facts that developed countries and
developing countries tend to have more experienced workers and more inexperienced
workers, respectively;® and (iii) We can construct measures using only specific parts of
the experience distribution, which will prove important when dealing with changes in
a country’s economic system as well as selection effects in and out of the workforce or
selection effects related to adult mortality in poor countries.

Methodological Choices. Our framework departs from Lagakos et al. (2018a) who
study hourly wages and exclude females, part-time workers, self-employed workers and
workers of the public sector. Using hourly wages necessitates data on the number of

hours worked, which is available for fewer countries (N = 131). The number of hours

834 out of the 145 countries have non-monotonic aggregate earnings-experience profiles.

9A related issue with the Mincerian specification is how to calculate returns from the coefficients of
experience (f;) and its square (5). It is common to calculate the returns as 3, + 3, x the mean or median
number of years of experience. However, this number varies across countries. This method then captures
the local slope/return at the mean/median experience level, not for the full distribution of experience.
The mean/median experience level may then vary across sectors/locations, complicating the analysis.
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worked could also be part of the returns. In addition, we keep female, part-time, self-
employed and public sector workers for the following reasons. First, we want our sample
to be as representative as possible. Second, many workers work part time in developing
countries. Due to the lack of unemployment benefits, unemployment is often measured

by underemployment. Also, most workers are self-employed in poor countries.

3. Baseline Results

Aggregate Returns. We obtain from Islam et al. (2019a) the average aggregate returns
to experience for the 145 countries during the 1990-2016 period. Figure 4 shows the
correlation between the aggregate returns and log per capita GDP (PPP; constant 2011
USD; two-year moving average around the mean year in the data for each country).!”
Note that we omit 7 outlying observations in the top and bottom 5% in returns. There is
a strong positive relationship (coef. of log per cap. GDP = 0.33***). Developed countries
thus have higher returns than developing countries, a result that Lagakos et al. (2018a)
and Islam et al. (2019a) show for various data sets and specifications. In particular, Islam
etal. (2019a) find average population-weighted returns of 1.8% and 3.6% for developing
countries (N = 107) and developed countries (38), respectively. Overall, developed
countries have returns that are double the returns of developing countries.

We now study how differences in these returns could be due to labor shares and/or
sectoral/locational returns varying across developed and developing countries. Table 1
shows for both developed (henceforth, “D”) and developing (“G”) countries the shares
(col. 1-2) and returns (col. 3-4) for agriculture (A) vs. non-agriculture (N) (first panel),
manual (M) vs. cognitive (C) occupations (second panel), informal (I) vs. formal (F)
status (third panel) and rural (R) vs. urban (U) areas (fourth panel). As the labor shares
indicate, economic development is associated with structural transformation (non-
agriculture), skill upgrading (cognitive), formalization and urbanization.

To test for the significance of the within-country differences in the returns, we
regress the returns of one of the sectors/locations (e.g., urban in G) on the returns
of the other sector/location (e.g., rural in G) for all available country observations
using as weights country populations in 2017. The level of significance is indicated in
columns (3)-(4), on the row labeled “N-A”, “C-M”, “F-I” and “U-R”. Note that the kernel

9For countries for which we have several samples and thus multiple years of data, the “mean” year is
the average survey/census year using as weights the number of observations in each survey/census.
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distributions of the returns for each sector/location are shown in Web Appx. Figure A.1.
To test for between-country differences in the returns (e.g., urban in D vs. urban in
G), we regress for all available observations the sectoral/locational returns on a dummy
equal to one if the country is developed, also using as weights country populations in
2017. The level of significance is shown in column (5). Note that we ignore the fact
that the coefficients of the experience dummies in equation 1 might be imprecisely
estimated. However, we will discuss later how most coefficients are precisely estimated
given the size of our database. We will also implement various robustness checks.
Finally, we consider the four sector/location classifications throughout the analysis
because their returns are interesting in themselves. In addition, some classifications
may be disproportionately subject to measurement error in some countries. Our main
takeaway is reinforced by finding similar results for each one of them.
Sectors (first panel): We find that: (i) The agricultural employment share is higher in
developing countries (37%) than in developed countries (5%);!! (ii) For both groups of
countries, returns are significantly higher in non-agriculture than in agriculture (see
“N-A”). This gap is larger in developing countries ((2.0-1.2)/1.2*100 = 67%) than in
developed countries (33%); (ii) Returns are significantly higher for developed countries
than for developing countries (“D-G”); and (iii) Non-agricultural sectors in developing
countries have lower returns than agriculture in developed countries (“Ap-Ng”).
Occupations (second panel): We find that: (i) Developed economies have higher shares
of cognitive occupations (79%) than developing economies (48%);'? (ii) Returns are
higher in cognitive occupations (“C-M”). The gap between cognitive occupations and
manual occupations is larger in developing countries ((2.1-1.4)/1.4*100 = 50%) than
in developed countries (9%); (iii) For both occupational types, returns are higher for
developed economies (“D-G”); and (iv) Cognitive occupations in developing countries
have lower returns than manual occupations in developed countries (“Mp-Cg").
Formal status (third panel): We find that: (i) Developed economies have higher formal

shares (69%) than developing economies (50%);'* (ii) Returns are higher in the formal

UFor the four classifications, the labor shares reported in the tables are for all available 12D2 samples
whether wages are available or not. Labor shares are unchanged for samples with wage data (not shown).

2Following Lagakos et al. (2018a), we define cognitive occupations as managers, professionals,
technicians, clerks, crafts and salespersons. Non-cognitive occupations are defined as machinists,
elementary occupations, skilled agricultural workers, and other occupations.

13Many countries use information on contracts and social security to define formality (La Porta and
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sector (“F-1”). However, the formal-informal gap is not larger in developed countries
((1.8-1.5)/1.5*100 = 20%) than in developing countries (25%); (iii) For both sectors,
returns are higher for richer countries (“D-G”); and (iv) The formal sector in developing
countries has lower returns than the informal sector in developed countries (“Ip-Fs”).
Location (fourth panel): We find that: (i) Developed economies have higher urban
shares than developing economies (73% vs. 46%); (ii) Returns are higher in urban areas
than in rural areas (“U-R”). This gap is larger in developing countries ((2.1-1.3)/1.3*100
= 61%) than in developed countries (9%); (iii) For all locations, returns are higher
for developed economies than for developing economies (“D-G”); and (iv) Developing
country urban areas have lower returns than developed country rural areas (“Rp-Ug”).
Static Differences As shown by Roca and Puga (2017), wage differences between
locations reflect both static wage gains — i.e. the immediate gain from moving across
locations — and dynamic wage gains resulting from experience accumulated in the
location, i.e. local learning effects. More precisely, they find that dynamic wage gains
explain about half of inter-city wage differences in Spain. In this study, and as we explain
below, we ignore static wage gains because it is difficult to accurately measure static
effects in our context given the data limitations. Nonetheless, if we estimate equation
1 without including the experience dummies, we find mean (population-weighted)
earnings gaps of about 43-65% and 18-42% in developing countries and developed
countries, respectively. As Web Appx. Table A.1 shows, the gaps for non-agriculture
vs. agriculture, cognitive vs. manual occupations, and urban vs. rural locations, are
significantly higher by 25, 12 and 33 percentage points in developing countries than
in developed countries. However, the same table shows that these gaps become small
and insignificant if we include the experience dummies. Thus, differences in earnings
gaps across countries are likely driven by dynamic earnings gains, hence it is important
to better understand the factors behind the higher returns to experience of developed
countries.

Summary. These results provide our core contribution. We do find relatively higher

returns for what we expected to be the “best” sectors/locations, in both developed and

Shleifer, 2014). Other countries distinguish small firms and other firms, often using an arbitrary firm size
cut-off. In our analysis, we combine both criteria and formal workers are those with a contract or health
insurance or social security or union membership or those working in a firm of more than 10 employees.
All other workers for which we have information on any of the dimensions above are considered to be
informal. Samples for which we have no information on any of the elements are excluded for this analysis.
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developing countries. The gaps are also more apparent in developing countries than
in developed countries. However, the “best” sectors/locations of developing countries
have much lower returns than the “worst” sectors/locations in developed countries.
This suggests that even if reallocating labor in developing countries could increase
aggregate returns, it may not contribute much to explaining why aggregate returns are
twice lower there than in developed countries. We investigate that hypothesis using
simple decomposition exercises.

Decomposition Exercises. Equation 2 shows that for each sector / location,
the aggregate return is equal to the weighted mean of the returns of all
subsectors/sublocations s (e.g., non-agriculture and agriculture) using as weights the
labor shares of the subsectors/sublocations:

expr = Z shareg * expr, 2)

Developed countries may have higher returns because they have higher returns
across all subsectors/sublocations and/or because they have higher shares of workers
in the higher-return subsector/sublocation. Table 2 shows the effects of various crude
labor reallocation exercises on the gap in aggregate returns between developing and
developed countries. Note that we take the returns as given, thus ignoring any general
equilibrium effects that could alter the sectoral/locational returns as workers are moved
across sectors/locations. We also abstract from the costs of such policies.'*

Rows 0a and 0b show for each dimension the implied aggregate returns for both
groups of countries, whereas row Oc shows the developed-developing gap in aggregate
returns. For example, knowing the labor shares and the returns of the agricultural sector
and the non-agricultural sector, we estimate that aggregate returns should be equal
to 1.7% in developing countries and 3.6% in developed countries. That is similar to
what Islam et al. (2019a) found when estimating aggregate returns directly (1.8% and
3.6%). Rows 1-5 then show by how many percentage points the developed-developing
gap is reduced when implementing various changes in the labor shares or the returns

of developing countries. Reallocating labor, either by moving all workers to the high-

14To our knowledge, there are few studies on the general equilibrium effects of rural-to-urban migration
on wages in rural areas or urban areas. Other studies make assumptions about these elasticities to
calibrate their model. Finally, since studies focus on static wage changes, it is unclear how locational
returns to experience would be affected.
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return sector in developing countries (row 1), or by matching the labor structure of
developed countries (row 2), always has smaller effects than increasing returns to
the levels seen in developed countries but without changing the labor structure of
developing countries (row 3). At best, changing labor shares reduces the gap by 26%.
Changing returns then reduces the gap by at least 84%. If developing countries only
get the developed country returns for their lower-return sector or their higher-return
sector, the gap is reduced by 32-58% (see row 4) and 37-53% (see row 5), respectively.
The contributions of the “worst” and “best” sectors thus appear relatively similar.

Limitations. The estimates shown so far do not account for cohort, sorting and

selection effects. We now address each problem one by one, starting with cohort effects.
4. Dealing with Cohort Effects

Experience-Time-Cohort Problem. Experience is collinear with sample years and years
of birth. Therefore, we cannot include year of birth fixed effects (see Web Appx. Section
A.1 for a detailed explanation). We also cannot distinguish the effects of experience
and age (ditto)."> To deal with that problem, we follow Heckman and Robb (1985,
p-145) (henceforth, “HR”) who simply propose to include cohort effects consisting of
“a sequence of adjacent years (e.g., Depression or 1950s youth, etc.)”.

“HR1” Approach. For countries with at least two years of data, and given our data sets
are large, we include decadal cohort fixed effects, which we call the “HR1” approach.
Since we focus on workers aged 18-67 in samples from 1990-2016, individuals are born
between 1923 and 1998. We thus include 8 cohort fixed effects (1920s, ..., 1990s).

HR2 Approach. Alternatively, we can “tailor” our cohort fixed effects to match the
historical political, economic and/or social circumstances faced by different cohorts
of each country. We construct for each country periods based on “important” years,
e.g. for the U.S., 1923-1928, 1929-1932, 1933-1940, 1941-1944, 1945-1953, 1954-1961,
1962-1963, 1964-1967, 1968-1973, 1974-1979, 1980-1989, 1990-1993 and 1994-2000,
due to “important” events in 1929 (Great Depression), 1933 (New Deal), 1941 (Pearl
Harbor), 1945 (World War II ends), 1954 (ends of racial segregation in schools), 1962

15We also do not measure true work experience, as employment history is unavailable in our data. We
likely over-estimate experience for more experienced individuals, since they have by construction more
months that could have been spent not working. We should thus under-estimate returns. However, it
is unclear whether such measurement errors are correlated with the sector/location differentially across
development status. Finally, we could think of potential work experience as “life experience”.
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(Cuban Missile Crisis), 1964 (Civil Rights Act), 1968 (Martin Luther King assassinated),
1974 (Watergate), 1980 (Reagan’s election), 1990 (Gulf War starts, Cold War ends),
1994 (Nafta), 2001 (9-11), and 2007 (Great Recession). Note that we arbitrarily
define important years using information from Wikipedia and other sources (see Web
Appx. Section A.2 for more examples). We then include in the regressions multiple
country-specific period dummies equal to one if the individual was 18-67 years old
during the period(s), and zero otherwise (again, only for countries with at least two years
of data). Doing so captures the fact that each person was affected by multiple events
during her lifetime. Although there may be heterogeneity in the effect of these events,
with some having economy wide-effects, while others specific to certain sectors or
areas within in the economy, we err towards including as many incidents as feasible to
demand as much as possible from the data. We call this strategy the “HR2” approach.!®
“Combi” Approach. Finally, we combine both HR1 and HR2 approaches. Furthermore,
we also add as a control the country’s average per capita GDP growth rate for those
years during which the individual was 18-67 years old, since the identified important
years may not capture well uneventful periods of growth or recessions.

Results. Columns (1) and (5) of Table 3 replicate the baseline results whereas the HR1,
HR2 and “Combi” approaches are implemented in columns (2) and (6), (3) and (7),
and (4) and (8), respectively. As can be seen, returns decrease across all dimensions
for both developing (col. (1)-(4)) and developed countries (col. (5)-(8)). Nonetheless,
results are not qualitatively changed. Gaps, once computed in percentage terms (not
shown), tend to be larger in developing countries than in developed countries. Returns
are then much larger in developed countries than in developed countries, even when
comparing the “worst” sector/location of the former with the “best” one of the latter
(with the exception of agriculture vs. non-agriculture for the Combi approach, col. (12)).
Robustness. Web Appx. Table A.2 shows results hold if we (to reduce clutter, significance
tests are omitted, but available on request): (i) use 20-year or 5-year cohort fixed effects.
Using 5-year cohort fixed effects preserves the difference in returns between developed

and developing countries. However, estimated returns are lower, since collinearity

16The HR1 approach is more flexible than the HR2 strategy, since it is a-historical. Indeed, with decadal
cohort fixed effects, we ignore what may be driving the cohort effects. The latter approach is more
thorough, and potentially more demanding, since our controls for the cohort effects follow real events,
which take place every 6.5 years on average in our data. 11.5 period dummies are thus included in average.
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increases as one uses more and more refined cohort fixed effects; (ii) use periods
based on ages 18-40 or 18-30, in case important events are more consequential in
the first decades or years after high school;!” (iii) we also add country-specific period
dummies equal to one if the individual was 0-17 years old during the period(s), and
the individual’s corresponding growth rate, in case important events are consequential
during childhood; and (iv) we implement the main approach followed by Lagakos et al.
(2018a) (they call it “HLT” because it is based on the work of Heckman et al. (1998a)).
More precisely, they rely on theories of life cycle wage growth that claim that “there
should be little or no effect of experience on wages near the end of the life cycle”.
Thus, older workers have no incentive to invest in human capital formation and the
incentive to search for a better-paying job declines similarly. One can then “follow a
fixed cohort across multiple cross sections for the last years of their working life” and
attribute any wage changes for them to time effects. Once time effects are recovered,
we estimate the experience and cohort effects of workers who are not near the end of
the life cycle. However, wage profiles could decrease at the end of the life cycle because
of human capital depreciation. Indeed, with age, all our body systems (e.g., the brain)
decline. However, two parameters are required: “first, the number of years at the end
of the life cycle for which there are no experience effects and, second, a number for the

depreciation rate”. Like them, we consider 5 or 10 years and 0 or 1%.'®

5. Dealing with Sorting Effects

Sorting Problem. Returns to experience compare the earnings of more experienced
individuals with less experienced individuals. @ When comparing the different
subdimensions of the same country, the sorting of workers may affect the results. For
example, if there is rural-to-urban migration, and migrants are overall less experienced
and positively selected, which means they would obtain higher earnings anyway,
the returns for urban (rural) areas will be under-(over-)estimated. When comparing
the returns for urban and rural areas, the gap will be under-estimated. Likewise, if
there is structural/occupational change and workers are little experienced when they

decide which sector/occupation to specialize into and the ones choosing the “best”

7Results also hold if we use the individual’s corresponding growth rate (not shown).
18We do not use this approach as well as the other approach they implement as our main strategies
because these approaches may have limitations in our sample (see Web Appx. Section A.1 for details).
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sector(s)/occupation(s) are positively selected, then the returns of the best (worst)
sector(s)/occupation(s) will be under-(over-)estimated. When comparing the returns
between the best and worst sectors/occupations, the gap will be under-estimated.

The main objective of this study is to show that the gap in the returns between the
“best” and “worst” location/sector in developing countries is not large enough so that
narrowing that gap would not bridge the gap in aggregate returns between developed
and developing countries. Sorting is thus an issue if we under-estimate the gap between
the best and worst sectors/locations in developing countries and over-estimate returns
in the best sector/location in developed countries. Indeed, the aggregate returns of
developed countries are driven by their best sectors/locations because they have high
shares of workers in these. We will under-estimate the gaps in developing countries
if the best sectors/locations disproportionately attract relatively more able younger
workers or relatively less able older workers. We will over-estimate the returns of
the best sectors/locations in developed countries if they disproportionately attract
relatively less able younger workers or relatively more able older workers. Sorting would
thus need to work in opposing directions between developing and developed countries.

Therefore, sorting is problematical if and only if experience is correlated with
workers sorting differentially across locations/sectors and development status. As such,
this is a strong condition. Regardless, we attempt to control for sorting directly.
Controls for Sorting. In this study, we focus on dynamic rather than static wage
differences associated with sectors/locations. Thus, we do not directly compare the
earnings of individuals working in the agricultural/rural sector with the earnings of
individuals working in the non-agricultural/urban sector. Instead, since we include
the sector/location dummy as a control (see eq. 1), we compare the earnings of more
experienced individuals with the earnings of less experienced individuals for a same
sector/location. As such, we already capture the most important aspect of sorting. We
can also push this further by adding refined sectoral or locational fixed effects.

Columns (1), (5) and (9) of Table 3 replicate the baseline results. In columns
(2), (6) and (10), we show the results hold when including controls for broad
sectoral and occupational skill groups. Indeed, as shown by Roca and Puga (2017)
(henceforth, “DRP”) for Spain, there appears to be limited sorting on unobserved

ability once such DRP controls are included. In particular, in addition to the number



RETURNS TO EXPERIENCE AND THE SECTORAL ALLOCATION OF LABOR 19

of years of education and the male dummy, we now include 3 (ISIC-1) sector fixed
effects (agriculture, industry and services), 10 occupation fixed effects, the four
sectoral/locational dummies, and the square of the number of years of education. As
can be seen, returns decrease for both developing and developed countries but the gap
remains and the results are not qualitatively changed. In Web Appendix Table A.3, we
push this further and add 10 (ISIC-2) subsector x 10 occupation = 100 sector-occupation
fixed effects. Results are unchanged (to reduce clutter, significance tests are omitted,
but available on request). However, this leads to over-controlling if the choice of a
sector/occupation is part of the returns.'®

In columns (3), (7) and (11), we show results hold when including the DRP controls
as well as first-level administrative units fixed effects which we interact with the urban
dummy. In the U.S,, this corresponds to 51 units (50 states and the District of Columbia)
x urban/rural. As can be seen, we lose countries, especially developed countries,
because not all countries report spatial information.?° In Web Appendix Table A.3, we
push this further and add second-level administrative units fixed effects which we also
interact with the urban dummy. In the U.S., this corresponds to about 3,000 counties
x urban/rural. Results are unchanged. However, this leads to over-controlling if the
choice of a specific sublocation is part of the returns.?! Alternatively, Web Appendix
Table A.3 shows results hold when including the DRP controls as well as place of
birth fixed effects (either the first-level or second-level unit depending on the country).
Indeed, it has been shown that the place of birth is a significant predictor of talent.
Another motivation for adding more location controls is that the number of years
of education ignores the “quality” of the education received, which may vary across
locations within a country.

Next, in columns (4), (8) and (12), we show results hold when including the DRP

controls as well as accounting for whether we know if the individual has ever migrated,

9Returns are similar if we restrict our analysis to countries where the empirical estimation to generate
the returns had a high goodness of fit - high R-squared values adjusted for sample fixed effects (not
shown, but available upon request). Alternatively, we compute Oster bounds for each country (see Oster
(2019)). Returns are then similar if we restrict our analysis to countries with relatively higher degrees of
unobservable selection (not shown, but available upon request).

20Many European countries do not provide location details because of privacy concerns.

21For this exercise, and since very few developed countries have information on the second-level
administrative unit in 12D2, we also use the IPUMS database for 7 developed countries with available
earnings data as well as labor force survey (LFS) data for 3 other developed countries. Before doing so, we
verify that similar baseline returns are obtained when using 12D2 data or IPUMS/LFS data.
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first domestically and then internationally, and whether this information comes from
the last migration episode or from comparing the place of current residence with the
place of previous residence or the place of birth. For this analysis, we use the available
spatial levels of the place of previous residence and the place of birth, thus either first-
level units (e.g., states in the U.S.) or second-level units (e.g. counties).?

Finally, unlike Roca and Puga (2017), we do not have data on the locational,
sectoral or occupational history of each individual. We thus measure how experience
is rewarded in each location/sector/occupation rather than the effects of experience
specifically accumulated in each location/sector/occupation. To remedy that issue,
at least regarding locational choices, Web Appendix Table A.3 shows results hold if we
restrict the analysis to individuals who have never migrated, i.e. individuals who have
always lived in the same location. Indeed, the stock of experience for individuals born in
urban (rural) areas reflects their urban (rural) experience.?® Regarding sectoral choices,
if most workers enter their career field just after school, the fact that we restrict our
analysis to the workers of the same broad sectoral/occupational group may partially
address that issue. We will also discuss later how results hold when estimating the
returns for 10 subsectors or 10 occupations separately. Indeed, some subsectors and

occupations likely have low entry-exit rates among higher experience bins.

6. Dealing with Selection Effects

Selection Problem. Our regressions only include waged workers and are thus
susceptible to selection problems particularly in samples with disproportionately high
unemployment or low labor force participation rates. This could bias the results but
only if experience is correlated with selection differentially across sectors/locations and
development status. This is another particularly strong condition.

We address the selection through a battery of checks. First, we check correlations
between unemployment rates and development, and find that unemployment / labor
force participation rates are not correlated with development. For each country, we
obtain the mean unemployment rate and the mean NEET rate across all available

years (using as weights the number of observations in each sample). In our case,

Z2For this exercise, and since few developed countries have information on migration in 12D2, we also
use for that test the IPUMS and LFS data sets mentioned in the previous footnote.
ZHowever, this might not be entirely true if some rural locations are reclassified as urban over time.
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the NEET rate (NEET stands for “Not in Education, Employment, or Training”) is
the ratio of the number of 18-67 year old workers to the number of 18-67 year old
individuals who are not currently enrolled in school. We then regress these rates
on log per capita GDP (PPP constant 2011 international $) for the country-specific
“mean” year in the data.>* No relationship is found for unemployment (not shown, but
available upon request). Indeed, poor countries do not offer unemployment benefits,
which may force most people to work in order to survive. Conversely, rich countries
have more dynamic economies, which may reduce unemployment, but they also offer
unemployment benefits and other subsidies, thus raising the reservation wage of non-
workers. Likewise, no effect is found for the NEET rate.

Second, 12D2 does not include data on ability, an important individual characteristic
to explain unemployment/labor force participation. However, results hold if we control
for factors such as the sector, the occupation, the place of residence or the place of
birth, which are all important proxies for individual ability. The question is how much
unobserved ability is unaccounted for to make selection into work an issue.

Third, selection disproportionately affects female workers given several constraints
they face in many sectors/locations. Furthermore, work experience for women is mis-
measured as many of them may leave the labor force due to childbearing and childcare
activities which would not be captured in our measure or potential work experience.
Thus, in columns (2), (6) and (10) of Table 5, we show results hold when we exclude
female workers (see col. (1), (5) and (9) for the baseline results).

Fourth, columns (3), (7) and (11) show results hold if we keep samples with low
unemployment, i.e. country-year samples with unemployment rates below the median
unemployment rate in the sample, which is 7%. Web Appx. Table A.4 shows results
hold if we keep samples with high unemployment, i.e. country-year samples with
unemployment rates above 7%. Alternatively, we use as the threshold the mean
unemployment rate in the sample (10%). Finally, Web Appx. Table A.4 shows results
hold if we keep samples with high, or low, NEET rates, using the median NEET rate in
the sample — 35% — as the cut-off (35% is also the mean rate in the sample).

Finally, we attempt to correct for selection bias using the Heckman correction

24For countries with only one sample, it is the year of the sample. For countries with multiple samples,
we obtain the mean year in the data using as weights the number of observations in each sample.
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method. The selection equation includes the variables of equation 1 (e.g., the male
dummy) and as external variables marital status dummies (married, non-married,
divorced, widowed or single) and the number of children and its square. Results hold
(see col. (4), (8) and (12)). However, these results should be taken with caution since

marital status and the number of children may not be good “instruments” for selection.

7. Robustness

Earnings vs. Hourly Wages. The same analysis is repeated in Table 6 but using
log hourly wages (Panel A) and the log of number of hours worked (Panel B) as
dependent variables. By construction, the monthly wage is equal to the product
of the hourly wage and the number of hours worked. Overall, the patterns remain
consistent whether monthly or hourly wages are used. However, experience in the non-
agricultural sectors in developing countries now has the same returns as experience
in the agricultural sectors in developed countries. Next, the returns are close to zero
for hours in developing countries and usually greater than zero in developed countries.
This suggests that experience makes workers work relatively more hours in developed
countries. There are a couple of plausible reasons for this. It could be because hourly
wages are higher in developed economies, which makes them increase their labor
supply. Or it could be that demand for the labor of experienced workers is higher
in developed countries. However, no particular gaps are observed within countries.
These observations combined with the fact that there are gaps in the returns for hourly
wages between developed and developing economies suggests that the gaps in monthly
wages are mostly driven by gaps in hourly wages, hence labor productivity. Indeed, the
coefficients of correlation between the earnings- and wage-based returns are around
0.8-0.9 for all available countries (it is 0.7 for agriculture). Since earnings are available
for more countries than wages, we decided to use earnings for the baseline analysis.

Selected Bins. Results hold if we use specific segments of the experience profile. Panel
C only considers the 5-35 experience bins, in case the large magnitude of returns for
experience bin 5 in developed countries distorts the average. Panel D only considers
the first 25 years of experience to capture the returns for younger workers. In addition,
focusing on the first 25 years abstracts away from issues that affect returns estimated
for older workers such as selective adult mortality in poorer countries, selective pre-

retirement in richer countries, and the fact that a change in the economic system of



RETURNS TO EXPERIENCE AND THE SECTORAL ALLOCATION OF LABOR 23

ex-USSR countries may have made pre-liberalization experience obsolete.

Sample Restrictions. Table 7 shows results hold if we exclude self-employed, part-
time, female and public sector workers, to mimic Lagakos et al. (2018a), considering
both monthly wages (Panel A) and hourly wages (Panel B). Note that returns are not
significantly different between employed and self-employed workers (not shown).?®
Complementarities between Experience and Education. Developed countries may
have higher returns to experience because they have more educated workers. Education
can amplify the returns to experience given the complementarities between experience
and education. According to Unesco (2012), individuals finish high school after about
12 years of education. We estimate the returns if we restrict the sample to individuals
with less (Panel C), or more (Panel D), than 12 years of education. Returns are higher for
more educated individuals. However, results are not qualitatively changed .2°
Agriculture. In our global sample, 48% and 21% of agricultural and non-agricultural
workers are self-employed. For these, 12D2 calculates their wage as the “amount of
salary taken from the business”, which might also capture returns to capital. We already
showed above that results hold if we restrict the sample to employed workers only.
Yet, employed workers in the agricultural sector may be negatively “selected” given the
relatively high self-employment share in agriculture.?” However, the self-employment
share in agriculture is not significantly different between developing and developed
countries (49% vs. 43%, not shown), so any bias coming from self-employment should
not affect our main takeaways. Nonetheless, rows 1-3 of Table 8 show the returns
when we interact the two sectors and the two locations. Within rural areas, returns are
higher in non-agriculture (row 2) than in agriculture (row 1), but only significantly so in
developing countries (col. (3)). Returns are then significantly higher in urban areas than
in agriculture (row 3). More importantly, even if we compare urban areas (row 3) and

rural non-agricultural activities (row 2), we still find that the gap is only significant in

Z5Results hold if only exclude self-employed or part-time or public sector workers (not shown).

26We use 12 years as the cut-off because the number of years of education is available for more countries
than educational achievement based on stages in 12D2. However, Web Appx. Table A.5 shows results hold
if we compare individuals who completed high school vs. not. Alternatively, results hold if we use 10 years
or 13 years as the cut-off since the average number of years of education in the world is 10 in our data and
since there are countries where people finish high school after 13 years (not shown).

27 Another concern with agriculture is to what extent workers are paid in kind and whether our wage
data includes such information. Nonetheless, for this to affect the analysis, the wage measurement error
would have to be correlated with experience, differentially across sectors and development status.
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developing countries (not shown). As before, the “best” sector of developing countries
exhibit lower returns than the “worst” sector of developed countries, whether one
considers the agricultural sector or the rural non-agricultural sector (not shown).

Sampling. In our baseline specification and for each classification, we jointly
estimate the returns for the “worst” and “best” sectors/locations. When doing so,
the analysis is restricted to countries with at least 10 observations in each bin and
each sector/location, limiting the number of countries to 111-111, 127-127, 112-112
and 132-132, respectively. To increase the number of countries, we can restrict our
sample to each sector/location at a time, e.g. non-agriculture only, and then estimate
the coefficients of the experience dummies for this sector/location only, which we call
the “separate” specification. The number of observations increases to 112, 139, 128,
129, 113, 117, 132 and 136, respectively. As can be seen, non-agricultural returns are
now available for 139 countries instead of 111 before. However, estimated returns are
unchanged (not shown). It is not surprising since the jointly and separately estimated
country-specific returns are highly correlated when both are available (0.95-0.99).

Aggregation Issues. Web Appx. Table A.6 shows the returns when we interact all
sectors, occupations, formal statuses and/or locations. Returns are consistently higher
in what we expect to be the “best” sector-location (e.g., urban x cognitive or urban
x formal). We push this further by using the “separate” specification to estimate
returns for non-agricultural sectors x cognitive work x formal work x urban location
(henceforth, “NCFU”). Row 4 of Table 8 reports the estimated labor shares and returns.
NCFU shows much higher returns in developed countries than in developing countries
(3.6 vs. 2.2). Next, the returns of NCFU are not significantly higher than the best
sector- or location-specific baseline returns from Table 1 (3.7 and 2.2, respectively).
Thus, the developed-developing gap is not driven by composition effects within our
sectors/locations. The returns of NCFU in developing countries — 2.2 — is then lower
than the returns for both agriculture and rural non-agriculture in developed countries
(2.7 and 3.4, respectively). Therefore, if everyone worked in NCFU in developing
countries, the developed-developing gap in aggregate returns would still not be bridged
(see row 6 of Table 2). Alternatively, we estimate the returns for the largest city of each
country, why may embody the most “modern” location in each. The 12D2 data does not

allow us to identify each city individually. However, we calculate from the data and for
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each sample the urbanization rate of each first- or second-level administrative unit. We
then use the separate specification to estimate the urban returns for the most urbanized
unit or the two most urbanized units in case the capital city is not the largest city. We find
returns equal to 1.9-2.4 and 3.9-4.1 in developing countries and developed countries,
respectively (not shown). The previous results on NCFU still hold (not shown).

Subsectors and Occupations. We use the “separate” specification to estimate the
returns for each of the 10 subsectors and each of the 10 occupations. Rows 2-8 of Table
8 shows these returns for selected subsectors. Returns are the highest in transportation
& communications and finance, real estate & business services. In both developing
and developed countries, non-agricultural sectors tend to have significantly higher
returns than agriculture (see the stars in col. (3)-(4)). Rows 9-17 then show the returns
for selected occupations. Technicians, managers and professionals have the highest
returns. Next, in developing countries, most occupations show significantly higher
returns than in elementary occupations (col. (3)), but that is not the case in developed
countries (col. (4)). Again, whether we consider subsectors or occupations, the lowest
return in developed countries is higher than the highest return in developed countries.
Informal Sector. Table 1 shows that the formal-informal gap is only significant in
developed countries. However, if we study hourly wages (see Table 6), the gap is more
significant for developing countries than for developed countries (*** vs. *), possibly
because experienced formal workers work fewer hours than experienced informal
workers in developing countries. Among the four classifications, the formal-informal
classification is the least reliable, because we use information on contracts, health
insurance, social security and union membership - i.e., economic protection — and/or
firm size. In developed countries, workers may be reluctant to admit that they do not
have a contract. Relying on firm size is then problematic if self-employed professionals
are mistakenly classified as informal. We verify that the baseline informal share is
strongly correlated with the same share based on economic insertion or firm size only
(0.89-0.94). Next, returns are available for only 4 developed economies if the criteria
is economic insertion, and 30 developed economies if the criteria is firm size. Using
firm size only: (i) Formal returns are significantly higher than informal returns in both
groups of countries (***, not shown); (ii) Returns are significantly higher in developed

countries (***, not shown); (iii) Formal returns in developing countries are similar to
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informal returns in developed countries (not shown). Finally, if we obtain returns for
10 occupations interacted with the formal dummy, we find that professionals in the
informal sector have disproportionately high returns (not shown). However, results hold
if we estimate the baseline returns after excluding professionals (not shown).
Measurement Errors and Other Challenges. Results could be sensitive to
measurement errors in experience and earnings or sampling. Web Appx. Table A.5
shows results generally hold if we: (i) Use country-specific ages of entry in primary
school, include child labor, or drop samples exhibiting age heaping; (ii) Restrict the
sample to post-2000 samples to minimize issues arising from ex-USSR countries; (iii)
Use three- or seven-year bins; (iv) Keep workers for which earnings were reported for
a period of at least a month since the monthly wage may be mis-measured for workers
paid hourly, daily or weekly; (v) Include the earnings of any secondary occupation; (vi)
Use mean earnings, experience and education in the household in case there is intra-
household optimization; (viii) Keep samples for which the labor shares are less than
10 percentage points than the official labor shares;?; (ix) Keep samples with at least
100 observations per bin; and (x) Only compare high-income countries and low- and
lower-middle income countries, thus excluding upper-middle income countries from
the analysis.

Standard Errors. Standard errors in the main tables do not account for the fact that
the coefficients of the fourteen experience dummies may be imprecisely estimated in
equation 1. However, the medians of the mean and max standard errors across the
fourteen coefficients in our sample of countries are relatively low, at 0.04-0.08 and 0.05-
0.09, respectively (the corresponding median mean and max coefficients are 0.21-0.25
and 0.49-0.54). Web Appx. Table A.5 then shows that results hold if we use countries
whose mean or max standard error is below the median of the mean/max standard error
in the sample. Besides, results hold with bootstrapped standard errors (not shown).?®

Taxes. Earnings are not net of taxes, which may be relatively more progressive in

28The labor shares of the non-agricultural sector, cognitive occupations and the formal sector, and
urban areas come from World Bank (2018a), International Labour Organization (2018), and United
Nations (2018b) respectively. When including observations for which a discrepancy is observed, the
respective correlations between the estimated and official shares are 0.84, 0.78, 0.76 and 0.58, respectively.
Once we exclude these observations, the correlations become 0.98, 0.95, 0.97 and 0.92, respectively.

29Kolmogorov-Smirnov tests for each sector/location show that the distribution of the standard errors
do not significantly vary across bins. Countries with higher standard errors in one bin have higher
standard errors in all bins. Coefficients for older bins are as precisely estimated as for younger bins.



RETURNS TO EXPERIENCE AND THE SECTORAL ALLOCATION OF LABOR 27

developed countries. Post-tax returns could thus be more equal between developed
and developing countries. This does not change our findings. It only affects the extent

to which government versus workers capture the returns.

8. Mechanisms

8.1. Manual vs. Cognitive Occupations

As shown in the previous sections, the higher returns in developed countries are driven
by hourly wages, and thus driven by labor productivity if workers are paid their marginal
product. Returns are steeper for lower-experience bins in developed economies relative
to developing economies. What factors could explain why earnings, and possibly
labor productivity, increases disproportionately faster for less experienced workers in
developed countries relative to developing countries?

Manual vs. Cognitive Occupations. As shown earlier, the developed-developing gap is
mostly driven by higher returns across all sectors and locations in developed countries
and is unlikely to be bridged if developing economies mimicked the economic structure
of developed countries. Now, which sectors and/or locations disproportionately
account for the higher returns in developed countries? In Figure 5, we plot the returns
for each of the 10 occupations separately for developed countries and developing
countries (from Table 8) against the returns of the same occupation for the whole
world (using the population of each country as weights). The slope of the relationship
is relatively flatter - i.e., within-country gaps are smaller — for developed countries.
Interestingly, the developed-developing gap - i.e. the local difference between the two
regression lines — is much larger for more manual occupations, which carry the bulk
of employment in poorer countries. This raises the question as to why more manual,
and not more cognitive, occupations offer higher earnings over time in developed
countries.*

Robustness. The estimated slope coefficient for developed and developing countries is
0.21 and 1.09*** (N = 10; not shown), respectively. The slope coefficients remain similar

if we: (i) use the labor shares of each occupation as weights (0.30*** vs. 1.09***; not

301f we give developing countries the occupational labor shares of developed countries, the developed-
developing gap in the aggregate returns is only reduced by 26% vs. 88% if we give them the returns of
developed countries. If we give developing countries the returns of the five “best” occupations or five
“worst” occupations in developed countries, the gap is reduced by 25% vs. 63%, respectively.
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shown); (ii) use as a control the labor share in case occupation-specific returns decrease
with occupation-specific labor supply (0.23 vs. 1.08***, not shown); and (iii) exclude
skilled agriculture (0.32** vs. 1.08***, not shown). In Web Appx. Figure 2(a), 2(b) and
A.3, we push this further by showing the same patterns for the 10 occupations interacted

with the formal employment dummy, the urban dummy or the 10 subsector dummies.!
8.2. Mechanisms

As explained by Lagakos et al. (2018a), there are three potential explanations for the
higher returns to experience in developed countries: (i) Long-term contracts: It could
be that contracts are relatively more (less) back-(front-)loaded in developed countries.
With back (front) loaded contracts, younger/less experienced workers are paid less
(more) than marginal labor productivity, which would then lead to steeper (flatter)
experience profiles. Note that in that case wages do not always reflect productivity;
(i) Human capital: The human capital theory suggests that richer economies have
higher returns to experience as workers accumulate more human capital over the life
cycle than workers in poorer countries.; and (iii) Search and matching frictions: The
search and match theory suggests that there are large labor market frictions in poor
countries. As a result, lower market fluidity in developing economies prevents workers
from moving up the ladder to better jobs that fit their skills profile.

Long-term contracts. For this explanation to matter, contracts would have to be
relatively more back-loaded in developed countries. If developed countries are more
likely to pay less experienced workers their marginal product, this explanation may not
hold. Furthermore, we showed that results are similar whether we focus on workers who
report their earnings on a monthly, semi-annual or annual basis - i.e., are more likely to
have a long-term contract — or workers who report their earnings on a weekly, daily or
hourly basis. Results were also similar for employed vs. self-employed workers, since
self-employed workers are more likely to receive their marginal product.®?

Human Capital. Earnings may increase with work experience because workers obtain

skills from working, whether hard skills - i.e., teachable and measurable abilities — or

31For these analyses, we keep returns for which at least 10 country observations are available (N = 18,
18 and 51, respectively). Slope coefficients also remain similar (see the notes under the figure).

32The earnings of self-employed workers may nonetheless include returns to capital, and thus not
entirely measure returns to work experience. However, we also studied returns for self-employed
individuals who did not have employees and were thus less likely to own a capital-intensive company.
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soft skills — traits that make you a good employee. Thus, it could be that manual
occupations in developed countries disproportionately require workers to achieve
specialized and/or complex tasks, as the result of which they develop hard skills over
time. In particular, manual occupations in developed countries could involve the use
of technologies that would reward workers that have become more familiar with these.
Alternatively, manual workers could disproportionately learn soft skills in the firms of
developed countries. These soft skills could increase productivity, if workers become
more persistent, creative and better able to work in teams.

Frictions. With reduced frictions in the economy, workers could help them realize
their productive potential. In particular, frictions could prevent workers from finding
the “right” position, firm, sector and/or location for them. Spatial frictions could then
contribute to isolating workers from existing opportunities. Likewise, social frictions
related to group-based discrimination (e.g., across gender or ethnic groups) could
prevent a significant share of the labor force from accessing existing opportunities.
Finally, such frictions might be particularly prevalent and consequential for manual
workers, which constitute the brunt of the labor force in developing countries.

In practice, much like Lagakos et al. (2018a), we are unable to distinguish the
human capital and frictions channels. Frictions constrain human capital accumulation,
since workers are less likely to find the job that will help them obtain skills and
realize their potential. Conversely, reducing frictions in a society may be accelerated
by human capital accumulation at work, for example soft skills that may contribute
to changing attitudes or hard skills that may help societies find solutions to spatial
frictions. However, unlike Lagakos et al. (2018a), we have estimated returns for a large
number of countries, which allows us to study how they correlate with country-level

proxies for institutions, technologies, labor market regulations, and social norms.

8.3. Cross-Country Correlates of the Returns

Returns Analyzed. Differences in the aggregate returns are mostly driven by manual
occupations. Indeed, the coefficient of correlation between the returns for manual
occupations and the aggregate returns is 0.90. However, the manual returns are
available for 127 countries vs. 145 countries for the aggregate returns. Since some of

the country-level factors examined below are available for a small number of countries,
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we use the aggregate returns in order to maximize the number of observations. Results
nonetheless hold if we use the manual returns (not shown, but available upon request).
Specifications. We focus on 14 country-level factors. We first regress the returns on
each factor one by one. Column (1) of Table 9 shows the 14 estimated coefficients
in 14 separate rows. We then examine in column (4) how the coefficients change if
we control for log per capita GDP (PPP; constant 2011 USD; two-year moving average
around the mean year in the 12D2 data for each country) as well as life expectancy
(averaged over the period 1990-2016). This tells us whether the factor of interest might
partially account for the higher returns in developed countries. This might also indicate
whether countries with similar income levels have different returns as a result of these
factors. In columns (2) and (5), we extend the specification in columns (1) and (4)
respectively by including all factors simultaneously. In columns (3) and (6), we extend
the specifications in columns (1) and (4) respectively by using a LASSO regression to
select the factors that appear in the model. Finally, we only capture correlations.

Institutions. We first investigate the relationship between the aggregate returns and
the principal component score (PCS) of six measures of political governance from the
World Governance Indicators (WGI) of the World Bank (average for all available years
1996-2016). As can be seen in row 1, the returns are strongly correlated with the measure
(col. (1)), even when controlling for income and life expectancy (col. (4)). However, the
effect becomes weaker and mostly non-significant when we simultaneously control for
other factors (col. (5) and col. (6)). Next, we find in row 2 that returns are positively
correlated with the Doing Business Scores (DBS) of the World Bank when no other
controls are included (col. (1), average for all available years 2004-2016). DB indicators
measure business regulations and the protection of property rights. If other controls
are included, the effect disappears or actually becomes negative. Indeed, the PCS of
the WGI and the DB score are highly correlated (0.83), so we may be over-controlling.
Finally, row 3 shows that returns are always significantly correlated with the Logistics
Performance Index (LPI) of the World Bank (average for all available years 2007-2016).
The LPI measures the challenges and opportunities countries face in their performance

on trade logistics and what they can do to improve their performance.® Six components

33The LPI is based on a worldwide survey of operators on the ground (global freight forwarders and
express carriers), providing feedback on the logistics "friendliness” of the countries in which they operate
and those with which they trade. Feedback from operators is supplemented with quantitative data on the
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are considered: (i) The efficiency of customs and border clearance, (ii) The quality
of trade and transport infrastructure, (iii) The ease of arranging competitively priced
shipments, (iv) The competence and quality of logistics services, (v) The ability to track
and trace consignments, (vi) The frequency with which shipments reach consignees
within scheduled or expected delivery times. Thus, it differs from the DB in that it goes
deeper into the trade logistics. Lastly, if we use a PCS of the three measures, we always
find a strong positive correlation with the returns (not shown).?*
Technologies. Rows 4-5 show the correlation between the returns and two measures
of technological advancement: the percentage of individuals with a broadband
subscription (1998-2016; source: World Development Indicators of the World Bank) and
the percentage of individuals 15 year old and older who use digital payments (2011-
2017; source: Global Findex Database), which may be a better measure of technology
in developing countries. As can be seen, the unconditional correlations are positive
(col. (1)) and survive the inclusion of income and life expectancy (col. (4)). However,
they do not survive the inclusion of the other variables (col. (2)-(3) and (5)-(6)). This
could be due to the high correlation between the technology and institution measures
(0.77-0.88).3°

Relatedly, we investigate if the returns correlate with measures of firm behavior, in
terms of innovation or management (results not shown, but available upon request).
Indeed, as argued by Bloom et al. (2016), management practices can also be seen
as a technology whose level varies across countries. We first use variables from the
Enterprise Surveys of the World Bank (N = 115; 2006-2016). We find that returns are
higher in countries where firms are more likely to create a new product or introduce a
process innovation, i.e. implement a new or improved production method. However,
these results do not survive the simultaneous inclusion of all controls (N = 54). We
then use variables from the World Management Surveys database (2004-2014). Although

there is data for only 29 countries in our sample, returns are significantly correlated with

performance of key components of the logistics chain in the country of work.

34Similar patterns are found for each individual factor (not shown, but available upon request): (i) WGI:
Voice & Accountability, Political Stability & Absence of Violence, Government Effectiveness, Regulatory
Quality, Rule of Law, and Control of Corruption; (ii) DBS: Start a Business, Dealing with Construction
Permits, Getting Electricity, Registering Property, Getting Credit, Protecting Minority Investors, Paying
Taxes, Trading Across borders, Enforcing Contracts, and Resolving Insolvency; and (iii) LPI: Customs,
Infrastructure, International Shipments, Logistics Competence, Tracking & Tracing, and Timeliness.

35We find similar results for other technologies, whether mobile phones or computers (not shown).
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variables proxying for the introduction of modern production techniques, the quality of
performance review, and the importance of target setting. Remarkably, this is true even
if we include all controls, despite the small number of observations (N = 23).3

Labor Market Regulations. The Doing Business (DB) database of the World Bank also
includes measures of labor regulations. However, these are not summarized in one
indicator, hence the need to examine their correlation with the returns one by one.
We use the years 2015-2016, since this data has only been recently added to the DB
database. According to the DB website, “the regulation of employment is necessary
[...] to protect workers from arbitrary or unfair treatment and to ensure efficient
contracting between employers and workers. [...] The challenge for governments is
to avoid the extremes of over- and under-regulation by balancing labor flexibility with
worker protection.” We find that constraints on working hours and redundancy costs
lower the returns, possibly because inflexible labor markets prevent more productive
matches between workers and firms. As a result, a significant share of workers may
not be in the “right” position, firm, sector and/or location. More precisely, returns are
lower if firms have to pay a premium for overtime work (row 6) or if the redundancy
cost — i.e., severance pay — is high (row 7, not significant in col. (2) and (6)). However,
not all labor regulations reduce returns to experience. The length of the notice period
for redundancy dismissal raises the returns (row 8), possibly because it gives workers
made redundant more time to search for a job that better matches their skill profile.
Importantly, these results hold if we use other sources, such as the various indicators
of the Employment Protection Legislation (EPLex) database of ILO (N = 81, 2009-2013,
not shown but available upon request). In particular, we find lower returns if there are
substantive requirements for dismissal of a worker or if redundancy payments are large.
However, we also find higher returns if the notice period is longer, thus highlighting
the advantages of flexicurity. Finally, returns are consistently higher in countries where
there are certain criteria that cannot be used for dismissal (core grounds include trade
union membership but also race, color, sex, religion, political opinion and social origin).
Social Norms. Column (1) of row 9 shows a positive unconditional correlation between

the returns and a measure showing legal equality between men and women from the

36Note that we do not find any correlation with measures of formal on-the-job training (not shown),
whether from the Doing Business database or from the Enterprise Surveys of the World Bank.
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World Bank Women, Business and the Law (WBL) database: the component “Getting
Paid” of the legal equality score. This correlation survives the inclusion of income and
life expectancy (col. (4)) but not the inclusion of the other controls (col. (2)-(3) and (5)-
(6)).3” However, this variable is correlated with other measures of social norms that we
use below (e.g., 0.65 with the Emancipative Values Index).

Next, we obtain measures of “values” from the World Values Surveys (WVS) available
for 81 countries in our sample (1990-2014). According to Welzel (2014a), “secular values
dissociate people from external sources of quasi-sacred authority, like religion, the
nation, the state and group norms”. Once we control for income (col. (4)), we find no
effect for the Secular Values Index of the WVS (row 10). Emancipative values are defined
by Welzel (2014a) as ”values that appreciate a life free from external domination, for
which reason these values emphasize equal freedoms for everyone. Thus, emancipative
values involve a double emphasis on freedom of choice and equality of opportunities.”
Row 11 shows a strong correlation between the Emancipative Values Index and the
returns, even when including income and life expectancy (col. (4)). In other words,
holistic freedom, not just specific to “quasi-sacred authorities”, matters. Note that the
effect of emancipative values disappears once we simultaneously include all controls,
possibly due to its high correlation with some of them.?® Relatedly, we find that returns
are conditionally higher in countries with a higher share of WVS respondents that say
that the government should have a more limited role in the economy or that hardwork
brings success (not shown, but available upon request).

We now examine if returns are correlated with measures of ethnic fractionalization
(row 12; source: Alesina et al. (2003)) or racism — i.e. the share of survey respondents
that say they would dislike having neighbors from a different race (row 13; 1990-2016;
source: World Values Surveys). As can be seen, the two measures survive the inclusion of
income, life expectancy and the other controls (col. (5)-(6)). However, the effects appear
stronger for racism. The implication is that it is not necessarily ethnic diversity that is

responsible for the lower returns, but the discrimination in labor markets that may be

37We do not find the same effects for other WBL indicators: Going Places, Starting a Job, Getting
Married, Having a Child, Running a Business, Managing Assets and Getting a Pension (not shown).
Returns are thus higher in societies with laws concerning job restrictions and the gender wage gap.

38We obtain similar results if we focus on components of the secular values index, whether “defiance”,
“disbelief”, “relativism”, and “scepticism”, or components of the emancipative values index, whether
“equality” (between men and women), “choice of life” or “autonomy” (not shown).
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more likely to occur in ethnically diverse societies. Finally, we study in row 14 how the
returns correlate with a simple measure of spatial frictions, the Freedom of Domestic
Movement subcomponent of the Human Freedom Index of the Cato Institute (2008-
2016). The measure is associated with higher returns when no controls are included
(col. (1)). The effect is then not significant when any control is included.

Income. When we regress the returns on log per capita GDP alone, we find a slope
coefficient of 0.41*** and a R2 of 0.18 (N = 145; not shown).*® The effect is insignificant
(-0.04) and the R2 increases to 0.75 when the 14 country-level factors are simultaneously
included (N = 72; not shown).*! The estimated individual effects of the 14 factors are
not necessarily causal. However, they do a good job at collectively capturing the overall
relationship between the returns and economic development observed in Figure 4, as
well as differences in the returns across countries of similar income levels that can also
observed in the figure.

Summary. We find that returns are significantly higher in countries with freer
political and economic institutions, well-designed labor regulations, and social norms
that promote autonomy and reduce discrimination. The correlation between the
returns and technology tends to not survive the inclusion of institutional controls.
Management technology could play a role, but it is difficult to say given the limited
country coverage of the management practices data. Finally, coming back to the
human capital vs. frictions classification, any of these factors would plausibly affect

both channels.

9. Concluding Discussion

We use data from 23 million individuals in more than 1,000 household surveys for 145
countries to show that there are significant differences in the returns to experience
across dimensions within and between countries. We are particularly careful to test
the robustness of these results by implementing methods that account for cohort,
sorting and selection effects. While reallocating labor across subdimensions may

increase aggregate returns in developing countries, it does little to bridge the gap

39We find similarly negative effects for the shares of respondents that dislike having neighbors from a
different religion or neighbors that are immigrants (not shown).

“0Income and life expectancy are highly correlated (0.85), so we ignore the latter for this analysis.

41For the same 72 countries, the unconditional slope coefficient is 0.55*** and the R2 = 0.23 (not shown).
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in aggregate returns between developed and developed countries. Indeed, returns
are significantly higher in richer countries, particularly so for manual occupations.
Developed economies thus appear to serve their workers better at acquiring human
capital at work. Cross-country regressions suggest that this may be due to the better
quality of their political and economic institutions as well as regulations and norms that
may reduce labor market frictions. Finally, our results should be taken with caution
because the estimated aggregate and dimension-specific returns, and the effects of
the country-level factors, are not necessarily causal. Future work should thus keep
investigating how to account for cohort, sorting and selection effects, not just for
one country at a time. Likewise, more detailed analysis of the mechanisms by which

developed country workers accumulate human capital at work are warranted.
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Figure 1: NUMBER OF SURVEY/CENSUS SAMPLES BY COUNTRY, 1990-2016
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Notes: This figure shows the number of household and labor force surveys and population censuses used
for each of the 145 countries with at least one survey or one census from 1990-2016 (median number of
surveys/censuses per country in the sample = 6; mean = 7.5; min = 1; max = 44; N = 1,084).

Figure 2: WAGE-EXPERIENCE PROFILES FOR THE U.S. VS. HONDURAS

(a) Profiles for the United States (b) Profiles for Honduras
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Notes: The figure shows the wage differential for the seven experience bins (“5” for 5-9 years, ..., “30” for

30-34 years, “35” for 35-49 years) for rural areas, urban areas, and the whole economy of both the U.S.
(Subfigures 2(a)) and Honduras (Subfigures 2(b)). The “0” experience bin (0-4 years) is the omitted group.
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Figure 3: WAGE-EXPERIENCE PROFILES BY DEVELOPMENT STATUS

(a) Profiles for Developed Countries
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Notes: The figure shows the average (population-weighted) wage differential for the seven experience bins
(“5” for 5-9 years, ..., “30” for 30-34 years, “35” for 35-49 years) for rural areas, urban areas, and the whole
economy of both developed countries (Subfigures 3(a)) and developing countries (Subfigures 3(b)). The
“0” experience bin (0-4 years) is the omitted group. We obtain the wage differentials for each country one
by one. We then obtain the average wage differentials for developed countries and developing countries
using as weights the population of each developed/developing country in 2017. Developed countries
are high-income countries according to the 2017 classification of the World Bank (the median developed
country in terms of per capita GDP is Belgium). Developing countries are low-, lower middle and upper
middle income countries (the corresponding median developing country is Jordan).

Figure 4: AGGREGATE RETURNS TO EXPERIENCE AND ECONOMIC DEVELOPMENT
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Notes: Figure 4 plots the relationship between aggregate returns (using observations from 1990-2016) and
log per capita GDP (PPP; constant 2011 USD; for the mean year in the data for each country). The sample
consists of 138 countries (145 countries - 7 countries in the top and bottom 5% in estimated returns).
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Figure 5: OCCUPATION-SPECIFIC RETURNS AND ECONOMIC DEVELOPMENT
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Notes: The figure shows for both developed (D) and developing (G) countries the relationship between
the estimated occupation-specific returns to experience and the estimated occupation-specific returns
to experience for the whole world (using as weights the population of each country in 2017).
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Table 1: BASELINE RETURNS TO EXPERIENCE ACROSS DIMENSIONS

Labor Shares Baseline Returns to Experience
Countries: G D G D D-G:
Dimension: (1) 2 3) 4) )
Agriculture (A) 0.37 0.05 1.2 2.7 e
Non-Agriculture (N) 0.63 0.95 2.0 3.6 *hx
U NSA: e * ;7777[;%];_71\{6;*;*57’
Manual (M) 0.52 0.21 14 33 o
Cognitive (C) 0.48 0.79 2.1 3.6 o
e c-M: = [Mp-Co: *%]
Informal (I) 0.50 0.31 1.5 2.8 *hE
Formal® 050 069 ] 18 35 7 A
F-1I K% [ID'FG ***]
Rural (R) 0.54 0.27 1.3 33 o
Urban (U) 0.46 0.73 2.1 3.6 ok
U U-R e Rp-Ug: ***]
Countries 92-121 31-39 82-103 19-36 111-132

Notes: This table shows for 18-67 y.o. workers the average (population-weighted) labor shares and estimated
returns to experience for each group of countries (G = Developing; D = Developed) and each dimension.
Developed countries are “high-income” countries according to the classification of the World Bank in 2017. We
use the population of each country in 2017 as weights. The stars shown in brackets in column (5) indicate for each
dimension whether the returns of the “worst” subdimension in developed countries are significantly higher than
the returns of the “best” subdimension in developing countries. *, **, *** = 10, 5, 1% significance.

Table 2: EFFECTS OF THE LABOR SHARES OR THE RETURNS ON THE D-G GAP

Estimated Aggregate Returns to Experience

1 (2) (3) 4)
Oa. Agg. Returns in G 1.7 1.7 1.7 1.7
Ob. Agg. Returnsin D 3.6 35 3.3 3.5
Oc. D-G Gap (0b - 0a) 1.9 1.8 1.6 1.8
1. Move to Bestin G 16 22 6 22
2. Labor Shares of D 16 17 0 11
3. Returns of D for All 84 94 94 94
4. Returns of D for Worst 32 56 37 56
5. Returns of D for Best 53 44 50 39
6. Move to NCFU in G 26 28 31 28
Sectors/Locations NoAg-Ag Man-Cog Inf-For Rur-Urb
Num. Countries 111 127 112 132

Notes: This table shows by how many percentage points the gap in aggregate returns between developed
countries (D) and developing countries (G) is reduced when implementing five changes in the labor shares
or the returns of G countries: 1. Moving all workers of G countries to the higher-return sector in G countries;
2. Giving G countries the labor shares of D countries. 3. Giving G countries the returns of D countries. 4. Giving
the lower-return sector in G countries the return of the lower-return sector in D countries. 5. Giving the higher-
return sector in G countries the return of the higher-return sector in D countries. 6. Moving all workers of G
countries to non-agriculture (“N”) x cognitive (“C”) x formal (“F”) x urban (“U”) in G countries.



RETURNS TO EXPERIENCE AND THE SECTORAL ALLOCATION OF LABOR 49

Table 3: RETURNS TO EXPERIENCE ACROSS DIMENSIONS, COHORT EFFECTS

Countries: (1)-(4) Developing (G) (5)-(8) Developed (D) (9)-(12) D-G
Approach: Base HR1 HR2 Combi Base HR1 HR2 Combi Base HR1 HR2 Combi
Dimension: o @ 3 4) G ® @ (8) 9 qo 1 12
Ag. (A) 1.2 06 00 02 27 20 18 1.8 RRE R R
Non-Ag. (N) 20 15 11 13 36 29 27 28 RRE wE e Rk
TN-A [Ap-Ngl:  #% e e e e e ek pee] 4] ¢ [
Man. (M) 1.4 09 04 07 33 27 24 26 RREL R R ek
Cogn. (C) 2.1 1.8 1.4 1.5 36 30 28 3.0 R ek e ok
C-M IMB;C«;{ T s wx wk o oxk T T o [ ;m?] B Fm&f 7[;&] - f*;*f o
Inf. (I) 15 11 06 1.0 28 23 21 22 RREL w e
Form. (F) 1.8 14 09 13 35 31 29 30 RREL R R ek
CFI (Ip-Fol: R N e N I e A e
Rur. (R) 1.3 08 04 0.6 33 27 25 2.6 Rk ek e ok
Urb. (U) 21 17 14 16 36 31 29 30 RREL RRR R
TU-R [Rp-Ugl: =% e wm w0 [FrF] [FeR] [RRR] [eRR]
Countries (Min) 82 58 58 54 19 18 18 16 111 87 87 81
Countries (Max) 103 83 83 75 36 31 31 28 132 111 111 101

Notes: HR1: We add decadal cohort FE in the 1st-step regressions. HR2: For each country, we construct periods based on important
years and include in the 1st-step regressions country-specific period dummies equal to one if the person was 18-67 years old during
the period(s). Combi: We combine HR1 and HR2 and also add as a control in the first-step regressions the country’s average per
capita GDP growth rate for those years during which the individual was 18-67 years old. *, **, *** = 10, 5, 1% significance.

Table 4: RETURNS TO EXPERIENCE ACROSS DIMENSIONS, SORTING EFFECTS

Countries: (1)-(4) Developing (G) (5)-(8) Developed (D) (9)-(12) D-G
Approach: Base DRP REGU MIG Base DRP REGU MIG Base DRP REGU MIG
Dimension: 1) 2) 3) 4) (5) (6) @ 8) 9@ @10 a1y a2
Ag. (A) 1.2 0.8 0.8 0.7 27 24 2.7 3.4 R ek ok ok
Non-Ag. (N) 2.0 1.6 1.6 1.9 3.6 3.2 3.4 3.7 R ek ok ok
"N-A [A;;-iNigi]:i T T ekx wEx wkk kkx wx T T T T T 7 pr;]f 7[;*]7 - f*;*f - 7[]7 o
Man. (M) 14 1.2 1.1 1.2 3.3 3.1 34 3.5 o Rk ok ok
Cogn. (C) 2.1 1.8 1.7 2.1 3.6 3.3 3.6 3.7 R kR o ok
’an*[1\7[];_*05]****;*;***;{***Zf**************************ﬁa&]**[»?*;]*[*;*]***[*;]”
Inf. (I) 1.5 1.4 1.4 1.5 28 25 2.9 3.2 R ek ok ok
_Form. (B) 18 17 17 22 35 32 36 40 T v O
Rur. R) 1.3 1.2 1.1 1.2 3.3 3.0 3.3 3.6 R Rk Ex Ex
Urb. (U) 2.1 1.9 1.9 2.1 3.6 3.3 3.6 3.7 R ek ok ok
"U-R fRfoUf(jf T T wwx wwx xkx xxx T T T T T oo T ﬁq?*f 7[4?“?] - I*Q*f - 7[*;]7 }
Countries (Min) 82 71 67 38 19 17 10 10 111 92 84 48
Countries (Max) 103 83 83 45 36 27 15 11 132 110 99 56

Notes: DRP: We add various controls for sorting: the non-agriculture, cognitive occupation, formal sector and urban dummies,
3 sector FE, 10 occupation FE, a male dummy, and the square of education. REGU: We add the DRP controls and first-level
administrative units FE interacted with the urban dummy. MIG: We add the DRP controls and dummies for whether the individual
is a domestic migrant or an international migrant and whether this information comes from the last migration episode or from
comparing the place of current residence with the place of previous residence or the place of birth. *, **, *** = 10, 5, 1% significance.
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Table 5: RETURNS TO EXPERIENCE ACROSS DIMENSIONS, SELECTION EFFECTS

Countries: (1)-(4) Developing (G) (5)-(8) Developed (D) (9)-(12) D-G
Approach: Base Male U<7 HSM Base Male U<7 HSM Base Male U<7 HSM
Dimension: (1) (2) 3) (4) (5) (6) (7) (8) 9 (10 11 @12
Ag. (A) 1.2 0.9 1.2 1.3 2.7 3.0 2.9 2.7 ok ok ok ok
Non-Ag. (N) 2.0 2.1 2.0 2.0 3.6 4.2 3.5 3.7 ok ok ook ook
TN-A [AfoN*G]:* T skx wkx kR kR k% wkx ok xk f*{*f 7[;*;]7 7[*;*7] - 7[*7] S
Man. (M) 1.4 1.4 1.3 1.4 3.3 3.6 3.3 3.1 oE ok ok ok
Cogn. (C) 2.1 2.3 2.1 2.2 3.6 4.2 3.5 3.5 ok ok ok ok
M IM;_&;{ T sks wkx kR wRxowx 7 [7**7*]7 7[;*;]7 7[*;*7] - [*;*i o
Inf. (I) 1.5 1.8 1.5 1.5 2.8 3.3 2.5 2.8 ok o ok oRx
JForm.(B) 18 21 18 18 35 39 29 35 oo o
Rur. (R) 1.3 1.3 1.2 1.2 3.3 3.9 3.2 3.0 ok ok ok ok
Urb. (U) 2.1 2.4 2.2 2.2 3.6 4.2 3.5 4.5 ok ok ok ok
) ﬁfR* [7R;)-7Uig]7:7 T ks wkx kkx Ekx T T oo f*{*f 7[;*;]7 7[*;*7] - 7[*;]7 o
Countries (Min) 82 78 56 67 19 16 9 15 109 109 72 95
Countries (Max) 103 101 66 91 36 36 19 33 132 132 81 119

Notes: Male: We restrict the sample to male workers only. U<7: We keep samples for which the unemployment rate of 18-67 y.o.
active individuals is below 7%. HSM: We keep both active and inactive 18-67 y.o. individuals and implement a two-step Heckman
selection model with fixed effects for each marital status (married, never married, living together, divorced/separated, widowed) and
the number of children in the household and its square as external variables in the first-step equation. *, **, *** = 10, 5, 1% significance.

Table 6: RETURNS TO EXPERIENCE ACROSS DIMENSIONS, ROBUSTNESS 1/2

Panel: A:Log B: Log Num. C:5-35 Exp. D: 0-25 Exp.
Hourly Wage Hours Worked Bins Only Bins Only
Countries: G D D-G G D D-G G D D-G G D D-G
Ag. (A) 1.1 21 ** 0.1 0.7 ¥ 1.2 21 ** 14 33 ¥
Non-Ag. (N) 21 3.1 ok 0.0 0.6  *** 1.8 29 24 44
TN-A [7A;-7Nigi:7 BT 7[] 777777777777 [ *;*] T 7[]7 e o [7**7]7 i
Man. (M) 1.5 29 == 00 04 ** 1.3 26 1.7 39 ==
Cogn. (C) 23 34 ¥ 00 04 * 2 3 o 26 45 =
CC-M Mp-Cal: ™ e (] eer o x o peer] owes [Fr¥]
Inf. () 1.5 2.8 0.0 0.1 1.3 23 = 19 34 ==
Form. (F) 21 35 -0.1 0.1 1.7 29 = 23 42 =
DB [Ip-Fol: wee ke wx e pees] w6 peex]
Rur. (R) 1.5 3.1 ek -0.2 0.3 * 1.1 27 1.6 4 ok
Urb. (U) 23 34 0.1 05 * 1.9 3 o 26 44 v
"U-R [Rp-Ucl:  ** ) e [fre] e [Frr]
Countries (Min) 71 15 92 77 22 99 82 19 109 81 18 109
Countries (Max) 87 34 117 90 35 118 103 36 132 103 36 132

Notes: The stars shown in brackets indicate whether the returns of the “worst” subdimension in developed countries are significantly
higher than the returns of the “best” subdimension in developing countries. *, **, *** = 10, 5, 1% significance.
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Table 7: RETURNS TO EXPERIENCE ACROSS DIMENSIONS, ROBUSTNESS 2/2

Panel: A:Lagakos et al B: Lagakos et al C: Num. Yrs. D:Num. Yrs.
(2018) (monthly) (2018) (hourly) Educ. <12 Educ. > 12
Countries: G D D-G G D D-G G D D-G G D D-G
Ag. (A) 09 32 = 0.7 3.0 1.0 1.8 1.7 3.0 o
Non-Ag. (N) 23 3.7 o= 23 35 1.7 35 25 3.7 o
CN-A [Ap-Ngl: e e e L =
Man. (M) 1.6 3.4 = 1.6 32 == 1.2 29 == 20 33 =
Cogn. (C) 23 39 o= 24 37 = 1.9 34 o= 25 3.7 o
CC-M [Mp-Cgl: % x[ee] e e e [err] e [ere]
Inf. (I) 15 3.4 = 1.6 33 = 1.2 26 = 1.9 29 =
Form. (F) 20 3.7 = 21 36 1.5 3.0 *** 22 36
B 7[127_71:;]7 T T T T [erx] e e G W e
Rur. (R) 1.6 3.7 = 1.6 35 = 1.0 3.1 = 20 34
Urb. (U) 23 3.8 24 3.7 20 3.1 25 3.7
"U-R Rp-Ugl: ™ [erx] e peer] e e [Frx]
Countries (Min) 64 9 73 58 7 65 81 15 105 43 14 57
Countries (Max) 79 31 105 76 30 101 102 35 130 68 34 96

Notes: The stars shown in brackets indicate whether the returns of the “worst” subdimension in developed countries are significantly
higher than the returns of the “best” subdimension in developing countries. *, **, *** = 10, 5, 1% significance.

Table 8: RETURNS FOR SELECTED SUBSECTORS AND OCCUPATIONS

Labor Shares Estimated Returns to Experience

Dimension: NG (2) D 3)G 4)D (5) D-G
LAgiculure 037 005 09 27 -

2. Non-Agriculture & Rural 0.24 0.23 1.5% 34 o
_3.Non-Agriculture &Urban 039 072 22 367 R

Countries 115 29 87 17 104
_4.Non-Ag*Cognitive"Formal*Urban __ 0.24 043 . 22 86 T

Countries 80 27 69 26 95
5. Agrculture 037 ___ 005 .0 ____ 26 _______ .

6. Construction 0.06 0.08 1.4%%* 3.2 ok

7. Manufacturing 0.12 0.17 1.7%%* 3.5%* ok

8. Wholesale & Retail & Trade 0.16 0.19 1.9%** 3.6** E

9. Transportation & Communications 0.05 0.07 2.1%%* 3.7k ok

10. Administration 0.10 0.18 2.2%%* 3.2 o
_ 11. Finance, Real Est. & Business Services  0.03 0.2 227 36" R

Countries 76 36 71-98 18-33 103-130
_12.Elementary Occupation 015 008 09 ___ 82 o

13. Skilled Agriculture 0.27 0.03 0.9 2.9 o

14. Crafts 0.10 0.12 1.5%** 33 o

15. Machinists 0.05 0.10 1.7%%* 3.2 o

16. Salespersons 0.15 0.14 1.8%** 3.4 K

17. Clerks 0.06 0.14 2.1%%* 35 o

18. Technicians 0.05 0.14 2.3%** 35 e

19. Managers 0.05 0.10 2.4 3.7 ok
_20.Professionals _____________006 __016_ _ ___ 25 85 ______° o

Countries 72 39 46-87 11-36 66-123

Notes: The stars in columns (3)-(4) show for selected subsectors and occupations in both developing and developed countries
whether the estimated returns to experience are significantly different from the estimated returns to experience for the lowest-return
subsector / occupation at the world level, i.e. “Agriculture” and “Elementary Occupations”. *, **, *** = 10, 5, 1% significance.
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Table 9: CROSS-COUNTRY CORRELATES OF THE RETURNS TO EXPERIENCE

Dependent Variable: Estimated Returns to Experience ca. 1990-2016
Row \ Column: 1) ) 3) 4) 5) (6)
1. World Gvt. Indic. PCS (96-16) 0.29*** 0.15 0.13 0.36%** 0.17 0.19*
[0.03] [0.13] [0.11] [0.06] [0.13] [0.10]
2. Doing Business Score (04-16) 0.03*** -0.05** -0.05** 0.01 -0.05** -0.05**
[0.01] [0.02] [0.02] [0.01] [0.02] [0.02]
3. Logistics Perf. Index (07-16) 1.22%** 0.85** 0.85%** 1.26%** 0.99%** 0.96%**
[0.16] [0.34] [0.32] [0.24] [0.31] [0.29]
4. Broadband Subscr. (%, 98-16) 0.08*** 0.00 0.10*** 0.02
[0.01] [0.03] [0.02] [0.03]
5. Digital Payments (%, 11-17) 0.02%** 0.01 0.01 0.03*** -0.00
[0.00] [0.01] [0.01] [0.00] [0.01]
6. Premium Overtime (%, 15-16) -0.01%** -0.00** -0.00** -0.01%** -0.00** -0.00**
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
7. Severance Pay (Wks, 15-16) -0.07*** 0.02 -0.04* 0.03* 0.03
[0.02] [0.02] [0.02] [0.02] [0.02]
8. Notice Period (Wks, 15-16) 0.06™** 0.07*** 0.07*** 0.05%** 0.05** 0.05**
[0.02] [0.02] [0.02] [0.02] [0.02] [0.02]
9. Women-BL: Get. Paid (90-16) 0.027%** 0.01 0.01 0.01%** 0.00 0.00
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
10. Secular Values (90-14) 0.03** -0.02 -0.02 -0.00 -0.02 -0.02
[0.01] [0.02] [0.02] [0.01] [0.02] [0.02]
11. Emancipative Values (90-14) 0.08%** -0.00 0.07%*** 0.00 0.01
[0.01] [0.02] [0.02] [0.02] [0.01]
12. Ethnic Frac. Index (%) -0.01* -0.01 -0.00 -0.00 -0.01* -0.01*
[0.00] [0.00] [0.00] [0.00] [0.01] [0.01]
13. Dislike Other Races (90-16) -0.05%** -0.03***  -0.03*** -0.04*** -0.04**  -0.03***
[0.01] [0.01] [0.01] [0.01] [0.01] [0.01]
14. Domestic Movement (08-16) 0.11%** 0.06 0.05 0.05 0.06 0.05
[0.04] [0.04] [0.04] [0.04] [0.04] [0.03]
Ctrls Log Per Cap. GDP & Life Exp. N N N Y Y Y
All Controls Simultaneously N Y Y N Y Y
Observations 80-145 72 72 80-145 72 72
R-squared 0.05-0.41 0.75 0.74 0.23-0.49 0.78 0.77

Notes: This table shows the effects of various country-level factors on the estimated aggregate returns to experience (available for 145
countries). Col. (1) & (4): We run a regression for each factor separately. The reported coefficients are the estimated coefficients of
the factors for each of the 14 separate regressions. Col. (2)-(3) & (5)-(6): We simultaneously include all factors in the same regression.

Col. (3) & (6): We use a LASSO regression to select the factors that appear in the model. *, **, *** = 10, 5, 1% significance.
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A.1 Details on the Experience-Time-Cohort Problem

The Experience-Time-Cohort Problem. As Heckman and Robb (1985, p.137) show, the literature
considers earnings W of individuals ¢ as a function of schooling s, work experience e, age a, time ¢
(e.g., the survey is from 2008) and cohort ¢ (e.g., individual i is born in 1982). For the sake of simplicity,

we consider a linear function and the number of years of experience instead of experience bins:

W, = a+ ags + ace + aga + it + ace + ¢ (A.1.1)

Wages increase with schooling («s; > 0) and work experience (a. > 0). Age could have an effect
that is independent of the effect of work experience. As Heckman and Robb (1985, p.137) explain, “age
may be a direct determinant of earnings through maturation and other physiological effects”. In that
case, wages increase with age (o, > 0). However, employers could also discriminate against older
workers (o, < 0). There are then time effects. In contexts where the economy is growing (declining),
time effects will be positive (negative), and thus a; > 0 (a; < 0). Finally, there could be cohort effects.
For example, Heckman and Robb (p.138 1985) explain that “workers reared in the Depression may be
pessimistic or risk averse while workers reared in the 1950s may be overly optimistic”. We could also
imagine that people born earlier did not have access to a good health infrastructure in countries where
modern health systems were established later on. In that case, and if past health investments matter
for productivity, wages will increase with the year of birth/cohort (a. > 0).

Without retrospective data on individual employment, experience tends to be estimated as age
minus schooling (e; = a; — s;). Time is then equal to age plus the year of birth (¢t = a; + ¢;). This implies
that one cannot simultaneously include schooling, experience, age, time fixed effects and cohort fixed

effects. In that case, and not including age and cohort fixed effects, we de facto estimate:

Wi=a+ (ar+ac) xt+ (as + ag —ac) xS+ (e + g — ac) ke + ¢ (A.1.2)

In other words, the coefficient of experience (and schooling) captures the age and cohort effects.
Distinguishing Experience Effects and Age Effects. One cannot distinguish the effects unless one has
separate data on age and past employment. However, if one considers experience as life experience
rather than work experience per se, one may be interested in «, + «,. Obviously, there is still an issue
if employers discriminate relatively more against older (or younger) workers. Also, since we are mostly
interested in the difference between developed and developing countries, that is only an issue for us if
richer countries discriminate more (or less) against older (or younger) workers than poorer countries.
Without country-level data on age-based discrimination, we abstract from this issue in our analysis
and acknowledge that our experience effects may capture age affects.

Distinguishing Experience Effects and Cohort Effects. As can be seen in equation A.1.2, the
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coefficient of experience captures the cohort effects. In particular, if later cohorts benefit from say new
technologies raising productivity, we expect positive cohort effects (o, > 0). In that case, the estimated
effect of experience (+ age) will be lower than the true effect (a. + a4 — ac < ae + a,), and the returns
are downward-biased. Conversely, if there is fast population growth and cohort size negatively affects
wages, we expect negative cohort effects (o, < 0) and the returns to be upward-biased. Again, that is
only an issue for us if richer countries have different cohort effects than poorer countries.

Specific Related Issues in our Sample of 145 Countries. Since we focus on workers aged 18-67 in
samples from 1990-2016, we study individuals born between 1923 and 1998. Without controls for
cohort effects, various factors may affect our results. First, investments in human capital and/or new
technologies may lead to positive cohort effects (o, > 0), where later cohorts have better unobservable
abilities over time. Returns are then downward-biased. The question is whether this is more true in
developed countries or in developing countries.! Second, faster population growth in poorer countries
could have reduced their cohort effects. Indeed, if cohort size negatively affects wages, one could
expect fast population growth to reduce wages over time («. < 0). In that case, the returns of poorer
countries are upward-biased. Third, there may be selection effects due to very high child and adult
mortality rates in the past in poorer countries (or in countries with major pandemics such as HIV).
If “survivors” from these times were positively selected, older workers still alive in the data may be
intrinsically more productive. In that case, cohort effects may end up negative (o, < 0), and the
returns of poorer countries are upward-biased. Finally, the experience of older cohorts may be less
valuable ceteris paribus than the experience of younger cohorts in countries that have experienced
a dramatic change in their economic system, for example in the ex-USSR. Given a same level of
experience, older cohorts will be paid less than younger cohorts, so cohort effects are positive (a. > 0).
Therefore, the returns of these countries may be downward-biased.

DH Approach Followed by Lagakos et al. (2018). Their first approach, which they call the Deaton-Hall
(DH) approach, is inspired by Hall (1968) and Deaton (1997). As Lagakos et al. (p.799, 2018) explain,
one can try to resolve the difficulty of collinearity by imposing “one additional linear restriction on the
set of cohort and time effects in equation (2)” (eq. 1 in our analysis). One version of this approach
attributes all labor productivity growth to cohort effects and uses year dummies to capture only
cyclical fluctuations. They implement this by estimating their equation (2) with birth cohort dummies
and time dummies, with the restriction that the time dummies are orthogonal to a time trend. A
clear limitation with that approach, as acknowledged by the authors themselves (p.814), is that it
does not capture time trends in fast-growing countries such as Brazil and Jamaica (3.5% and 2.1%

per year, respectively; see their footnote 8). In such cases, very steep wage-experience profiles may be

'Developed countries have grown relatively fast during the 1923-1998 period, since they became “developed”. However,
life expectancy has dramatically improved in developing countries even when per capita incomes did not. Since increases
in life expectancy reflects major health improvements, and since health is a major determinant of productivity, one could
expect productivity to have dramatically increased across cohorts over time in developing countries.



FOR ONLINE PUBLICATION: APPENDIX 3

obtained (see their Figure 4A). Indeed, Lagakos et al. (2018) explain that with “time effects shut down,
all wage growth by individual cohorts over their lifetimes is attributed to their increased experience.”?
Symmetrically, this method has limitations for countries experiencing economic decline. In our
sample of 145 countries between 1950 and 2017, 454 out of 931 country-decades for which we have per
capita GDP data — 48.8% of the sample — saw an average annual growth rate higher than 2% whereas
166 country-decades — 17.8% of the sample — saw a negative average annual growth rate.’
HLT Approach Followed by Lagakos et al. (2018). Their second approach, which they call the HLT
approach, is inspired by Heckman, Lochner and Taber (1998). As Lagakos et al. (2018) explain, they rely
on theories of life cycle wage growth that claim that “there should be little or no effect of experience
on wages near the end of the life cycle”. In other words, more experienced/older workers have no
incentive to invest in human capital formation and the incentive to search for a better-paying job
declines similarly. One can then “follow a fixed cohort across multiple cross sections for the last years
of their working life” and attribute any wage changes for them to time effects. Once aggregate time
effects are recovered, “it is straightforward to estimate the experience and cohort effects of workers
who are not near the end of the life cycle”. However, wage profiles could decrease at the end of the
life cycle because of human capital depreciation. Indeed, with age, all our body systems (e.g., the
brain) decline. As the authors acknowledge, “this approach requires assumptions about two main
parameters: first, the number of years at the end of the life cycle for which there are no experience
effects and, second, a number for the depreciation rate”. They consider 5 or 10 years and 0 or 1%.
While this approach has several clear merits, it posits that there are no experience effects near
the end of the life cycle, which may be less true in developed countries than in developing countries.
Also, selective early retirement in developed countries, and more importantly selective mortality in
developing countries, complicates the analysis, since estimated time effects near the end of the life
cycle could capture unobservable compositional changes in the population of the older cohorts across
years. We focus on workers aged between 18 and 67. Given how work experience is constructed,
the correlation between experience and age is mechanically high, at 0.90 or more in most samples.
However, among our 145 countries, life expectancy is lower than 60 for 390 country-decades, i.e. 39.0%
of the sample (source of the life expectancy data: United Nations (2018)). Therefore, because our
sample includes 45 lower-middle income countries and 26 low income countries and given that life
expectancy is strongly correlated with income across countries, this approach might create issues of
its own. Finally, since we have 145 countries and we have multiple years of data for most of them,

wages are not necessarily comparable across years within a same country, due to changes in (i) the

Lagakos et al. (2018) tries two other versions of this approach, one where productivity growth is attributed to time effects
and another one where it is attributed in equal parts to cohort and time effects. However, they explain on p.799 that “one
does not know in general what fraction of growth is due to time effects, and this fraction could differ across countries”.

3The main source for GDP is Bolt and van Zanden (2014) who update Maddison (2008)’s data set. The data show per
capita GDP in constant 1990 international $ (i.e. PPPs). We extend the data to 2017 using the levels in the data in 2010 and
annual per capita GDP growth rates reported by World Bank (2018) for the period 2000-2017 (constant 2011 international $).
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domestic currency, (ii) inflation, and (iii) possibly changes in the methodology to estimate wages
across surveys/censuses. In equation 1, we include country-year-sample fixed effects so as to only
compare individuals facing the same currency and national level of prices and for which wages were
obtained similarly. Their HLT approach requires that all wages of a same country be estimated in a
same currency and be deflated. While currency changes are easy to track (we use Wikipedia for all
countries), inflation may be poorly measured in poor countries, especially in high-inflation contexts
(we use the GDP deflator from International Monetary Fund (2018)). The HLT approach also requires
that we restrict the analysis to surveys/censuses that are similar enough methodologically. This makes
us drop about 6% of our sample, mostly low-income countries.

Nonetheless, we show in Web Appx. Table A.2 that results hold if we implement this approach,
whether focusing on the last 5 or 10 years of experience and/or using a depreciation rate of 0 or 1%. In

order to do so, we do our best to express wages in a single currency for each country.

A.2 More Examples of Countries for the HR2 Approach

We show below the identified “important” years for five different countries:

Haiti 1923-2016: 1915 (U.S. occupation), 1934 (U.S. withdraws troops), 1947 (U.S. maintains fiscal
control until 1947), 1856 (Duvalier seizes power in military coup), 1964 (Duvalier declared president
for life), 1971 (Duvalier dies and is succeeded by his son), 1986 (Duvalier’s son flees Haiti, civilian
government installed in 1988), 1991 (President Aristide ousted in a coup, triggering sanctions), 1994
(transition to a civilian government, Aristide returns), 1999 (President Preval begins ruling by decree),
2002 (becomes full member of the Caribbean Community trade bloc), 2010 (earthquake).

Honduras 1923-2016: 1925 (American troops landing), 1932 (dictatorship of General Andino), 1949
(“New Reform” and movement away from Carias regime), 1954 (general strike, coup in 1955), 1963
(coup), 1969 (EI Salvador invades Honduras), 1974 (hurricane), 1980 (peace treaty with El Salvador),
1981 (first civilian government), 1984 (General Alvarez deposed), 1995 (WTO), 1998 (Hurricane Mitch),
2003 (trade agreement with the U.S.), 2006 (trade deal with the U.S.), 2009 (President Zelaya removed).
Kenya 1923-2016: 1920 (Crown Colony of Kenya), 1940 (Italian forces attack), 1944 (Kenyan African
Union), 1947 (Kenyatta becomes KAU leader), 1952 (Mau Mau rebellion), 1956 (rebellion ends), 1960
(state of emergency ends), 1963 (Independence), 1969 (assassination of Mboya, ethnic unrest), 1978
(Kenyatta dies, rule of Moi starts), 1982 (one-party state), 1987 (opposition groups suppressed),
1992 (elections, tribal conflict), 1996 (constitution amended), 2002 (Moi’s reign ends), 2007 (electoral
violence), 2010 (new constitution, East African common market), 2013 (terrorist attacks).

Paraguay 1923-2016: 1922 (Paraguayan civil war), 1932 (Chaco War), 1936 (February revolution,
coup), 1947 (2nd Paraguayan civil war), 1954 (General Stroessner seizes power in coup, beginning of
dictatorship), 1959 (liberalization reforms), 1963 (multi-party dictatorship), 1989 (Stroessner deposed

in coup), 1992 (new democratic constitution, joins Mercosur in 1991), 1996 (avoided coup, joins WTO
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in 1995), 2002 (state of emergency), 2012 (President Lugo ousted).

Venezuela 1923-2016: 1935 (Gomecista dictatorship), 1945 (military Coup, 1948 too), 1958 (return
to Democracy), 1976 (oil nationalized), 1983 (Venezuelan Black Friday), 1989 (Caracazo Riots), 1992
(Chavez coup, Mercosur in 1991, WTO in 1995), 1998 (election of Chavez), 2002 (armed forces rebel),

2006 (Chavez wins 3rd term, various companies nationalized in 2007), 2013 (Chavez dies).
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Figure A.1: DISTRIBUTIONS OF THE RETURNS FOR EACH SUBDIMENSION

(a) By Sectors (b) By Occupational Types
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Notes: The subfigures show the kernel distributions of the estimated returns to experience for each subdimension. Two-
sample KolmogorovSmirnov tests confirm that the “best” sector/location (non-agriculture, cognitive occupations, formal,
urban) has significantly higher returns than the “worst” sector/location (agriculture, manual occupations, informal, rural).
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Figure A.2: OCCUPATION SPECIFIC RETURNS AND DEVELOPMENT, ROBUSTNESS

(a) 10 Occupations x Formal Status (b) 10 Occupations x Urban Area
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Notes: Subfigure 2(a) shows for both developed (D) and developing (G) countries the relationship between the occupation x
formal specific returns to experience and the occupation x formal specific returns to experience for the whole world (using
as weights the population of each country in 2017). The estimated slope coefficient is 0.44** and 1.08*** for developed
and developing countries, respectively (N = 18; not shown). We omit two occupation x formal categories because returns
are available for fewer than 10 developed or developing countries. Subfigure 2(b) shows for both D and G countries the
relationship between the occupation x urban specific returns to experience and the occupation x urban specific returns to
experience for the whole world (using as weights the population of each country in 2017). The estimated slope coefficient
is 0.37*** and 1.09*** for developed and developing countries, respectively (N = 18; not shown). We omit two occupation x
urban categories because returns are available for fewer than 10 developed or developing countries.

Figure A.3: OCCUPATION-SECTOR SPECIFIC RETURNS AND DEVELOPMENT
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Notes: The figure shows for both developed (D) and developing (G) countries the relationship between the estimated
occupation x sector specific returns to experience and the estimated occupation x sector specific returns to experience for
the whole world (using as weights the population of each country in 2017). The estimated slope coefficient is 0.35*** and
1.09*** for developed and developing countries, respectively (N = 51; not shown). While there are potentially 10 occupations
x 10 sectors = 100 occupation-sectors, returns are available for at least 10 countries for 51 of them only.
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Table A.1: STATIC WAGE DIFFERENCES ACROSS DIMENSIONS

Dependent Variable: Estimated Wage Difference (%) for Each Dimension

Sect./Loc. NoAg-Ag Man-Cog Inf-For Rur-Urb NoAg-Ag Man-Cog Inf-For Rur-Urb
1) 2) 3) 4) ) (6) () (8)

Col. (1)-(4): Not Including the Experience Dummies Col. (5)-(8): Including the Experience Dummies

Developed — -24.6*** -11.6%** -1.0 -32.8%** -16.4 7.1 -0.9 -10.4

(8.7] (4.2] (10.1] (10.3] [10.6] [6.0] [6.6] [7.8]
Mean 62.7 43.2 42.6 46.7 28.1 8.9 16.6 14.5
Max 183.5 183.3 173.9 161.7 174.4 153.9 104.7 128.4
Observations 111 127 112 132 111 127 112 132

Notes: Col. (1)-(4): We show the coefficients of the sector/location dummy when not including the experience dummies (we include
the number of years of education and the male dummy). Col. (5)-(8): We show the coefficients of the sector/location dummy when
including the experience dummies (we include the number of years of education and the male dummy). These regressions correspond
to the baseline regressions of Table 1. We use as weights the population of each country in 2017. *, **, *** = 10, 5, 1% significance.

Table A.2: RETURNS ACROSS DIMENSIONS, COHORT EFFECTS, ROBUSTNESS

Approach: Base 20-Yr 5-Yr 18-40 18-30 18-67 18-67 HILT HLT HLT HLT
Cohort Cohort Period Period &0-17 Dum. 5Yrs 5Yrs 10Yrs  10yrs
FE FE Dum. Dum. Dum. & Gr. 0% Dep. 1%Dep. 0% Dep. 1% Dep.
1) ) (3) (4) (5) (6) () (8) 9) (10) (11)
Panel A: Developing Countries
Ag. 1.2 1.1 -0.3 0.2 0.3 -0.6 -0.2 1.1 1.1 1.1 1.1
Non-Ag. 2.0 1.8 0.8 1.2 1.3 0.5 1.0 1.9 1.8 1.7 1.8
Man. 14 1.3 0.2 0.5 0.6 -0.1 0.3 1.3 1.3 1.2 1.3
Cogn. 2.2 2.0 1.2 1.5 1.5 1.0 1.2 2.0 2.1 2.0 2.0
Inf. 1.6 1.5 0.4 0.7 0.9 0.1 0.7 1.4 1.5 1.3 1.5
Form. 1.9 1.7 0.7 1.0 1.2 0.4 1.0 1.7 1.7 1.7 1.7
Rur. 1.3 1.2 0.2 0.5 0.6 0.0 0.3 1.3 1.2 1.2 1.4
Urb. 2.2 2.0 1.3 1.5 1.6 1.0 1.4 2.0 2.1 1.9 2.0
Obs (Min) 82 58 58 58 58 58 54 51 51 51 51
Obs (Max) 103 83 83 83 83 83 75 72 72 72 72
Panel B: Developed Countries
Ag. 2.7 2.3 1.0 2.0 2.1 1.0 1.4 2.3 2.5 2.4 2.3
Non-Ag. 3.6 3.1 2.1 2.9 3.0 2.1 24 3.1 3.2 3.3 3.1
Man. 3.2 3.0 2.0 2.7 2.8 2.0 2.3 3.0 3.1 3.0 3.0
Cogn. 3.7 3.3 2.4 3.1 3.1 2.5 2.7 3.4 3.3 3.5 3.5
Inf. 2.9 2.6 1.6 2.3 2.3 1.8 2.0 2.6 2.7 2.7 2.6
Form. 3.6 3.3 2.5 3.1 3.1 2.7 2.8 3.4 3.4 3.3 3.2
Rur. 3.4 3.0 2.1 2.8 2.9 2.2 2.4 3.0 3.1 29 3.0
Urb. 3.7 3.3 2.5 3.1 3.2 2.6 2.8 3.4 3.3 3.4 3.3
Obs Min) 19.0 18.0 18.0 18.0 18.0 18.0 16.0 13.0 13.0 13.0 13.0
Obs (Max) 36.0 31.0 31.0 31.0 31.0 31.0 28.0 26.0 26.0 26.0 26.0

Notes: 20-Year Cohort FE: We include 20-year cohort fixed effects. 5-Year Cohort FE: We include 5-year cohort fixed effects.
18-40 Period Dum.: We use country-specific periods based on ages 18-40. 18-30 Period Dum.: We use country-specific periods based
on ages 18-30. 18-67 & 0-17 Dum.: In addition to country-specific periods based on ages 18-67, we add period dummies equal to one
if the individual was 0-17 years old during the period(s). 18-67 Dum. & Gr.: We use the 18-67 and 0-17 dummies, and the individual’s
corresponding growth rates. HLT: We implement the algorithm of Lagakos et al. (2018), separately for each subdimension and for
countries with at least 3 years of data. At the end of the life cycle, we consider 5 or 10 years as the number of years for which there are
no experience effects and 0% or 1% as the depreciation rate of human capital. *, **, *** = 10, 5, 1% significance.
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Table A.3: RETURNS ACROSS DIMENSIONS, SORTING EFFECTS, ROBUSTNESS

Countries: Columns (1)-(5): Developing Countries Columns (6)-(10): Developed Countries
Approach:  Base 10 Sect. Region2* Region  Never Base 10 Sect.  Region2  Region  Never
*10 Occ. UrbanFE Birth FE Movers *10Occ. *Urban  Birth FE  Movers
(1 (2) (3) (4) (5) (6) (7) (8) 9) (10)
Ag. 1.2 0.8 0.7 1.4 1.1 2.7 2.4 2.8 4.2 3.6
Non-Ag. 2.0 1.6 1.5 2.0 1.9 3.6 3.1 3.3 4.1 3.6
Man. 1.4 1.1 1.1 1.6 1.4 3.2 3.0 3.0 4.0 3.7
Cogn. 2.2 1.8 1.6 2.1 2.0 3.7 3.2 3.3 4.1 3.6
Inf. 1.6 1.4 1.4 2.0 1.5 2.9 2.5 3.5 3.5 3.1
Form. 1.9 1.7 1.4 1.9 1.8 3.6 3.2 4.0 4.4 4.4
Rur. 1.3 1.2 1.0 1.4 1.1 3.4 3.0 3.0 4.0 3.6
Urb. 2.2 1.8 2.0 2.1 2.1 3.7 3.2 3.3 4.1 3.6
DRP Ctrls N Y Y Y Y N Y Y Y Y
Obs (Min) 82 71 37 25 31 19 17 8 8 7
Obs (Max) 103 83 45 31 37 36 27 9 8 10

Notes: Col. (2)-(5) & (7)-(10): We add the DRP controls for sorting: the non-agriculture, cognitive occup., formal sector and urban
dummies, 3 sector FE, 10 occupation FE, a male dummy, and the square of education. 10 Sect.*10 Occ.: We include 10 subsector
* 10 occupation = 100 subsector-occupation FE. Region2*Urban FE: We include 2nd-level admin. units FE which we interact with
the urban dummy. 2nd-level admin. units (e.g., counties in the U.S.). Region Birth FE: We include region of birth FE. Depending on
the country, they include 1st-level or 2nd-level admin. units. Never Movers: We restrict the sample to individuals who have never
migrated, i.e. individuals who still live in the same place as their place of birth. *, **, *** = 10, 5, 1% significance.

Table A.4: RETURNS ACROSS DIMENSIONS, SELECTION EFFECTS, ROBUSTNESS

Countries: Columns (1)-(6): Developing Countries Columns (7)-(12): Developed Countries
Approach: Base Unemp. Unemp. Unemp. NLFP NLFP Base Unemp. Unemp. Unemp. NLFP  NLFP
>7% <10% >10% <35% >35% >7% <10% >10% <35% >35%
1) 2) (3) (4) (5) (6) ) (8) 9) (10) (1) (12)
Ag. 1.2 14 1.2 1.2 1.5 0.6 2.7 3.1 2.8 2.0 29 2.2
Non-Ag. 2.0 2.2 2.0 2.2 2.0 1.9 3.6 4.0 3.5 3.5 3.6 3.0
Man. 1.4 1.7 1.3 1.9 1.5 1.3 3.2 3.5 34 3.1 34 3.0
Cogn. 2.2 2.2 2.1 2.1 2.2 2.0 3.7 4.0 3.6 3.8 3.6 3.6
Inf. 1.6 1.9 1.5 1.8 1.7 14 29 3.0 2.8 3.0 2.7 29
Form. 1.9 2.0 1.8 1.7 1.7 1.9 3.6 3.7 3.4 3.8 3.5 3.7
Rur. 1.3 1.5 1.2 1.5 1.3 1.3 3.4 3.7 3.3 3.3 3.3 3.2
Urb. 2.2 2.1 2.1 1.9 2.2 2.0 3.7 4.1 3.6 3.7 3.6 3.6
Obs (Min) 82 42 68 27 54 46 19 15 15 8 14 6
Obs (Max) 103 67 82 47 67 63 36 28 31 19 29 16

Notes: Unemp.: We keep country-year samples whose unemployment rate among active 18-67 y.o. individuals is above 7%, the
world’s median unemployment rate in the sample, or below or above 10%, the world’s mean unemployment rate in the sample. NLFP:
We keep country-year samples whose non-labor force participation rate among both active and inactive 18-67 y.o. individuals is
below or above 35%, the world’s median and mean non-labor force participation rates in the sample. *, **, *** = 10, 5, 1% significance.
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Table A.6: RETURNS TO EXPERIENCE WHEN INTERACTING DIMENSIONS

Labor Shares Estimated Returns to Experience
Countries: G D G D D-G:
Dimension: () 2) 3) 4) (5)
Agriculture (A) 0.33 0.05 1.2 2.7 o
Non-Agri. & Manual (NM) 0.20 0.17 1.6 3.2 ok
_ Non-Agri. & Cognitive (NC) _ 047 07 ______ 21 86 __ ____™______.
NM-A: o [Ap-NMg: **¥]
NC-A: ok o [Ap-NCg: *]
Agriculture (A) 0.25 0.06 1.1 2.3 ok
Non-Agri. & Informal (NI) 0.32 0.27 1.7 2.6 o
_ Non-Agri. & Formal (NF) 043 067 __ L9 34 ™
NI-A: K [Ap-Nlg: **]
NE-A X R [AD‘NFG ]
Agriculture (A) 0.37 0.05 0.9 2.7 wkx
Non-Agri. & Rural (NR) 0.24 0.23 1.5 3.4 ok
_ Non-Agri. &Urban (NU) _ _ __ _ _ 039 ___ 072 ______ 22 86 _ _____ ™ ______.
NR-A: * [Ap-NRg: ***]
NU-A: ok o [Ap-NUg: ]
Manual (M) 0.40 0.23 1.4 3 ok
Cognitive & Informal (CI) 0.25 0.23 2.1 2.9 ok
_ Cognitive & Formal (CF) 034 055 ___2 ____ 86 ™ .
CF-M: K [Mp-CFq: ***]
Manual (M) 0.52 0.21 1.3 3.2 ok
Cognitive & Rural (CR) 0.17 0.18 1.6 3.4 Hokx
_ Cognitive & Urban (CU)_ _ _ _ _ _ _ 031 ___o6er __________ 23 __ 87 ™o
CR-M [Mp-CRg: ***]
CU-M ok [Mp-CUg: ***]
Informal (I) 0.49 0.31 1.5 2.8 ok
Formal & Manual (FM) 0.16 0.14 1.5 3.3 ok
_ Formal & Cognitive (FC) ____ _ 034 _ 05 __________ L9 . 86 __ ____™______.
FM-I: (Ip-FMg: **¥]
FC-I: o o [(Ip-FCq: ***]
Informal (I) 0.49 0.31 1.5 2.8 ok
Formal & Rural (FR) 0.26 0.15 1.4 3.4 ok
_Formal&Urban (FU) 030 058 ____2 ____ 86 ™ _ .
FR-I: * [Ip-FRg: ***]
FU-I. o o (Ip-FUg: ***]
Rural (R) 0.52 0.26 1.2 3.3 ok
Urban & Manual (UM) 0.24 0.21 1.8 3.3 ok
_ Urban & Cognitive (UC)_ _ _ __ _ _ 030 __ 053 _______ 23 87 ™o
UM-R: HE [Rp-UMg: **¥]
UC-R: ok [Rp-UCgq: ***]
Rural (R) 0.56 0.26 1.2 3.1 ok
Urban & Informal (UI) 0.14 0.13 1.9 2.9 ok
_Urban & Formal (UF) 031 o061 __ 22 85 .
UI-R: ok [Rp-Ulg: ***]
UE-R: ok [Rp-UFg: **¥]
Countries 84-115 28-36 67-87 16-30 81-111

Notes: The stars shown in brackets indicate whether the returns of the “worse” subdimension in developed countries are significantly
higher than the returns of the “best” subdimension in developing countries. *, **, *** = 10, 5, 1% significance.
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