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ABSTRACT

The Emigration Life Cycle:
How Development Shapes Emigration
from Poor Countries®

Many governments seek to reduce emigration from low-income countries by encouraging
economic development there. A large literature, however, observes that average emigration
rates are higher in countries with sustained increases in GDP per capita than in either
chronically poor countries or established rich countries. This suggests an emigration life cycle in
which average emigration first rises, then falls with development. But this hypothesis has not
been tested with global datasets controlling for unobserved heterogeneity between countries.

This paper finds that emigration rises on average as GDP per capita initially rises in poor
countries, slowing after roughly US$5,000 at purchasing power parity, and reversing after
roughly $10,000. Before this reversal, the within-country elasticity of rising emigration
prevalence to rising GDP per capita is +0.35 to all destinations, and +0.74 to rich destinations.
This relationship between emigration flows and economic growth is highly robust to country
and time effects (fixed or random), specification (linear, log, nonparametric), emigration
measure (stock or flow), country subsamples (rich destinations, large origins), and historical
period (1960-2019 or 1850-1914). Decomposition of channels for this relationship highlight
the joint importance of demographic transition, education investment, and structural change,
but question a large role for transportation costs or policy barriers.
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In fundamental economic models of emigration, workers choose to live abroad if their earnings
would rise enough to exceed the costs (Sjaastad 1962). This carries an intuitive, testable im-
plication: When earnings rise in their country of origin, more workers should choose to live
there rather than live abroad. A large literature has suggested, however, that the effects of eco-
nomic development on emigration are more complex—that rising incomes coincide with struc-
tural changes that can initially cause more workers to emigrate. Thus typical poor countries
exhibit an emigration life cycle (Hatton and Williamson 1998) in which early stages of economic
development raise emigration rates. That research has new relevance in an age when many gov-
ernments encourage economic development in poor countries with the explicit goal of reducing

emigration (e.g. Caselli 2019).

But despite recent major advances in the availability of long-term datasets on migration pat-
terns, those datasets have not been fully investigated to test the hypothesis of the emigration
life cycle. Across developing countries at a moment in time, relatively richer developing coun-
tries have much higher emigration rates than the poorest developing countries in cross section
(e.g. Clemens 2014; Dao et al. 2018; Idu 2019). Yet it has remained unclear if these correlations ac-
curately represent the paths that developing countries take over time (Lucas 2019, 18), whether
they are driven by migration to relatively rich countries or to other relatively poor countries,
and whether they are driven by very small migrant-origin countries such as island nations with

high emigration rates (Bade and de Kemp 2018, 43).

This paper estimates and decomposes the relationship between real gross domestic product
(GDP) per capita and net emigration rates in developing countries. The results confirm the ex-
istence of the emigration life cycle, not only across but within typical developing countries. As
poor countries have developed toward US$10,000 per capita at purchasing power parity (PPP)
from 1960 to the present, controlling for country fixed effects, a 100 percent increase in real GDP
per capita has been associated with a 35 percent rise in emigration from developing countries to
all destination countries, and a 74 percent rise in emigration to high-income destination coun-
tries. The magnitude of this relationship is about one-third smaller than in cross-section. The
rise in emigration slows on average between a GDP per capita PPP$5,000 and PPP$10,000, and
reverses thereafter. This has been the average experience of economic development rather than

a universal law.



This result is highly robust. The positive sign on the income-emigration relationship for rela-
tively poor countries holds under country and time effects; under fixed or random effects; under
linear, log, or nonparametric regression; under measurement of emigration as stocks (preva-
lence) or flows (incidence); and under restriction to rich destination countries or large origin
countries. The analysis includes an illustration of how incorrect regression specifications can,
with the same data, yield spurious estimates. Overall, the emigration life cycle is a strong and

typical feature of economic development within countries over time.!

The paper also examines selected channels for this reduced-form relationship. It does this by
decomposing the life cycle both within and between two very different historical eras. It com-
pares in a single empirical framework all emigration worldwide 1960-2019, and emigration to
the Western Hemisphere 1850-1914. The latter setting exhibits few policy barriers and much
higher transportation costs. The literature posits several channels by which the life cycle could
arise (e.g. Hatton and Williamson 1998; Dao et al. 2018). Rising income typically raises education
and urbanization, and the associated demographic transition can produce large cohorts of youths
seeking work, all of which can encourage emigration. Other channels could arise abroad: Richer
potential emigrants might be better able to finance international travel, or to overcome migra-
tion policy barriers erected overseas. The evidence from both eras is consistent with a complex
mix of channels related to demographic transition, rising education, and structural change—to
broadly comparable degrees. It is not consistent with theories positing a large explanatory role

for transportation costs and policy barriers.

The economic history literature first documented that poor countries exhibited such an “emi-
gration life cycle” as they developed in the 19th and early 20th centuries (Williamson 1974, 371;
Akerman 1976, 25-32; Gould 1979; Hatton and Williamson 1994a, 1994b, 1994c, 1998, 2005a;
Hatton 2001, 2010; Faini and Venturini 1994; Chiswick and Hatton 2003; O’Rourke 2009). A
more recent strand of work has found that developing countries in the late 20th and early 21st
centuries have exhibited the same pattern: emigration rates are typically much higher in middle-

income developing countries than in low-income developing countries (Massey 1988; Skeldon

IThe term “emigration life cycle” is closely related but not identical to other terms in the literature. The “mobility
transition” (Zelinsky 1971) originated in the geography literature to describe long-term generational associations
between rural development and rural-urban migration. The term “migration hump” was coined to describe greater
emigration flows from Mexico associated with reduced barriers to trade and investment (Martin 1993).



1997; Hatton and Williamson 2002, 2003, 2005b, 2011; Clark et al. 2004; de Haas 2005, 2007; Faini
and Venturini 2010; Clemens 2014; Williamson 2015; Ferrie and Hatton 2015; Djajic et al. 2016;
Dao et al. 2018; Ruhe et al. 2020). In early stages of development, origin-country income per
capita correlates positively with emigration rates to a single destination country—the United
States (Clark et al. 2007; Hatton and Williamson 2011) or Germany (Vogler and Rotte 2000)—and
from a single origin country, Mexico (Hanson and McIntosh 2010). Studies of migration to OECD
countries collectively have found this relationship only among low-income countries (Pedersen
etal. 2008; Mayda 2010)—incidental to a different research focus and without exploring the result,

which is contradicted by some linear regression specifications (Ortega and Peri 2013).

A different strand of work explores the relationship between income and emigration at the
household level. It finds that individual families with exogenously higher income exhibit greater
tendency to emigrate, from Mexico (Orrenius and Zavodny 2005; McKenzie and Rapoport 2007;
Angelucci 2015; Gorlach 2019), rural Bangladesh (Bryan, Chowdhury and Mobarak 2014), In-
donesia (Bazzi 2017), Comoros (Gazeaud et al. 2019), and Honduras (Millan et al. 2020)—a lit-
erature surveyed by Adhikari and Gentilini (2018). Clemens and Mendola (2020) find the same

pattern using observational differences in income across households in 99 developing countries.

The contribution of this work is to provide transparent, comprehensive, and global country-level
empirical tests of a long-standing hypothesis in the development, labor, and economic history
literatures, controlling for unobserved heterogeneity using more complete and recently available
data (Ozden et al. 2011; United Nations 2019). The present work is unique in its global scope,
its array of robustness tests, its analysis of both modern and historical migration in the same
empirical framework, and its decomposition of the within-country relationship. It reconciles

discordant results in the prior literature by highlighting errors of empirical method.

The paper begins with a discussion of basic theory and the data to test it. It proceeds to an
analysis of the data from 1960 to present. It then explores selected channels for the emigration
life cycle, first by comparing post-1960 estimates to pre-1914 estimates, and then by decomposing

the relationship within each of those eras.



1 Economic development and the decision to emigrate

Why might the relationship between income and emigration start out positive, then reverse as
incomes rise? Perhaps the most parsimonious model that can generate the life-cycle pattern is a
special case of the model of emigration scale due to Grogger and Hanson (2011, formalizing Roy

1951).

1.1 A minimal economic model of location choice

Suppose that a worker in low-income country 0 decides whether or not to move for work in the

higher-income country 1. In country k € {0, 1}, the Mincerian (1958) wage is

Wi = exp (llk + 5ks), (1)

where p sets the base wage for the unskilled, and s is schooling with return 8. Suppose that the

cost of migrating from country 0 to 1 is
cp=cC+ 95, (2)

where ¢ captures a fixed cost for all workers and 6 captures costs that vary with education. This
cost could vary inversely with education (6 < 0) for a variety of reasons, notably that relatively
poor people could be capital-constrained to pay for migration and more educated people tend to

have more capital (Hanson 2006). The cost of not moving (cy) is zero.

Finally, let the worker’s utility in each country be Uy = a(wi — ck) + €, where ¢ is unobserved
and idiosyncratic to each person. Assuming that ¢ follows the Gumbel (Extreme Value Type I)

distribution across individuals (McFadden 1974), the prevalence of emigration is given by

E
In= = (x(w1 - wo) — ac — abs, (3)
0

where E; people emigrate and E; do not. The relationship in (3) captures the basic intuition
that, all else equal, rising incomes in the origin country (wy) should reduce the prevalence of

emigration.



But over the course of economic development, all else need not remain equal. Suppose that the
cause of the rise in origin-country incomes is a rise in average education s. This raises not just
workers’ earnings at home, w(s), but also their potential earnings abroad, w;(s). Depending
on the parameters 1 and § in (1), the wage gain w; — wy could rise with s, so the prevalence of
emigration could rise with wy(s) even without capital constraints (Hanson 2010, 4380). Moreover,
and separately, higher s would tend to raise migration prevalence in the location choice equation

(3) by reducing costs for the capital-constrained (6 < 0).

Even in this skeletal model, for poor countries, where the initial gap w; — wy is very large,
rising fundamentals like s could raise emigration prevalence at early stages of development. This
pattern could reverse at later stages when wy gets much higher and the importance of capital
constraints diminishes in a more affluent population. In brief: Atlow wj it can be simultaneously
true that the partial derivative 61%30/&) < 0 and the total derivative % > 0, though the

latter can change sign at higher wy. Clemens and Mendola (2020) point out that this is an instance

of Simpson’s Paradox.

1.2 Richer models

The emigration life cycle can arise, then, even if we model emigration and development as noth-
ing but location choice under rising home-country income. But development, of course, is far
more than rising incomes for each individual (Massey et al. 1993). It is strongly associated with
a transition out of agriculture and into urban employment, rising human capital, and greater in-

terpersonal connections abroad, all of which can reduce the cost of emigration (Dao et al. 2018).

A richer model would naturally capture several other features of the development process that
can encourage emigration (Clemens 2014). For example, the demographic transition that usually
accompanies early economic development can produce a large surge in the number of young
people just entering the labor force, who face lower costs of relocating (Hatton and Williamson
1998, 2011; Hanson and McIntosh 2016). This initial upward pressure on emigration, too, would

dissipate as development proceeds.

Models incorporating uncertainty in earnings abroad could likewise accentuate the positive ef-



fects of rising incomes on emigration prevalence (Batista and McKenzie 2019; Bah and Batista
2018). Families with more disposable income could have greater ability to self-insure against

that risk and thus be more likely to make the attempt (Gazeaud et al. 2019).

Models incorporating relative deprivation can moreover predict a nonmonotonic relationship
between overall development and emigration (Stark and Yitzhaki 1988). In the minimal location
choice model (3), the potential migrant’s utility is exclusively a function of her own income
abroad relative to counterfactual income at home. Relative deprivation models place some weight
on income at home relative to that of others at home. Economic development can initially raise
the number of higher-income individuals in the average potential migrant’s comparison group,

raising her relative deprivation and thus incentive to emigrate.

Emigration can be not only an effect of development in the country of migrant origin, but also a
cause. It can cause the development of more inclusive political institutions (Barsbai et al. 2017;
Karadja and Prawitz 2019), technological advance (Kerr 2008; Bahar and Rapoport 2018), and
international trade (Felbermayr et al. 2015). These and other mechanisms would tend to produce

a positive relationship between early-stage economic development and emigration rates.

What this entire class of models shares is the prediction that the relationship between rising
incomes and emigration can be complex, can be positive at low levels of income, and can change
in magnitude or even sign at higher levels of income. Taken as a whole, this literature suggests
a reasonable theoretical prior that the relationship between rising incomes and the tendency to
emigrate is nonmonotonic, as observed in cross section. But whether the emigration life cycle is

the typical experience of developing countries over time remains an empirical question.

2 Data on emigration prevalence and incidence, 1960-2019

Until recently it was difficult to conduct even the simplest systematic tests of the relationship be-
tween rising incomes and emigration prevalence in (3). Available datasets had to cobble together
emigration flows from each developing country by aggregating immigration flows of various

kinds recorded by certain destination countries.



Such datasets have numerous disadvantages and cannot be used to test the theory above. They
cover gross annual flows to a limited number of destinations and combine incommensurable
types of movement reported by different destination-country governments (permanent versus
temporary, regular versus irregular, foreign-born versus foreign nationals versus natives) (e.g.
de Beer et al. 2010). Immigration flows in the main compilation of this kind, by the United
Nations (2015) are not commensurable between countries and do not measure net migration.
For example, the immigration data compiled for the United States and Spain report the issuance
of residency permits, a large share of whose recipients arrived years or even decades beforehand,
adjusting from a prior nonimmigrant visa or from irregular status. This can make such measures
correlate inversely with physical migration. That database reports a rise of 55 percent in Mexico-
US migration between 1995 and 2010, as measured by the issuance of residency permits, despite
the fact that true Mexico-US migration fell by roughly half during that period (Passel and Cohn
2009).

Many countries also report the same person moving multiple times in one year as multiple mi-
grants, or include their own nationals returning from abroad in their measures of immigration
from each country. Some studies have addressed the comparability of flows across destination
countries by focusing on a single destination country (Clark et al. 2007; Vogler and Rotte 2000),

but this sacrifices a comprehensive picture of emigration from each origin country.

Moreover, such flow data also do not measure net migration from poor countries because several
governments, such as those of the United States and Greece, do not report emigration flows at
all. Economic models of location choice cannot be tested with gross flows alone, because even
a rising gross migrant flow is compatible with a rising or falling net flow of people choosing to

live in one country or another.

All of this changed with the global compilation of census, labor force survey, and population reg-
ister data by Ozden, Parsons, Schiff and Walmsley (2011), updated by the United Nations (2019).
These datasets created full bilateral matrices of migrant stocks in every destination country on
earth, from every origin country on earth, once each decade over along period (1960-2019). They
are based on a standardized definition of migrants (permanent migrants, defined by country of

birth, whether regular or irregular).



This allows a comprehensive measure of emigrant stocks (prevalence) by summing the people
born in each country living in all other countries, or any subset of them. Combined with origin-
country population, this allows estimates of static migration prevalence as specified in equation
(3). It also allows a comprehensive measure of sustained net emigration flows (incidence), simply
by differencing emigrant stocks between decades. This has the advantage of being by far the
best existing method of measuring sustained changes in net emigration flow rates out of all poor

countries, with commensurable data.

The principal disadvantage of inferring net flows from changes in stocks is minor for the present
purpose: It abstracts from emigrant deaths as a source of change in emigrant stocks over a 10-
year period. Bias from this source is unlikely to affect the analysis to follow because it would
exert a predominantly negative bias on changes in emigrant prevalence as a measure of net
emigration flows. For example, the number of India-born people in Pakistan or the number of
Algeria-born people in France could fall between 1980 and 1990, not due to migration in that
decade but simply because some of those displaced at the time of decolonization died during
that decade. True net emigration from India or Algeria would then be higher than that esti-
mated by the change in emigrant prevalence. Thus for countries whose GDP per capita grew
overall since 1960—the vast majority of developing countries—any positive relationship between
changing emigrant prevalence and economic development would understate the true relation-
ship. Nevertheless, in the Appendix the results in the main text are tested and found to be robust
to using a measure of emigration (Abel 2018) that has been adjusted by demographic modeling

to remove the effect of deaths.

3 The emigration life cycle, 1960—present

This section presents simple bivariate tests of the country-level relationship between emigration

prevalence and average incomes in the migrant-origin country.

The empirics include both regressions using a linear specification of emigration E; /E, and the log
specification In (E; /Ey) from equation (3). The linear specification is included for transparency

and because the relationship between economic growth and absolute migration prevalence might



be of interest. But the preferred estimates in the tables use the log specification grounded in the
location choice equation. The log specification has the additional advantage that it implicitly
controls for network effects on migration: Any initial condition that raises emigration from a
given country with a fixed elasticity is absorbed into fixed effects. This includes the size of a
country’s prexisting diaspora, a major determinant of migration patterns (Munshi 2020). Fi-
nally, emigration prevalence is specified as In (E; /Ey) rather than the also-intuitive specification
In (E1/(Eo + E1)) because the latter does not rest on the location choice equation (3), though in

practice the two measures are highly correlated.

The first step is to pool the data on emigrant stocks, for all developing countries and all years,
and conduct a nonparametric regression of emigrant stock on real GDP per capita in constant

PPP-adjusted dollars.

3.1 Emigration prevalence and the level of GDP per capita

This core regression is presented in Figure 1a. This nonparametric Fan (1992) regression includes
all countries of migrant origin that were developing countries for most of the period of analysis—
that is, all countries that were not classified as “high income” by the World Bank in 1990. Thus
France is excluded because it was a “high income” country for the entire period, but the Republic
of Korea is included because it was not a “high income” country in 1990, though it is today. The
emigration prevalence measures includes emigrants to all destination countries on earth. This
pooled analysis combines variation in income and emigration within origin countries over time,

and across origin countries within time-periods.

The emigration life cycle is striking in Figure 1a. In countries and years where GDP per capita
is PPP$1,000 (around today’s level of Niger or Congo-Kinshasa), emigration prevalence has av-
eraged about 4 percent of the population. When GDP per capita is around PPP$10,000 (around
today’s level of Jordan or the Philippines), emigration prevalence has been over 2.5 times higher,
averaging about 11 percent of the population. The confidence interval shows that the hypothesis
of no such rise, or the hypothesis of lower emigration prevalence at higher levels of development,

can be rejected beyond reasonable doubt in this income range.
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Figure 1: PosT-1960 EMIGRATION PREVALENCE: Emigration versus origin-country income per capita, pooled countries and years 1960-2019
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Observations are by origin country-year, in seven years (1960, 1970, 1980, 1990, 2000, 2010, 2019). “Developing countries” are countries classified as “low income” or “middle income” by the
World Bank in 1990—that is, countries that were not classified as “high income” for most of the period 1960-2019. Solid nonparametric regression line is Fan (1992) local-linear regression,
Epanechnikov kernel, optimal bandwidth minimizes conditional weighted mean integrated squared error. Dashed line is linear ordinary least squares fitted to the same data. Figure 1a has
N = 908 and bandwidth 0.372 log points, Figure 1b has N = 908 and bandwidth 0.395 log points, Figure 1c has N = 708 and bandwidth 0.465 log points. “Rich” destination countries are
those that were classified as “High Income” by the World Bank as of fiscal year 2020 (over $12,375 gross national income per capita at Atlas exchange rates). “Large” origin countries are
those with population above the 25th percentile (that is, greater than 2.49 million) in 2019. 95% confidence interval clipped at graph edge for legibility.



At levels of income above roughly PPP$10,000, emigration prevalence tends to be sharply lower.
By the time that once-developing countries have risen to PPP$40,000, emigration prevalence is
no longer statistically distinguishable from its average level in the poorest countries. The figure
demonstrates the statistically significant nonlinearity of the relationship by superimposing a

(dashed) linear fit to the same data.

This relationship is even more pronounced if the emigration prevalence measures are restricted
to those residing in countries that are “rich”—that is, those defined by the World Bank as “high in-
come” in 2020. This is shown in Figure 1b. For these destination countries, emigration prevalence
from middle-income origin countries is an order of magnitude higher than from low-income ori-
gin countries. In countries and years where GDP per capita is PPP$1,000, emigration prevalence
to rich countries has averaged 0.8 percent of the population. At PPP$10,000, it has averaged 8.2
percent of the population. At even higher incomes, emigration prevalence to rich destinations

is sharply lower.?

This result is not driven by small countries of migrant origin. Figure 2c shows the result from
Figure 1b after dropping the smallest quartile of countries—that is, dropping all countries with
a 2019 populations below 2.49 million. The absolute rise in emigration prevalence with income
becomes moderately smaller: Emigration prevalence is 5.3 percent at GDP per capita PPP$10,000,
compared with 0.7 percent at GDP per capita PPP$1,000. But the relative change is similar:
With or without the smallest quarter of developing nations, the prevalence of emigration to rich
countries is an order of magnitude higher at GDP per capita PPP$10,000 than at PPP$1,000, in

data pooled across countries and years.

2How to classify countries presents a conundrum. If all countries are classified as either ‘developing’ origin coun-
tries or ‘rich’ destinations, but never both, this requires throwing away a great deal of information, such as the
relationship between emigration and development that occurred in Korea before it became a high-income country.
The approach here is to consider a country a ‘developing’ country of migrant origin if it had not reached the World
Bank classification of “high income” by 1990, that is, it was low- or middle-income during the majority of the period
under study, and to consider a country a ‘rich’ country of migrant destination if it had reached the World Bank “high
income” classification by fiscal year 2020. This results in Korea and 16 other countries with the relevant data available
being included as ‘developing’ origin countries, and having their inflows included in worldwide emigration to ‘rich’
countries. This is appropriate, since there appears to be no theoretical reason that the drivers of Korea’s emigration
to today’s rich countries when Korea was a developing country should differ fundamentally from the drivers of now-
developing countries to now-rich Korea. Note the the unit of observation in all regressions is the country of origin, so
that no country is doubly classified in an econometric sense. The 17 countries thus treated are: Antigua and Barbuda,
Bahrain, Barbados, Chile, Greece, Hungary, Republic of Korea, Malta, Oman, Panama, Poland, Portugal, Saudi Arabia,
Seychelles, St. Kitts and Nevis, Trinidad and Tobago, and Uruguay.

11



3.2 Net emigration flows and economic growth

It is possible, in principle, that typical countries do not follow the curves in Figure 1 as they
develop. There could be some unobserved trait of countries that reach middle-income status,
such as their geographic location or prior diaspora size, that makes them start from a higher
emigration rate. It is therefore useful to track within-country changes over time, testing for
the emigration life cycle in the relationship between net emigration flows (changes in stocks)
and economic growth (changes in levels of GDP per capita). This approach controls for any

unobserved time-invariant country traits.

Figure 2 displays the raw data for within-country changes in emigration prevalence versus GDP
per capita for all countries that experienced positive net economic growth during this period.
The arrows show the change in emigration prevalence versus GDP per capita for all developing
countries, 1970-2019. (The starting year 1970 is chosen to maximize coverage of 98 countries;

starting in 1960 allows coverage of only 69 countries, but looks very similar.)

This visualization of the raw data makes it clear that within-country changes in Figure 2 closely
follow the curve seen in the pooled data of Figure 1. Consider Figure 2a, covering all developing
countries of origin and all destination countries. For countries that grew but remained poor
during this period, the changes in emigration exhibit little pattern. Emigration prevalence fell
in Burkina Faso and Mozambique, but rose in Uganda and Haiti. This matches the relatively flat
part at the left of the pooled-data curve in Figure 1a. For countries that successfully grew toward
PPP$10,000 GDP per capita, there is a striking pattern of sharply rising emigration prevalence,
matching the steep part of the pooled-data curve in Figure 1a. And for developing countries that
grew above PPP$10,000, emigration prevalence grew slowly or fell, matching the rightmost part

of the emigration life cycle in Figure 1a.

This pattern is even clearer when the data are restricted to cover rich destination countries only
(Figure 2b), and again when small migrant-origin countries are dropped (Figure 2c). If emigra-
tion prevalence fell as countries develop, we would observe a predominance of arrows pointing
downward and to the right in all panels of Figure 2. Instead, we observe typical developing

countries roughly following the curves in Figure 1 as they develop over time.
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Figure 2: Post-1960 EMIGRATION FLows AND Economic GRowTH: Changes in emigration prevalence vs. increases in origin-country
income per capita, within-country changes, 1970-2019
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An advantage of presenting the raw data in Figure 2 is transparency. A disadvantage is that this
does not present the most rigorous tests. In particular, it is difficult to tell in Figure 2 whether
countries with a greater degree of economic growth had a greater degree of rise in emigration
prevalence. Arrows for such countries could point upward and to the right simply because GDP
per capita and emigration are rising everywhere due to other causes, not because there is any

link at the country level between the magnitude of one and the magnitude of the other.

One way to maintain transparency while making the tests more rigorous is shown in Figure 3a.
It controls for unobserved traits at the country level that make a country start out very poor. In
the figure, the sample used in the nonparametric regression in Figure 1a is restricted to include
only countries that, at some point during 1960-2019, had a GDP per capita under PPP$2,000
in constant 2011 dollars. That is, all observations to the right of the gray area in Figure 3a are
countries that were once very poor but had successful, sustained economic growth. The further
those countries grew economically, the more their emigration prevalence rose. That regression,
in the solid line, is superimposed on the unrestricted regression, in the dotted line. The two
lines are not statistically distinguishable. This conclusion is not sensitive to choosing a different,
arbitrary GDP per capita cutoff (Figure 3b).” This implies that if there is some substantial un-
observed difference between the country-years on the right of the curve in Figure 3a and those
on the left, that difference is independent of traits that make developing countries start out very

poor or start out richer.

It nevertheless remains possible, in principle, that there is some unobserved difference between
the countries that did experience sustained economic growth and those that did not—a difference
that would have sharply altered the consequent changes in emigration prevalence. In other
words, if the countries in Figure 3a that grew little and remained in the gray area had instead
grown to the right of the gray area, perhaps emigration prevalence would have fallen in those
countries due to some unobserved characteristic that distinguishes them from the countries that

did grow.

3The World Bank defines country income categories by average incomes in Atlas exchange rate dollars, not PPP-
adjusted dollars, so there is no strict definition of ‘low-income’ countries based on PPP dollars. But PPP$2,000 cor-
responds roughly to the average PPP-adjusted GDP per capita among “low-income” countries, and PPP$4,000 corre-
sponds roughly to the highest levels of GDP per capita observed in “low-income” countries. These numbers where
the basis for the arbitrary cutoffs chosen in the figure.
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Figure 3: PosT-1960 EMIGRATION PREVALENCE: Once-poor countries moving along the migrant-
stock curve as they grow richer

(a) Only countries starting <$2,000/capita (b) Only countries starting <$4,000/capita
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Observations by origin country-year. Solid line in Figure 3a shows only migrant-origin countries whose GDP per capita was
below PPP$2,000 at some point during 1960-2019. Thus the line to the right of the shaded area shows countries that grew
to higher incomes starting from very low income. The dashed line, for reference, is the regression line from Figure 1a for
all origin countries. Figure 3b is identical, but for a PPP$4,000 cutoff. All destination countries. Nonparametric regression
line is a Fan (1992) local-linear regression, Epanechnikov kernel; optimal bandwidth minimizes conditional weighted mean
integrated squared error (0.471 log points in Figure 3a, 0.416 in Figure 3b).

To address concerns of this type, Figure 4 presents a nonparametric regression of changes in
emigration prevalence on changes in GDP per capita, using exclusively within-country changes
over time, for countries that started out below PPP$2,000 GDP per capita. The horizontal axis
is relative growth in GDP per capita relative to the lowest level of GDP per capita seen during
1960-2019. The vertical axis shows changes in emigration prevalence relative to the emigration
prevalence observed in the year of lowest GDP per capita. This curve is similar to the curve
in Figure 3a, though it peaks at a somewhat lower emigration prevalence (6 percent versus 9
percent). This indicates that the relationships in Figure 1a and Figure 3a are somewhat biased

by time-invariant unobserved heterogeneity between countries, but the broad pattern of the
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Figure 4: Post-1960 EmiGRATION FLows aND Economic GrRowTH: Changes in emigration
prevalence versus increases in origin-country GDP per capita, using only within-country eco-
nomic growth starting <$2,000/capita
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Observations by origin country-year. Includes only migrant-origin countries whose GDP per capita (2011 PPP$)
was below $2,000 at some point during 1960-2019. Horizontal axis shows change of GDP per capita from its
lowest value in subsequent years, and vertical axis shows change in emigrant stock during the same years.
All destination countries. Nonparametric regression line is a Fan (1992) local-linear regression, Epanechnikov
kernel; optimal bandwidth minimizes conditional weighted mean integrated squared error (0.260 log points).

emigration life cycle does not arise from such unobserved heterogeneity.

The regression in Figure 4 is a stringent test. It discards all information contained in the trajec-

tories of countries in Figure 1a that started out at higher levels of income, making the strong

assumption that these are uninformative about the future trajectories of today’s poor countries

(e.g. Mummolo and Peterson 2018). That is, it starts from the assumption that nothing can be

learned about the expected trajectory of Mali from the experience of countries that started out

somewhat richer than Mali. In fact, Figures 1 and 4 and imply that countries starting out very

poor have largely followed the same trajectory as those that did not. The strong visual resem-

blance among all of the Figures 1 through 4 indicates that the emigration life cycle is a process
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that occurs within poor countries over time, not an illusion created by snapshots across coun-

tries.

Because emigration prevalence is often higher in microstates, the policy literature has raised the
question of whether these average relationships are driven by very small countries (e.g. Bade
and de Kemp 2018, 43). They are not, as Figures 1c and 2c show. The absolute height of the life-
cycle curve does appear somewhat lower among large developing countries, but the relative rise
in emigration prevalence during development is not substantially different in the subsample of
relatively large countries. Figure 5 clarifies this by graphing the raw data for several important
developing countries individually. The pattern of sustained increases in emigration prevalence
during development takeoffs is observed in large countries of migrant origin (China, Mexico). It
is observed in some of the major economic development success stories of the past half century

(Indonesia, Thailand, Peru). It is not confined to unrepresentative microstates.

3.3 Alternative regression specifications

The preceding regressions embody numerous assumptions in their choice of regression speci-
fications. These choices require trade-offs. By estimating a clearly nonlinear relationship non-
parametrically, the preceding regressions preclude the use of traditional linear fixed and random
effects to control for time-invariant unobserved heterogeneity among countries or time periods.
They also embody the assumption that the relationship between economic growth and rising
emigration prevalence will have the same absolute magnitude in countries with low or high
emigration prevalence. They embody the assumption, based on the location choice equation
(3), that the proper measure of emigration prevalence is relative emigrant stocks. All of these

assumptions are relaxed in this section, and the costs and benefits discussed.

Table 1 presents linear regressions corresponding to the nonparametric regressions in Figure 1
and the raw-data graphs in Figure 2. The important cost of using a linear estimator in this
case is that it requires an arbitrary choice about which portion of the nonlinear relationship
to characterize linearly. Here the linear regressions are arbitrarily restricted to country-years
below PPP$10,000, based on the turning point evident in Figure 1. The benefit of this arbitrary

choice is that it allows more transparent and familiar methods of controlling for unobserved
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Figure 5: PosT-1960 EMIGRANT STOCKS: Emigration versus GDP/capita, representative countries
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country traits. The coefficients in the table are the coefficient estimates on In(GDP per capita) in
a bivariate regression with a measure of emigration prevalence as the dependent variable, plus

a (suppressed) constant term.

The first row begins with all developing countries of origin, the second row restricts emigrant
counts to rich destination countries only, and the third row restricts the sample to relatively large
origin countries, just as in Figures 1 and 2. The first four columns measure emigration prevalence
with emigrants as a fraction of the origin country population; the other four columns use the
natural log of that number. This latter measure allows the relationship with GDP per capita to
differ at different absolute levels of emigration prevalence. Within each dependent variable, the
first column shows an ordinary least squares regression. The second column includes country
fixed effects. The third column includes country random effects. The fourth column includes
country random effects in both the slope and the intercept. In all regressions, standard errors (in

parentheses) and the associated p-values (in gray text) are clustered by country.

The overall pattern in the table is that emigration prevalence is positively associated with GDP
per capita below PPP$10,000, with very high statistical precision, under the strong assumption
of linearity. The hypothesis of no association can be rejected in all specifications at levels below
p = 0.001. The hypothesis that emigration falls in the early stages of development can be rejected

even more strongly.

This finding is robust to controlling for country fixed effects, country random effects, and coun-
try random effects in both the slope and intercept. When country effects are controlled for, the
magnitude of the slope is roughly two-thirds of its value when they are not controlled for. This
matches the visual evidence from the nonparametric regressions in Figures 3a and 4 that roughly
two-thirds of the rise seen in the pooled data remains when time-invariant country heterogeneity
is gradually stripped away to analyze within-country variance only. When emigration preva-
lence is specified linearly, the slope for rich destination countries and large origin countries is
similar to or slightly less than the slope for all destination countries and all developing origin
countries, as in the pooled data of Figure 1. When emigration prevalence is specified in logs,
the slope for rich destination countries and large origin countries is much steeper than for all

destination countries and all developing origin countries, as in the within-country changes of
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Table 1: PosT-1960 EMIGRATION: Linear regressions with arbitrary income cutoff

Subsample: GDP/capita < PPP$10,000
Dep. var: Emigrant stock/pop. In(Emigrant stock/pop.)
Country effects, intercept: — Fixed @ Random Random — Fixed  Random Random

Country effects, slope: — — Random — — Random

Unrestricted, N = 687
1n(GDP/capita) 0.025 0.016 0.018 0.021 0.383 0.347 0.362 0.347

se.  (0.0056) (0.0047) (0.0045) (0.0062) (0.1039)  (0.0690)  (0.0656)  (0.0701)
p-val. < 0.0001 0.0008  0.0001  0.0006  0.0003 <0.0001 < 0.0001 < 0.0001

Rich destination countries only, N = 687
ln(GDP/capita) 0.031 0.020 0.021 0.023 1.290 0.737 0.856 0.916

se.  (0.0049)  (0.0042)  (0.0040)  (0.0032)  (0.1310) (0.1091)  (0.0985)  (0.0970)
p-val. < 0.0001" <0.0001 < 0.0001 <0.0001 < 0.0001 < 0.0001 <0.0001 < 0.0001

Rich destination countries and large origin countries only, N = 560

In(GDP/capita) 0.021 0.013 0.014 0.016 1.218 0.730 0.857 0.896
se.  (0.0044) (0.0035) (0.0033)  (0.0043) (0.1382) (0.1240)  (0.1096)  (0.1104)
p-val. < 0.0001"  0.0003 <0.0001  0.0002° <0.0001 <0.0001 <0.0001 < 0.0001

Standard errors in parentheses, clustered by country. p-values in gray (Hy: coefficient = 0). Constant term omitted in table. “Rich” destination countries are those that were classified as
“high income” by the World Bank as of fiscal year 2020 (over $12,375 gross national income per capita at Atlas exchange rates). “Large” origin countries are those with population above the
25th percentile (that is, greater than 2.49 million) in 2019.



Figure 2 (where the vertical axis is in logs).

Table 1 implies that from 1960 to present, average developing countries whose economies have
grown more over time have experienced larger increases in emigration prevalence over time.
Developing countries with GDP per capita below PPP$10,000 where real GDP per capita rose
by 1 log point (a factor of 2.72) saw an average rise of 1.6 percentage points in the fraction of
their population that lived in any other country. A rise of 100 percent in average incomes was
associated with a rise of 34.7 percent in the size of the emigrant stock relative to the origin-
country population. The corresponding results for emigration to rich countries in particular
are +2.0 percentage points and +73.7 percent, respectively. These estimates arise entirely from

within-country variation, ignoring all information contained in between-country variation.

A natural next question is how much of this pattern arises from global changes that affected
all countries between time periods. The uncritical inclusion of time fixed effects has important
disadvantages: They absorb rises in average emigration prevalence for all countries collectively,
for any reason—including rises in income shared by all countries. But up to half of changes in
economic growth in the poorest countries are caused by changing economic conditions at the
global level (e.g. Drummond and Ramirez 2009). In the present dataset, time effects explain half
of the within-country variance in average incomes.* Any emigration effects of that portion of
economic growth are absorbed away by time fixed effects, eliminating part of the very effect that
the regressions seek to measure. With time fixed effects in the regression, the within-country
coeflicient on income can no longer be interpreted as the relationship between emigration flows
and economic growth. Instead, it is the relationship between emigration flows and country-
specific deviations of economic growth from global average economic growth. That deviation can

be negative even for a country exhibiting positive economic growth.

With this in mind, panel (a) of Table 2 shows the results of the core specification in Table 1 with
time fixed effects. The coeflicient estimates remain positive but decline in magnitude, by roughly
25-50 percent. Controlling for country-invariant heterogeneity over time, developing countries

with GDP per capita below PPP$10,000 where real GDP per capita rose by one log point more

4In a simple regression of In GDP per capita on country fixed effects, adjusted R? is 0.685, and with year fixed
effects adjusted R? is 0.837. Thus the fraction of within-country variance in In GDP per capita explained by time
effects is (1 — 0.837)/(1 — 0.685) = 0.520.
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than it rose in the average developing country saw an average rise of 0.9 percentage points in the
fraction of their population that lived in any other country, or a rise of 15.2 percent in the size of

the emigrant stock relative to the origin-country population (row 2, columns 2 and 6, of Table 2).

Finally, the preceding regressions have followed the theory in (3) in investigating the relationship
between emigrant stocks and income levels, or emigration flows and income growth. But another
relationship of interest might be that between emigration flows and income levels. It may be

useful to test whether the emigration life cycle pattern is robust to that alternative specification.

Figure 6 repeats the analysis of Figure 1a, Figure 3a, and Figure 4 but changes the dependent
variable to net emigration flow rates (changes in the emigrant stock per 1,000 people in the
origin-country population, per year on average during each period 1960-1970, 1970-1980, 1980—
1990, 1990-2000, 2000-2010, and 2010-2019). GDP per capita levels are measured in the first year

of each period during which flows are measured.

The emigration life cycle remains apparent in emigration flows versus income levels, in Figure 6a.
Emigration flows relative to origin-country population are higher than in the poorest countries
at levels of GDP per capita up to roughly PPP$5,000. At even higher levels of income, these
flow rates are flat, and at levels above PPP$10,000 they begin to fall. The initial rise is slightly
less steep for countries that started out below PPP$2,000 GDP per capita (Figure 6b), but the
pattern of rise and fall remains highly statistically significant. That is, the life cycle in Figure 6a
is not driven primarily by unobserved heterogeneity between developing countries that start
out very poor and those that do not. The rise and fall in flows remains statistically significant in

exclusively within-country variation for countries starting out below PPP$2,000 (Figure 6c).

Again, these results are not driven by microstates. Figure 7 graphs the raw data on net emigration
flow rates for the same countries for which stocks were shown in Figure 5. China, Indonesia,
Mexico, the Republic of Korea, and many other countries where sustained economic growth took

hold saw decades of large increases in the net emigration outflow rate.

These results on emigration flows versus income levels, like the earlier results on emigration

flows versus income growth, are highly robust to changes of regression specification. They are
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Table 2: PosT-1960 EMIGRATION: Linear regressions with stocks or flows as dependent variable, with or without time effects

(a) Stocks Subsample: GDP/capita < PPP$10,000
Dep. var: Emigrant stock/pop. In(Emigrant stock/pop.)
Country effects, intercept: — Fixed Random Random — Fixed Random Random

Country effects, slope: — — Random — - Random

Unrestricted, N = 687
In(GDP/capita) 0.025 0.016 0.018 0.021 0.383 0.347 0.362 0.347

se. (0.0056) (0.0047) (0.0045)  (0.0062)  (0.1039)  (0.0690)  (0.0656)  (0.0701)
p-val. < 0.0001" 0.0008  0.0001  0.0006  0.0003 <0.0001 <0.0001 < 0.0001

Unrestricted, with year fixed effects, N = 687

In(GDP/capita) 0.024  0.009 0.012 0.015 0.339 0.152 0.201 0.184
se.  (0.0057) (0.0047) (0.0043) (0.0062) (0.1073)  (0.0769)  (0.0694)  (0.0770)
p-val.  0.0001 0.0617  0.0051  0.0127  0.0020  0.0500  0.0038"  0.0170

(b) Flows Subsample: GDP/capita < PPP$5,000

Dep. var: Net emigrant flow/1,000 pop. asinh(Net emigrant flow/1,000 pop.)

Unrestricted, N = 461

In(GDP/capita) 0.974  0.864 0.971 0.997 0.483 0.367 0.468 0.468
se.  (0.2439) (0.3072) (0.2525) (0.2411)  (0.0892)  (0.1301)  (0.0920)  (0.0873)
p-val.  0.0001" 0.0058  0.0001 < 0.0001 <0.0001  0.0057 <0.0001 < 0.0001

Unrestricted, with year fixed effects, N = 461

In(GDP/capita) 0.944  0.666 0.878 0.940 0.473 0.297 0.452 0.469
se.  (0.2389) (0.3298) (0.2560)  (0.2422)  (0.0872) (0.1318)  (0.0891)  (0.0863)
p-val.  0.0001" 0.0458  0.0006  0.0001 < 0.0001  0.0259 < 0.0001 < 0.0001

Standard errors in parentheses, clustered by country. p-values in gray (Hp: coefficient = 0). Constant term omitted in table. “asinh” is the inverse hyperbolic sine. Flows are measured as

annual change in emigrant stock per 1,000 population of the migrant-origin country.
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Figure 6: PosT-1960 NET EMIGRANT FLows: Alternative specification with changes in emigrant stocks as dependent variable

(a) Changes in emigrant stocks
versus GDP per capita, pooled

(b) Countries starting
<$2,000/capita, pooled

(c) Countries starting <$2,000/capita,
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of graph for legibility.
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Figure 7: PosT-1960 NET EMIGRATION FLOWs: Changes in emigrant stocks versus GDP per capita, representative countries
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not driven by country effects, by the linear specification of the flow rate, or by country-invariant
time effects. This is shown in panel (b) of Table 2. The linear regression specifications there again
have an important disadvantage, which is that they require an arbitrary assumption about what
portion of the manifestly nonlinear relationship to characterize linearly. The table assumes a
linear relationship for flows below a GDP per capita of PPP$5,000. This is arbitrarily chosen, but
guided by the peak in Figure 6a and the inflection point in Figure 1a, as well as by estimates in

the literature (e.g. Djajic et al. 2016).

The regressions show that, after absorbing all time-invariant heterogeneity between countries,
developing countries with GDP per capita below PPP$5,000 where real GDP per capita rose by
1 log point (a factor of 2.72) saw an average rise of 0.86 in the annual net flow of emigrants
per 1,000 population over the following decade, or a rise of 36.7 percent in the size of the net
emigrant flow relative to the origin-country population (row 3, columns 2 and 6, of Table 2). In
other words, among low-income countries, the within-country elasticity of emigration to GDP
per capita is similar whether the measure of emigration is flow rates (0.367) or stocks (0.347)
(Table 2, column 6). Including time fixed effects, a lower bound on the effect of interest is that
the same increase in incomes was associated with an average rise of 0.67 in the annual number
of emigrants net of immigrants per 1,000 population over the following decade, or a rise of 29.7
percent in the size of the net emigrant flow relative to the origin-country population (Table 2,

row 4, columns 2 and 6).

In sum, the results in the prior section are highly robust to specification changes including lin-
ear regression with country effects, a logarithmic dependent variable, time-period fixed effects,
and a specification that estimates the relationship between the emigration flow rate and the
level of GDP per capita, rather than between the emigration flow rate and the growth of GDP
per capita. Economic development since 1960 has initially been accompanied by large average
increases in emigration from developing countries. This conclusion holds even when using ex-
clusively within-country variation (country effects) and flexibly controlling for any changes in

global conditions (time effects).

SBecause changes in migrant stocks frequently take values below zero, the nonlinear transformation of the flow
rates uses the inverse hyperbolic sine (asinh) rather than the logarithm, but the coefficient estimates can be similarly
interpreted as elasticities (Bellemare and Wichman 2020).
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4 The emigration life cycle before 1914

Why does the emigration life cycle occur? The literature has proposed a variety of mechanisms,
including changes in human capital, demographic structure, and urban-rural structure typical to
economic development (e.g. Hatton and Williamson 1998; Dao et al. 2018). This analysis seeks
to shed light on such mechanisms by considering similarities and differences in the emigraiton

life cycle between the second wave of globalilzation (1960-2019) and the first (1850-1914).

The initial step is simply to test for the existence of the emigration life cycle in the 1850-1914
period using the same empirical framework as above. This is a test of the longstanding hypoth-
esis that the more recent emigration life cycle has recapitulated the older one (e.g. Hatton and
Williamson 2002; Ferrie and Hatton 2015; Williamson 2015) even when controlling for unob-
served differences between countries. Previous empirical work on the effects of origin-country
economic growth on emigration before 1914, back to Thomas (1973) and before, has not directly
compared the emigration life cycle during these two historical eras in a single quantitative frame-

work.

There is no prima facie reason for the life cycle to proceed similarly in the two different historical
eras. They differ in many ways. The sharp decline in overseas transportation costs after 1840 was
relatively larger than any such decline after 1960. International migration was more constrained
by policy barriers after 1960 than before 1914—with major exceptions such as the United States’
tight restrictions on Chinese immigration and Asian naturalization. The absolute and globally
relative incomes and education levels of potential emigrants were different among Europeans
before 1914 and developing-country residents after 1960. Remittances and the ease of circular
migration were quite different in the two eras, surely shaping the broad relationship between

development and migration.

This section uses census data from migrant-destination countries to quantify the relationship
between economic development and emigration during 1850-1914. It uses the same methods
as in the previous analysis of the 1960-2019 period. The sole substantive difference arises from
the fact that a complete global matrix of bilateral migrant stocks before 1914 does not exist.

The analysis must rely instead on emigrant stocks recorded by censuses in the three most im-
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Figure 8: PrE-1914 EMIGRANT STOCKS: European emigrant stocks versus origin-country income
per capita, three principal overseas destination countries, 1850-1914
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portant destination countries for extra-European emigration by Europeans during this period.
This precludes a truly global comparison of the two eras, omitting in particular pre-1914 Chi-
nese, Japanese, and Indian emigration to Southeast Asia, Africa, and Latin America outside of
Argentina. The approach here does, however, have the advantage of comparing two migration

flows that have been most prominent in the literature on the two migration eras.

The three destination countries considered here—the United States, Canada, and Argentina—
capture the vast majority of mass emigration from the Old World during this period. The United
States alone was the destination of roughly two-thirds of these migrants (Caruana 2015), and the
three destinations collectively accounted for 81 percent of this mass emigration (Baines 1995, 2).
Because emigrant stocks were measured at different times in the three destinations, the analysis
here is separated by destination rather than pooled. Historical estimates of GDP per capita (in
2011 PPP-adjusted dollars) are taken from the Maddison Project (Bolt et al. 2018), as is standard

in the literature (e.g. Taylor and Williamson 1997).

The first step is to re-create the earlier Figure 1, covering 1960-2019, for the years before 1914
and for each destination. Panel (a) of Figure 8 shows these regressions. The first column shows
a pooled nonparametric regression of the emigrant stock in the United States as a fraction of the
origin country population, on real GDP per capita in the origin country, with seven decennial
observations over the period 1850-1910. The superimposed dashed line shows a linear OLS
regression fitted to the same data. The second column shows the same regression using the five
Canadian censuses over the period 1871-1911, and the third column uses the three Argentinian

censuses over the period 1869-1914.

The emigration life cycle is evident. Moreover, there is a striking resemblance between the
pre-1914 curves in Figure 8 and the post-1960 curve in Figure 1. Emigration prevalence in the
“middle-income” countries of the pre-1914 era was an order of magnitude higher than emigra-
tion prevalence in the poorest countries. But above a turning point, relatively richer countries
exhibited relatively lower emigration prevalence. Even the absolute height of the curves is simi-
lar across history: Summing the heights of the curve peaks in panel (a) of Figure 8 gives roughly
8 percent of the origin-country population going to the three destinations. Since these destina-

tions cover 81 percent of mass emigration during this period, a fuller accounting might yield a
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Figure 9: PrE-1914 EMIGRANT STOCKS: Bilateral stocks versus GDP per capita, 1850-1914

Origin:

Austria

Spain

Italy

Sweden

Netherlands

Germany

Great Britain

o o » 006
£ / g / £
8 & g
£ = / &
2 / 3 / g 004
2 2 / 2
Z 05 Z 005 / 2z
g g / g
k=3 & & 002
£ g g
= ! = &
0 0 o 0
2,000 4,000 6,000 2,000 4,000 6,000 2,000 4,000 6,000
GDP per capita GDP per capita GDP per capita
003 . .00005 () 04
& g | o
& (] 15 | 15
& | 3 | S
2 o0 | =z | 2
e | 2 | 2
Z | < | Z o0
£ 001 g | LE:
& 2 | F 0 -
4 iiig"s
E L | - ¢ E r//
0 0 0
2,000 4,000 6,000 2,000 4,000 6,000 2000 1000 0000
GDP per capita GDP per capita GDP per capita
. 03
o0 " 5 001 a,
& & g
£ / £ £
2 03 / =2 g 0
8 / 2 £
20 / 2 &
2 02 / < 0005 2
g E] a
£ g g 0
& & &b
£ o E H
S| 5| " &l
ap o8]
[4 0 0
2,000 4,000 6,000 2,000 4,000 6,000 2,000 4,000 6,000
GDP per capita GDP per capita GDP per capita
1 006 » )
) - g / £ 0003
& & / &
< < 004 3
2 2 2 0002
50 g o /‘/ 5 o
£ g — )
= = Ve &
) o - 0
2,000 4,000 6,000 2,000 4,000 6,000 2,000 4,000 6,000
GDP per capita GDP per capita GDP per capita
025 .0008 0006
& g o
g S g g
— 10006
£ o 2 2 000
£ £ £
2z 2 0004 z
g g
g 015 g E o0
2 | 200002 2
E | E o g
[ | = g Nig &
K s o 0
2,000 4,000 6,000 2,000 4,000 6,000 2,000 4,000 6,000
GDP per capita GDP per capita GDP per capita
00065
& 06 & 5, 0004
& & g
£ £ \ » £
3 & 0006 / =
g .05 g \ / g .0003
K - ] \\ / ‘:,
- < / <
g g g
5 o g 00055 \ / £ ooz
2 2 \ / £
& & s \/ &
03 ! /
Y L] 0001
2,000 4,000 6,000 2,000 4,000 6,000 2,000 4,000 6,000
GDP per capita GDP per capita GDP per capita
§ 0006
o 035 / g 015 -
5 & g
& / & &
=z / =z =
3 » 3 g s
- \ Z 0 Z
E g -— g
8 ] 3
g os 9 g ! £ 0004
£ ] / ]
= =005 / o
02 . 0003
2,000 4,000 6,000 2,000 4,000 6,000 2,000 4,000 6,000
GDP per capita GDP per capita GDP per capita

30



peak of very roughly 10 percent of the origin-country population going to all destinations at the

peak of the curve pre-1914. The height of the post-1960 curve peak in Figure 1a is 11 percent.

The principal difference between the life-cycle curves in the two historical eras is that the turning
point came at a lower absolute GDP per capita in the pre-1914 data—around PPP$3,000. This is
predicted by theory in the location choice equation (3) given that the richest countries in the

world at that time were in the range of PPP$5,000-PPP$8,000.

Panel (b) of Figure 8 utilizes exclusively within-origin-country variation in GDP per capita and
emigrant stocks, re-creating the post-1960 Figure 4 with pre-1914 data. The sole difference is
that the arbitrary definition of a “poor” country is shifted from PPP$2,000 GDP per capita to
$1,500, to imperfectly account for the fact that the whole world was poorer before 1914 than
after 1960. The figure shows only countries that were “poor” by this definition at some point
during the period of observation, so that their minimum GDP per capita fell below PPP$1,500.
The horizontal axis shows positive growth from that minimum income level in subsequent years.
The vertical axis shows the change in emigrant stock relative to its value in the year of minimum

income.

The regressions in panel (b) of Figure 8 show that the general shape of the emigration life cy-
cle before 1914 is robust to controlling for any time-invariant unobserved differences between
countries. As in the post-1960 data, the magnitude of the positive relationship early in devel-
opment is substantially smaller using within-country variation only than when pooling within-
and between-country variation. The height of the curves in panel (b) is roughly half of the height
in panel (a). Recall that the slope of the emigration life cycle after 1960 was about one-third lower

when estimated using country fixed effects. Here, again, the life cycle is similar in the two eras.

The results of these nonparametric regressions are not driven by outlier countries. Figure 9
graphs the raw data for several countries that are representative of mass emigration during
the pre-1914 era, corresponding to the post-1960 graphs in the earlier Figure 5. Emigration
prevalence rose along with average incomes in Sweden, Italy, and Spain. It did so as well in
Great Britain, Germany, the Netherlands, and Austria, before hitting a turning point around

PPP$3,000-PPP$4,000, above which emigration prevalence declined as incomes in the migrant
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Figure 10: Pre-1914 NET EMIGRATION FLows: Changes in European emigrant stocks versus
origin-country income per capita, three principal overseas destination countries, 1850-1914
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origin countries converged with incomes at the destination. This nonmonotonicity has been
well documented (O’Rourke et al. 1996; Taylor and Williamson 1997). But its close quantitative

correspondence to the patterns after 1960 has not previously been documented.

The analysis concludes with two robustness checks using alternative specifications. First, as be-
fore, the analysis so far speaks to two relationships: the relationship between emigration stocks
and GDP per capita levels (Figure 8, panel a) both across and within countries, and the rela-
tionship between emigration flows and economic growth (Figure 8, panel b and Figure 9) within
countries. An alternative specification that might be of interest would test the relationship be-
tween emigration flows and the level of GDP per capita, as was done with post-1960 data in
Figure 6. That analysis is re-created using pre-1914 data in Figure 10. Here again, emigration
flow rates initially rise at higher and higher levels of economic development, both in pooled data

(panel a) and using exclusively within-country growth for once-poor countries (panel b).

The same pattern is evident in graphs of the raw data for several major migrant-origin countries
(Figure 11). Emigration flow rates typically rose along with initial economic development in
Austria, Spain, Sweden, and Germany. The flow rate declined only as the origin countries became
richer than a certain threshold. The only settings where the initial rise is not evident are in
corridors (Great Britain—-US, Netherlands-US) where emigration rates had already risen to high
levels before the time window of observation begins, or where the rise is obscured by low-

frequency data collection in Argentina.®

The second robustness check is performed by using origin-country data on emigration. It is
possible, in principle, that the use of a limited number of destination countries reduces the com-
parability of the results before 1914 with the results after 1960. Perhaps the relationship between
origin-country development and emigration to other destinations was somehow different in the
two historical eras. So it is important to check whether, in limited settings where measures of net
emigration to all destinations are available, quantitatively similar results hold. Figure 12 shows

the relationship between origin-country income per capita and net emigration flows for the four

For example, Swedish and Dutch emigration to Argentina was extremely low at the beginning of the period
1869-1895, so if a census had been conducted in Argentina around 1880, the figures would reveal a rising-then-
falling pattern. But because the entire 1869-1885 period is aggregated, and there was no census before 1869, the
initial rise of the emigration rate with GDP per capita is obscured.
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Figure 11: Pre-1914 NET EMIGRATION FLOWs: Changes in bilateral stocks, 1850-1914
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Figure 12: Pre-1914 NET EmMIGRATION FLOWS: Net emigration flows versus origin-country in-
come per capita, four origin countries to all extra-European destinations
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Emigration flows to all extra-European destinations from Ferenczi (1929), details in Appendix.
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European countries where the principal source of historical statistics (Ferenczi 1929) records
net emigration flows for a substantial portion of the pre-1914 years: Hungary, Italy, Sweden,
and Great Britain. In all other European countries during this period, either reliable emigration
statistics were not collected by Ferenczi (1929), or they were collected without information on
reverse flows that would allow calculation of net emigration. The figure shows net emigration

flows to all extra-European destinations collectively.

The prior results are robust to this further change of specification. Emigration to all extra-
European destinations rose sharply along with economic development in countries that started
out relatively poor: Hungary and Italy in the late 19th century, as Faini and Venturini (1994)
described for Italy. Emigration first rose, and then fell with economic development in countries
that became relatively rich during this period: Great Britain 1815-1913, and Sweden 1851-1913.
For three countries (Sweden, Germany, and Great Britain) it is possible to directly compare the
evolution of the destination census-based flow rates to the United States (Figure 11) with the
origin port-based flow rates to all extra-European destinations (Figure 12), and the results are

very similar in all three.

This exercise suggests that the emigration life cycle is an empirical regularity of developing
economies that is robust across centuries. The cycle between 1850 and 1914 was qualitatively and
quantitatively similar to the cycle between 1960 and 2019. The principal difference between the
two eras is that the turning point, past which emigration fell with further economic development,

was lower in the earlier era when all nations were poorer than in the more recent era.

5 Decomposing mechanisms for the life cycle

The tools are now in place to shed light on suggestive mechanisms for the emigration life cycle.
Comparing the two eras contains information about the relative role of different mechanisms
that have been important in the literature: human capital accumulation, demographic change,

structural change, technological change, and policy barriers.

The evidence so far is not compatible with a model implying that the emigration life cycle has

been largely determined by advances in transportation technology. These helped transportation
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costs plummet in the late 19th century. In principle, this alone could have led emigration rates
to rise as then-poor countries developed. But although transportation costs did fall in the late
20th century as well, the magnitude of that decline was nowhere near comparably large (e.g.
Shah Mohammed and Williamson 2004; Hummels 2007). So if transportation costs were a first-
order mechanism for the life cycle historically, the pattern might have dissipated after World
War Two. It did not.

Beyond this, the post-1960 life cycle is robust to controlling for year fixed effects, which should
absorb the effects of global advances in transportation technology. Including year effects does
dampen the magnitude of the life cycle, but as discussed above, that reduced magnitude should
be seen as a lower bound on the true magnitude because year effects absorb roughly half the
variance in within-country economic growth. The evidence is compatible with a nonzero role
for changing transportation costs in generating the life cycle pattern, but not compatible with a

predominant role.

The evidence is also not compatible with models implying a large role for policy barriers to
migration after 1960. Before 1914, none of the countries of destination in Figure 8 imposed sub-
stantial policy restrictions on migrants from any of the countries of origin considered there.
If policy barriers against low-income countries were a first-order determinant of the emigra-
tion life cycle after 1960, the pattern should have been weak or absent before 1914 (Hatton and
Williamson 2011, 21). It was not.

Some of the other posited channels allow more direct tests, both between and within the two
historical eras. Table 3 estimates the relative importance of three other channels using a Gelbach
(2016) decomposition of the coefficient on In GDP per capita, in both eras. It quantifies how much
of the coeflicient on In GDP per capita in a linear regression with country fixed effects can be
explained by differences in human capital accumulation, demographic structure, or rural-urban

structure.
The most basic indicators for each of these changes are chosen so that comparable measures

are available for many countries over the entire period 1850-2019. Human capital accumulation

by working-age people is proxied by the net secondary-school enrollment rate lagged by one
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Table 3: PosT-1960 vs. PrRE-1914 EMIGRATION: Decomposing the Life Cycle in the two eras

Dep. var: Emigrant stock/pop. In(Emigrant stock/pop.)

Country effects: Fixed Fixed Fixed Fixed
est. s.e. est. s.e. est. s.e. est. s.e.

Emigration to all countries, 1960—-2019, origin-country GDP/capita < PPP$10,000, constant sample, 81 countries, N = 445

1n(GDP/capita), t 0.0126 (0.00563) —0.00893 (0.00362) 0.361 (0.0959) —-0.134 (0.106)
Net Secondary enrollment, ¢t — 10 0.000538 (0.000243) 0.00771 (0.00374)
Total fertility rate, ¢ — 20 ~0.00675  (0.00343) —0.140 (0.0459)
Child morta ity rate, t — 20 0.0000251 (0.0000557) —0.000600 (0.00108)
Urbanization rate, ¢ 0.000198  (0.000461) 0.00427 (0.00839)
Gelbach decomposition
A In(GDP/capita) coeff. 0.0248  (0.00742) 0.446 (0.108)
...Education 0.00617  (0.00648) 0.125 (0.0908)
...Youth 0.0105  (0.00858) 0.188 (0.152)
...Urbanization 0.00807 (0.00784) 0.133 (0. 123)
R? 0.039 0.197 0.086 0.275
Emigration to the United States, 1850-1910, origin-country GDP/capita < PPP$3,000, constant sample, 30 countries, N = 141
ln(GDP/Capita), t 0.0606 (0.0137) 0.0286 (0.0121) 4.35 (0.711) 3.11 (0.974)
Net secondary enrollment, t — 10 —0.00216  (0.00173) 0.106 (0.0914)
Total fertﬂity rate, t — 20 0.000182 (0.00228) —0.942 (0.200)
Child mortality rate, t — 20 —0.000102 (0.0000613) 0.000397  (0.00330)
Urbanization rate, ¢ 0.00367  (0.00110) 0.0467 (0.0722)
Gelbach decomyposition
A In(GDP/capita) coeff. 0.0320 (0.00801) 1.24 (0.828)
...Education —0.00758 (0.00859) 0.373 (0.353)
...Youth 0.0042 (0.00276) 0.417 (0.224)
...Urbanization 0.0354 (0.0128) 0.450 (0.790)
R? 0.376 0.518 0.506 0.589

Standard errors in parentheses, clustered by country, to the right of each coefficient estimate. Constant term omitted in table. Coefficient estimates in this table (restricted to constant sample
with observations for all covariates) need not match estimates in Table 1 (full sample). R? is for within-country variance over time. School enrollment and urbanization are measured in
percent, fertility is measured in number of children per woman, under-five child mortality is measured per 1,000 live births. For the 2019 observation only, the one-decade lag is proxied by
the 2010 value (¢ — 9) and the two-decade lag is proxied by the 2000 value in 2000 (# — 19).



decade (Lee and Lee 2016). Changes in the size of the working-age youth cohort are proxied
by the total fertility rate and the child mortality rate, each lagged by two decades (following
Horiuchi and Preston 1988; Macunovich 1999, 2000; Hatton 2001; Fargues 2011, 599). The rural-
urban structure of the economy is proxied by the percent of the population living in urban areas.
The structural transformation from a rural agricultural economy toward a more urban economy

is one of the strongest and most universal features of economic development (Timmer 2009).”

The estimates in Table 3 imply that all three of these channels shaped the emigration life cy-
cle in both eras, with suggestive evidence that the demographic channel was somewhat more
important than the other two channels. In the 1960-2019 regressions at the top of the table,
including the covariates in the regression is sufficient to reverse the sign of the coefficient on In
GDP per capita, whether the emigration rate is specified linearly or logarithmically. That is, the
three channels collectively can fully account for rising emigration rates early in the process of

economic development.

The signs on all covariates in the multivariate regressions are as posited by the literature: There
is a statistically significant positive relationship with schooling, observed in cross-section as a
major channel by Dao et al. (2018), in these panel fixed-effects regressions. There is a negative
and highly significant coefficient on the fertility rate, as suggested by Macunovich (1999, 2000):
Initially high fertility is absorbed by the country fixed effect, and the negative coeflicient reflects
the rise in youth cohort size that typically occurs two decades after the sustained negative change
in fertility begins. Finally, there is a positive and substantial but statistically imprecise coefficient

on urbanization.

In either the linear or log specification, the magnitude of the demographic channel is slightly
larger, but similar in size to and statistically indistinguishable from the other two channels. As
discussed above, the logarithmic results are preferred because they allow for a fixed-elasticity
effect of prior diaspora size on subsequent migration flows to be absorbed into the country fixed

effect.

"The regressions are restricted to a constant sample for each historical period, so that changes in the coefficient
on In GDP per capita arise exclusively from changing the regression specification. This has the side effect that the
bivariate regressions in Table 1 on an unrestricted sample are not identical to the bivariate regressions in Table 3,
though the magnitude of the coefficient estimates is similar.
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The results are remarkably similar in the 1850-1914 regressions, with the United States as migrant-
destination country, at the bottom of the table. Again, the three channels explain a large portion
of the pre-1914 life cycle, though not the entire life cycle as seen after 1960. Before 1914, the ed-
ucation, demographic, and urbanization channels explain roughly half (linear) or one third (log)
of the positive coefficient on In GDP per capita. In the preferred logarithmic specification, the
relative magnitudes of the three channels are comparable, though the estimates for education

and urbanization are far from statistically precise.

The absolute elasticity of emigration to rising income 1850-1914 was much larger than after
1960-2019. This could arise in part from the fact that the richest destination countries after
1960 were far richer than the richest destination countries before 1914. The In GDP per capita
gap between poor origins and rich destinations expanded from a factor of roughly 7 in the late
19th century (2.0 natural log points) to a factor of roughly 50 in the late 19th (3.9 natural log
points). All else equal, it took a migrant-origin country less economic growth in the earlier
era—in relative terms and in absolute dollars—to arrive at a level where the payoff to migration
diminished. This would tend to compress the entire life cycle pattern horizontally in the earlier

era relative to the later era, raising the relative magnitude of the coefficient on In GDP per capita.

Overall, the evidence in Table 3 suggests striking similarities between the emigration life cycle
across historical eras. In both eras, the life cycle is strongly present using within-country vari-
ance only. In both eras, a large portion of the life cycle is explained by changes in demographic
structure, the structure of national production, and human capital accumulation over the course
of economic development—in roughly comparable measures. In both eras, there is suggestive ev-
idence that the strongest channel is demographic change: A surge in the size of the youth cohort
can increase competition for employment (the Easterlin (1978) hypothesis), driving emigration
for employment. This is consistent with the importance of demographic change to the global
relationship between economic growth and emigration, earlier documented for the pre-1914 era
by Hatton (2001) and for Latin America in more recent years by Hanson and McIntosh (2010,
2012, 2016). It is also consistent with the importance of the education channel in time series that

is observed in cross section by Dao et al. (2018).2 These factors along with shifts in the structure

8This decomposition can only be considered an indicative decomposition of partial mechanisms, rather than a
precise decomposition of total mechanisms, due to strong causal relationships among the tested components. For
example, Hatton (2001) do not find a strong role for education—proxied by adult literacy—in the emigration life cycle.
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of produciton have helped generate the emigration life cycle for the past two centuries.

6 Flawed approaches

The evidence in section 3 indicates that after 1960, emigration rates rose as GDP per capita
rose in the average, relatively poor developing country, with an elasticity around +0.3. A recent
study nevertheless estimated this elasticity as —0.5 (Bencek and Schneiderheinze 2019, Table
3), for developing countries in general and the poorest in particular. The study arrives at this
figure using annual estimates of gross, regular emigration flows in a three-decade panel (for most
countries, running from the mid-1980s to 2015). It describes this negative coefficient as “the true
relationship between economic development and emigration” and attributes positive coefficients
elsewhere in the literature to a lack of “rigorous fixed effects panel estimations that exploit the

variation over time” (Bencek and Schneiderheinze 2019, 1, 17).

This finding is difficult to reconcile with another finding of the same study: that average emi-
gration rates in the poorest countries are already close to zero. It finds that in countries around
PPP$500 GDP per capita, observed migration is just 0.3 percent of the population per decade, or
0.3 emigrants per 1,000 population per year (Bencek and Schneiderheinze 2019, Figure 3). If cor-
rect, this finding would imply that in today’s poorest countries (e.g. GDP per capita PPP$500)—if
they grew into into middle-income countries (e.g. GDP per capita PPP$7,000)—the average emi-
gration rate would only fall even closer to zero, collapsing to just 0.08 percent of the population
per decade.” But the observed emigration rate in countries that actually reach PPP$7,000 per
capita is 37 times higher than this, the same study finds: about 3 percent per decade. A discon-
nect of this magnitude requires one of two things. It requires either an explanation of how it
is that today’s poor countries differ so radically from the countries that have preceded them in
economic development—which the study does not offer—or scrutiny of the methods underlying

the estimate.

But since other components in the analysis are both cause and effect of rising education, such as urbanization and

demographic transition, a decomposition of the ‘total” effect of education rather than the partial effect is not possible

in this empirical framework. Thus it would be incorrect to infer that the present findings contradict other findings of

no partial role for education pre-1914. Rather, this study finds a substantial role for education above and beyond the

(substantial) portion of the variance in education that is explained by demographic change and urbanization, while

Hatton (2001) do not. But both studies are compatible with a substantial role for education in total causation.
%exp(In 0.3 + (—0.5) x (In 7,000 — In 500)) = 0.08.
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In fact, the methods used in the Bencek and Schneiderheinze study are incorrect, and generate
the negative coefficient spuriously. The methods do not and cannot measure the effect of eco-
nomic development on emigration, but instead measure the effect of short-run income shocks on
emigration. In brief, the error in the study is a special case of the “spurious regressions” problem,
first described by Yule (1926) and named by Granger and Newbold (1974): The study’s method
fails to account for the fact that more than one variable in its regressions is nonstationary, giving

a spurious result.

The study runs various versions of the regression
InM; =a+fInY; +8InL; + &, (4)

where M; is the absolute number of gross regular emigrants from a country of origin in year ¢; Y;
is real GDP; L, is population; «, §, and § are coeflicients to be estimated, and ¢ is an error term. In
annual panel data on countries, the study estimates that /? = —0.5 (Bencek and Schneiderheinze

2019, Table 3), and interprets this as the effect of “economic development” on emigration.

But this coefficient estimate represents exclusively the effect of short-run shocks, not “economic
development”, which requires sustained long-term rises in income. Intuitively, this is because the
coeflicient on the logarithm of GDP is estimated after partialing out the effect of the logarithm
of population, shifted by a constant, on GDP. But sustained growth in GDP per capita (that is,
economic development) means that on average, increases in GDP are a multiple of increases in
population. Partialing out the effect of log population and a constant means absorbing away all
long-run changes in GDP per capita. The method eliminates the entire effect that it seeks to

measure.

More formally, the problem may be summarized by observing that because both population
and GDP are nonstationary, controlling for the nonstationary component of population absorbs
the nonstationary component of GDP—that is, development. Population is well described by
InL; = InLy + xt, where Ly is initial population and = is the population growth rate. GDP is
exactly described by InY; = InYy + (7 + y)t + u;, where Yj is initial GDP, y is the long-run
growth rate of GDP per capita, and u; is a short-run shock. Combining these two expressions

givesInY; = © + (1 + %) InL; + u;, where ® = InY, — (1 + %) InL,. Substituting this into
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regression (4) gives
lth:[a+ﬁ®]+ﬂ-ut+[ﬁ(1+£)+5]-lnLt+gt. (5)

The coefficient on In GDP in regression (4) is identical to the coefficient one would obtain by
regressing the same migration flows on short-run shocks to In GDP (that is, u;) in regression
(5), which controls for In population and includes a constant term. But such annual deviations
from the long-term trend of GDP per capita contain no information about the overall level of
economic development, because the time trend in GDP has been removed. This is a special case
of Granger and Newbold’s spurious regressions problem because, as the above derivation makes

clear, the problem would not arise if either GDP or population were stationary.

The Appendix shows how correcting this error in the Bencek and Schneiderheinze estimate
yields a positive relationship between emigration flows and sustained growth GDP per capita
similar in magnitude to the fixed-effects estimates in Table 1 above. It also shows how to repro-
duce the spurious negative coefficient with real data from a quintessential case of rising emigra-

tion in early stages of economic development: Mexico-US migration after 1960.

7 Conclusion

These results confirm the existence of the emigration life cycle in developing countries. Emi-
gration rises on average as low-income countries develop into middle-income countries, then
falls as they further develop into high-income countries. This is a process that occurs in average
developing countries over time, not simply a pattern across countries in cross-section, though
about one-third of the height of the life-cycle curve in pooled data is explained by unobserved

country heterogeneity.

The emigration life cycle is observed in the relationship between income levels and emigrant
stocks, the relationship between income growth and emigration flows, and the relationship be-
tween income levels and emigration flows. It is evident in emigration to all destinations as well
as rich-country destinations specifically. It is evident in large developing countries as well as

small ones. It is robust to controlling for country-invariant heterogeneity between time periods.
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And it has been robust across centuries.

The analysis confirms a striking quantitative correspondence between the shape of the emigra-
tion life cycle in the first era of globalization (1850-1914) and the second (1960—present). In both
eras, key channels for the life cycle were broadly similar: demographic change was central in
both eras, with important contributions from rising human capital investment and urbanization.
Emigration from developing countries has been encouraged by the fundamental forces that are

central to development itself.

Put differently, the data reveal an Engel curve for emigration at the country level—and that curve
is nonmonotonic, as the economic history literature has long proposed. At early stages of devel-
opment, potential emigrants in low-income countries on average treat emigration as a normal
good: As incomes rise, they spend more on the investments that complement migration. Only
at later stages of development do they begin to treat emigration as an inferior good, reducing

those investments as incomes rise further.

These correlations have a strong claim to be interpreted as causal, in one sense but not another.
Specifically, they have some claim to be interpreted as necessary but not necessarily sufficient
causal relationships between economic growth and emigration. That is, the emigration life cycle
pattern is so robust that it seems to reflect very common and important features of the develop-
ment process. The empirics discussed here do not allow the relationship to be decomposed into
a sufficient causal component (for poor countries on average, an increase in growth all else equal
causes an increase in emigration) and a necessary component (third factors that are on average
necessary to growth takeoffs in poor countries, such as urbanization, also cause an increase in em-
igration). Either of these means that for average poor countries, emigration goes hand in hand

with greater economic growth, but neither can be ruled out as the principal causal channel.

What can plausibly be ruled out is that the relationship is driven by reverse causation—that a
principal driver of economic growth in the average poor country is emigration itself. To be sure,
the literature suggests important channels of reverse causation from emigration to the determi-
nants of growth in the country of migrant origin (e.g. Barsbai et al. 2017; Karadja and Prawitz

2019). But among the channels in the literature, none would imply a magnitude of reverse cau-
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sation anywhere near capable of generating the magnitude of the correlations estimated here.
Migrant remittances, for example, do not have a clearly established, systematic effect on eco-

nomic growth (e.g. Clemens and McKenzie 2018).

The existence of the emigration life cycle represents an uncommon instance of strong agreement
among the various social science disciplines that have considered migration and development.
The life cycle pattern, as reviewed above, has been found in development economics and eco-
nomic history (summarized by Williamson 2015). Beyond that, in sociology, Massey (1989, 1)
concludes that “emigration is a normal by-product of economic development,” and de Haas et
al. (2019, 893-894) find that “higher levels of economic and human development ...are initially
associated to higher levels of emigration” while “[o]nly when countries achieve higher devel-
opment levels does emigration decrease.” In geography, Skeldon (2008, 8) concludes, “Migration
is primarily a consequence of development, no matter how defined” In history, Gozzini (2006,
330) concludes, “International migrants do not hail from poor and isolated circumstances with
no links to the world’s market places, but rather from regions and countries experiencing rapid
change and development on account of their integration into the global trade, information, and
production networks” Clemens (2014) reviews four decades of similar findings from these and
other disciplines including urban studies and anthropology. The present analysis corroborates
that large literature from a global, quantitative standpoint spanning modern history and tracing

within-country evolution over time.

Fruitful further investigation of the emigration life cycle might involve detailed country studies
clarifying the channels by which sustained economic development, at first, unlocked larger em-
igration flows in South Korea, Mexico, Indonesia, and other countries where sustained growth
has occurred in tandem with large waves of emigration. The mechanisms for household-level
Engel curves are only starting to be understood (e.g. de Vreyer, Lambert and Ravallion 2020). The
determinants of variance around the average life cycle—why the curve is steeper or shallower
for different countries—are poorly understood. The disaggregated channels for the national-level
Engel curve for emigration likewise require more inquiry (e.g. Dao et al. 2018), clarifying how

the shape of the curve depends on country traits and overseas policy.
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A1 Data Sources

A1.1 World, 1960-2019

Post-1960 migrant stocks and flows: Bilateral migrant stocks by country of birth from 1960 to 2000 are
from the World Bank Global Bilateral Migration Database created by Ozden, Parsons, Schiff and Walmsley
(2011) (https://datacatalog.worldbank.org/dataset/global-bilateral-migration-database, accessed October
19, 2018). Bilateral stocks for 2010 are from the World Bank’s Bilateral Migration Matrix 2010 (https://
datacatalog.worldbank.org/dataset/bilateral-migration-2010, accessed October 19, 2018). Bilateral stocks
for 2019 are from the United Nations Department of Economic and Social Affairs, Population Division,
as described in United Nations (2019) (https://www.un.org/en/development/desa/population/migration/
data/estimates2/estimates19.asp, accessed January 13, 2020). Net migration flows between census rounds
are approximated by changes in migrant stocks. In all sources, overseas departments and territories of
high-income countries (such as the Falkland Islands, Martinique, and Tokelau) are likewise considered to
be high-income countries.

Post-1960 income and population: Real GDP per capita in Purchasing Power Parity-adjusted 2011 US dollars
is taken from the Penn World Table 9.1 (Feenstra et al. 2015) at DOI: 10.15141/S50TOR. The GDP measure
used is expenditure-side real GDP at chained PPPs, suitable for comparing relative living standards across
countries and over time. This release of the Penn World Table ends in 2017, so the GDP per capita series
is extended to 2019 using the real GDP and population growth rates in the International Monetary Fund
World Economic Outlook from October 2019. GDP per capita estimates for Afghanistan, Cuba, Democratic
People’s Republic of Korea, and Libya are from the Maddison Project Database (Bolt et al. 2018), likewise
in 2011 PPP$. The Maddison series for Afghanistan and Libya end in 2016, so the GDP per capita series for
these two countries are extended to 2019 using the real GDP and population growth rates in the IMF World
Economic Outlook from October 2019. The 2019 observations for Cuba and North Korea are extrapolated
from 2015 assuming continuation of the four-year country-specific growth rate 2011-2015. Population is
from the World Bank World Development Indicators (data code SP.POP.TOTL), accessed January 24, 2020.
At the time of data access the population series ended in 2018, so the population series is extended to 2019
using the 2018-2019 population growth rate in the IMF World Economic Outlook from October 2019.

Historical World Bank country classifications by income are from the World Bank’s World Development Indi-
cators database, https://datahelpdesk.worldbank.org/knowledgebase/articles/378834-how-does-the-world-
bank-classify-countries, accessed December 19, 2019. School enrollment data are from Lee and Lee (2016).
Child mortality (under age 5) estimates are from Gapminder (2020a). Total Fertility Rate (average num-
ber of babies born per woman across all childbearing years) are from Gapminder (2020b). Urbanization
rates (Urban population, % of total population) are from the World Bank’s World Development Indicators
(SP.URB.TOTL.IN.ZS, accessed July 31, 2020).

A1.2 World, 1850-1914

Pre-1914 migrant stocks and flows to the UNITED StaTEs: Full-count census stocks of the foreign-born by
country of birth for the United States 1850-1920 are from Gibson and Jung (2006, Table 4). I corrected one
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error in this secondary source: Gibson and Jung give the Cuba-born population of the United States as
6,917 in 1870, and 5,319 in 1860. In fact the Cuba-born population was 6,917 in 1880 (1880 Census: Volume
1. Statistics of the Population of the United States, p. 470), and 5,319 in 1870 (1870 Census: Volume 1. The
Statistics of the Population of the United States, p. 338).

Pre-1914 migrant stocks and flows to CANADA: Census public use microdata sample-based estimates of the
foreign-born by country of birth in Canada 1871-1911 are from Minnesota Population Center (2019). I
acknowledge the following researchers and agencies that made the underlying data available to IPUMS.
Canada 1871: Gordon Darroch and Michael Ornstein, Canadian Historical Social Mobility Project. Na-
tional Sample of the 1871 Census of Canada [computer file]. Toronto, Ontario: York Institute for Social
Research and Department of Sociology, York University, 1979. Canada 1881: Lisa Dillon, 1881 Canadian
Census Project, North Atlantic Population Project, and Minnesota Population Center. National Sample
of the 1881 Census of Canada (version 2.0). Montréal, QC: Département de Démographie, Université
de Montréal [distributor], 2008. Canada 1891: Kris Inwood and Chelsea Jack. National Sample of the
1891 Census of Canada. Guelph, Canada: University of Guelph, 2011. Canada 1901: Canadian Fami-
lies Project. National Sample of the 1901 Census of Canada. Victoria, Canada: University of Victoria,
2002. Canada 1911: Chad Gaflield, Peter Baskerville, Sean Cadigan, Marc St-Hilaire, Claude Bellavance,
France Normand, Gordon Darroch, Carl Amhrein, Lorne Tepperman, Charles Jones, and Eric Sager. Cana-
dian Century Research Infrastructure Project. National Sample of the 1911 Census of Canada [dataset].
Edmonton, Canada: University of Alberta [distributor], 2009.

Pre-1914 migrant stocks and flows to ARGENTINA: Full-count census stocks of the foreign-born in Argentina
for several countries of birth are given in Maccio and Elizalde (1996, p. 16). This is supplemented with
additional countries of birth and years by referring to the original full-count census reports: Great Britain
and Switzerland in 1869 are from Diego G. de la Fuente (1872), Primer Censo de la Republica Argentina, p.
XXXII. Great Britain, Switzerland, Belgium, Greece, Denmark, Netherlands, and Sweden in 1895 are from
Diego G. de la Fuente (1898), Segundo Censo de la Republica Argentina, Tomo II, p. XLIV. Great Britain,
Switzerland, Belgium, Greece, Denmark, Netherlands, and Sweden in 1914 are from Alberto B. Martinez
(1916), Republica Argentina, Tercer Censo Nacional, Tomo I, pp. 205-206. An estimate of zero for Sweden
in 1869 is made based on the lack of any recorded migration from Sweden to Argentina prior to 1869 in
Ferenczi (1929, p. 545). Similarly, the stock of Netherlands-born in Argentina in 1869 is approximated
as 70, as this is the cumulative pre-1869 migration from the Netherlands recorded in the same table by
Ferenczi.

Pre-1914 emigrant flows to ALL EXTRA-EUROPEAN DESTINATIONS: For Italy, gross emigrant flows of Ital-
ian citizens 1876—-1913 are from Ferenczi (1929, p. 820), Italy Table VII, extra-European destinations only.
Immigrant flows in 1884 and 1887-1913 are from Ferenczi (1929, p. 839) Italy Table XXI, intercontinental
third-class passengers. The adjacent tables indicate that third-class passengers are roughly 90 percent of
the total inflow, and that the vast majority of these are Italian citizens. Net migration is the difference
between these emigrant and immigrant flows. For Sweden, gross emigration 1851-1913 is all emigrants
to all destinations, from Ferenczi (1929, p. 757) Sweden Table II. Net migration to extra-European desti-
nations is the difference between emigration to extra-European countries 1876-1913 from Ferenczi (1929,
p- 756) Sweden Table I, and immigration from extra-European countries 1876-1913 from Ferenczi (1929,
p. 760) Sweden Table IV. For Great Britain, gross emigration 1815-1913 is passengers to extra-European
countries, any nationality, from Ferenczi (1929, p. 627) British Isles Table IV. Net emigration is the differ-
ence between an emigration series and an immigration series. That emigration series is citizen passengers
to extra-European destinations 1853-1913 from Ferenczi (1929, p. 627) British Isles Table IV; the immigra-
tion series 1854-1869 is inward movement of passengers (including transmigrants) from extra-European
countries, from Ferenczi (1929, p. 637) British Isles Table IX, and from 1870 to 1913 it is inward movement
of passenger citizens from extra-European countries, from Ferenczi (1929, p. 640) British Isles Table XII.
For Hungary, gross emigration is intercontinental emigration of citizens, from Ferenczi (1929, p. 716)
Hungary Table V. Immigration is immigration of citizens, from Ferenczi (1929, p. 720) Hungary Table XV.
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Pre-1914 income and population: GDP per capita and population estimates in each year are from the Mad-
dison Project Database (Bolt et al. 2018), linearly interpolated for occasional gaps in the annual estimates.
School enrollment data are from Lee and Lee (2016). Child mortality (under age 5) estimates are from
Gapminder (2020a). Total Fertility Rate (average number of babies born per woman across all childbear-
ing years) are from Gapminder (2020b). Urbanization rates (Urban population, % of total population) are
from the Clio Infra Project (Fink-Jensen 2015) linearly interpolated between missing years. That source
contains no estimates for Russia or Serbia; these are taken from Bairoch and Goertz (1986, 288).

A1.3 Mexico: 1960-2017

Annual emigration from Mexico to the United States: This is estimated by extending the method of Passel
and Suro (2005) and Passel and Cohn (2009). They count prior-year US arrivals from Mexico in the US
Current Population Survey, making various adjustments and comparing with other data sources. This
paper creates similar estimates for a longer period using the US American Community Survey (ACS). It
begins by counting the (weighted) number of Mexican-born people who report each year 1960-2017 as
their year of immigration to the US, in each annual round of the ACS 2000-2018. Arrivals in the same year
of the survey (e.g., 2018 arrivals reported in the 2018 ACS) are omitted, since the ACS is conducted in the
middle of the year; thus the most recent flow estimate is for 2017. For the years 1999-2012, annual inflows
net of departures within five years are estimated as the number of Mexico-born in the five subsequent
rounds of the ACS reporting arrival in that year, averaged. For example, the estimated net inflow for 2013
is the average (weighted) number of Mexico-born reporting 2013 as their year of arrival in the five ACS
rounds 2014-2018. Comparable estimates for years-of-arrival after 2013 or before 1999 require estimates
of attrition (emigration and death). The decadal attrition rate is estimated for each year of arrival 1960—
1998 as the difference between the average number of Mexico-born reporting arrival in that year in ACS
rounds 2010-2018 and the same average in ACS rounds 2000-2008. This rate is close to 10 percent per
decade for all years of arrival 1960-1998. Based on this, estimated arrivals in the years 2014-2017 are
slightly scaled down to account for attrition that would have happened if they had been measured over
the full five-year retrospective period: Each year’s arrivals in year t 2014-2017 are multiplied by the
annualized attrition factor (1 — 0.1)=2019/10_ Simjlarly, estimated arrivals before 1999 must be scaled up
to account for attrition between the year five years after the inflow and the earliest date of surveying (the
2000 ACS). Each year’s arrivals in year ¢ 1960-1998 are multiplied by the annual inverse attrition factor
(1/(1 = 0.1))1999=9/10_ These latter estimates for the period 1960-1998 are compared against inflow rates
measured closer to the year of arrival in earlier full-count censuses (e.g. arrivals 1980-1986 reported in the
1990 full-count census, arrivals 1970-1974 reported in the 1980 full-count census, and arrivals 1960-1964
reported in the 1970 full-count census). These independent checks match closely, validating the method
of adjusting the ACS estimates for attrition. The resulting flow measure should be interpreted as a rough
measure of net emigration from Mexico, given that 1) the vast majority of Mexican emigration during this
period was to the United States, and 2) the outflow rate from Mexico to the United States is constructed to
omit people who depart in the year of arrival or in any of the subsequent five years. Mexico’s population
and real GDP in PPP-adjusted 2011 US dollars is taken from the Penn World Table 9.1 (Feenstra et al. 2015)
at DOIL: 10.15141/S50T0R. The GDP measure used is expenditure-side real GDP at chained PPPs, suitable
for comparing relative living standards across countries and over time.

A2 Alternative migration flow data adjusted for mortality

The main text uses net changes in emigrant stocks, defined by country of birth, as a transparent proxy for
net emigration flows. This has many advantages, including comparability: Suppose one Mexican person
arrived in the United States on a permanent resident visa in 1965, and another arrived as an irregular
migrant in 1965 but received a permanent resident visa due to a regularization program in 1988. In both
cases the physical act of migration was identical, and would appear identically in measures of a change
in the Mexican migrant population of the United States in the 1960s as measured by correct census data.
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But if measured by administrative data on the issuance of permanent resident visas, one would appear to
have moved decades after the other.

But measurement with net changes in emigrant stocks has disadvantages as well. Important among these
is that emigrant stocks can decline simply because emigrants’ lives end, not due to any net return mi-
gration to the origin country. For this reason, researchers have combined stock data with demographic
modeling to estimate true migration flows, as in Abel (2018).

Figure A1, Figure A2, Figure A3, and Figure A4 repeat the regressions in main-text Figure 6 and Figure 7
using the migration flow estimates of Abel (2018) in place of net changes in emigrant stocks. The patterns
observed in the main text are qualitatively identical to those shown here. Emigration flows rise with the
level of GDP per capita among poorer countries. There is a turning point around PPP$5,000. The within-
country paths followed by once-poor countries differ little from the path implied by the correlation in
data pooling countries and time periods. These patterns are not confined to microstates but are observed
in China, Indonesia, Mexico, Peru, and other large developing countries.



Figure A1: Net emigration flows estimated by Abel (2018) versus origin-country
income per capita, pooled sample 1960-2010
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Flows are annualized average net emigration flow during decade estimated by Abel (2018), all destinations. GDP
per capita is in initial year of each decade. Nonparametric regression line is a Fan (1992) local-linear regression,
Epanechnikov kernel; optimal bandwidth minimizes conditional weighted mean integrated squared error.
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Figure A2: Once-poor countries moving along the emigration-flow curve as they
grow richer, net emigration flows estimated by Abel (2018), 1960-2010

(a) Countries starting <$2,000/capita (b) Countries starting <$4,000/capita

Net emigration flow/1,000 population, annual
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1,000 10,000 60,000 1,000 10,000 60,000
GDP per capita (2011 PPP$) GDP per capita (2011 PPP$)

Countries starting below PPP$2,000/capita Countries starting below PPP$4,000/capita
95% confidence interval 95% confidence interval

————— All countries — — — — - All countries

Solid line in Figure A2a shows only migrant-origin countries whose GDP per capita was below PPP$2,000 at
some point during 1960-2010. Thus the line outside the shaded area shows countries that grew to higher in-
comes starting from very low incomes. The dashed line, for reference, is the regression line from Figure 6a for
all origin countries. Figure A2b is identical but for a PPP$4,000 cutoff. All destination countries. Nonparamet-
ric regression line is a Fan (1992) local-linear regression, Epanechnikov kernel; optimal bandwidth minimizes
conditional weighted mean integrated squared error (0.471 log points in Figure A2a, 0.416 in Figure A2b). 95%
confidence interval clipped for legibility.
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Within-country change in annual net emigrant flow/pop.

Figure A3: Net emigration flows estimated by Abel (2018) 1960-2010, using only
within-country economic growth

(a) Countries starting <$2,000/capita (b) Countries starting <$4,000/capita
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percent (log points) percent (log points)

Includes only migrant-origin countries whose GDP per capita (2011 PPP$) was below $2,000 at some point dur-
ing 1960-2010. Horizontal axis shows change of GDP per capita from its lowest value in subsequent years, and
vertical axis shows change in emigrant stock during the same years. All destination countries. Nonparamet-
ric regression line is a Fan (1992) local-linear regression, Epanechnikov kernel; optimal bandwidth minimizes
conditional weighted mean integrated squared error (0.260 log points). Flows are annualized average change in
emigrant stock during decade. GDP per capita is in initial year of each decade.
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A3 Reproducing and reconciling spurious results

The error in the analysis of Bencek and Schneiderheinze (2019) can be illustrated by reproducing the
spurious negative coefficient with annual data on the emigration of Mexicans to the United States.

Mexico exemplifies the emigration life cycle, as shown earlier in long-run data (Figures 5h and 7h in
the main text). The same emigration life cycle can be seen in high-frequency annual data, where the
annual emigration rate from Mexico first rose by a factor of five, then dropped back to its original levels
(Figure A5a), as Mexico underwent sustained economic development after 1960 (Figure A5b). Graphing
the annual emigration rate against GDP per capita reveals the unmistakable inverse-U relationship of
the emigration life cycle (Figure A5c). Any empirical method that cannot reveal the life cycle in this
quintessential case cannot be informative about empirical patterns of development and emigration more
generally.

But in the same data, the method used in the Benc¢ek and Schneiderheinze study generates a negative
and highly significant coefficient estimate during the period covered by that study. Table A1, column
1, shows the regression (4) run on annual emigration from Mexico. Column 2 of the table regresses the
number of emigrants on population, which generates the residuals shown in Figure A6a. Column 3 of the
table regresses GDP on population, which generates the residuals shown in Figure A6b. Regressing the
first residuals on the second gives a coefficient, in column 4, identical to the partial coefficient on GDP in
column 1. That regression is shown graphically in Figure Aé6c.

This result is spurious. The residuals in Figure A6b contain no information about long-run economic
development in Mexico. Those residuals are what remains when the long-run economic development of
Mexico—the line in Figure A6b—has been removed from the quantity used to calculate the coefficient.

The regression in Figure A6c, the negative quantity estimated by Bencek and Schneiderheinze, simply
shows the effects of short-run booms and busts. It shows that when Mexico experienced a severe recession
in the mid-1990s (the “peso crisis”), emigration spiked. Thus the points for 1995 and 1996 in the upper
left of the figure show years when GDP per capita was experiencing a negative short-run shock, with a
positive short-run emigration response. Conversely, in the bottom right of the figure, 1981 and 1982 (just
before the Latin American debt crisis) were years of a positive shock to the Mexican economy (peak oil
prices) that reduced emigration in the short run. None of this bears any relation to the long-run rise in
Mexico’s GDP per capita—Mexico’s economic development—the effects of which have been removed by
this empirical method.

At the global level, the regression used by Bencek and Schneiderheinze would be informative about the
effect of transitory shocks on emigration, if this were the subject under study. The elasticity of -0.5
implies that a short-run fall of GDP per capita of 10 percent, such as in a Venezuela-type economic crisis,
is associated with a 5 percent increase in emigration the following year. That would be a sensible estimate
of the short-run effects of shocks, corroborating prior results on the effects of shocks (such as Bertoli et
al. 2013). But it is uninformative about the relationship between economic development and emigration.

The flaws in this method run deeper than the odd regression specification in (4). The obvious fix would
be to simply regress the emigration rate on GDP per capita—the approach of the present paper. But even
this would leave two major problems.

First, as discussed by Clemens (2014, 165-166), it would mean modeling a strikingly nonlinear relationship
with a linear regression. When the true data-generating process follows an inverse U, a linear fit can give
a positive, zero, or negative coefficient estimate depending on which portion of the curve happens to
be observed. This is shown for Mexico in Table A1, column 5, using annual data during the same post-
1980 period studied by Bencek and Schneiderheinze. This column regresses the emigration rate on GDP
per capita. Again, the coefficient estimate is negative, large in absolute value, and highly statistically
significant. But this result arises only because the linear regression coefficient for a portion of the curve
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Figure A5: PosT-1960 EMIGRATION FROM MEXICO:
economic development

(a) Mexico emigration to US, 1960-2017

Annual Mexico-US migration and Mexican

(b) Mexico GDP per capita, 1960—-2017
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Emigration from Mexico to the US is measured as number of Mexican-born people moving to the US each year per
1,000 population of Mexico, net of US departures within five years of arrival. Details in the Data Sources section of the
Appendix. In Figure A5c, line shows a Fan (1992) local-linear regression, Epanechnikov kernel, bandwidth $1,500.

cannot describe the manifest nonlinear emigration life cycle in Figure A5c.

Second, even a correct regression specification would still measure spurious relationships if it considered
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Figure A6: PosT-1980 EMiGRaATION—MEXICO: Illustration of spurious regressions using short-

run annual data

(a) Residuals from regression
of emigration on population

13.57

oI

11.57

In Emigration to US

T T T
18 18.2 18.4 18.6
In Population

In GDP (2011 PPP$)

(b) Residuals from regression
of GDP on population

14,57 TH

13.57

T T T
18 18.2 18.4 18.6
In Population

(c) Spurious regression coefficient on GDP

Residual: In Emigration | In Population
o
1

2006

20071 9931 @)%%4

1986 2008
1987

;| 2009 00

- 3
2011 1981
1983
-1
T T T T T
-2 -1 0 1 2

Residual: In GDP | In Population

Figures A6a, A6b, and A6c, respectively, depict the regressions in columns 2, 3, and 4 of Table Al. In Figure Aé6c, the
solid line shows linear fit and shaded area shows 95% confidence interval on the local predicted value.

the annual relationship between GDP per capita and the emigration rate. Year-to-year measurements of
GDP per capita do not contain any information about economic development—sustained trends in GDP
per capita—beyond the information contained in averages over longer periods. Using higher-frequency
data only raises the portion of the income-emigration relationship that is explained by short-lived shocks.
Short-lived shocks above trend do not constitute economic development by any meaningful definition of
that term. High-frequency data are, then, inferior to low-frequency data for this purpose. This is why
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Appendix Table A1: PosT-1980 EMIGRATION—MEXICO: Spurious regressions using annual data

Residual: In (Emigrants
Dep. var.: In Emigrants In GDP In Emigrants per 1,000
| In Pop population)
In GDP —2.919"*
(0.566)
In Population 4.290"** —0.560 1.661***
(0.984)  (0.379)  (0.085)
Residual: In GDP | In Pop —2.919"
(0.566)
In GDP per capita —2.568"**
(0.345)
Adj. R? 0.434 0.031 0.911 0.399 0.596
N 38 38 38 38 38

Standard errors in parentheses. Constant term omitted in table. ***

35 rather than 36, for strict comparability with column (1).

p < 0.001. Degrees of freedom in column (4) adjusted to

the present work uses decadal averages: because higher-frequency data contain no additional relevant
information, and much additional irrelevant information.

Correcting the error in Bencek and Schneiderheinze (2019) shows that those estimates imply a positive
relationship between GDP per capita and emigration similar to the estimates in Table 1 in the main text.
If we were to straightforwardly regress the emigration rate on GDP per capita, this would equate to the
constraint that in regression (4), # = 1 — 8.1° This constraint allows one to back out the relationship
between the long-term trend in GDP and emigration contained in the coefficient estimate on population
(InL;) in regression (5). In the core fixed-effects result of Bencek and Schneiderheinze (2019, Table 1,
Model 3), the coefficient on log population is 1.59. Letting f (1 + %) + 6 = 1.59 and constraining f = 1 -6
gives an equation for the coefficient of interest, the association between the trend in GDP and the amount
of emigration:

B =059%Z. (A1)
y

This can be calibrated with recent data from low-income countries. According to the World Bank, between
1990 and 2019 the population of low-income countries grew at an annual average of 7 = 2.76 percent,
while real GDP per capita at PPP grew at an annual average of y = 1.42 percent.!! This implies an
estimate of 1.15 for the coefficient of interest in equation (A.1), the elasticity of gross emigration to the
within-country trend in real GDP during 1990-2019, holding population constant. In main-text Table 1,
columns 5-8, in the second row (high-income destination countries), the elasticity of the net emigration
rate to growth in GDP per capita was estimated for the period 1960-2019 as falling in the range of 0.73-
1.29. The sign and rough magnitude of the two sets of estimates are the same once the error is corrected.'?

10Subtract In L; from both sides of equation (4) in the main text and set # = 1 — § to get In IZI—: =a+fln {—ﬁ + ;.

The World Bank does not estimate GDP per capita at PPP for low-income countries as a whole prior to 1990.

12These quantities are equal in sign and comparable in magnitude, but should not be identical because they measure
slightly different things. The corrected estimate here applies to gross annual emigration from low-income developing
countries to OECD countries, during 1990-2019; the results in Table 1 apply to net decadal emigration to high-income
countries from all developing countries with income per capita below PPP$10,000/year, during 1960-2019.
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