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Summary

Building on the research on immigrant earn-
ings reviewed in the first article of this series,
“Research on Immigrant Earnings,” the
preceding article, “Adding Immigrants to
Microsimulation Models,” linked research
results to various issues essential for incorpo-
rating immigrant earnings into microsimulation
models. The discussions of that article were in
terms of a closed system. That is, it examined
a system in which immigrant earnings and
emigration are forecast for a given population
represented in the base sample in the micro-
simulation model. This article, the last in the
series, addresses immigrant earnings projec-
tions for open systems—microsimulation
models that include projections of future immi-
gration. The article suggests a simple method
to project future immigrants and their earn-
ings. Including the future flow of immigrants
in microsimulation models can dramatically
affect the projected Social Security benefits of
Some groups.

Introduction

The preceding article, (Duleep and Dowhan
2008a), focused on forecasting immigrant
earnings and emigration for a given popula-
tion represented in the base sample of the
microsimulation model. For many purposes,

microsimulation models form a closed system,
predicting for an existing population. Some
issues, however, demand that the model permit
new entrants into the system: people marry,
babies come into the world, and new immi-
grants arrive.

Social Security’s Modeling Income in the
Near Term (MINT) model, for instance, origi-
nally projected for a population represented by
data from the 1990-1993 Survey of Income
and Program Participation (SIPP) and ignored
any post-1993 population growth fueled by
immigration. To assess the future well-being
of the elderly, Social Security analysts decided
that MINT needed to forecast the earnings
and retirement income of future U.S. elderly
populations, including immigrants who entered
the United States after the SIPP surveys of
MINT’s base sample. Moreover, if micro-
simulation were to supplement the actuarial
forecasts of Social Security’s financial status,
future immigration would need to be projected.

Incorporating new immigrants into a micro-
simulation model poses two challenges—the
flow of immigrants into the country needs to
be projected and the new entrants’ earnings
profiles imputed. These pursuits are closely
related since the characteristics that modelers
include in the immigrant projections define
what can be done in the immigrant earnings
projections.
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Projecting the Flow of Immigrants

In the sections that follow, two approaches for pro-
jecting immigrant flows are discussed: a time-series
approach, where recent trends are used to forecast
future trends, and a structural approach involving three
steps: (1) determining the variables that affect immi-
gration, (2) estimating the relationships between the
predictor variables and immigration, and (3) projecting
the predictor variables and their corresponding esti-
mated immigration effects into the future. Combining
elements of the time series and structural approaches,
a new approach for projecting immigrant flows is
introduced.

Using Recent Trends to Forecast
Future Trends

U.S. immigration policy, the political state of the
world, and various characteristics of the United States
and other countries’ economies affect the flow of
immigrants to the United States. All of those factors
are difficult (perhaps impossible) to project. Lacking
a crystal ball to forecast their future fate, a pragmatic
alternative is to use recent trends in U.S. immigration
to forecast future trends. Recent immigration conveys
a great deal of information about future immigra-
tion because once individuals begin to migrate to the
United States from a particular region of the world,
U.S. networks and paths are established and the pro-
cess tends to continue.’

Although once established, migration patterns tend
to persist, changes in immigration policy as well as
changing circumstances in both the United States and
in immigrant source countries occur and can affect
both the magnitude and composition of immigration.
For this reason, data that are continuously updated are
needed to quickly capture changes in immigrant flows
and incorporate them into the projections. At the same
time, transitory influences, such as backlogs in the
administration of immigrant visas, occur for a variety
of reasons and may affect immigration for a particular
year with no long-term implications. To parse out the
persistent from the transitory requires data that can
be averaged over several years. Annual data that is
continuously updated would allow tracking changes in
trends as well as averaging over several years.

Projections of the number of immigrants, by year
of immigration, should also be done by characteristics
that are associated with distinct immigrant earnings
patterns. This way, projections of immigrants’ earn-
ings can be linked to the projected immigration. As

discussed in the first article of this series, Duleep and
Dowhan (2008b), human capital (often measured by
age and years of schooling) affects the earnings of
immigrants and U.S. natives. However, for immi-
grants, the degree to which their country-of-origin
human capital transfers to the U.S. labor market also
affects their earnings.

If the human capital that immigrants possess trans-
fers easily to the U.S. labor market, immigrant earn-
ings profiles resemble those of similarly educated and
experienced U.S. natives. The less home-country skills
transfer to the U.S. labor market, the lower the initial
earnings of immigrants (relative to otherwise similar
U.S. natives), but the higher their earnings growth, a
phenomenon that likely reflects a higher propensity
to invest in U.S. human capital. A key predictor of
immigrant skill transferability is the source country’s
level of economic development. These arguments
suggest that the ideal data for projecting immigra-
tion would classify immigrants by source country; the
source country data could in turn be linked to annually
updated data on the economic development of coun-
tries of the world.?

Some policy issues are relevant to legally admitted
immigrants. Others relate to undocumented immi-
grants, still others relate to all immigrants. The ideal
data source should permit separating the legal from
the illegal immigrant population. Modelers could then
tailor simulations to their own particular needs. Cur-
rently, little is known about illegal immigrants.

The aforementioned requirements—continuously
updated historical records of U.S. immigration by legal
status and country of origin—recommend using the
annual records of the Office of Immigration Statistics
(OIS) of the Department of Homeland Security (for-
merly known as the Immigration and Naturalization
Service) as the primary data source for projecting
future trends in immigration. These records contain
the numbers and characteristics (age and gender) of all
newly admitted legal immigrants by country of origin
for each year.

Alternative data collected annually, such as the
American Community Survey (ACS) files or the
Current Population Survey (CPS) all contain, to an
unknown degree, undocumented immigrants. In con-
trast, the OIS information, by its very nature, pertains
solely to the legal population.’> Modelers can separately
add information on the undocumented in accordance
with the latest research on undocumented immigrants
available at the time of the projections.
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The OIS annual data allow modelers to track trends
and to average over several years. A straightforward
approach for projecting future immigration would be
to average immigration over recent years, dividing by
source-region categories that are relevant to project-
ing immigrant earnings. Since the OIS data represent
all immigrant source countries, modelers face no
constraints in tailoring OIS-based projections to the
source-country grouping used in their particular immi-
grant earnings projection model.

In using recent trends to project future trends, it is
important to bear in mind significant policy changes
that may have temporary effects. For instance, the
Immigrant Reform and Control Act (IRCA) of 1986,
provided for the legalization of 3.0 million residential
undocumented immigrants.* In choosing past years
to average and project future years, modelers might
want to pick years beyond IRCA’s initial effect. Recent
research by Beach, Green, and Worswick (2008)
shows an association between the host country’s eco-
nomic conditions and the numbers and age composi-
tion of immigrants. In years with exceptionally good
economic conditions, a greater percent of immigrants
are young. Their research suggests that to project
future immigration, modelers may want to exclude
from the averaging period years of exceptionally good
or exceptionally poor economic conditions.®

Barring changes that temporarily increase or
decrease immigration, averages over the most recent
5 years for which data are available might be used
to forecast the near future. The fact that the OIS data
are easily accessible and continuously updated means
that the straightforward immigrant projection system
described here could be easily updated, ad infinitum.
As OIS data are updated, the multiyear averaging
period would be similarly updated. To facilitate linking
immigration projections to earnings projections, the
immigration by source-country projections should be
linked to data on economic development indicators.®

The easiest way to proceed is to use the OIS pub-
lished tables associated with the statistical yearbook.
These tables are available on the internet and provide,
in one place, yearly trends in the number of immi-
grants by country of origin.

A shortcoming of these easy-to-use tabulations is
that they do not have the age distributions of immi-
grants for all source countries or regions. One possibil-
ity would be to impose the overall age distribution of
immigrants, which is available each year in the OIS
published tables, on each source country/region used
in the projections. This approach would be accept-

able if immigrant age distributions across countries
of origin were similar, or at least uncorrelated with
source-country factors that affect earnings profiles,
in particular, the economic development level of the
source country.

To gauge the importance of intercountry variations
in immigrant age distributions we used public-use
microsample data from the 1980 and 1990 censuses to
estimate the age distribution of immigrants, divided
by country of origin (Chart 1).” In general, young
adults are more heavily represented in economically
developing countries versus economically developed
countries.

The OIS provides access to individual records of
legal immigrant admissions through public-use tapes
that are available annually. From these data records,
the age/gender distribution for each source country/
region could be calculated. The analysis of immigrant
age distributions by source country suggests that for
the proposed immigration projection system, a system
should be established to inform Social Security immi-
grant projections with OIS data on individuals.

Another issue with using the OIS records as the
primary data source for projecting future immigra-
tion trends is that the records lack information on the
education of immigrants. Yet, as with age, immigrant
education distributions vary by country of origin
(Funkhouser and Trejo 1995).8

Remedying the education deficit requires supple-
menting the OIS data with survey data.’ The sample
sizes for immigrants in several annual surveys with
education information, such as the CPS, are small.
Due solely to sampling variability, large year-to-year
variations in the immigrant education levels by source
country occur in these surveys. One possible strategy
for overcoming the sample size constraint would be
to use information on incoming immigrants averaged
over several consecutive surveys. Another possibility
would be to rely on decennial census data to fill in the
missing information in the OIS-based projections. A
shortcoming of the decennial census data, however,
is their infrequency. The best option, in terms of both
sample size and frequency, is the recently instituted
annual American Community Survey (ACS) data.
Whatever the data source, the modeler would want to
proceed by using the survey data to measure education
for the country-of-origin/gender/age groups detailed
by the OIS data since the distribution of immigrant
education by source country varies with the age and
gender of immigrants.'
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Chart 1.

Distribution of immigrants by age at time of entry and source-country category (economically developing
versus developed countries), based on the 1980 and 1990 Census PUMS (percent)
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NOTE: PUMS = public-use microdata sample.
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Beacons of Immigration Change

The projection methodology thus far is a time series
approach—current and past immigration predicts
future immigration. Another approach for projecting
immigration is a structural one. Variables that affect
immigration are determined through research. Having
determined the relevant variable set, the relationship
between these predictors of immigration and immigra-
tion is estimated. The predictors of immigration are
then projected into the future, along with the corre-
sponding estimated immigration responses.

The difficulty with the structural approach lies not
with estimating the relationship between the predic-
tor variables and immigration, which can be done
using historical and cross-sectional data, but with the
inherent difficulty of projecting the future path of the
predictor variables. The limitation of the time-series
approach is that the view of the future is limited to
what the present and recent past encapsulate.

A middle-ground strategy would be to com-
bine elements of both the time-series and structural
approaches. Specifically, assume that recent immigra-
tion generally predicts future immigration, but supple-
ment the time-series predicted paths with “beacons

of change.” This could be done by using annual data

to track key predictors of immigration. When a clear
change in one of the predictor variables becomes
apparent, the time-series based immigration projec-
tions would change according to the estimated “struc-
tural” relationships between the predictor variables and
immigration.

The key variables to track would be those that
research, conducted over many time periods and
across countries, has shown to have a clear effect on
immigration. One such variable is immigration policy.
Given that a policy change is expected to be lasting,
the country-specific immigration trajectories would
change according to the estimated effect of the policy
change on immigration.

The age composition of each source country is
another key variable to track. Theoretically, the
younger migrants are, the longer the payoff time
from migration; opportunity costs also increase with
age—as one works in a particular locality and firm, it
becomes increasingly difficult to transfer the accumu-
lated work experience. Empirically, a large body of
research shows that most adult immigrants are young.'!
A country’s age distribution thus determines the
population of potential immigrants. When a significant
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change in a country’s age distribution is detected, the
projected trajectory of that country’s U.S. immigration
would be altered to reflect this change.'

A third key variable is a country’s level of economic
development. Substantial research documents the
following characteristics of the relationship between
economic development and migration.'

* At the very lowest levels of economic develop-
ment, people do not migrate—it is not the poorest
of the poor who migrate.

*  When a certain economic threshold is passed,
migration from poor to rich regions begins. Once
started, the migration persists, fueled by the net-
works and paths established by earlier migrants.

e Migration decreases as the source-country/
destination-country differential in economic devel-
opment narrows.

As discussed in the preceding article (Duleep and
Dowhan 2008a), source-country economic develop-
ment also affects immigrant emigration from the
United States.

In this proposed projection system, the economic
development of all countries, relative to the United
States would be tracked. In supplementing the times-
series projection approach, the most important coun-
tries to track would be those that are currently big
contributors to U.S. immigration as well as those coun-
tries that are not big contributors, but potentially could
be. For countries that are currently big U.S. immigra-
tion contributors, the relevant question is whether
the situation will change. A large upswing in their
economic development relative to the United States
would signify such a change in both their immigration
and U.S. emigration trajectories. For countries that
are potential contributors, passing a certain economic-
development threshold could signify the beginning of
an important flow of immigration.

In determining when a clear change in one of the
predictor variables has occurred, modelers would need
to set up a system to identify persistent stable changes
in one direction. For instance, a positive increase in a
country’s gross national product (GNP) over a 5-year
period might be a satisfactory indicator of a persistent
stable change.

To use this proposed projection system requires
predicting changes in immigration trajectories as a
function of changes in the tracked predictor variables.
One approach would be to use estimates (based on
cross-sectional and time-series data) of the relationship

between changes in policy, economic development,
age structure, and changes in immigration. Another
approach would be to mimic the MINT methodology
approach (described in Duleep and Dowhan 2008a),
wherein the earnings trajectories of older persons are
used to project the earnings trajectories of younger
persons. In like fashion, the experiences of similar
countries—that went through a similar transition in
the recent past—could serve as donors for a country’s
projected immigration trajectory.

By utilizing the knowledge that is in the recent
landscape of U.S. immigration by source country,
the proposed projection approach acknowledges the
inertia that is inherent to immigration flows. Yet it
also permits updating those predictions in response to
changes in three key variables (immigration policy,
age structure, and economic development) that are eas-
ily tracked annually. A key assumption underlying this
approach is that recent immigration is a good predictor
of future immigration until there is a significant change
in one of the key predictor variables. On the road to
projecting immigration, this system might be called
“The Past is Prologue” with acknowledged important
bumps.

Giving the New Immigrants Earnings
Profiles

Armed with trends in the number of immigrants by
earnings relevant characteristics, the microsimula-

tion modeler is now poised to bring these projected
immigrants to life by giving them earnings profiles. As
discussed in the preceding article (Duleep and Dowhan
2008a), there are three general methods used to fore-
cast individual earnings in microsimulation models:
the “human capital” approach, the “past-is-prologue”
approach, and the “donor” approach.

Without any earnings information, it is impossible
to project earnings profiles for future immigrants with
the past-is-prologue approach. Nor can earnings be
projected with the method introduced in the preced-
ing article (Duleep and Dowhan 2008a) that uses the
distance between immigrants’ initial earnings and the
earnings of similarly experienced and educated natives
to predict immigrant earnings growth.

It is possible to estimate earnings as a function of
the projected characteristics, and simulate an earnings
profile for each age-gender-education-country of origin
combination. However, as discussed in the preceding
article, a possible limitation of a parametric approach
is the limited variation in earnings profiles across the
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projected individuals.'* An alternative approach to
project the earnings of future immigrants is to choose
donors from the model’s base population and clone
their earnings profiles on the new immigrants.'?

The lessons learned from research on immigrant
earnings in the first article (Duleep and Dowhan
2008Db), should inform the donor selection process.
Since immigrants and U.S. natives have distinctly dif-
ferent earnings profiles, even controlling for age and
education, immigrants, not natives, should serve as
donors for the model’s new immigrants. The profound
change over time in immigrant earnings profiles sug-
gests that donors be chosen from the subsample of
immigrants in the base population who came to the
United States after 1979. Important earnings profile
differences across immigrants associated with the eco-
nomic development of their home countries suggests
that source-country divisions that capture these differ-
ences should be used to select donors. Finally, immi-
grant earnings profiles vary according to the age at
which immigrants enter the United States. Sample size
constraints may prohibit picking donors from a mod-
el’s base population of post-1979 immigrants within
detailed age-at-migration categories. In this case, a
sensible approach would be to aggregate age-at-migra-
tion categories into three categories: migrated at young
working ages (for example, ages 20-39); migrated at
older working ages (for example, ages 40-59); and
migrated at near retirement and retirement ages (for
example, ages 60 or older).

In summary, to bring the projected immigrants to
life, microsimulation modelers can pick donors by
first stratifying the base sample of immigrants who
immigrated after 1979 by gender, age at migration, and
source region. Donors for the new immigrants can then
be chosen in accordance with the projected numbers of
future immigrants and their earnings cloned onto the
new immigrants. Using the same stratification scheme,
modelers can also choose emigrants from the popula-
tion of new (donor-created) immigrants, in accordance
with the emigration methodology used in the preced-
ing article (Duleep and Dowhan 2008a).

The proposed projection methodology for incor-
porating future immigrant flows into microsimulation
models reflects recent immigration trends and takes
into account earnings pattern variations among immi-
grants and between immigrants and natives. It also
takes into account immigrant emigration. Key among
its advantages is that it can be easily updated on a con-
tinuous basis using readily available data.

Projecting Undocumented Immigrants

The discussion of projection methodology thus far has
not explicitly treated illegal immigration. Although
many data sources include illegal immigrants to an
unknown degree, information on the undocumented
per se is scarce. Much of it comes from nonstatistical
studies. These studies strongly suggest that the undoc-
umented differ from legal immigrants in terms of their
age, source-country composition, and emigration. Yet
it is difficult to derive from such approaches numbers
to use for a model’s projections.

A statistical approach called the “residual method”
can be used to inform estimates of the undocumented
immigrant population.'® Starting with the number of
immigrants in a survey such as the Decennial Census
or CPS, the residual method estimates immigrant pop-
ulation growth as if the only source of growth was the
immigration of legal immigrants, as accurately counted
by the OIS annual records. Taking into account the
(estimated) extent to which the Census or CPS under-
counts immigrants, the number of immigrants in a later
survey minus the estimated legal immigration growth
provides an estimate of the undocumented immigrant
population. Based on the residual method, Passel
(1999) estimated that about 520,000 illegal immigrants
enter the United States each year.

The residual method also provides information on
some of the likely characteristics of the undocumented
immigrant population. The age distribution of the
undocumented differs radically from that of the legal
immigrant population: The undocumented are younger
(Chart 2). They are also far more likely to come from
Central America, particularly Mexico, than are legal
immigrants (Chart 3). To capture these differences in
a microsimulation model, the age and source-country
distribution shown in Charts 2 and 3 could be imposed
on the illegal immigrants estimated to enter the coun-
try each year.

A pragmatic approach for projecting future trends
of the undocumented is to use recent past trends to
forecast future trends. As with immigrants in general,
the recent past is informative since once the undocu-
mented begin to migrate to the United States from a
particular region of the world, U.S. networks are estab-
lished and the process tends to continue. Yet, unlike
legal immigration, no administrative record source
exists that explicitly counts the undocumented entering
the United States each year.
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Chart 2.
Distribution of legal versus illegal immigrants, by age at time of entry (percent)
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SOURCE: Information on the age distribution for legal immigrants is from the Immigration and Naturalization Service records for 1993-1998.
The age distribution estimates for illegal (undocumented) immigrants are based on Passel (1999).

Chart 3.
Distribution of legal versus illegal immigrants, by source country (percent)
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SOURCE: Information on the source-country distribution for legal immigrants is from the Immigration and Naturalization Service records for
1993-1998. The source-country distribution estimates for illegal (undocumented) immigrants are based on Passel (1999).
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A time series of annual “counts” of the undocu-
mented, by region of origin and age, could be created
and annually updated using the residual method with
annual data such as the CPS or ACS. With such a
continually updated time series of estimated counts,
projections of future undocumented immigration based
on recent average experience, could be made. With
regard to “beacons of change,” the key variables that
affect legal immigration—source countries’ level of
economic development, their age structure, and U.S.
immigration policy—also affect undocumented immi-
gration and could be incorporated into the projection
methodology.

Adding Future Immigrants Can Affect
Policy Predictions

Including future flows of immigrants can dramatically
affect policy predictions from microsimulation models.
For instance, Social Security’s MINT model simulates
the economic welfare of the future aged population.
Using some of the projection methods outlined in

this article, immigration was incorporated into the
MINT model. Doing so increased both the size of the
projected population and its composition. With the
closed MINT model, 10.7 percent of retirees in 2020
are projected to be foreign born. With the addition of
new immigrants, the share of foreign-born retirees
increased to 14.4 percent. The closed MINT system
projected that 7.9 percent of the elderly population

in 2020 would be Hispanic. That share increased to
9.3 percent with new immigrants added to the model.

Including future immigrant flows to the MINT
model also affected the projected Social Security ben-
efits of groups. Social Security benefits are typically
computed using the average indexed monthly earnings
(AIME). The average summarizes up to 35 years of a
worker’s earnings. From the AIME, the primary insur-
ance amount (PIA) is computed. The PIA is the basis
for benefits that are to be paid.

Adding new immigrants decreased the population
mean AIME in 2020, from 78 percent to 75 percent of
the economy-wide average wage. Though modest, the
significance of this change increases when particular
groups are considered. The mean AIME of Hispanics
and Asians fell by 17 percent and 25 percent, respec-
tively. Prior to the addition of new immigrants, only
4.3 percent of men born between 1961 and 1965 were
projected to be ineligible for Social Security’s Old-
Age insurance. With their inclusion, this percentage
increased to 10.3 percent. These examples underscore

the potential importance of including future immi-
grants in microsimulation models.

Notes

! Many scholars have documented the role persistence
plays in migration patterns via family relationships, net-
works, and paths blazed by prior migrants. See, for instance,
Bauer, Epstein, and Gang (2002), Boyd (1989), Epstein
and Gang (2004), Gurak and Caces (1992), and Jasso and
Rosenzweig (1986).

2 There are two potential sources of data that could be
used for this purpose: the World Development Indicators
database, published by the World Bank, which has more
than 550 development indicators with time series for over
200 countries or country groups from 1960 to the present
(World Bank 2005), and the Penn World Tables (Heston,
Summer, and Aten 2002; Heston and Summers 1991).

3 The National Immigration Survey pertains solely to
documented immigration, but is not available on an annual
basis.

4 Beginning in 1987, those who had resided continu-
ously in the United States since January 1982 could apply
for permanent resident status under the amnesty provisions
of IRCA. Under those provisions, 1.7 million applied for
amnesty, and another 1.3 million applied as Specialized
Agricultural Workers, a program that was much more
lenient (only 90 days of continuous agricultural employment
in the past year) in requirements for legalization.

% An alternative approach would be to model the effect of
economic conditions on immigration, or to use the estimates
from Beach, Green, and Worswick (2008) to inform the pro-
jections. The problem with this approach is that it assumes
that future economic conditions can be reasonably predicted.

6 Refer to note 2 for information on two potential sources
of data that could be used for this purpose.

" Chart 2 gives statistics for men and women combined;
separate analyses by gender relate the same story.

8 By picking donors to represent new immigrants by
country of origin (discussed in the next section), the educa-
tional distribution of immigrants will be represented. The
adequacy of this approach will depend on the size of the
base sample from which the donors are chosen. A disadvan-
tage of this approach, regardless of the base sample’s size, is
that it does not allow updating the education distribution of
immigrants by country of origin, but rather freezes it at what
is represented in the models’ base sample data.

 Another approach, described in note 8, could also be
pursued.

10 A problem with using ACS, CPS, or Census data to fill
in the missing education information in the projections is
that these data sources include to an unknown extent illegal
aliens. Comparing the education information by source
country from these sources with the information collected
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in the New Immigrant Survey (Jasso, Massey, Rosenzweig,
and Smith 2000), a survey that follows one cohort of legal
immigrants, would help gauge how the inclusion of illegal
aliens affects the education results.

I The age pattern of migration is well documented. See,
for instance, U.S. Census Bureau (1996) and Fertig and
Schmidt (2000).

12 Each country’s age distribution could be tracked using
the Census Bureau’s International Data Base, a computer-
ized data bank containing statistical tables of demographic
data for 228 countries and areas around the world.

3 A few examples of research documenting this relation-
ship include Hatton and Williamson (1992, 1994), Massey
and Zenteno (1999), and Volger and Rotte (2000).

14 Variation in earnings profiles across the projected indi-
viduals will be limited to the demographic/human capital
divisions used in the earnings regressions.

15 As discussed in Duleep and Dowhan 2008a, the donor
approach to modeling earnings in microsimulation models
will, by design, be the most successful in representing
variation in immigrant earnings profiles because the donors
that “donate” the projected earnings profile come from the
existing population of immigrants and thereby represent
the extant variation in earnings profiles within any demo-
graphic/human capital group.

!¢ Another approach, principally associated with the work

of Bob Warren of the former Immigration and Naturalization
Service, constructs estimates of the undocumented immi-
grant population by combining detailed statistics by year of
entry for each component of change that contributes to the
undocumented immigrant population residing in the United
States. Refer to Warren (1994, 1998).
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