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Introduction

My part will focus on the integration or “assimilation” of
immigants into the host country’s labor market and beyond
Labor market performance of immigrants is the key aspect
determining economic impacts of immigration
Integration (in a broad sense) likely to be a key determinant
on how natives feel, and thus vote, about immigration
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Outline

Today, we will focus on measuring how immigrants and their
childern cope in their host countries

1st generation integration is a classic topic in labor economics
fast growing body of work on the children of immigrants
key ingredient in policy debate
some of the methodological insights useful also for other topics

Tomorrow, I will talk about evaluating integration policies
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Outline

Long and large literature
Google Scholar searches (June 27, 2017)

“earnings assimilation” AND immigrants → 951 hits
“labor market integration” AND immigrants → 2,900 hits

but: we still lack a systematic synthesis of the existing results

I’ll focus on the classic papers and a few themes I find
particularly important

cross-sectional estimates
cohort quality
outmigration
heterogeneity across groups and place
children of immigrants

Matti Sarvimäki (Aalto and VATT) Kiel, 4 July 2017 Integration: Measurement 3 / 47



Introduction Cross-sectional estimates Improvements Examples Children

Outline

Long and large literature
Google Scholar searches (June 27, 2017)

“earnings assimilation” AND immigrants → 951 hits
“labor market integration” AND immigrants → 2,900 hits

but: we still lack a systematic synthesis of the existing results
I’ll focus on the classic papers and a few themes I find
particularly important

cross-sectional estimates
cohort quality
outmigration
heterogeneity across groups and place
children of immigrants

Matti Sarvimäki (Aalto and VATT) Kiel, 4 July 2017 Integration: Measurement 3 / 47



Introduction Cross-sectional estimates Improvements Examples Children

Starting point: Chiswick (1978)

“Although immigrants initially earn less than the native born, their
earnings rise more rapidly with U.S. labor market experience, and
after 10 to 15 years their earnings equal, and then exceed, that of
the native born.”

This conclusions was based on running the following regression
using 1970 U.S. Census data for working-age men

logwi = αFi + YSMiβ + Aiθ + Xiδ + εi

where logwi is the log weekly wage of person i , Fi is an indicator for the
person been born outside of the US, YSMi is the number of years he has
lived in the US (“years-since-migration”; zero for natives; including higher
order polynomials), Ai is his age (including higher order polynomials) and
Xi is a vector of socioeconomic characteristics and a constant.
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Results and (original) interpretation
Source: Borjas (2014, p. 40)

Yrs of education .072
(.0002)

Immigrant -.213
(.007)

YSM .032
(.001)

YSM2/100 -.068
(.004)

The specification also includes age
and age squared.

Extended Mincer equation
At arrival, immigrants lack US
specific human capital and thus
have .2 log-points lower wages
Over time, they acquire these skills
and thus their earnings grow faster
than those of natives
Immigrants positively selected and
thus evantually overtake natives
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Instability of the cross-sectional regressions
Source: Borjas (2014, p. 40)

Census year

1970 1980 1990 2000 2010

Yrs of education .072 .066 .090 .097 .116
(.0002) (.0001) (.0002) (.0002) (.0002)

Immigrant -.213 -.241 -.224 -.164 -.183
(.007) (.005) (.004) (.003) (.005)

YSM .032 .022 .022 .009 .006
(.001) (.001) (.001) (.0005) (.001)

YSM2/100 -.068 -.039 -.029 .0002 .004
squared (÷100) (.004) (.003) (.002) (.001) (.002)
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Borjas (1985): Changes in cohort “quality”

man capital investment hypothesis, how-
ever, does not by itself generate an over-
taking point. After all, why would immi-
grants accumulate more human capital
than natives? The overtaking point was
instead interpreted in terms of a selec-
tion argument: immigrants are “more
able and more highly motivated” than
natives (Chiswick 1978, p. 900), and im-
migrants “choose to work longer and
harder than nonmigrants” (Carliner
1980, p. 89). This assumption was typi-
cally justified by arguing that only the
most driven and most able persons have
the ambition and wherewithal to pack
up, move, and start life anew in a foreign
country.

The optimistic appraisal of immigrant
adjustment implied by the results sum-
marized in Figure 1 was challenged by
Borjas (1985), who argued that the posi-
tive cross-section correlation between
the relative wage of immigrants and
years-since-migration need not indicate
that the wage of immigrants converges to
that of natives. The basic problem with
the “assimilationist” interpretation of the

regression in (1) is that it draws infer-
ences about how the earnings of immi-
grant workers evolve over time from a
single snapshot of the immigrant popula-
tion. It might be the case, however, that
newly arrived immigrants are inherently
different from those who migrated
twenty years ago. Hence we cannot use
the current labor market experiences of
those who arrived twenty years ago to
forecast the future earnings of newly ar-
rived immigrants. 

Figure 2 illustrates the implications of
this alternative hypothesis. For concrete-
ness, consider a situation where there
are three separate immigrant waves, one
wave arrived in 1950, the second in
1970, and the last in 1990. Assume that
immigrants enter the United States at
age 20. The earliest cohort is assumed to
have the highest productivity level of any
group in the population, including U.S.-
born workers. If we could observe their
earnings in every year after they arrive in
the United States, their age-earnings
profile would be given by the line PP in
the figure. Let’s also assume that the last
immigrant wave (i.e., the 1990 arrivals) is
the least productive of any group in the
population. Their age-earnings profile is
given by the line RR in the figure. Fi-

Log Earnings 
in 1970
9.1
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of Immigrants and Natives in the 
United States, 1970

Source: Chiswick (1978, Table 2, Column 3). All the 
variables in the regression are evaluated at the 
means of the immigrant sample, and immigrants 
are assumed to enter the United States at age 20.

Figure 1.  The Cross-Section Age-Earnings Profiles
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The left panel presents predictions for immigrants who enter the United States
at age 20 based on Chiswick’s (1978) results. The right panel presents Borjas’s
(1985) proposed interpreation of associations drawn from a single cross-section.
Source: Borjas (1994)
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Borjas (1985): Changes in cohort “quality”

“[...] within-cohort growth is significantly smaller than the
growth predicted by cross-section regressions for most
immigrant groups. This differential is consistent with the
hypothesis that there has been a secular decline in the
"quality" of immigrants admitted to the United States.”

Key difference
control for year of arrival FEs
Q: why was this missing from Chiswick’s paper?
identification requires at least two repeated cross-sections
(Borjas uses both 1970 and 1980 U.S. Census data)
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Controlling for cohort “quality”

Estimation equation for immigrants

logwit = Ciα+ YSMitβ + Aitθ
I + γIt + εit

where Ci is a vector of year of arrival fixed-effects (zero for natives), γt is
calendar year fixed-effects and other variables as above. I have supressed Xit to
keep notation simpler.

... and for the natives

logwit = Aitθ
N + γNt + εit
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The Collinearity Problem

Challenge: Years-since-migration, calendar year and year of
arrival are perfectly collinear

typical solution: assume γNt = γIt , i.e. use the natives to
identify the calendar year effects
but: immigrants tend to be affected more by business cycles
(e.g. Dustmann, Glitz, Vogel 2010)

Bratsberg, Barth, Raaum (2006): local unemployment allowed
to have differential impact on immigrants and natives

model immigrants’ calendar year FEs as

γIt = κIurt + γt + νr + εjt

where urt is the travel-to-work area’s unemployment rate, and γt
and νr are time and region fixed effects.
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Selection into employment and emigration

Selection into employment

those finding employment fast differ from the others
solution: examine annual earnings (including zeros)
but the classic papers use log wages or log earnings

Selective outmigration

long-term immigrants differ from short-term immigrants
staying/leaving may be a function of labor market success
relevance depends on the question we are trying to answer
(more below)
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Selective outmigration
Dustmann and Görlach (2015)

from below, as in the figure. Hence, a simple OLS estimator that ignores this selective

out-migration would indicate a steeper wage progression for this cohort.

This chapter, after first providing evidence on the scale of temporary migrations and

their possibly selective character (Section 2), explains in more detail the methodological

problems involved in estimating immigrant outcome profiles in the presence of selective

out-migration (Section 3). We also outline the various ways in which to address these

issues. We finally provide an example of how a simple model of endogenous return

migration may lead to selection, and how this impacts on empirical estimates. Section 4

then provides an overview of the literature that estimates immigrant earnings profiles

while accounting for the temporariness of many migrations, and discusses these papers

within the framework we set out in Section 3. Finally, Section 5 summarizes the chapter

contents and presents our final thoughts.

2. EVIDENCE ON TEMPORARY MIGRATION AND SELECTIVE
OUT-MIGRATION

As shown in Figure 10.2 for a number of major OECD countries, immigration over the

last decade has been accompanied by very sizeable out-migration (see OECD (2013) for

the country-specific variable definitions). Not only are the profiles for other immigrant-

receiving countries similar (OECD, 2013), but increasing evidence is emerging that

permanent migrations are—and possibly always have been—the exception rather than

the rule. Indeed, the temporariness of migration was stressed even in the early migration

literature; for example, Piore (1979) estimated that over 30% of immigrants admitted

Figure 10.1 Biased estimation of earnings profiles when out-migration is selective.

491Selective out-migration and the estimation of immigrants’ earnings profiles
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What is the question we are trying to answer?

Alternative 1: What is the value of an additional year in the
host counrty (in comparison to a year in the source country)

this is a causal question (counterfactual: what would have
happened if the person would have migrated x years earlier?)
thus changes in cohort characteristics, selection into
employment and/or outmigration can bias the estimates

correcting for this bias requires modelling employment,
emigration and HC investments and estimating of the resulting
dynamic structural model (e.g. Adda, Dustmann, Görlach, ongoing)

Alternative 2: How do immigrants cope in the host country?
this is a descriptive question (e.g. what happened to those
who ended up staying for more than x years?)
for policy, this may be more relevant than alternative 1
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How much does outmigration matter?
Lubotsky (2007)

“[E]migration by low-wage immigrants has systematically led past
researchers to overestimate the wage progress of immigrants who
remain in the United States”

Based on a comparison of integration profiles from
standard repeated cross-sectional census data
longitudinal earnings data from Social Security records

Note the “who remain...” part
does not attempt to answer question 1 (previous slide)
sample selection based on outcome
but it does answer question 2
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Introduction Cross-sectional estimates Improvements Examples Children

How much does outmigration matter?
Lubotsky (2007)

“[E]migration by low-wage immigrants has systematically led past
researchers to overestimate the wage progress of immigrants who
remain in the United States”

Based on a comparison of integration profiles from
standard repeated cross-sectional census data
longitudinal earnings data from Social Security records

Note the “who remain...” part
does not attempt to answer question 1 (previous slide)
sample selection based on outcome
but it does answer question 2

Matti Sarvimäki (Aalto and VATT) Kiel, 4 July 2017 Integration: Measurement 14 / 47



Introduction Cross-sectional estimates Improvements Examples Children

Assimilation profiles: cross-section vs panel
Lubotsky (2007)

852

Fig. 2.—Immigrant earnings growth in repeated cross-sectional and longitudinal data. The figure plots the effect of immigrants’ time in the United
States on the immigrant-native earnings gap. Data are taken from estimates in table 5.
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Cohort quality: cross-section vs panel
Lubotsky (2007)

853

Fig. 3.—Immigrant arrival cohort fixed effects. The figure shows immigrant arrival cohort fixed effects; estimates are taken from table 5
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Long vs short-term immigrants in Finland
Sarvimäki (2011)10 M. Sarvimäki
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Fig. 1. Annual earnings
Notes: Expected annual earnings and 95 percent confidence intervals over time in Finland for
long-term immigrants (solid line), temporary immigrants (dashed line), comparable natives
(dotted line), and comparable low-skilled natives (dotted gray line). Local unemployment
rate, cohort dummies, and year dummies fixed at sample means. Confidence intervals are
robust to intra-individual autocorrelation.

family situation differs between non-OECD immigrants and natives. While
native men who have children earn more than otherwise comparable native
men, this association is zero or negative among men from non-OECD coun-
tries. For women, the estimates for family-situation indicators are similar
among natives and immigrants.

While these results are informative, it is not immediately clear how
they add up. One answer is provided by Figure 1, which presents average
assimilation profiles. To construct these profiles, I have cleaned the impact
of the business cycle by setting the local unemployment rate and year
dummies to their means, but I have left the other variables as they are.
I have then calculated two sets of expectations for each immigrant in

(women). Thus, the results are in line with previous work showing that the earnings of
immigrants are more sensitive to business cycles than the earnings of natives (Barth et al.,
2004; Bratsberg et al., 2006; Dustmann et al., 2010).

C⃝ The editors of the Scandinavian Journal of Economics 2011.

Average assimilation profiles of male immigrants living in Finland in 1993-2003. The
solid line corresponds to expected annual earings of long-term immigrants over time in
Finland, had the general labor market conditions remained constant. The dashed line
present similar profiles for immigrants who left Finland in ≤ 5 years. The remaining
lines correspond to native comparison groups.
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Heterogeneity of integration patterns
Bratsberg, Raaum, Røed (2014)

Uses longitudinal data to study integration of major immigrant
cohorts to Norway since 1970
Summarize the results using the following procedure

estimate assimilation regressions separately for each group
use estimates to predict immigrant-native differences
plot the differences
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Employment differences, Norway
Bratsberg, Raaum, Røed (2014)

various immigrant arrival cohorts and natives as they evolve with years in the host
country. These analyses are based on pooled data of the immigrant samples
described in Table 1 and, for computational reasons, a 10% random extract of the
native (i.e. native born with two native-born parents) population during the
observation window, 1972–2012. We consider three outcome measures:

(i) employment during the observation year;
(ii) log annual earnings if employed; and
(iii) participation in disability insurance programmes.

For each outcome and each arrival cohort, we display the evolution of predicted
differences versus natives in separate figures, and report predicted differentials along
with their standard errors evaluated at 5, 15 and 25 (whenever applicable) YSM in
accompanying Tables.5
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Fig. 6. Predicted Difference in Employment Between Immigrants and Natives

5 In these Tables, we do not consider predicted differentials outside the observed range of YSM for the full
arrival cohort. Because our final observation year is 2012, we only report differentials evaluated at YSM = 5
for the most recent arrival cohort (2004–7). For the same reason, ‘15-year’ entries for the 1996–2000 cohort
are evaluated at YSM = 12. For all other arrival cohorts, entries correspond to the column header.

© 2014 Royal Economic Society.
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Log earnings differences, Norway
Bratsberg, Raaum, Røed (2014)

but the lifecycle profiles display similar shapes as those of men from the same country
of origin, with declining relative employment after some years in the country. Turning
to the more recent labour migrants from Eastern Europe, male employment is very
similar to that of natives throughout the relevant YSM-range. Women from Eastern
Europe gradually approach the employment rates of natives and the gap is almost
eliminated six years after arrival.

The employment profiles of refugee cohorts differ distinctly from those of labour
immigrants. As shown in Figure 6, panels (c) and (d), all three humanitarian
immigrant cohorts considered start out with relatively low employment rates. But there
is a strong tendency for employment to pick up during the first 10 years after arrival.
While employment among male refugees of the 1980s and males from the Balkans
stabilises at 15 to 20 percentage points below natives (see Table 2), initial convergence
is followed by a growing differential for male refugees of the 1990s. Employment
assimilation is stronger among refugee women than among men. But again, we find
substantial differences across refugee groups. While employment among women from
the Balkans was only 7 percentage points lower than for (comparable) natives 15 years
after arrival, the differential was 28 percentage points for female refugees who arrived
in the late 1990s.

Following a long tradition in immigrant assimilation studies, we also consider pay
conditional on employment. In Figure 7, we display the predicted differentials in log
annual labour earnings with the underlying parameters estimated from the subsample
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Fig. 7. Predicted Difference in Log Earnings Between Employed Immigrants and Natives

© 2014 Royal Economic Society.
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Disability pension differences, Norway
Bratsberg, Raaum, Røed (2014)

Immigrants tend to receive a disproportional share of temporary social insurance
transfers such as unemployment benefits, in part because of the sensitivity of their
labour market performance to negative macroeconomic shocks. From a fiscal as well as
an overall efficiency perspective, permanent withdrawal from the labour market
including entry into long-term disability programmes is, however, of greater concern.
In Figure 8, we display the predicted difference in disability programme participation
between immigrants and natives, based on linear probability model estimation of (1)
and (2) with disability programme participation in any given calendar year as the
outcome measure. Table 4 reports predicted differences and standard errors at
selected years after arrival.

While Western European labour migrants from the 1970s had disability rates that
were very similar to those of natives of the same age, education and family structure,
disability programme participation among Pakistani and Turkish immigrants differed
dramatically. After 25 years in Norway (or age 50), the male differential is close to 30
percentage points (and about three times the participation among natives). As
discussed in Bratsberg et al. (2010), the sharp drop in employment among the 1970s
non-European labour migrants was to some extent triggered by cyclical downturns in
the early 1980s and early 1990s and by structural change in Norwegian industry, which
hit certain manufacturing industries where immigrants from low-income countries
were somewhat overrepresented particularly hard. But these developments cannot
explain why so many of the immigrants failed to return to the labour market, for
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The Norwegian integration experience: Summary
Bratsberg, Raaum, Røed (2014)

Immigrants from high-income countries
performed as natives

Labor migrants from low-income source countries
declining employment rates
increasing disability programme participation
details in Bratsberg, Raaum, Røed (2010)

Refugees and family migrants
assimilated during the first decade, then halted
accompanied by rising social insurance rates

Children of 1970s labor migrants assimilate in education,
earnings and fertility (see the paper)
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Relative annual earnings (inc. zeros), Finland
Sarvimäki (2017)

17 

 

Table 3.  Relative annual earnings over time lived in Finland 

  Men  Women 
  1 5 10 15  1 5 10 15 
Iraq 0.04 0.15 0.22 0.21  0.01 0.07 0.13 0.15 
  (0.00) (0.01) (0.01) (0.02)  (0.00) (0.01) (0.01) (0.02)
Afghanistan 0.04 0.25 0.38 .  0.01 0.06 0.23 . 
  (0.01) (0.02) (0.04)    (0.00) (0.01) (0.03)   
Somalia 0.04 0.17 0.29 0.31  0.01 0.06 0.09 0.12 
  (0.00) (0.01) (0.01) (0.02)  (0.00) (0.01) (0.01) (0.01)
Yugoslavia 0.26 0.43 0.48 0.51  0.10 0.18 0.29 0.39 
(former) (0.01) (0.01) (0.01) (0.02)  (0.01) (0.01) (0.01) (0.02)
Soviet Union 0.45 0.60 0.69 0.70  0.21 0.40 0.57 0.67 
(former) (0.01) (0.01) (0.01) (0.01)  (0.00) (0.00) (0.01) (0.01)
Turkey 0.34 0.48 0.44 0.46  0.11 0.14 0.22 0.25 
  (0.01) (0.01) (0.02) (0.03)  (0.01) (0.02) (0.02) (0.05)
OECD 0.81 0.78 0.87 0.88  0.58 0.57 0.63 0.70 
  (0.01) (0.01) (0.01) (0.02)  (0.01) (0.01) (0.02) (0.03)
Other 0.52 0.55 0.56 0.57  0.37 0.47 0.55 0.60 
  (0.00) (0.00) (0.01) (0.01)  (0.00) (0.00) (0.01) (0.01)
All  0.52 0.57 0.60 0.60  0.31 0.41 0.52 0.59 
  (0.00) (0.00) (0.00) (0.01)  (0.00) (0.00) (0.00) (0.01)
Note: This table reports average relative earnings of immigrants in comparison to natives of the 
same age and gender. The estimates are constructed as ∑ , , , , /

, , where , , 	is the average earnings of immigrants from source area g in 
year t who have background characteristics X (age and gender) and have lived in Finland for 
ysm years; ,  is the average earnings of natives with the same background characteristics 
X in the same year t, and the weights , , , , /  are the share 
of immigrants from source area g in year t with characteristics x out of all immigrants from this 
source area observed in their ysmth year in Finland. Bootstrapped standard errors (in 
parentheses) are calculated using 100 replications using data for a random sample of 10% of 
natives and the full population of immigrants. Data source: see section 4. 
 

Annual earnings relative to natives of same
age and sex at the same calendar year by
region of origin in Finland, 1988–2013. For
example, the first entry tells that the
annual earnings (including zeros) of Iraqi
men were only 4% of the earnings of
same-age native men during their first full
calendar year in Finland.

Instead of regression based adjustment
discussed above, I’ve used a “within-cell”
approach discussed in the next slide.
Standard errors are bootsrapped using 100
replications.
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A “within-cell” approach

An alternative way to construct integration profiles:

yysm =
∑

θ (ysm, t,X )

[
w i (ysm, t,X )

wn (t,X )

]
where w i (ysm, t,X ) is the average earnings of immigrants who have lived ysm years
in host country in year t and have background characteristics X , wn (t,X ) is the
average earnings of natives with the same characteristics in the same year. The
weights θ = N (ysm, t,X ) /N (ysm) sum to one over each ysm.

Advantages
transparent, easy to implement
somewhat comprehensible to non-economists (in words)

Limitations
imposes identical year FEs within a (t,X ) cell
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Earnings assimilation in Sweden and Finland
Ansala, Åslund, Sarvimäki (ongoing)
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Years since migration

Sweden
Finland

A. Earnings

Scaling with comparable
natives’ outcomes is
useful when comparing
integration profiles across
time or space. “Within-
cell” approach does this
directly, but you can also
use regression-based
adjustments. The upside
of regression is that you
don’t have to impose
common year FEs.

Next, we ask: how would
Finland’s profile look like
if Finland had the same
country of origin mix as
Sweden?
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Earnings assimilation in Sweden and Finland
Ansala, Åslund, Sarvimäki (ongoing)
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A. Earnings
Reweight Finnish earnings
ratios using Swedish
weights

∑
θSEysm,t,X

wFI ,i
ysm,t,X

wFI ,n
t,X



We now face the problem
of sparse cells, i.e. some
(ysm, t,X ) combinations
may be common in
Sweden, but rare (or not
exist) in Finland. Need to
extrapolate somehow.
Probably best to use
regressions to construct
E
[
wFI ,i
ysm,t,X /w

FI ,n
t,X

]
.
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Anatomies of assimilation
Ansala, Åslund, Sarvimäki (ongoing)

This paper will dissect the assimilation process into several
parts by asking:

how long does it take to find the first job?
what kind of entry jobs immigrants have?
how do entry jobs predict future outcomes?
how do immigrant groups differ in their integration?
what is the role of ethnic networks in this process?

Linked employer-employee data covering the entire populations
of Finland and Sweden from the late 1980s onwards

similar countries in terms of formal labor market institutions
but very different immigration histories

Very much work in progress
the most interesting parts didn’t quite make it to this lecture
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Finding the first job in Finland and Sweden
Ansala, Åslund, Sarvimäki (ongoing)
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An important part of the
integration process is to
find a job.

Roughly 10% of
immigrants had no labor
or entrepreneurial income
during their first 15 years
in the host country.

Composition of employed
immigrants changes
dramatically over YSM
→ hard to interpret wage
assimilation profiles.
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Finding the first job in Finland and Sweden
Ansala, Åslund, Sarvimäki (ongoing)
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B. Year of arrival fixed-effects

Region of origin strongly predictss time
until first job in both countries.

Note: Hazard rates for region of origin
fixed-effects from a proportional
hazard model of time until first job.
The specification also include sex, age,
family status, local unemployment
rate, local immigrant share, local
own-group share (immigrants from the
same region of origin) and year of
arrival fixed-effects. The omitted
categories are Swedes in Finland and
Finns in Sweden.
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Assimilation profiles by time to first job
Ansala, Åslund, Sarvimäki (ongoing)
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Ethnic networks
Åslund, Hensvik, Skans (2014)

V. Hiring Patterns
A. Empirical Framework

Our aim is to identify the causal impact of manager origin on the prob-
ability that new hires are immigrants. To this end we use data on positions
being filled and estimate linear probability models of the following type:

Prðjob j is filled by an immigrantÞ5 gMj 1Xjb; ð1Þ

where Mj is a dummy variable taking the value one if the manager re-
sponsible for job j is an immigrant and zero otherwise, andXj is a vector of
control variables. In order to remove potential confounding factors, we use
several identification strategies, all implemented as variations of controls in
the X-vector of equation ð1Þ. These are described below together with the
results.

B. Baseline Results

Table 2 presents results from estimated linear probability models based
on equation ð1Þ. The dependent variable is the probability that a job is
filled by a worker of immigrant origin, and the covariate of interest is a
dummy for whether the manager is an immigrant. All specifications in-
clude year dummies to account for national trends in recruitment patterns
and establishment size dummies in intervals of 10 employees. Other con-
trols vary between columns.
Columns 1–3 of table 2 add controls step-wise, accounting for regional

sorting at the municipal level ðcol. 2Þ and industry sorting within mu-
nicipalities ðcol. 3Þ. The results confirm a very strong association between
the manager’s and the recruited worker’s immigrant statuses. Note that
the specification presented in column 3 is fairly stringent: we compare simi-
lar firms in the same locations by including fixed effects for each combina-

Table 2
Cross-Sectional Estimates of the Effects of Manager Origin

Probability That Job Is Filled by an Immigrant

ð1Þ ð2Þ ð3Þ ð4Þ ð5Þ ð6Þ

Immigrant manager .143 .111 .083 .066 .058 .051
ð.007Þ ð.006Þ ð.007Þ ð.005Þ ð.005Þ ð.006Þ

Establishment immigrant share .609 .515 .396
ð.009Þ ð.009Þ ð.011Þ

R2 .008 .035 .185 .055 .068 .195
Fixed effects Y Y # M Y # M # I Y Y # M Y # M # I

NOTE.—Each column represents a separate regression. Fixed effects: Y 5 year, M 5 municipality, I 5
five-digit NACE Industry. All regressions control for establishment size dummies of 10 employee in-
tervals. The establishment immigrant share excludes the manager and the new hires. Sample is estab-
lishments with 2–50 employees. Observations 5 757,278. Standard errors robust for clustering at the
establishment level are shown in parentheses. Mean dependent variable is .064.

How Immigrants and Natives Manage in the Labor Market 415

This content downloaded from 130.233.011.092 on June 28, 2017 06:22:23 AM
All use subject to University of Chicago Press Terms and Conditions (http://www.journals.uchicago.edu/t-and-c).
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First-generation integration: Final thoughts

In my view, particularly interesting topics include
comparisons of integration patters across immigrants groups,
arrival cohorts and host countries
temporary migration / outmigration
digging deeper: jobs, firms, occupations, neighborhoods,
networks, spouses...

Writing a (good) integration paper is hard
easy to get lost in details → plan before you start data work
motivation, clear writing and informative figures essential

Matti Sarvimäki (Aalto and VATT) Kiel, 4 July 2017 Integration: Measurement 32 / 47



Introduction Cross-sectional estimates Improvements Examples Children

First-generation integration: Final thoughts

In my view, particularly interesting topics include
comparisons of integration patters across immigrants groups,
arrival cohorts and host countries
temporary migration / outmigration
digging deeper: jobs, firms, occupations, neighborhoods,
networks, spouses...

Writing a (good) integration paper is hard
easy to get lost in details → plan before you start data work
motivation, clear writing and informative figures essential

Matti Sarvimäki (Aalto and VATT) Kiel, 4 July 2017 Integration: Measurement 32 / 47



Introduction Cross-sectional estimates Improvements Examples Children

Children of immigrants

The long-term impact of immigration ultimately depends on
the integration of immigrants’ children. The big picture:

children of immigrants fare better than their parents
in the US they also fare bettern than natives
strong correlation between first generation and their childrens
earnings (at source country level)

Theory of ethnic capital (Borjas 1992)
production of skills depends on parental input and the overall
quality of childhood “ethnic environment”
this leads to intergenerational persistence of skills over and
above IG persistence from other sources (parents, schools etc.)
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Earnings gaps: United States
Borjas (2014)

Children of
immigrants tend to
earn more than
“natives”.

Country of origin
level inter-
generational
correlations 0.49-0.59
(depending on time
period)

This is somewhat
larger than typical
individual-level IG
correlations (but hard
to compare due to
differences in
measurement error).
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Earnings gaps: France, UK and Germany
Algan, Dustmann, Glitz, Manning (2010)

3.2.4. Comparison of Countries
It is interesting to compare the earnings gaps of first and second-generation immi-
grants in our three countries. Figure 1 presents one way of doing this – each point
represents an earnings gap for the first and second generation for one of our
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Fig. 1. Comparison of Earnings Differences for the First and Second Generations
Notes. Each point represents an earnings penalty for an immigrant group as reported in Table 3.

2010] F21T H E E C O N O M I C S I T U A T I O N O F I M M I G R A N T S

! The Author(s). Journal compilation ! Royal Economic Society 2010

Children of immigrants
tend to earn less than
“natives” in Europe.

The gaps tend to be
smaller than in the UK,
but quite persisent in
Germany and,
particularly, in France
(note that here the line is
45◦ -line).

On the other hand, first
generation immigrants
fare the worse in the UK
and children are have
relatively similar earnings
in all countries.
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Achievement gap and parental education
Dustmann, Frattini, Lanzara (2012)

and central European countries (with the exception of Sweden). On the other

hand, the gap in maths test scores between immigrant and native children is

lower (or even positive) in Anglo-Saxon countries, than in southern European

countries.

4. SCHOLASTIC ACHIEVEMENT OF IMMIGRANT CHILDREN

4.1. How do children of immigrants perform, relative to the children of

natives?

How do the children of immigrants perform at school, relative to the children of

natives? And how do the achievement differentials differ across countries? We focus

here on second-generation immigrants only, that is on the native-born children of

two immigrant parents. In the tables in Appendix 2 we report results when we con-

sider children of immigrant parents who are born in the host or home country.

Results are similar to those we report here.

Table 3 reports some summary characteristics of immigrant and native children’s

family background and school characteristics in different countries.

In Column 1 we show the mean of the highest parental occupational status, mea-

sured by the Socio-Economic Index of Occupational Status (ISEI). The ISEI is an

index which captures the attributes of occupations that convert education into

income.6 Higher values of the index correspond to occupations which reward edu-

cation more, while lower values of the index denote occupations that have lower
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Figure 2. Immigrant–native gaps in parental education and maths test scores

Note: The figure plots the average gap in mathematics test scores between immigrants and natives versus the
difference in the share of immigrant and native students with at least one parent who has tertiary education.
Source: PISA 2006.

6 See Ganzeboom et al. (1992) for a description of the index and its construction.
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Note that here each point refers to immigrant-native differences within a host country.
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Language skills and age at arrival, US
Bleakley and Chin (2004)

language skills are markedly lower. The square-marker line
in panel A displays the mean English-speaking ability of the
immigrants from English-speaking countries. It is flat:
nearly every immigrant from English-speaking countries
speaks English very well.9 This result is as predicted by the
theory, in that their first exposure to English does not
depend on when they migrated to the United States.
Older arrivers have statistically significantly lower English-

speaking ability. Figure 1B displays the difference in mean
English-speaking ability between immigrants from English-
and non-English-speaking countries. This same result is
summarized in table 2. Early arrival from a non-English-
speaking country translates into increases at each point in
the cumulative distribution function (CDF) of English-
speaking ability. The ordinal measure of English-speaking
ability is 0.3124 units higher for early arrivers (column 4).
Figure 2 shows the relationship between age at arrival

and wages. Panel A shows the mean log annual wages as a
function of age at arrival for immigrants from non-English-
speaking countries and for those from English-speaking
countries. As in figure 1A, the lines corresponding to the
means of the two groups are similar at earlier ages at arrival
and diverge for later ages. Among the younger arrivers,
whether they come from non-English-speaking countries
makes no significant difference in their wages. Among the
adolescent arrivers, however, wages tend to be lower for the
immigrants from non-English-speaking countries. The line
for immigrants from English-speaking countries is nearly
flat, suggesting that the nonlanguage effects of age at arrival
are small.10 Panel B shows the difference in mean between
the two groups. This differential drop in wages for older
arrivers closely parallels the differential drop in English-
speaking ability for older arrivers shown in figure 1B.

9 This line is not mechanically pinned at 3, because some of these
countries have large non-English-speaking communities, such as the
Quebecois in Canada.
10 Alternatively, this might suggest that immigrants from English-
speaking countries are a poor control group, because they do not capture
all the nonlanguage age-at-arrival effects that immigrants from non-
English-speaking countries experience. In section IV, we will attempt to
enhance comparability between English- and non-English-speaking coun-
tries in a variety of ways.

FIGURE 1.—ENGLISH-SPEAKING ABILITY BY AGE AT ARRIVAL

Notes: Data from 1990 IPUMS weighted by IPUMS weights. Sample size is 66,584 (composed of
individuals who arrived in the United States by age 17 between 1960 and 1974 and are currently aged
25 to 38). English ordinal measure: 0 ! no English, 1 ! not well, 2 ! well, and 3 ! very well. Means
have been regression-adjusted for age, race, Hispanic, and female dummies.

TABLE 2.—DIFFERENCE IN DIFFERENCES WITH BINARY TREATMENT VARIABLE

Dependent variable:

Speaks English
Not Well, Well,
or Very Well

Speaks
English Well
or Very Well

Speaks
English
Very Well

English Ability
Ordinal
Measure

Log
Annual
Wages

Mean for old & non-Eng. ctry.: 0.9800 0.8911 0.6548 2.5259 9.6652
(1) (2) (3) (4) (5)

(Arrived young) " (non-English-
speaking country of birth)

0.0142*** 0.0794*** 0.2188*** 0.3124*** 0.1221***
(0.0012) (0.0031) (0.0060) (0.0082) (0.0302)

Arrived young (aged 0 to 11) 0.0018*** 0.0007 0.0101** 0.0125** 0.0206
(0.0006) (0.0021) (0.0045) (0.0059) (0.0295)

Non-English-speaking country
of birth

#0.0109*** #0.0681*** #0.2178*** #0.2968*** #0.1277***
(0.0009) (0.0027) (0.0058) (0.0075) (0.0271)

Adjusted R2 0.0149 0.0680 0.1851 0.1618 0.0796
Notes:Weighted by IPUMS weights. Robust standard errors in parentheses. Single asterisk denotes statistical significance at the 90% level of confidence, double 95%, triple 99%. English-speaking ability ordinal

measure is defined as: 0 ! no English, 1 ! not well, 2 ! well, and 3 ! very well. Sample is as follows: 1990 IPUMS, arrived in the United States by age 17 between 1960 and 1974, is currently aged 25 to 38,
and with nonmissing language and wage variables. The number of observations is 47,422 for each column. In addition to the regressors listed above, all specifications also include age, race (three categories: white,
black, and other), Hispanic, and sex dummies.
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Log wages and age at arrival, US
Bleakley and Chin (2004)

The reduced-form effects of the binary instrument zija on
language proficiency and earnings graphically depicted in
figures 1 and 2 can be used to construct a simple IV estimate
of the returns to language. The average reduced-form effects
are given in table 2, columns 4 and 5. Substituting these into
equation (2), we obtain an indirect least squares estimate of
the returns to language: a 1-unit increase in English-
speaking ability raises earnings 39%.11
In table 2, note that the effect of the arrived-young

dummy variable is consistently positive. Simple-difference
estimates with just immigrants from non-English-speaking
countries would have overstated the effect of English-
language skills by neglecting nonlanguage age-at-arrival
effects. Nevertheless, the nonlanguage effects are much
smaller in magnitude than the language effects, suggesting
that much of the assimilation process is through developing
destination-country language skills.
Investment in education may be an important intervening

factor in the effect of language skills on earnings, as
suggested by figure 3. The pattern of years of schooling
completed by age at arrival bears a remarkable resemblance
to the pattern of earnings by age at arrival. In examining the

11 Numerator is from column 5: 0.1221. Denominator is from column 4:
0.3124. This estimate is merely illustrative, and in the next subsection we
will regression-adjust for more variables.

FIGURE 2.—LOG ANNUAL WAGES BY AGE AT ARRIVAL

Notes: Data from 1990 IPUMS weighted by IPUMS weights. Sample size is 47,422 (composed of
individuals who arrived in the United States by age 17 between 1960 and 1974 and are currently aged
25 to 38). Means have been regression-adjusted for age, race, Hispanic, and female dummies.

FIGURE 3.—YEARS OF SCHOOLING BY AGE AT ARRIVAL

Notes: Data from 1990 IPUMS weighted by IPUMS weights. Sample size is 65,214 (composed of
individuals who arrived in the United States by age 17 between 1960 and 1974 and are currently aged
25 to 38). Means have been regression-adjusted for age, race, Hispanic, and female dummies.
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Returns to language skills, US
Bleakley and Chin (2004)

economic returns to language skills, therefore, it is essential
to recognize that language can affect earnings through direct
as well as indirect channels.

B. Two-Stage Least-Squares Estimation

In this subsection, we drop the assumption that age at
arrival is binary, and proceed to use age at arrival in a way
that better captures the pattern of second-language acquisi-
tion in children. We use a parameterization that admits a
degradation in language-learning ability that starts at age 12
and grows linearly: max(0, ai ! 11), in which ai continues
to be individual i’s age at arrival. Of course, the key
prediction is that the immigrants from English- and non-
English-speaking countries have increasingly divergent lan-
guage and wage outcomes starting at age at arrival 12, so the
instrument excluded from the second stage is kija " max(0,
ai ! 11) # Nj.12 This piecewise linear variable allows the
difference between the control (English-speaking country of
birth) and treatment (non-English-speaking country of birth)
groups to grow starting just before the onset of puberty.
The aforesaid procedure is summarized by the following

two-equation system. The second-stage equation relates the
outcome of interest, wages, to the endogenous regressor,
English-language skills. This is just equation (1), which is
modified here by the inclusion of a vector of exogenous
explanatory variables wija:

yija ! $ " %xija " &a " 'j " w(ija) " εija. (3)

The first-stage equation relates the endogenous regressor to
the instrument kija:

xija ! $1 " %1kija " &1a " '1j " w(ija)1 " ε1ija. (4)

This system is just-identified. &a is a full set of age-at-arrival
fixed effects; this controls for nonlanguage age-at-arrival

effects in a finer way than just having a dummy for arriving
young. The 'j are a full set of country-of-birth fixed effects;
this controls for cross-country differences more precisely
than a single dummy for non-English-speaking origin. The
first-stage regression results [from estimating equation (4)]
are displayed in table 3, columns 1 and 2. There is a strong,
negative relationshipbetween the instrumentkija andEnglish-
speaking ability. Immigrants who arrived from non-English-
speaking countries have progressively poorer English skills
for each year of arrival past age 11.

Effect of Language Skills on Earnings: The results from
estimating equation (3) are displayed in the last four col-
umns of table 3. Columns 3 and 4 show the results using
OLS, and columns 5 and 6 show the results using 2SLS.
Column 6 suggests that on average, improving English-
speaking ability by 1 unit increases log wages by 0.3335.
Compared to a person who speaks English poorly ( xija "
1), a person who speaks English well ( xija " 2) earns 33%
more, and a person who speaks English very well ( xija " 3)
earns 67% more. This 2SLS estimate of the return to 1 unit
of English-speaking ability is higher than its OLS counter-
part (22.19% in column 4). The OLS estimate appears to be
downward biased, although it should be noted that its 95%
confidence interval overlaps the 95% confidence interval
of the 2SLS estimate. This is nevertheless somewhat
surprising, in that the ability bias story implies higher
OLS estimates than IV estimates; this issue is discussed
in section IV C.
These results are robust to the exclusion of immigrants

from Canada, who account for the largest share (40%) of
immigrants from English-speaking countries. The con-
cern is that immigrants from Canada are poor controls for
the nonlanguage age-at-arrival effects experienced by
immigrants from non-English-speaking countries be-
cause of Canada’s cultural and institutional similarity to
the United States. However, the IV estimate of the effect
of language on earnings does not differ when we exclude
Canadian immigrants from the analysis (compare panels

12 The results are not dependent on our particular parameterization of
age at arrival. Appendix table A2 presents results using alternative ways of
defining the instrument.

TABLE 3.—EFFECT ON LOG ANNUAL WAGES—BASE RESULTS

English Ability Log Annual Wages
Dependent variable:

Mean for non-English-speaking country:
2.7693 9.6699

OLS
(1)

OLS
(2)

OLS
(3)

OLS
(4)

2SLS
(5)

2SLS
(6)

Endogenous regressor:
English-speaking ability
(scale of 0 to 3, 3 " best)

0.2225*** 0.2219*** 0.3286*** 0.3335***
(0.0093) (0.0093) (0.1060) (0.1054)

Identifying instrument:
max(0, age at arrival ! 11) # (non-
English-speaking country of birth)

!0.0771*** !0.0776***
(0.0021) (0.0021)

Controls:
max(0, age at arrival ! 11) !0.0022*** !0.0121*** !0.0047

(0.0014) (0.0030) (0.0082)
Age-at-arrival dummies No Yes No Yes No Yes
Country-of-birth dummies Yes Yes Yes Yes Yes Yes

Adjusted R2 0.2328 0.2352 0.1125 0.1125
See notes for table 2. The country-of-birth dummies are based on IPUMS detailed birthplace codes.
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economic returns to language skills, therefore, it is essential
to recognize that language can affect earnings through direct
as well as indirect channels.

B. Two-Stage Least-Squares Estimation

In this subsection, we drop the assumption that age at
arrival is binary, and proceed to use age at arrival in a way
that better captures the pattern of second-language acquisi-
tion in children. We use a parameterization that admits a
degradation in language-learning ability that starts at age 12
and grows linearly: max(0, ai ! 11), in which ai continues
to be individual i’s age at arrival. Of course, the key
prediction is that the immigrants from English- and non-
English-speaking countries have increasingly divergent lan-
guage and wage outcomes starting at age at arrival 12, so the
instrument excluded from the second stage is kija " max(0,
ai ! 11) # Nj.12 This piecewise linear variable allows the
difference between the control (English-speaking country of
birth) and treatment (non-English-speaking country of birth)
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The aforesaid procedure is summarized by the following

two-equation system. The second-stage equation relates the
outcome of interest, wages, to the endogenous regressor,
English-language skills. This is just equation (1), which is
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young. The 'j are a full set of country-of-birth fixed effects;
this controls for cross-country differences more precisely
than a single dummy for non-English-speaking origin. The
first-stage regression results [from estimating equation (4)]
are displayed in table 3, columns 1 and 2. There is a strong,
negative relationshipbetween the instrumentkija andEnglish-
speaking ability. Immigrants who arrived from non-English-
speaking countries have progressively poorer English skills
for each year of arrival past age 11.

Effect of Language Skills on Earnings: The results from
estimating equation (3) are displayed in the last four col-
umns of table 3. Columns 3 and 4 show the results using
OLS, and columns 5 and 6 show the results using 2SLS.
Column 6 suggests that on average, improving English-
speaking ability by 1 unit increases log wages by 0.3335.
Compared to a person who speaks English poorly ( xija "
1), a person who speaks English well ( xija " 2) earns 33%
more, and a person who speaks English very well ( xija " 3)
earns 67% more. This 2SLS estimate of the return to 1 unit
of English-speaking ability is higher than its OLS counter-
part (22.19% in column 4). The OLS estimate appears to be
downward biased, although it should be noted that its 95%
confidence interval overlaps the 95% confidence interval
of the 2SLS estimate. This is nevertheless somewhat
surprising, in that the ability bias story implies higher
OLS estimates than IV estimates; this issue is discussed
in section IV C.
These results are robust to the exclusion of immigrants

from Canada, who account for the largest share (40%) of
immigrants from English-speaking countries. The con-
cern is that immigrants from Canada are poor controls for
the nonlanguage age-at-arrival effects experienced by
immigrants from non-English-speaking countries be-
cause of Canada’s cultural and institutional similarity to
the United States. However, the IV estimate of the effect
of language on earnings does not differ when we exclude
Canadian immigrants from the analysis (compare panels

12 The results are not dependent on our particular parameterization of
age at arrival. Appendix table A2 presents results using alternative ways of
defining the instrument.
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economic returns to language skills, therefore, it is essential
to recognize that language can affect earnings through direct
as well as indirect channels.

B. Two-Stage Least-Squares Estimation

In this subsection, we drop the assumption that age at
arrival is binary, and proceed to use age at arrival in a way
that better captures the pattern of second-language acquisi-
tion in children. We use a parameterization that admits a
degradation in language-learning ability that starts at age 12
and grows linearly: max(0, ai ! 11), in which ai continues
to be individual i’s age at arrival. Of course, the key
prediction is that the immigrants from English- and non-
English-speaking countries have increasingly divergent lan-
guage and wage outcomes starting at age at arrival 12, so the
instrument excluded from the second stage is kija " max(0,
ai ! 11) # Nj.12 This piecewise linear variable allows the
difference between the control (English-speaking country of
birth) and treatment (non-English-speaking country of birth)
groups to grow starting just before the onset of puberty.
The aforesaid procedure is summarized by the following

two-equation system. The second-stage equation relates the
outcome of interest, wages, to the endogenous regressor,
English-language skills. This is just equation (1), which is
modified here by the inclusion of a vector of exogenous
explanatory variables wija:

yija ! $ " %xija " &a " 'j " w(ija) " εija. (3)

The first-stage equation relates the endogenous regressor to
the instrument kija:

xija ! $1 " %1kija " &1a " '1j " w(ija)1 " ε1ija. (4)

This system is just-identified. &a is a full set of age-at-arrival
fixed effects; this controls for nonlanguage age-at-arrival

effects in a finer way than just having a dummy for arriving
young. The 'j are a full set of country-of-birth fixed effects;
this controls for cross-country differences more precisely
than a single dummy for non-English-speaking origin. The
first-stage regression results [from estimating equation (4)]
are displayed in table 3, columns 1 and 2. There is a strong,
negative relationshipbetween the instrumentkija andEnglish-
speaking ability. Immigrants who arrived from non-English-
speaking countries have progressively poorer English skills
for each year of arrival past age 11.

Effect of Language Skills on Earnings: The results from
estimating equation (3) are displayed in the last four col-
umns of table 3. Columns 3 and 4 show the results using
OLS, and columns 5 and 6 show the results using 2SLS.
Column 6 suggests that on average, improving English-
speaking ability by 1 unit increases log wages by 0.3335.
Compared to a person who speaks English poorly ( xija "
1), a person who speaks English well ( xija " 2) earns 33%
more, and a person who speaks English very well ( xija " 3)
earns 67% more. This 2SLS estimate of the return to 1 unit
of English-speaking ability is higher than its OLS counter-
part (22.19% in column 4). The OLS estimate appears to be
downward biased, although it should be noted that its 95%
confidence interval overlaps the 95% confidence interval
of the 2SLS estimate. This is nevertheless somewhat
surprising, in that the ability bias story implies higher
OLS estimates than IV estimates; this issue is discussed
in section IV C.
These results are robust to the exclusion of immigrants

from Canada, who account for the largest share (40%) of
immigrants from English-speaking countries. The con-
cern is that immigrants from Canada are poor controls for
the nonlanguage age-at-arrival effects experienced by
immigrants from non-English-speaking countries be-
cause of Canada’s cultural and institutional similarity to
the United States. However, the IV estimate of the effect
of language on earnings does not differ when we exclude
Canadian immigrants from the analysis (compare panels

12 The results are not dependent on our particular parameterization of
age at arrival. Appendix table A2 presents results using alternative ways of
defining the instrument.
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panels B–D, we examine English-speaking ability of the spouse, number of children, 
and fraction of one’s “neighborhood” from the same country of birth. Again, out-
comes look similar across language-origin groups for the earlier ages at arrival, and 
then diverge, with later arrivers from non-English-speaking countries marrying people 
with lower English proficiency, having more children, and living in ethnic enclaves.14

We can summarize the relationship between age at arrival and the difference in 
social outcomes by language-origin group in a regression framework. To do so, we 
estimate equation (2) in which the dependent variable is a social outcome rather 
than English proficiency. This is a reduced-form equation. We do this for all the 
social outcomes we consider below, not only the four in Figure 2. The results are 

14 It is interesting to note that the age-at-arrival profile for these social outcomes for immigrants from English-
speaking countries is not always flat. That is, for some outcomes, there are differences between younger and older 
arrivers among immigrants from English-speaking countries. These are what we call the non-language-related 
age-at-arrival effects, and it is the possibility of such effects that prompts us to use age at arrival interacted with 
being born in a non-English-speaking country as the exclusion restriction rather than age at arrival itself.
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Figure 2. Select Outcomes by Age at Arrival

Notes: Data are from the 2000 IPUMS. Panels A, C, and D use data for childhood immigrants and panel B uses 
data for the subset that is currently married with spouse present. Means are weighted by IPUMS weights, and 
regression-adjusted for age, race, Hispanic, and sex dummies.
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Age at arrival and GPA at age 14, Sweden
Böhlmark (2008)

each other only at age 14.37 It is also revealed that immigrant girls arriving at age 0–8 perform at
about the same level as native boys. School performance is negatively affected from the age of 7 for
both girls and boys, but a negative impact of more significant magnitude starts at age 9–10.

In Fig. 3, next, we consider different outcome measures. The results for girls are displayed in the
upper panel and the results for boys in the lower one. The figure reveals a considerable spread in
performance in different subjects for girls arriving from age 0–10, while the opposite is true for boys,
for whom the spread in performance is greater for higher ages at immigration and smaller for lower
ages. One property shared in both panels is that the age-at-immigration performance profiles clearly
are steeper for English than for the GPA measure not including English and mathematics. On the
other hand, the mathematics profiles are clearly flatter. We can also note that immigrant girls

Fig. 2. Estimates of the impact of age at immigration on school performance for girls and boys separately. Notes: The
estimates in the upper panel were generated by estimating model 2 (family fixed effects and control for first-born child),
using the sister sample (N=6,507) and the brother sample (N=7,047) respectively. The estimates in the lower panel were
generated by estimating model 3 (controls for parental education, one parent born in Sweden, first-born child and country
of origin FE), using the sister and brother samples.

37 A t-ratio test for testing the null if the respective estimates for the girls are equal to the ones for the boys shows that
this hypothesis can be rejected at the 10 percent level only for the immigration age of 14 (t=1.70).

1379A. Böhlmark / Labour Economics 15 (2008) 1366–1387

The top panel presents
within family comparisons

i.e. compares GPAs of
older and younger siblings

The bottom panel presents
results without family FEs

(surprisingly) family FEs
do not matter much
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Impact of local ethnic community
Åslund, Edin, Fredriksson, Grönqvist (2011)

Question
the impact of ethnic community on refugee children
problem: endogenous sorting into neighborhoods

Research design
Swedish refugee placement policy, 1987–1991
refugees couldn’t choose their initial municipality of residence
allocation plausibly exogenous wrt unobservable characteristics

Results
positive impact of being allocated into a neighborhood with a
larger share of highly educated immigrants of the same origin
naive correlations would lead to opposite conclusion
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Impact of local ethnic community
Åslund, Edin, Fredriksson, Grönqvist (2011)

Main estimation equation

yics = αxi + βe1 lnN
e
cs + βe2 lnh

e
cs + λs + λc + εics

where xi is background characteristics of individual i (age at immigration, mother’s
age, mother’s and father’s level of education, gender, family size), Ne

cs is the number
of adult countrymen living in neighborhood s, hecs is the fraction of these countrymen
who are high-educated, λs is neighborhood fixed-effects and λc is country of origin
fixed-effects. Parent(s) of the individual when calculating the neighborhood
characteristics.

Neighborhood variables measured at the time of immigration
this is the “good variation” created by the placement policy

... and used as instruments for average exposure (until
graduation from compulsory education) in some specifications
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Impact of local ethnic community: ITT estimates
Åslund, Edin, Fredriksson, Grönqvist (2011)

VOL. 3 NO. 2 85ÅSLUND ET AL.: PEERS, NEIGHBORHOODS, AND IMMIGRANT ACHIEVEMENT

received a higher treatment dose. If the second interpretation applies, we would 
expect the estimates for the older age group to be smaller but of the same sign as for 
the younger age group. Since this is not the case, we favor the first interpretation, 
that the neighborhood characteristics have a bigger impact for children who arrived 
at a young age because their skills are more malleable.

F. Longer Run Outcomes

Do the effects on GPA feed into long-run educational attainment? Intuitively the 
answer should be “yes,” since the compulsory school GPA determines admission 
into upper-secondary school, and the completion of upper-secondary school is a 
prerequisite for entering university. Nevertheless, it may well be that the effects 
are too small to alter future educational outcomes. It may also be the case that the 
effects are concentrated to parts of the GPA distribution where variations in GPA do 
not substantially alter future outcomes.

The children in our data are too young to render an analysis of university entrance 
meaningful.25 To address the above question, we therefore examine an intermediate 

25 The median age at entry in Sweden was 22.8 among university entrants in 2004 (OECD 2006b).

Table 4––The Effects of Neighborhood Characteristics on the Probability of Graduating from 
Upper-secondary School by Age 19

Total 
sample By gender

By parental
 education

By age at 
immigration

Boy Girl
Academic 

family
Nonacademic 

family 0–6 7+
(1) (2) (3) (4) (5) (6) (7)

Size of ethnic community 0.007 0.018** –0.008 0.002 0.013* 0.008 0.005
(0.005) (0.007) (0.008) (0.009) (0.008) (0.010) (0.007)

Share high educated 0.011 0.020* 0.004 –0.002 0.023* 0.033* 0.002
(0.008) (0.012) (0.013) (0.016) (0.012) (0.017) (0.012)

(Initial) SAMS FE:s Yes Yes Yes Yes Yes Yes Yes

Ethnic group FE:s Yes Yes Yes Yes Yes Yes Yes

Year of arrival FE:s Yes Yes Yes Yes Yes Yes Yes

Year of graduation FE:s Yes Yes Yes Yes Yes Yes Yes

Mean (SD) of the 0.426 0.380 0.477 0.516 0.346 0.530 0.357
 dependent variable (0.494) (0.485) (0.500) (0.500) (0.476) (0.499) (0.479)
Observations 20,039 10,598 9,441 9,407 10,632 7,940 12,099

Notes: Neighborhood characteristics are measured in logs. The sample consists of refugee immigrants whose par-
ents arrived during 1987−1991 and who completed compulsory school no later than 2003. Graduation from upper-
secondary school is observed through 2009. Where appropriate, the regressions control linearly for the subject’s 
and the mother’s age, and include dummies for each parent’s educational attainment (five levels), family size, 
gender, and missing values. Standard errors robust for clustering at the SAMS*ethnic group level in parentheses. 
“Academic family” is defined as having at least one parent who has completed at least university preparatory upper-
secondary school.

*** Significant at the 1 percent level.
 ** Significant at the 5 percent level.
  * Significant at the 10 percent level.
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In our view, the main advantage of the IV estimates is that they implicitly cor-
rect for mobility between the time of arrival and the time of measurement. This is 
especially useful when it comes to estimating differential effects across groups. For 
instance, the differential effects by parental education may be due to higher mobility 
out of the initial neighborhood among well-educated families.

Table 5 presents the IV (2SLS) estimates. We restrict attention to the percentile 
ranked GPA, since we do not have the data to measure neighborhood characteris-
tics after 2003. In the interest of conserving space, we do not report the first-stage 
relationships. These estimates (available upon request) suggest that the instruments 
have substantial predictive power in all columns; weak instruments do not plague 
our estimates.

With the above mentioned caveats in mind, we note that the IV estimates exhibit 
the same pattern as above. They are much larger, however, which is due to the fact 
that some 75 percent of the families move out of the initial neighborhood. Evaluated 
at the same point as the estimates in Table 2, the estimate in column 1 implies that a 
greater share of high-educated peers improves performance by 3.3 percentile ranks. 
Although potentially representing an upper bound of the effect of average expo-
sure to a highly educated ethnic community, the magnitude is not implausibly large. 
it corresponds to a quarter of the performance difference between children with 
mothers who have a university degree as opposed to a compulsory school degree. 
The estimates also support our earlier conclusions on heterogeneous neighborhood 

Table 5––IV Estimates of the Effects of Average Exposure to Neighborhood Characteristics 
on Compulsory School GPA

Total 
sample

By gender
By parental
 education

By age at 
immigration

Boy Girl
Academic 

family
Nonacademic 

family 0–6 7+
(1) (2) (3) (4) (5) (6) (7)

Size of ethnic community 1.192 3.069*** –0.586 0.474 1.872* 3.310** −0.279(0.763) (1.054) (1.043) (1.189) (0.985) (1.625) (0.800)
Share high educated 4.665* 5.458* 3.921 7.714* 3.207 11.941** 0.285

(2.459) (2.916) (3.745) (4.641) (2.694) (4.681) (2.604)
(Initial) SAMS FE:s Yes Yes Yes Yes Yes Yes Yes

Ethnic group FE:s Yes Yes Yes Yes Yes Yes Yes

Year of arrival FE:s Yes Yes Yes Yes Yes Yes Yes

Year of graduation FE:s Yes Yes Yes Yes Yes Yes Yes

Mean (SD) of the 40.45 36.60 44.78 48.13 33.67 44.11 38.05
 dependent variable (27.96) (26.86) (28.54) (28.53) (25.60) (28.37) (27.43)
Observations 20,039 10,598 9,441 9,407 10,632 7,940 12,099

Notes: 2SLS estimates. Neighborhood characteristics are measured in logs and averaged over the observation 
period from year of arrival to graduation from compulsory school. The sample consists of refugee immigrants 
whose parents arrived during 1987−1991 and who completed compulsory school no later than 2003. The regres-
sions control linearly for the subject’s and the mother’s age, and include dummies for each parent’s educational 
attainment, family size, gender, and missing values. Standard errors robust for clustering at the SAMS*ethnic group 
level in parentheses.

*** Significant at the 1 percent level.
 ** Significant at the 5 percent level.
  * Significant at the 10 percent level.
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Children of immigrants: Final thoughts

An important topic that deserves more research
In my view, the most important topics include

neighborhood effects
contacts / influence of parents’ country of origin
determinants of social and political interaction
differences btw immigrants’ children and other high-risk groups
comparsions of direct IG correlation estimates
impacts of interventions (more about this tomorrow)
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