
Announcements

Grades and comments on your Du Bois figures are up
on Blackboard

Grades for the first referee report will be up before
Spring Break, email me if you did not get a confirmation

Remember that the second referee report is due March
15th on Miller (2008) “Women’s Suffrage, Political
Responsiveness, and Child Survival in American History”

Also think about making progress on your data projects

No class on the Friday before Spring Break
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Last Names in the US Context

For the Clark and Cummins paper, check out the Stata
and Excel examples on Blackboard for more on the issue
of underlying social capital

Now back to Clark’s approach to the US

Clark’s sources for elite groups will be:

Descendants of Ashkenazi and Sephardic Jews
Descendants of wealthy individuals in 1923-24 with rare
surnames
Descendants of individuals with rare surnames
graduating from Ivy League schools in and before 1850

Note how much more limited the time range needs to be
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Last Names in the US Context

Clark’s sources for underclass groups will be:

Native Americans
Black Americans whose ancestors came to the United
States before the Civil War
Descendants of the French settlers who came to the
colonies between 1604 and 1759

Think about how these groups differ from those used by
Clark for Britain
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Last Names in the US Context

Measuring outcomes requires a different approach as
well for the US

Probate records are not as easily accessible (you would
have to do a lot of work requesting one record at a time
from many different locations)

Instead, Clark is going to take an approach similar to
looking at Cambridge and Oxford graduates

He’ll take advantage of the public directories of doctors
and lawyers
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Last Names in the US Context

the united states          47

ashkenazi jews

Th is group consists of individuals with the surnames Cohen, Goldberg, Gold-

man, Goldstein, Katz, Lewin, Levin, Rabinowitz, and variants, who numbered 

nearly three hundred thousand in 2000. Th ese surnames are common in New 

York City, the area of the greatest Jewish population share in the United States. 

However, in the 2000 census, nearly 4 percent of people bearing these sur-

names declared themselves black (5.5 percent for Cohen). Th is mostly stems not 

from intermarriage but from black Americans’ independently adopting these 

surnames because of their Biblical resonance. Th ese names appear among phy-

sicians at a rate nearly six times higher than in the general population, the high-

est frequency of any domestic surname group, as shown in fi gure 3.1.3

3 Th e average surname incidence for the 2000 population for domestically trained physi-

cians is 2.85 per thousand. We show below that some recent immigrant groups are even more elite 

according to this measure than the Jewish population, especially once foreign-trained physicians 

are included. Th e Jewish population is losing its distinction as the highest-status ethnic group in 

the United States to such newcomers as Egyptian Copts, Hindus, and Iranian Muslims. 
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figure 3.1. Relative representation of surname types among physicians.
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Last Names in the US Context

the united states          53

as the estimates of the underlying persistence rate for each group confi rm, this 

is a slow process that, for a number of these groups, will not be complete for 

many generations.

In the earlier generations, both the Jewish and black surname groups di-

verge from the mean in their representation.9 For the Jewish surnames, the 

likely cause was the policy of many medical schools between 1918 and the 1950s 

to limit admissions of Jewish students. Th e tightening of these quotas in the 

9 Using the method adopted here, this would imply a persistence parameter for these 

groups greater than one. In this case, such a parameter cannot be an intergenerational correla-

tion, since it would imply that the distribution of status is not constant over time.

table 3.1. Relative representation by surname groups among doctors, by generation

 1920–49 1950–79 1980–2011

Ashkenazi Jews 4.76 6.95 5.63

1923–24 rich 4.12 3.48 2.88

Ivy League graduates, 1650–1850 2.47 2.07 1.62

New France settlers 0.44 0.52 0.65

Black (English) 0.31 0.25 0.40

8

0.25

0.5

1

2

4

1930 1950 1970 1990 2010 2030

R
el

at
iv

e 
re

pr
es

en
ta

ti
on

Jewish

Ivy League
1923–24 rich

New France
  settlers
Black

figure 3.4. Relative representation of surname types among physicians, by generation.
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Last Names in the US Context

58         chapter three

Table 3.2 also shows the estimated persistence rates for 1970 and later. Th e 

estimated social mobility of the Ashkenazi Jewish group increases, as expected, 

to a rate of 0.75 per generation. But this still implies remarkably slow mobility 

compared to conventional measures. For example, at this rate of mobility it will 

be three hundred years before the Ashkenazi Jewish population of the United 

States ceases to be overrepresented among physicians.12

For the black population, the estimated recent rate of convergence toward 

the mean is even slower. Th e persistence rate per generation is 0.96. Th is implies 

that even in 2240, the black population will be represented among physicians 

at only half the rate of the general population. However, since the 1970s, rates 

of relative representation of blacks among physicians have likely been signifi -

cantly infl uenced by affi  rmative-action policies at U.S. medical schools. Th e 

measured black persistence rate in this interval may thus also refl ect a decline 

in the eff ects of such policies over time.

Among descendants of the New France settlers, representation among 

physicians is also slowly approaching the mean for the general population. Th e 

persistence rate for this group is 0.78, again implying several generations before 

full convergence.

12 We defi ne convergence as being within 10 percent of the expected representation.
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figure 3.8. Relative representation of surname types among physicians, by decade.
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cian and attorney as measures of status. High-status groups are equally dis-

proportionately overrepresented in all elite occupations of equivalent social 

status. Low-status groups are equally underrepresented.

To measure social mobility rates among attorneys, relative representations 

for surname types were calculated across three generations, as for physicians. 

Th e results are shown in fi gure 3.10. Th ere is again a pattern of persistent but 

very slow regression to the mean for all groups.

Table 3.3 shows the persistence rate implied for each surname type and 

period in fi gure 3.10.14 For the most recent generations of attorneys, the average 

implied intergenerational correlation is greater than for physicians, averaging 

0.84. For the two earlier generations, the average implied correlation is even 

higher, at 0.94. Th e earlier estimates, however, are subject to substantial mar-

gins of error because of the small numbers of observations.

Moving to the most recent measurement, which compares the 1990–2012 

cohort to that of 1970–89, there is little sign of any improvement in mobility 

rates. Th e average persistence rate in this period is still 0.83.

14 Th is assumes that attorneys represent the top 1 percent of the occupational status dis-

tribution, whereas physicians were assumed to represent the top 0.5 percent.
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figure 3.10. Relative representation of surname type among attorneys, by generation.
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attorney elites cannot be attributed to their being geographically concentrated 

in poor areas of the United States. Moreover, because this group is not a highly 

visible minority, its low representation among the current medical and legal 

elites is unlikely to stem from acts of discrimination. No one bears a grudge 

against the Gagnons or holds prejudicial views of their abilities.

What, then, explains the low social status associated with these surnames? 

One possible explanation that George Borjas has emphasized in his work is the 

“cultural capital” of those of New French descent.15 Could this community have 

inherited a cultural legacy that impedes upward social mobility? Th ere are 

claims that Franco-Americans were more committed to maintaining their lan-

guage and religious practices than the assimilationist Irish and Italians. Cer-

tainly in 1970 a surprising number of Franco-Americans with parents born in 

the United States still retained French as their mother tongue.16

Supporting this view is the remarkable pervasiveness of New France dis-

advantage. Figure 3.11 shows the rate of occurrence of the most common New 

France surnames among physicians, compared to the most common Irish sur-

15 Borjas 1995.
16 MacKinnon and Parent 2005, table 1.
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64         chapter three

names.17 Th e New France surnames look as though they are drawn from a com-

pletely diff erent distribution than the Irish surnames. Th ere is something per-

vasively diff erent about these two groups.

Interestingly, even going back to the 1950s and considering data from states 

with many people of New French descent, rates of intermarriage between those 

with New France surnames and those of surnames of other heritages have been 

substantial. Th is is not an isolated social group.

Figure 3.12 shows the percentage of individuals of Franco-American heri-

tage in four New England states and in Oregon, according to the 2000 census. 

Also shown is the percentage of those in the 1950s with common New France 

surnames who married a partner with any New France surname. By the 1950s, a 

large majority of New France descendants were marrying outside that commu-

nity, even in Maine and Vermont, where they still constitute a quarter of the 

population. Th is has been a largely open community for generations. Interest-

ingly, despite the evidence of persistently lower status, many of these exoga-

mous marriages were with individuals bearing Irish and Italian surnames, who 

17 New France surnames were included only if fewer than 5 percent of the holders were 

black. Th e fi gure excludes the three most common Irish surnames, O’Brien, Gallagher, and 

Brennan, which each had more than forty-fi ve thousand holders.
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figure 3.12. Marital endogamy among New France descendants, 1950s.
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Immigration Over Time

1315Abramitzky and Boustan: Immigration in American Economic History

foreign born by county. The map illus-
trates some well-known patterns in US 
history: Scandinavians were the largest 
foreign-born group in the upper Midwest; 
German-speaking migrants represented 
the largest share of the foreign born in the 

lower Midwest; Italians were prevalent in 
New York, New Jersey, and Pennsylvania. 
Migration within the Americas was also size-
able, with Canadians representing the largest 
country-of-origin group in Maine and along 
parts of the northern border, and Mexicans 
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Panel A. Forign-born �ow as percentage of the US population (1820–2010)

Panel B. Forign-born stock as percentage of the US population (1850–2010)

Figure 1. 

Note: Immigrant flows in panel A include only legal entrants, leading to an undercount, particularly after 1965.
Sources: Authors’ calculations based on US Historical Statistics (panel A) and Integrated Public-Use Microdata 
Series (IPUMS) samples of US census (Ruggles et al. 2010) (panel B). 
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1315Abramitzky and Boustan: Immigration in American Economic History

foreign born by county. The map illus-
trates some well-known patterns in US 
history: Scandinavians were the largest 
foreign-born group in the upper Midwest; 
German-speaking migrants represented 
the largest share of the foreign born in the 

lower Midwest; Italians were prevalent in 
New York, New Jersey, and Pennsylvania. 
Migration within the Americas was also size-
able, with Canadians representing the largest 
country-of-origin group in Maine and along 
parts of the northern border, and Mexicans 
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Immigration Over Time
Journal of Economic Literature, Vol. LV (December 2017)1316

dominating through most of Texas, Arizona, 
New Mexico, and Southern California. 
Settlement patterns in the south were far 
less cohesive, primarily reflecting the fact 
that the immigrant share of the population 
in southern counties was very low.

Immigrant enclaves are easier to observe 
in figure 4, which presents the share of the 
county’s population in 1920 made up of 
immigrants from particular sending coun-
tries. For illustration, we consider three 
groups—Austrians and Germans, Italians, 
and Norwegians. The largest clusters of 
German immigrants (as a share of the total 
population) were in Wisconsin, central 
Minnesota, and Iowa, and in Pennsylvania 
and Texas. Italians represented over ten per-

cent of the population in certain counties 
in Connecticut, Rhode Island, and Upstate 
New York. Norwegians were equally numer-
ous in the northern tip of Minnesota and in 
much of North Dakota.

Rising migrant numbers and, especially, 
the shift towards new sending countries, 
contributed to the growing political pressure 
to restrict immigrant inflows.18 Congress 

18 The anti-immigration movement scored early victo-
ries with targeted bans against smaller immigrant groups, 
including the 1882 Chinese Exclusion Act, restrictions 
against the criminal and the “insane” in 1891, and the 1908 
Gentleman’s Agreement limiting immigration from Japan. 
In 1880, there were around 100,000 Chinese immigrants in 
the United States (representing 3 percent of foreign-born 
males between the ages of eighteen and sixty-five). These 
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Figure 2. Sending Regions within the Foreign-Born Population, 1850–2010

Sources: Authors’ calculations based on IPUMS samples of US Census (Ruggles, et al., 2010).
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Immigration Over Time
1317Abramitzky and Boustan: Immigration in American Economic History

convened the Dillingham Commission in 
1907 to study the effect of immigration on 
the US economy and society. The commis-
sion’s report, published in 1911, advocated 
for a set of additional regulations, including 
limits on the number of immigrant arrivals, 
quotas by county of origin, and restrictions 
against immigrants who were illiterate or 
penurious. All but the wealth requirement 

pre-Exclusion Act migrants formed ethnic enclaves 
(Chinatowns) in many American cities (Carter 2013). After 
the immigration ban, many Chinese immigrants instead 
settled in South America and the Caribbean. 

were passed over the next decade and the 
era of open borders came to an end. 

A literacy test for entry into the United 
States was passed over President Wilson’s 
veto in 1917. In 1921 (amended in 1924), a 
set of country-specific immigration quotas 
were imposed. From over a million annual 
entrants in the late 1910s, immigrant arrivals 
were capped at 150,000 by 1924. Allocation 
of quota slots was based on the size of migrant 
stocks from each country of origin in 1890 
(King 2000).19 This early benchmark favored 

19 Legislation passed in 1921 limited immigrant arrivals 
to 357,000 and allocated slots on the basis of migrant stocks 

Figure 3. Largest Country-of-Origin Group among Foreign Born by County, 1920

Source: Authors’ calculations from complete-count data of 1920 Census.

Austria & Germany
Canada
Denmark & Sweden
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Largest Ancestry: 1920

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 25, 2019 17 / 45



Immigration Over Time
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Panel B. Ancestry Share: Italy, 1920
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(Continued)
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Immigration Over Time

1319Abramitzky and Boustan: Immigration in American Economic History

countries in northern and western Europe, 
especially the United Kingdom, over the 
“new” sending countries from southern and 
eastern Europe.20 Support for immigration 
restriction was based on concerns about 
labor-market competition, as well as xeno-
phobia and antipathy toward new immi-
grant arrivals (Goldin 1994).21 A shift in the 

in the 1910 census. These restrictions were tightened in 
1924 and further amended in 1929.

20 Swings in US immigration regimes mirror simi-
lar policy shifts in immigrant-receiving countries over 
time. Timmer and Williamson (1998) document a gen-
eral shift toward restrictive border policy in many 
immigrant-receiving countries in the early twentieth cen-
tury, which Williamson (1998) attributes in part to the 
political pressure of low-skilled native voters.

21 Goldin (1994) finds that congressional districts with 
mid-sized immigrant communities (as opposed to large or 
small concentrations of the foreign born) and districts fac-
ing stagnant wages were the most likely to support restric-
tion. Nationally, organized labor and residents of rural 

Southern vote away from open immigration 
was decisive in allowing Congress to override 
the presidential veto.22 

Following the imposition of strict immi-
gration quotas, the foreign-born share of the 
US population declined from 14 percent in 
1920 to 5 percent in 1970 (see panel B of 
figure 1). The flow of low-skilled immigrants 
dropped substantially after 1921, due to both 

areas were the most consistent supporters of immigration 
restriction. Rural voters may simply have been xenophobic 
or may have worried about the competition that immigrants 
posed for their children, many of whom were moving to 
urban areas. On the role of nativism in depressing immi-
gration flows in the 1850s, see Cohn (2000). Higham (2002 
[1955]) is the classic reference on nativism in US history.

22 Few immigrants moved to the South. Indirectly, 
immigration affected southern interests by providing a 
steady supply of workers in northern factories, which may 
have forestalled the move of southern black workers to 
northern cities (Collins 1997). 

Figure 4. Share of County Population from Particular Countries of Origin, 1940 (Continued)

Source: Authors’ calculations from complete-count data of 1920 Census.
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Immigration in the Colonial Period

This indentured...between [Alexander Beard]...of the one
part, and [John Dickey]...of the other part, witnesseth, that
the said [Alexander Beard] doth hereby covenant, promise
and grant, to ...[John Dickey]...and his assigns, from the day
of the date hereof until the first and next arrival at
[Philadelphia] in America...and during the term of [three]
years to serve in such service and employment as the said
[John Dickey] or [his] assigns shall there employ [him]...In
consideration whereof the said [John Dickey] doth grant...to
pay for [his] passage, and to find allow [him] meat, drink,
apparel and lodging, with other necessaries, during the said
term; and at the end of the said term to pay unto him the
usual allowance, according to the custom of the country in
the like kind...
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Credit Constraints and Indentured Servitude

The cost of passage to America was £5 to £10, an
amount greater than average annual income at the time

To put that in perspective, think about college tuition:

Average tuition and fees at private four-year colleges is
$32,410 (according to the College Board)
Median income for a 20 to 24 year old is $26,728
(according to the BLS)
If there were no student loans, how would people pay
for college?
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How Indentured Servitude Works - Standard

Laborer and shipper strike a contract trading a 
period of labor for passagep p g

Shipper transports laborer to Americapp p

Shipper sells the contract to employer inShipper sells the contract to employer in 
America

After contract is up, servant becomes a free 
laborer
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How Indentured Servitude Works - Redemptioners

Laborer borrows money from the shipper to 
pay for passage and suppliesp y p g pp

Shipper transports laborer to the coloniespp p

Laborer finds an employer and negotiates aLaborer finds an employer and negotiates a 
contract long enough to pay back shipper

After contract is up, servant becomes a free 
laborer
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Migration and Human Capital During the Colonial Period

Characteristic
Months More or 

Less Service
15 years old 26
17 years old 9
19 years old 2
Female -2
Literate -1
Farmer -4
Metalworker -4
Textile worker -4

Contract Length and Servant 
Characteristics
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Migration in the Nineteenth Century
 EHA paper:  8-15-2012 

Page | 39 

 

 

 

Source: Advertisements in The Albion, 1826-73 and New York Times, 1852-1916. 
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Announcements

Grades will be posted tomorrow for your referee reports,
I will email each of you comments on your report

Remember that the second referee report is due March
15th on Miller (2008) “Women’s Suffrage, Political
Responsiveness, and Child Survival in American History”

This is a different style of paper, be certain to think
about whether they are proving their hypothesis or
whether there are alternative explanations

Also think about making progress on your data projects,
feel free to email me if you run into any problems

No class on Friday, have a great Spring Break

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 27, 2019 1 / 44



Immigration Over Time

1315Abramitzky and Boustan: Immigration in American Economic History

foreign born by county. The map illus-
trates some well-known patterns in US 
history: Scandinavians were the largest 
foreign-born group in the upper Midwest; 
German-speaking migrants represented 
the largest share of the foreign born in the 

lower Midwest; Italians were prevalent in 
New York, New Jersey, and Pennsylvania. 
Migration within the Americas was also size-
able, with Canadians representing the largest 
country-of-origin group in Maine and along 
parts of the northern border, and Mexicans 
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Panel B. Forign-born stock as percentage of the US population (1850–2010)

Figure 1. 

Note: Immigrant flows in panel A include only legal entrants, leading to an undercount, particularly after 1965.
Sources: Authors’ calculations based on US Historical Statistics (panel A) and Integrated Public-Use Microdata 
Series (IPUMS) samples of US census (Ruggles et al. 2010) (panel B). 
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Migration in the Nineteenth Century
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Chinese Exclusion Act - 1882

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 27, 2019 5 / 44



Chinese Exclusion Act - 1882

Total Northeast Midwest South West

Restaurants 0.2 -- -- -- 0.2
Laundries 11.0 -- -- -- 11.0
Food stores 1.3 -- -- -- 1.3
All else 87.5 -- -- -- 87.5

Restaurants 0.4 0.0 0.0 0.0 0.4
Laundries 13.9 100.0 100.0 0.0 11.9
Food stores 1.6 0.0 0.0 0.0 1.6
All else 84.1 0.0 0.0 100.0 86.1

Restaurants 0.5 0.0 0.0 0.0 0.6
Laundries 34.1 81.6 100.0 85.7 16.9
Food stores 3.4 0.0 0.0 7.1 4.2
All else 62.0 18.4 0.0 7.3 78.3

Restaurants 7.4 9.2 11.1 8.5 5.6
Laundries 20.9 60.2 66.7 31.9 7.4
Food stores 6.2 0.0 0.0 31.9 12.7
All else 65.5 30.6 22.2 27.7 74.3

Restaurants 17.3 32.8 47.8 22.2 12.2
Laundries 22.1 55.5 39.1 44.4 11.5
Food stores 7.4 5.5 0.0 7.4 7.0
All else 53.2 6.2 13.1 26.0 69.3

Restaurants 27.7 42.0 32.4 34.4 15.6
Laundries 24.7 42.0 50.0 21.9 6.6
Food stores 8.8 0.6 0.0 28.1 13.2
All else 38.8 15.4 17.6 15.6 64.6

Industrial Distribution of Chinese Employment by Region, 1870-1930

1870

1880

1900

1910

1920

1930
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Chinese Exclusion Act - 1882

Year

Percentage of counties 
with one or more Chinese 

residents

Median number of Chinese 
residents in a county with 

Chinese residents
1870 10.9 19
1880 18.8 1
1890 37.8 4
1900 45.7 4
1910 40.8 5
1920 44.9 4

-- -- --
1960 42 7

Distribution of the Chinese-American Population, 1870-1960
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Chinese Exclusion Act - 1882

Chinese vs 
Non-Chinese

Black vs Non-
Black

1870 97.3 66.6
1880 93.6 66.6
1890 85.4 --
1900 70 66.2
1910 65.7 67.7
1920 55.6 49.1
1930 57.4 54.5

Dissimilarity in Residence by State
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The Immigration Act of 1917

Sec. 3. That the following classes of aliens shall be
excluded from admission into the United States:
All idiots, imbeciles, feeble-minded persons,
epileptics, insane persons...persons of
constitutional psychopathic inferiority; persons with
chronic alcoholism; paupers; professional beggars;
vagrants; persons afflicted with tuberculosis...
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The Immigration Act of 1917

...persons who have been convicted of or admit
having committed a felony or other crime or
misdemeanor involving moral turpitude;
polygamists; anarchists...[persons] who advocate or
teach unlawful destruction of property; ...persons
coming to the United States for the purpose of
prostitution or for any other immoral purpose...
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The Immigration Act of 1917

...[The provision] shall not apply to the persons of
the following status or occupations: Government
officers, ministers or religious teachers,
missionaries, lawyers, physicians, chemists, civil
engineers, teachers, students, authors, artists,
merchants, and travelers for curiosity or pleasure...
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The Immigration Act of 1917

All aliens over sixteen years of age, physically
capable of reading, who can not read the English
language, or some other language or dialect,
including Hebrew or Yiddish...That for the purpose
of ascertaining whether aliens can read the
immigrant inspectors shall be furnished with slips
of uniform size...each containing not less than
thirty nor more than forty words in ordinary use,
printed in plainly legible type of some one of the
various languages or dialects of immigrants.
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The Immigration Act of 1917

1917 - Literacy Test
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Quota Act and National Origins Act - 1920s
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Quota Act and National Origins Act - 1920s

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 27, 2019 15 / 44



Quota Act and National Origins Act - 1920s
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Quota Act and National Origins Act - 1920s
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Quota Act and National Origins Act - 1920s

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 27, 2019 18 / 44



Immigration and Nationality Act - 1965
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Announcements

You should have gotten an email with my feedback on
your first referee report, let me know if you didn’t

Remember that the second referee report is due March
15th on Miller (2008) “Women’s Suffrage, Political
Responsiveness, and Child Survival in American History”

This is a different style of paper, be certain to think
about whether they are proving their hypothesis or
whether there are alternative explanations

It’s also time to get moving on your data projects, feel
free to email me if you run into any problems

On Wednesday we’ll talk about your final projects
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Announcements

The beta version of our class website is up (with your data
still to come). Suggestions are welcome. Let me know if you

want your name included with your figure.
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Selection Into Migration

The outcomes of immigrants will depend crucially on
which individuals decide to migrate

In particular, it will depend on whether there is positive
or negative selection into migration

Economists have developed a theory of selection into
migration that has its roots in Roy’s 1951 article “Some
Thoughts on the Distribution of Earnings”

The keywords for the article: hunting, rabbits, fishers,
occupations, productivity, trout, logarithms,
communities, industrial productivity, relative prices
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Selection Into Migration

While Roy may have started with rabbits and trout,
Borjas formalized the Roy model for immigration with
his 1987 article “Self-Selection and the Earnings of
Immigrants”

Let’s discuss the basics of the model (see Autor’s notes
for more details)

There are two countries, 0 (the source country) and 1
(the host country)

Log earnings in the source country are given by:

w0 = µ0 + ε0

Log earnings in the host country are given by:

w1 = µ1 + ε1
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Selection Into Migration

The log earnings equations:

w0 = µ0 + ε0

w1 = µ1 + ε1

µi designates the mean log earnings in country i

εi can be thought of as the returns to a worker’s skill
relative to the mean worker in country i

Assume that εi is distributed normally with mean zero
and variance σ2i
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Selection Into Migration

It is costly to migrate

Let’s assume for the moment that µ0 ≈ µ1 (but do
spend some time thinking about alternative cases)

For migrants, the gains from migration in terms of
switching from ε0 to ε1 have to outweigh these costs

So does this mean that migrants will necessarily be very
high ability?

Maybe, maybe not

The nature of selection will depend crucially on σ0, σ1
and ρ (the correlation between σ0 and σ1)
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Selection Into Migration

Case 1: Immigrants are positively selected from the source
country and are above the mean of the host country
(E (ε0|migrant) > 0 and E (ε1|migrant) > 0)

This will be the case if σ1
σ0
> 1 and ρ > σ0

σ1

The first condition says that the return to skill is
greater in the host country than the source country

The second condition essentially says that being high
skilled in the source country will translate into being
high skilled in the host country
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Selection Into Migration

Case 2: Immigrants are negatively selected from the source
country and are below the mean of the host country
(E (ε0|migrant) < 0 and E (ε1|migrant) < 0)

This will be the case if σ1
σ0
< 1 and ρ > σ1

σ0

The first condition says that the return to skill is greater
in the source country, so low skilled workers would prefer
the compressed wage distribution of the host country

The second condition essentially says that being low
skilled in the source country will translate into being
low skilled in the host country
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Selection Into Migration

Case 3: Immigrants are selected from the lower tail of the
source country and end up above the mean of the host
country (E (ε0|migrant) < 0 and E (ε1|migrant) > 0)

This can occur if ρ < min
(
σ1
σ0
, σ0
σ1

)
This is effectively saying that there is some reason that
a migrant receives relatively low pay in the source
country but ends up highly paid in the host country

When could this happen?
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Selection Into Migration

Let’s look at some empirical evidence of selection into
migration during the age of mass migration

It is an interesting time period to study because of the
nearly open border

The central question is whether immigrants were
positively or negatively selected

We’ll look at empirical evidence of both cases

After the question of selection is addressed, there is a
second question: what sort of mobility did immigrants
experience after arriving in the United States?
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Selection Into Migration

First, how do we look at who decided to emigrate?

One classic approach is to turn to passenger lists

In 1819, the US starts requiring ship captains to file
ship records upon arrival in the United States

Several economic history studies have used these
passenger lists to get a sense of the age and
occupational distributions of emigrants
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Passenger Act of 1819

..[E]very ship or vessel bound on a voyage from the
United States to any port on the continent of
Europe, at the time of leaving the last port whence
such ship or vessel shall sail, shall have on board,
well secured under deck, at least sixty gallons of
water, one hundred pounds of salted provisions,
one gallon of vinegar, and one hundreds pounds of
wholesome ship bread, for each and every
passenger on board such ship...
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Passenger Act of 1819

Liner transatlantic crossing times, 1833-1952 (P.J. Hugill (1993))
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Passenger Act of 1819

...[T]he captain or master of any ship or vessel
arriving in the United States, or any of the
territories thereof, from any foreign place
whatever...shall also deliver and report, to the
collector of the district in which such ship or vessel
shall arrive, a list or manifest of all the passengers
taken on board of the said ship or vessel at any
foreign port or place; in which list or manifest it
shall be the duty of the said master to designate,
particularly, the age, sex, and occupation, of the
said passengers, respectively, the country to which
they severally belong, and that of which it is their
intention to become inhabitants; and shall further
set forth whether any, and what number, have died
on the voyage;
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Passenger Lists
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Passenger Lists

So what can we do with passenger lists?

The most basic thing is to look at the gender and age
distributions of individuals arriving in the US

Some passenger lists include occupation, although there
is a (very interesting) question of how that will
correspond to occupation in the US

One thing we would really like if we’re focusing on
selection is a measure of human capital
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Passenger Lists and Human Capital

The manifests do not contain a direct measurement of
education level beyond (sometimes) literacy

If we don’t know education level or literacy, what else
can we use?

It turns out that a decent source of information on
human capital is actually age

We can infer something about the basic human capital
of immigrants by looking at the distribution of ages,
specifically the distribution of the last digit of age

Let’s head over to Stata to see how this works
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Passenger Lists and Human Capital

Mokyr and O’Grada use this concept of age heaping to
look at Irish immigrants

They use a slightly more complex measure than what
we just saw

In particular, they are measuring

γ =
34∑

i=15

(
ni∑
ni
− n̂i∑

n̂i

)2

This is basically saying how much deviation do we see
from a smooth age distribution
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Passenger Lists and Human Capital

Values of γ based on census data

Population Males Females Total
Ireland, 1841 54.18 72.36 66.09
Ulster, 1841 47.46 61.54 54.49
Leinster, 1841 43.98 66.40 54.80
Munster, 1841 57.72 88.21 72.32
Connaught, 1841 80.14 117.70 98.98
Ireland, 1851 63.23 89.24 88.42
Ulster, 1851 53.52 57.89 62.33
Leinster, 1851 50.00 61.80 74.88
Munster, 1851 72.13 115.50 92.27
Connaught, 1851 97.00 117.53 140.44
U.S. 1880 10.23
U.S. 1970 1.16
Mexico, 1960 22.72

J. Parman (College of William & Mary) American Mobility, Spring 2019 March 11, 2019 19 / 27



Passenger Lists and Human Capital

Values of γ based on passenger lists

Sample Males Females Total
1803-06, Ireland 89.8 130.8 96.3
1819-20, Ireland 146 108.5 106.5
1830-39, Derry 262.9 319 268.5
1820-48, New York 113.2 158.7 122.9
1822-39, Boston 125.9 117 111.9
1820-50, Sweden 22.1 27.9 20.5
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Passenger Lists and Human Capital

Values of γ based on New York passenger lists only

Period Males Females Total
1820-24 103.6 209.8 107.4
1825-29 113.1 170.2 114.2
1830-34 96 109.5 96.7
1835-39 100.5 143.9 104.9
1840-44 92.2 141.5 103.8
1845-46 158.7 175.1 150
1847-48 217 296.3 239.9
Total 113.2 158.7 112.9
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Passenger Lists and Human Capital
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Final Project
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The Basics

You need to do an original empirical study related to
local mobility or inequality in a historical context
You may want to focus on changes in mobility or
inequality between groups over time
You may also want to consider the impact of a
historical shock on mobility or inequality
Either way, you need to do original research that
includes:

Developing a research question with a testable
hypothesis
Collecting micro-level data (you can use the class
datasets, you can also decide to use other data sources)
Presenting summary statistics and stylized facts using
those data
Presenting novel regression analysis to test your
hypothesis

You will produce both a research paper and a policy
memo
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What is local?
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What is historical?
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The Research Paper

The research paper should be approximately 15 pages
double-spaced inclusive of figures and references

Write it in the style of an economics journal article

Typical components:

Introduction
Literature review
Description of data and methods
Presentation of empirical analysis
Conclusion

Key thing is that this requires original data analysis
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The Policy Memo

Two pages double-spaced with at least one figure or
table (this is a strict limit)

It should contain:

A succinct statement of the policy issue
A concise summary of your methodology and findings
Discussion of the importance of your findings to policy
Recommendation for policy change

Must be written for non-economists (and non-locals)
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More Details

Both the paper and policy memos are due by 5pm on
April 29th

Submit them by email to me (jmparman@wm.edu)

They should be submitted as separate pdf’s (both can
be sent in the same email)

Pay attention to formatting, it does matter for the
grading

I’m happy to look over drafts and give feedback
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Failure is an option, sort of

Every failure is a step to success. Every detection
of what is false directs us towards what is true:
every trial exhausts some tempting form of error.
Not only so; but scarcely any attempt is entirely a
failure; scarcely any theory, the result of steady
thought, is altogether false; no tempting form of
Error is without some latent charm derived from
Truth. – W. Whewall, Lectures on the History of
Moral Philosophy in England, 1852
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Some Quick Tips

Get started early, even if you plan to use the class data
(you know what variables will be in there)

If using Stata, take advantage of the tutorials on our
course website and the online help files and forums

Use my office hours, especially if you are getting stuck
on something technical

Also consider meeting with the research librarians

Check out the resources in the final project guidelines
on Blackboard (and that we covered when talking
about the Du Bois project)

Google Scholar and Google Books are your friends
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Passenger Lists and Human Capital

(a) First page.

(b) Second page.

Figure F.1: Sample manifests.

Note: Fields in dashed boxes are available in the SOLEIF files. We transcribed the fields in solid boxes.

Source: SOLEIF
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Passenger Lists and Human Capital

left, whereas the northern provinces are in the taller and negatively selected lower right. The correlation
coefficient between mean province height and the mean province-cohort z-score is -0.52. The curve represents
an individual-level non-parametric regression, and its tight confidence band suggests that the downward slope
is uniformly robust across the horizontal range. The near linearity of this curve also provides evidence that
the downward trend of selection with respect to average height does not merely reflect different patterns
across the two regions.

UD

VI

MI

RO

NO

PV

RA

BL

CO

FE

TV
MN

FC

CR

BO
BGSO

VE

PC

PR MO
CN

VR

AL

PD

TO

RE BS

CS
LU

AG

SS
SR CH

PGAN

ME

PA

TP

PZ

IM

PI
MC

CB

BN

RC

AR

GR

FINA SI
CT

RM

CZ

CL

AQ PU

AV

FG

MS

CA

AP

GE

TE

SA LI
LE

BA

-.5

-.4

-.3

-.2

-.1

0

.1

.2

.3

.4

.5

Pr
ov

in
ce

-B
irt

h 
C

oh
or

t-
St

an
da

rd
iz

ed
 H

ei
gh

t

158 160 162 164 166 168 170
Province Average Height (cm)

ρ: -0.52

Figure 3: Province-cohort z-score and average province height.

Note: Northern provinces in gray, southern provinces in black. Average height is weighted within province across birth cohorts by
the number of migrants in our sample. The line is the local polynomial regression of the same relationship using individual-level
data. The shaded region is the 95% confidence interval for that regression.

Column (4) of Table 4 confirms the robustness of this pattern across regions. We interact the province-
cohort average height with a south indicator. The negative slope is present in both regions. It is approx-
imately one-third weaker in the south than in the north, though the difference between the trends in the
two regions is not statistically significant. Both within the south and within the north, shorter cohorts were
increasingly represented in the US by relatively taller migrants.

4.3 Interpretation of Magnitudes

To get a sense of the magnitude of the estimated selection, we use the subsample of passengers for whom
occupation and literacy data were transcribed to estimate the literacy and skill height premia within the
province-cohorts of passengers. The results of regressions of the province-cohort z-score on indicators of liter-
acy or occupation are presented in Table 5. These premia constitute rough yardsticks to assess the economic
significance of our benchmark results. First, the estimated premia reassuringly pass a “sanity check,” showing
that our data are consistent with the working assumption that height is positively correlated with skill and
literacy. Professional workers were clearly the tallest, followed by skilled workers and artisans. Unskilled or
unproductive workers (the excluded category in Panel A of Table 5) were shorter, and agricultural workers
were the shortest. Similarly, literate immigrants were taller than their illiterate peers.54

54Note that the literacy premium for northern Italians was much stronger than for southerners. We believe that this reflects
the fact that illiteracy was much rarer in the north. The average province-level illiteracy in the north was 16.8 percent compared
with 44.2 percent in the south (see Table A.2). This meant that illiterates in the north may have been drawn from further

18
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Passenger Lists and Human Capital
point during the wartime lull in migration rather than at some point before or after.
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Figure 4: Local selection by year of arrival.

Note: The solid line presents the average of the province-cohort z-score by year of arrival. The dashed lines present 95%
confidence intervals. The years 1915–1919 and 1924–1925 are omitted because there are too few arrivals to reliably measure
selection in that year. The largest flow (in our benchmark sample) of all of these omitted years is 123 passengers in 1916.

In column (2), however, we show that the elimination of result 2 is driven by a composition effect.
We interact the post-1917 indicator with a south indicator to decompose the change over time by region.
Consistent with the fact that the literacy constraint was primarily binding among passengers from the
south, the post-1917 upward shift in selection appears to have occurred almost entirely there; the coefficient
of the interaction term is 0.123, whereas the main effect of the post-1917 period, representing the change in
selection among northerners, was not statistically significantly different from zero.64 Importantly, within the
south there was already statistically significant positive selection prior to the literacy requirement (0.029).
During the post-1917 period, this increased to a much higher level (0.207).65 The north-south selection
gap also existed in the earlier period, with a difference of 0.123 standard deviations in favor of the south
before 1917, before doubling to 0.246. Thus, though the average Italian immigrant was not positively
selected prior to the imposition of the literacy requirement, southerners were, particularly those from the
mezzogiorno. The literacy requirement improved the selection of migrants more forcefully from the relatively
more disadvantaged provinces, which had already generated positively selected migration prior to 1917.

In column (3), we estimate the relationship between the z-score and the province-cohort mean height
before and after 1917. Consistent with the findings in column (2), result 3, the negative relationship between
these two variables, existed before the literacy requirement; it strengthened after 1917, although this change
was not statistically significant.

To affirm that the shift was driven by the differential degree to which the literacy requirement bound,

64When the center and the mezzogiorno are divided, the coefficients are 0.113 (standard error 0.070) for the center and 0.123
(standard error 0.060) for the mezzogiorno.

65Note that due to the relatively small number of post-1917 passengers, the southern selection estimated in Table 4 for both
periods together is still very close to the pre-1917 estimate despite the sevenfold increase in the magnitude of selection following
1917. Dividing the south into center and mezzogiorno gives the following figures. In the center, prior to the literacy requirement,
selection was negative and marginally statistically significant (-0.059, p = 0.060) and positive and statistically significant after
1917 (0.109, p = 0.02). In the mezzogiorno, selection was positive and statistically significant both before (0.050, p = 0.001)
and after 1917 (0.227, p < 0.001).
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Passenger Lists and Human Capital

So height gives us another way to get at human capital

Height does suffer from some limitations (genetic
differences across different population groups, inability
to capture variation after full height is achieved, ...)

One thing it does show us in the context of Spitzer and
Zimran’s article is that the nature of selection can vary
across localities within a sending country
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Selection Into Migration

Let’s switch to something familiar, Long and Ferrie’s
work on the US versus Britain

We’ve already looked at how Long and Ferrie could link
individuals within the US and within Britain

This strategy also works for linking individuals between
the US and Britain

That means you can see the characteristics of who
moved and who stayed and trace the mobility patterns
of who moved and those who stayed
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Selection of British Migrants

So Long and Ferrie have linked records for US sons and
fathers, British fathers and with sons who stayed in
Britain, and British fathers with sons who moved to the
US

They are going to think about migration decisions being
the outcome of three equations:

y1i = β1X1i + ε1i if Mi = 1

y0i = β0X0i + ε0i if Mi = 0

Mi =

{
1 if γ1Zi + γ2(y1i − y0i ) + ui ≥ 0
0 otherwise
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Selection of British Migrants

y1i = β1X1i + ε1i if Mi = 1

y0i = β0X0i + ε0i if Mi = 0

Mi =

{
1 if γ1Zi + γ2(y1i − y0i ) + ui ≥ 0
0 otherwise

Here yji is the individual i ’s outcome in country j and
Xji is the individual’s observable characteristics

yij is an ordered set of occupational outcomes, from
best to worst it is: white collar, farmer, skilled and
semiskilled, and unskilled

Mi equals one if the individual migrates and zero if the
individual doesn’t
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Selection of British Migrants

y1i = β1X1i + ε1i if Mi = 1

y0i = β0X0i + ε0i if Mi = 0

Mi =

{
1 if γ1Zi + γ2(y1i − y0i ) + ui ≥ 0
0 otherwise

You can estimate these equations using the observed
migrants and stayers

Once you estimate the equations, you can use the
coefficients to predict what outcomes would have been
if migrants stayed or stayers migrated
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Selection of British Migrants

Parameter    Estimate     S . E   .                  [90% C.I.]

M(1) � , Movers 1.093 0.127 [ 0.883 1.302]

M(2) � , Stayers 1.028 0.138 [ 0.801 1.254]

S(3) � , Movers 1.128 0.153 [ 0.876 1.380]

S(4) � , Stayers 1.002 0.130 [ 0.787 1.216]

M(5) s , Selection of migrants=(1)-(2) 0.065 0.027 [ 0.021 0.109]

S(6) s ,  Selection of stayers=(4)-(3) -0.127 0.029 [-0.174 -0.080]

M(7) ô , Treatment Effect: Treated=(1)-(3) -0.036 0.196 [-0.359 0.288]

S(8) ô ,  Treatment Effect: Not Treated=(2)-(4) 0.026 0.186 [-0.281 0.333]
Average Treatment Effect 0.013 0.188 [-0.297 0.322]

Note: SEs and CIs are calculated by bootstrapping via data resampling with 500 repetitions.

Table 5. Selection and Treatment Parameters Based On Ordered Probit Switching Regression.

                             Ordered Probit Switching Regression
1881                               Movers                  Stayers                  Structural Probit (Move)
Characteristic â t-stat. â t-stat. â S. E  .           [90% C.I.]
Father’s Class: 1. WC 0.56 4.39*** 0.97 13.35***
Father’s Class: 2. F 0.48 2.30** 0.88 10.02***
Father’s Class: 3. SS 0.25 2.40** 0.37 6.35***
Age 0.13 0.93 0.10 1.47 0.16 0.15 [-0.10 0.41]
Age 0.00 0.85 0.00 1.44 -0.01 0.01 [-0.01 0.00]2

Father’s Age 0.00 0.23 0.01 3.60*** 0.00 0.01 [-0.01 0.01]
Father in Agric. -0.06 0.33 -0.43 6.19***
One Servant in HH 0.34 2.40** 0.34 4.07*** 0.11 0.17 [-0.17 0.40]
2+ Servants in HH 0.42 2.48** 0.55 4.96*** 0.02 0.23 [-0.35 0.40]
Age Discrepancy -0.02 0.30 -0.06 2.80*** 0.16 0.06 [ 0.06 0.26]
Eldest Child -0.06 0.74 -0.04 0.91 -0.12 0.09 [-0.28 0.04]
Oldest Brother in HH -0.07 0.06 [-0.17 0.02]
Children in HH 0.04 0.01 [ 0.02 0.06]
Mother Employed -0.19 0.07 [-0.31 -0.07]
Parish � Birth Parish -0.04 0.04 [-0.10 0.03]

M S�  - � -0.90 0.37 [-1.51 -0.29]
Constant -0.22 0.21 -0.37 0.74 -2.18 1.08 [-3.95 -0.39]

Note: Observations: 5,025. Omitted categories are “Father’s Class: 4. U,” “No Servants in HH,”
“<2 Servants in HH,” “Not Eldest Child,” “Not Oldest Brother in HH,” “Mother Not
Employed,” and “Parish=Birth Parish.” Structural Probit SEs and CIs calculated by
bootstrapping via data resampling with 500 repetitions.
* significant at 10%; ** significant at 5%; *** significant at 1%

Table 4. Ordered Probit Switching Regression (FIML).
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Selection of British Migrants

Figure 3. Intergenerational Occupational Mobility in the U.S., Britain, and in British-to-U.S.
Migrants (Multidimensional Scaling Scores)
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Selection of British Migrants

So it looks from Long and Ferrie like British migrants
may have been positively selected

It also looks like they experienced substantial
occupational mobility when arriving in the US, even
more than US sons were experiencing

But we have a bit of a problem

We only truly observe the impacts of migration for
those who decide to migrate

We can’t really say what would have happened if a
non-migrant was randomly chosen to migrate

Time to get more ambitious with data linking and
switch our focus to Norway
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The Norwegian Census
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Matching Migrants

Abramitzky et al. are going to match individuals
between the 1865 Norwegian census and the 1900
Norwegian and United States censuses

They use three different techniques:

Match 1: Use a standard iterative matching technique
to match the population of Norwegian-born men in
1900 to their childhood households in 1865 using name,
age, and country of birth
Match 2: Add province of birth for men who remain in
Norway
Match 3: Restrict to men who are unique by name
within a five-year age band in both censuses

These different approaches represent tradeoffs between
sample size and false matches
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What We Can and Can’t Learn From Individuals

By just observing migrants and non-migrants, we can
learn a few things

At most basic level, we can see occupational
distributions

Let’s take a look at overall occupational distributions
and then at the occupational distributions for migrants
and non-migrants separately

This will give us some (limited) insight into selection
and returns to migration
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Norwegians and the Roy Model

1835ABRAMITZKY ET AL.: EUROPE’S TIRED, POOR, HUDDLED MASSESVOL. 102 NO. 5

The remainder of the paper proceeds as follows. Section I discusses the historical 
context and related literature on the age of mass migration and migrant selection. 
Section II describes the data and the procedures we used to match migrants to their 
birth families in Norway. Section III presents our estimates of the return to migra-
tion, while Section IV contains additional direct evidence of migration selection. 
Section V concludes.

I. Contemporary and Historical Literature on Migrant Selection

A. Migrant Selection in the Roy Model

The Borjas model of migrant selection is both well-known and much-disputed in 
the migration literature. Borjas (1987, 1991) modified the Roy model (Roy 1951)
of occupational choice to generate predictions about the nature of migrant selec-
tion.6 In this framework, migrant selection is determined by the relative return to 
skill in the sending and destination economies. If the destination country exhibits 
higher return to skill than the source country, and therefore greater levels of income 
inequality, migrants will be drawn disproportionately from the top end of the source 
country’s skill distribution. If, instead, the destination country offers lower return to 
skill and is therefore more equal than the source, migrants will be drawn dispropor-
tionately from the lower tail of the source country’s skill distribution.

6For an alternative view on migrant selectivity, see Chiswick (1999, 2000).
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Figure 1. Cumulative Income Distribution Functions in the United States and Norway in 1900

Notes: US and Norwegian distributions contain all men aged 38 to 50 in the respective censuses of 1900. The x-axis
is scaled in 1900 US dollars. Individuals are assigned the mean earnings for their occupation and are arrayed from 
lowest- to highest-paid occupations. The Norwegian distribution is rescaled to have the same mean as the US distri-
bution (the actual Norwegian and US means are US$(1900)350 and US$(1900)643, respectively).
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Norwegians and the Roy Model

1842 THE AMERICAN ECONOMIC REVIEW AUGUST 2012

Figure 3 presents the occupational distributions of these migrants and stayers, 
with occupations arrayed from lowest- to highest-paid according to the average US 
earnings in that occupation.21 We omit farmers, the largest occupational category, 
for reasons of scale, but results are qualitatively similar when farmers are included. 
For men born in urban areas, migrants are more likely to hold low-paying jobs such 
as day laborer or servant, while the men remaining in Norway exhibit an occupa-
tion distribution that is skewed toward higher-paying jobs (for example, merchants).
Men born in rural areas are employed in similar jobs in both countries.

When we impose the same mean earnings by occupation in Norway and the 
United States, we find that, on average, migrants from urban areas hold occupations 
that pay 19 log points less than those held by the typical man from an urban back-
ground in Norway. Rural migrants also hold lower paying occupations although this 
gap is not as large (five log points). This negative “return to migration” is consistent 

21Chiquiar and Hanson (2005) conduct a similar exercise for Mexican migrants to the United States using the 
2000 census. They assign migrants the earnings that they would have received, given their education and experience 
level, if they had remained in Mexico. Patterns are qualitatively similar when we use Norwegian earnings to create 
a common occupational ranking. We present results using US earnings here simply because the US earnings data 
are richer, reflecting nearly 200 occupational categories.

Table 1—Common Occupations Held by Norwegian-Born Men in the United States and Norway

Panel A. Top ten occupations in matched sample, Norwegian-born men living in the United States in 1900

Rank Occupation Frequency Percentage Earnings

1 Farmers and planters 1,012 35.81 691
2 Laborers (general) 256 9.05 373
3 Carpenters and joiners 174 6.15 630
4 Farm laborers 101 3.57 255
5 Painters, glaziers, and varnishers 66 2.33 624
6 Sailors 60 2.12 467
7 Saw and planing mill workers 42 1.49 572
8 Machinists 39 1.38 736
9 Railroad laborers 36 1.27 460

10 Salesmen 32 1.13 680
Total   1,818 64.33

Notes: N = 2,826. Occupation data collected by hand from census manuscripts on Ancestry.com. Annual earnings 
by occupation data from the 1901 Cost of Living Survey reported in Preston and Haines (1991) in year 1900 dollars. 
Average income of owner-occupier farmers is estimated using data from the US census of agriculture.

Panel B. Top ten occupations in matched sample, Norwegian-born men living in Norway in 1900
Rank Occupation Frequency Percentage Earnings

1 General farmers 4,189 22.26 393
2 Farmer and fisherman 1,522 8.09 321
3 Merchants and dealers 722 3.84 837
4 Fisherman 709 3.77 248
5 Husbandmen or cottars 658 3.50 114
6 Farm workers 597 3.17 175
7 Carpenters 505 2.68 312
8 Shipmasters and captains 459 2.44 298
9 Cottar and fisherman 412 2.19 321

10 Seamen 351 1.87 182
Total   10,124 53.79

Notes: N = 18,820. Historical International Standard Classification of Occupations (HISCO) occupation catego-
ries. Annual earnings by occupation data from Statistik Centralbureau (1905) and Grytten (2007). Values reported 
in year 1900 dollars. Average incomes of owner-occupier farmers and fishermen are estimated using data from the 
Norwegian census of agriculture.
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Announcements

Let me know if you didn’t get an email confirmation for
your second referee report

Time to really focus on your data projects and thinking
about research project ideas

Today and Wednesday we are going to wrap up
immigration

Up next: education, returns to skill, and inequality

Gray (2013) “Taking Technology to Task: The Skill
Content of Technological Change in Early 20th Century
United States”
Parman (2011) “American Mobility and the Expansion
of Public Education”
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Norwegians and the Roy Model

So in the context of Norway, it looks like we would
expect negative selection of migrants

Why? The US earnings distribution was more
compressed at the time than that of Norway

One thing to think about: could low earning
Norwegians really afford the trip?

Seems that way, the total cost of migration was about
18 percent of the annual earnings of a Norwegian farm
laborer (compare this to our discussion of indentured
servitude)

How will this negative selection impact estimates of the
return to migration?
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The Returns to Migration

Let’s start with a very naive estimate of the returns to
migration:

ln(Earningsi ) = α+β1(Migranti )+β2(Agei )+β3(Agei )
2+εi

In this equation, we can think of β1 as representing the
return to migration

Let’s see what Abramitzky et al. get when running this
regression
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The Returns to Migration - Historical

1845ABRAMITZKY ET AL.: EUROPE’S TIRED, POOR, HUDDLED MASSESVOL. 102 NO. 5

in the United States circa 1900 using data from the Immigration Commission and 
the census.26 As expected in this case, the return to migration falls to 47 log points 
(60 percent). Taken together, these adjustments suggest that the baseline estimates 
may be overstated due to the native-born and urban bias of the earnings data.

Note also that we capture the return to migration at a specific point, after three 
decades of United States-to-Norway migration. Ultimately, one could expect wages 
in the two countries to converge as out-migration reduced the labor supply in the 
sending country (O’Rourke and Williamson 1995, 1999, 2004). As a result, the 
return to migration would likely fall over time as the two countries experienced 
wage convergence.

B. Comparing Migrant and Nonmigrant Brothers within Households

The return to migration estimated in equation (1), β1, would be the true return 
if migrants were selected randomly from the Norwegian population. If, however, 
migrants are (positively or negatively) self-selected, then β1 will be biased. We next 

26According to the Immigration Commission, Scandinavian migrants earned 15 log points below native-born 
workers in the same industry (Hatton and Williamson 1998). This wage penalty reflects not only the fact that, within 
industries, migrants may have held lower-paying occupations but also that migrants may have earned less than 
natives even within a given occupation. Using supplemental census data, we infer that the majority of this earnings 
penalty (13 log points) was due to within-occupation differences in wages. In particular, we use the 1900 IPUMS 
sample to run a regression of our (log) occupation-based earnings measure on being born in Scandinavia and 
industry fixed effects for the 16 narrowly defined mining and manufacturing industries reported in the Immigration 
Commission data. The Scandinavia coefficient is −0.018 (p-value = 0.102), leading us to conclude that all but 2 
log points of the 15-point wage penalty appears to have been due to within-occupation differences in wages. We 
note that some portion of the 13 log-point wage gap could be due to the fact that migrants are negatively selected. 
That is, perhaps migrants’ earnings would have been in the lower tail of the wage distribution in their occupation 
regardless of whether they lived in Norway or the United States. In this case, we would not want to adjust the return 
to migration for (all of) this 13 log-point wage gap. As a result, we choose not to highlight this specification as our 
preferred estimate of the return to migration.

Table 2—OLS Regressions of the Return to Migration from Norway to the United States

Dependent variable = ln(earnings)

Match 1

Population Match 1 Match 2 Match 3 Weighted Iowa data Add penalty

(1) (2) (3) (4) (5) (6) (7)

In US 0.609 0.606 0.644 0.572 0.641 0.554 0.466

(0.017) (0.009) (0.009) (0.015) (0.024) (0.010) (0.009)

N 122,620 17,501 33,641 7,596 14,647 17,352 17,501

Notes: Standard errors are reported in parentheses. All regressions control a quadratic in age. The first column con-
tains a representative sample of the population of Norwegian-born men between the ages of 38–50 in 1900 from the 
100 percent 1900 Norwegian census and 1 percent 1900 US census sample (IPUMS). Column 2 reports estimates 
from the first matched sample, which is based on an iterative matching strategy that searches first for an exact match 
and then for matches in a one- or two-year age band. Column 3 uses the second matched sample, which allows men 
to match in Norway by name, age, and province of birth. Column 4 reports estimates from the third matched sam-
ple, which instead requires that matched observations be unique within a five-year age band. Columns 5 through 
7 return to the first matched sample. In column 5, US migrants are assigned earnings from the 1915 Iowa census 
(appropriately adjusted for inflation). We lose 157 observations whose occupations do not match categories in the 
Iowa census. In column 6, we reduce the Cost of Living earnings by 13 log points in each occupation based on 
the earnings penalty for Scandinavian migrants reported in Hatton and Williamson (1994). Column 7 weights the 
matched sample to reflect the urban status, asset holdings and occupational distribution of fathers in the full popula-
tion. We lose 2,905 observations because of missing information (primarily missing data on fathers’ occupations).
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The Returns to Migration and Selection

ln(Earningsi ) = α+β1(Migranti )+β2(Agei )+β3(Agei )
2+εi

But there is a big problem interpreting β1 as the return
to migration

If migrants are negatively (or positively) selected,
chances are εi will be correlated with Migranti

This is going to give us biased estimates

So what can we do about this?
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The Returns to Migration and Selection

We can think about taking advantage of brothers in the
sample

Suppose that εij can actually be thought of as having
two components:

εij = αj + νij

Here we’ve added j to indicate individuals i ’s household

αj is a household-specific component of the error term
and νij is the individual-specific component

What happens if we run a regression with household
fixed effects?
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The Returns to Migration and Selection

ln(Earningsij) = αj+β
′
1(Migrantij)+β′2(Ageij)+β′3(Ageij)

2+νij

Including household fixed effects through αj eliminates
common household characteristics (both observed and
unobserved) from the error term

If migrants are negatively selected, we would expect β′1
to be bigger than β1

If migrants are positively selected, we would expect β′1
to be less than β1

Let’s see what we get
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evidence that the migrant flow from Norwegian cities and towns was drawn from 
households from a lower occupational stratum and that migrants from rural areas 
were positively selected.

C. Individual-level Instruments for Migration

Even within households, brothers can differ in unmeasured personal attributes 
(denoted as νij in equation (2)). Appendix A provides complementary evidence on 
the return to migration and migrant selection using the gender composition of a 
man’s siblings and his place in the household birth order to instrument for migra-
tion. Both of these factors influence a man’s expectation of inheriting farmland in 
Norway and therefore his probability of migrating to the United States. The exclu-
sion restrictions are that these two factors do not affect our measure of occupation-
based earnings directly, and the Appendix provides supporting evidence that this 
was likely the case in our context.

We focus on the subsample of men born in rural areas whose childhood household 
held some assets in 1865. Conditional on the number of siblings in the household, the 
presence of an additional brother increases an individual’s probability of migrating 
to the United States by 1.6 percentage points (relative to the sample migration rate of 
11.9 percent). Men who rank third or higher in the son order are around 5 percentage 

Table 3—Ols and Within-Household Estimates of the Return to Migration. 
Households with Two or More Members in the Matched Sample

Dependent variable = ln(earnings); Coefficient on = 1 if migrant

Full sample, 1865 Rural, 1865 Urban, 1865

Panel A. Unweighted
OLS 0.545 0.607 0.384

(0.027) (0.034) (0.044)

Within household 0.511 0.508 0.508
(0.035) (0.045) (0.057)

Chi-squared 1.49 7.47 8.31
p-value 0.2218 0.0063 0.0039
N 2,655 1,823 832
Number of migrant-stayer pairs 326 167 159

Panel B. Weighted
OLS 0.586 0.609 0.443

(0.029) (0.033) (0.067)

Within household 0.542 0.529  0.561
(0.039) (0.042) (0.049)

Chi-squared 2.13 4.60 5.65
p-value 0.1441 0.0320 0.0175
N 2,241 1,666 306
Number of  migrant-stayer pairs 269 140 129

Notes: Each cell contains coefficient estimates and standard errors from regressions of ln(earnings) on a dummy 
variable equal to one for individuals living in the United States in 1900. Regressions also include controls for age 
and age squared. In each panel, the first row conducts an OLS regression for the restricted sample of households that 
have at least two matched members in the dataset and the second row adds household fixed effects. Panel B contains 
results from regressions weighted to reflect the urban status (full sample only), asset holdings, and occupational 
distribution of fathers in the full population. We conduct chi-squared tests of the null hypothesis that the OLS and 
within-household coefficients are equal.
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The Returns to Migration and Selection

So have we solved our selection issue?

Only if the problematic component was αj , the
characteristics common to both brothers

These are certainly important (think about the role of
parents) but may not capture everything that matters

What can we do if the problem is really νij?

Household fixed effects effects won’t help us here
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The Returns to Migration and Selection

So what can we do about νij?

We can’t rely on fixed effects to get rid of νij

What we can do is try to find some variation in the
decision to migrate that is uncorrelated with νij

More specifically, we would like an instrument that is
correlated with the decision to migrate but uncorrelated
with all of the other unobserved characteristics that
influence earnings

What can we use?
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panel C range from 67 to 70 log points (95 to 101 percent). The larger IV coefficient 
suggests that the simple earnings comparison may be biased downward by a small 
amount, a pattern that is again consistent with mild negative selection of migrants 
from rural areas.36
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Appendix Table A1—Birth Order and Number of Brothers 
as Instruments for Migration to the United States

(1) (2) (3)

Panel A. First stage Dependent variable = In US in 1900

Number of brothers 0.016 0.011
(0.006) (0.006)

2nd brother −0.000 —
(0.012)

3rd brother 0.047 0.037
(0.019) (0.019)

4th or higher brother 0.076 0.058
(0.035) (0.036)

Panel B. OLS Dependent variable = ln(earnings in 1900)
In US in 1900 0.642

(0.019)

Panel C. IV Dependent variable = ln(earnings in 1900)
In US in 1900 0.669 0.696 0.668

(0.436) (0.381) (0.338)

Over-ID test (p-value) 0.869
N 4031 4031 4031

Notes: Standard errors are reported in parentheses. The sample includes men in Match 1 who 
lived in a rural household that had some assets in 1865 and whose mother is 42 years old or 
younger in 1865. The regressions also include a quadratic in age and dummy variables for total 
number of siblings in the household (see equation (3) in the text). In column 3, we report the 
p-value from a Sargan (chi-squared) test of overidentification.
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The Returns to Migration and Selection

There is one big question to think about with these
results

The returns to migration are being estimated from
mean earnings by occupation

What if migrants earn more or less within a given
occupation?

This seems like a very plausible scenario

Let’s work through this as a class in Stata
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The Returns to Migration and Selection

We’ll use the dataset 1940-census-income-data.dta

These data come from the IPUMS 1% sample of the
1940 federal census

Variables are exactly as downloaded from IPUMS, check
definitions here

As a class, we are going to figure out how to best
identify whether immigrant and native earnings differ
within occupational categories and much this changes
our interpretation of the returns to migration

Let’s head over to Stata
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Announcements

A cluster of class cancellations: March 29th, April 3rd,
April 5th

Internet may be spotty for me April 3rd through April
7th

Consider getting a jump on data and the final research
project so you can get questions answered before April 3

Up next: education, returns to skill, and inequality

Gray (2013) “Taking Technology to Task: The Skill
Content of Technological Change in Early 20th Century
United States”
Parman (2011) “American Mobility and the Expansion
of Public Education”
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Assimilation after Migration

So we have (sort of) established the returns to
migration

The next question is what inequality and mobility look
like for migrants after arrival

Do they converge with the native population in terms of
earnings, education, social norms, etc.?

Let’s start by thinking about earnings convergence for
the migrants themselves (their kids are a whole other
story)
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Estimating Earnings Convergence

Given a single cross section of data, we might think
about estimating earnings convergence with the
following equation:

ln(yi ) = α+ β1FBi + β2FBi ·Ti + β3FBi ·T 2
i + γXi + εi

Here ln(yi ) is log annual earnings, FBi is an indicator
for being foreign born, Ti is the number of years since
migration, and Xi are observable characteristics that
may influence earnings

β1 then tells us the earnings gap between native-born
individuals and migrants when the migrant first arrives

β2 and β3 then let us describe the speed at which
earnings converge (or don’t converge) to those of
natives
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Estimating Earnings Convergence
 908 JOURNAL OF POLITICAL ECONOMY

 TABLE 2

 REGRESSION ANALYSIS OF EARNINGS FOR NATIVE- AND
 FOREIGN-BORN ADULT WHITE MEN, 1970

 NATIVE NATIVE AND FOREIGN FOREIGN
 BORN BORN BORN

 (1) (2) (3) (4) (5)

 EDUC .07154 .07058 .07004 .07164 .05740
 (53.78) (55.68) (55.18) (54.11) (12.93)

 T ..03167 .03050 .03071 .03097 .02028
 (22.99) (22.86) (22.99) (23.10) (3.47)

 T2 .-.00052 -.00049 -.00050 -.00051 -.00031
 (-20.77) (-20.45) (-20.78) (-20.93) (-3.18)

 LN \VWNVN. ..... 1.10335 1.10326 1.10169 1.10111 1.07151
 (81.75) (84.78) (84.70) (84.67) (21.97)

 RURALEQ1 ... -.17222 -.16970 -.17080 -.16915 -.05821

 (-20.28) (-20.25) (-20.39) (-20.18) (-1.13)
 SOUTHEQ1 ... -.12090 -.12620 -.12530 -.12389 -.21587

 (-14.17) (-15.01) (-14.91) (-14.74) (-4.38)
 NOT'MSI ' -.30647 -.31078 -.30947 -.30874 -.34498

 (-27.76) (-28.97) (-28.86) (-28.79) (-7.66)
 FOR * .02951 -.16359 .00990 *

 (1.75) (-4.32) (0.18)
 (FOR) (YSM) * * .01461 .01555 .01500

 (3.98) (4.23) (3.87)
 (FOR) (YSM2) * * -.00016 -.00018 -.00019

 (-2.47) (-2.79) (-2.82)
 (FOR) (EDUC) * * * -.01619 *

 (-4.23)
 CONSTAIN'T -1.03646 -1.01537 -1.00016 -1.02156 -.78891
 Observations

 (N) .34,321 36,245 36,245 36,245 1,924
 R ..55423 .55455 .55533 .55564 .58194
 2 ................ .30717 .30753 .30839 .30873 .33866
 Standard error .70900 .71008 .70966 .70949 .71676

 SovRcI..-U.S. Bureau of the Census 1972.
 NOTE.-t-ratios in parentheses; dependent variable: natural logarithm of earnings in hundreds of dollars.
 * Variable not entered.

 future earnings) than native-born men with similar measurable character-

 istics, even though they eventually have higher annual earnings.

 For the earnings of the foreign born to exceed the native born eventually

 suggests that the greater ability, work motivation, or investments in

 training of the foreign born more than offset whatever earnings disadvan-
 tages persist from discrimination against them or from their initially having

 less knowledge and skills relevant in U.S. labor markets."2 It also indicates
 that the total gains from migration are greater the younger the immigrant.

 The interaction of the foreign born and the education variables is
 negative and highly significant (table 2, col. 4). For the native born, an

 21 If immigrants have higher earnings because they are more able or more highly
 motivated (or for some other unmeasured reason), and if this is, in part, transmitted from
 one generation to the next, the native-born sons of immigrants would be expected to
 have higher earnings than the native-born sons of native-born parents. Empirically,
 other things the same, the native-born sons of immigrants (one or both parents foreign
 born) have earnings that are 5 percent higher than the sons of native-born parents, and

 the difference is highly significant (t = 4.7 ). If the mother is native born, a foreign-born
 father is associated with 8 percent (t = 4.1 ) higher earnings (see Chiswick 1977).

This content downloaded from 72.218.65.10 on Wed, 14 Mar 2018 00:17:41 UTC
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Estimating Earnings Convergence
 EARNINGS OF FOREIGN-BORN MEN 9I5

 TABLE 3

 REGRESSION ANALYSIS OF EARNINGS FOR ADULT FOREIGN-
 BORN WHITE MEN WITHIN COUNTRY CATEGORIES, 1970

 BORN IN MEXICO BORN IN ENGLISH- FOREIGN BORN OTHER
 OR NATIVE BORN OF SPEAKING Di VEL- THAN ENGLISH-SPEAKING
 SPANISH SURNAME* OPED COUNThiESt DEVELOPED COUNTRIESt

 (1) (2) (3) (4) (5)

 EDUC ........... .03573 .04324 .09217 .05211 .05086
 (4.01) (4.28) (5.70) (10.27) (7.06)

 T ........... .01211 .01373 .06139 .01147 .01070
 (1.15) (1.30) (5.11) (1.67) (1.42)

 'TI2 ........... -.00028 -.00030 -.00095 -.00018 -.00017
 (-1.62) (-1.74) (-4.49) (-1.59) (-1.33)

 LN WW ......... 1.16436 1.16567 1.06921 1.05887 1.05879
 (12.47) (12.50) (11.39) (18.72) (18.71)

 RURALEQ1 ... -.14442 -.14008 -.10296 -.05025 -.05122

 (-1.72) (-1.67) (-1.30) (-.77) (-.79)
 SOUTHEQ1 ... -.24159 -.22760 -.12351 -.24956 -.24896

 (-3.81) (-3.56) (-1.31) (-4.36) (-4.34)

 NOTMSP ...... -.45087 -.45043 -.41734 -.32680 -.32709

 (-5.91) (-5.91) (-5.09) (-6.16) (-6.17)
 FOR ........... -.33633 -.18680 1 +

 (-2.55) (-1.15)
 (FOR) (EDUC) $ -.02402 t +

 (-1.57)
 (FOR) (YSM) .02715 .03027 .01456 .01877 .01799

 (2.05) (2.26) (1.43) (4.15) (3.25)

 (FOR) (YSM2) -.00033 -.00038 -.00004 -.00024 -.00024
 (-1.38) (-1.59) (-.33) (-3.09) (-3.08)

 (EDUC) (YSM) $ t -.00103 $ .00007
 (-2.06) (.24)

 CONSTANT ... -.73694 -.84163 -1.48900 -.62107 -.59879

 Observations
 (N) ........... 804 804 439 1,485 1,485

 R ........... .55229 .55424 .63190 .56761 .56764
 R ............... .30503 .30718 .39930 .32218 .32221
 Standard error .80627 .80533 .61350 .74032 .74056

 SOURCE.-U.S. Bureau of the Census 1972.
 NOTE.-t-ratios in parentheses: dependent variable: natural logarithm of earnings in hundreds of dollars.
 * For the five Southwestern states Arizona, California, Colorado, New Mexico, and Texas.
 t The English-speaking developed countries are Great Britain, Ireland, Canada, Australia, and New

 Zealand.
 $ Variable not entered.

 earnings rise with time in the United States, and equal those of the native

 born after about 15 years, after which the immigrants have higher earn-

 ings (table 3, col. 1).

 The finding of significantly lower earnings among Cuban immigrants

 is modified when the data are examined more closely. In an analysis

 comparing Cuban immigrants with native-born white men, whether

 limited to urban Florida, the New York area, or the rest of the country,
 the Cubans in the United States 10 to 15 years (i.e., who came between
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Estimating Earnings Convergence

ln(yi ) = α + β1FBi + β2FBi · Ti + β3FBi · T 2
i + γXi + εi

These estimates often suggest rapid earnings
convergence (∼ 15 years) but there is a big problem
with this interpretation

If we use a single cross section, our Ti variable is
picking up two very different things

Earnings convergence due to additional time in the US
Trends in cohort quality over time

How can we get around this problem?

One thing we can try is repeated cross sections
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Estimating Earnings Convergence

Consider the earnings difference in the year 2010
between the cohort migrating in 1980 and the cohort
migrating in 1990:

ln(y10,80) − ln(y10,90)

The naive interpretation is that this difference is due to
the extra ten years of time in the US for the 1980 cohort

However, consider this decomposition of the earnings
difference:

ln(y10,80) − ln(y10,90) = (ln(y10,80) − ln(y00,80)) +

(ln(y00,80) − ln(y10,90))
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Estimating Earnings Convergence

ln(y10,80) − ln(y10,90) = (ln(y10,80) − ln(y00,80)) +

(ln(y00,80) − ln(y10,90))

The term on the left is capturing earnings growth for
the 1980 cohort from 2000 to 2010

The term on the right is capturing difference in earnings
between the 1980 and 1990 cohorts when each had
been in the country for 20 years

J. Parman (College of William & Mary) American Mobility, Spring 2019 March 20, 2019 8 / 43



Estimating Earnings Convergence

 Assimilation and Earnings of Immigrants 477

 Table 3
 Decomposition of Cross-Section Growth in Immigrant Earnings

 Group and Year Cross-Section Within-Cohort Across-Cohort
 of Immigration Growth Growth Growth

 White
 1965-69 .0665 .0029 .0636

 (1.46) (.20) (1.61)

 1960-64 .1690 -.0111 .1801
 (3.33) (-.17) (4.14)

 1950-59 .0558 .0089 .0469

 (1.80) (.59) (1.54)

 Black
 1965-69 .2662 .0041 .2621

 (5.73) (.10) (3.35)
 1960-64 .0066 -.1540 .1606

 (.10) (-1.49) (1.65)
 1950-59 -.0831 -.2303 .1472

 (-1.33) (-2.18) (1.58)

 Asian:
 1965-69 .2829 .1972 .0857

 (20.26) (4.62) (2.27)

 1960-64 .1754 .1105 .0649
 (8.48) (1.80) (1.30)

 1950-59 .0204 .0327 -.0123

 (.96) (.39) (-.01)

 Mexican:
 1965-69 .3044 .1717 .1327

 (10.57) (3.67) (2.92)

 1960-64 .1497 .0486 .1011
 (5.00) (.94) (2.19)

 1950-59 .1091 .1024 .0067

 (4.12) (2.28) (.20)

 Cuban:
 1965-69 .3677 .1031 .2646

 (7.99) (1.89) (3.82)
 1960-64 .1495 .1037 .0458

 (5.60) (2.41) (.94)

 1950-59 .0455 .1121 -.0666
 (1.73) (1.68) (-1.06)

 Other Hispanic:
 1965-69 .2334 .0331 .2003

 (12.12) (.69) (4.93)

 1960-64 .1580 .0058 .1522

 (7.51) (.01) (3.39)
 1950-59 .0850 .0153 .0697

 (3.67) (.14) (1.36)

 SOURCE.-Appendix tables A2 and A3.
 NOTE.-The t-ratios are given in parentheses.

 only reason for the difference between cross-section and within-cohort
 effects. In particular, if the fall in aggregate wage levels was neutral
 across immigrant cohorts and national groups, the results in table 3
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Estimating Earnings Convergence

So do repeated cross sections solve all of our problems?

Not quite, there is still a (potentially big) issue of return
migration

If return migration is not random, which it most
certainly isn’t, our remaining migrants in later census
waves may be a pretty select group

What to do? Switch to longitudinal data

Why not do this in the first place? Same reason we’ve
had to get creative with mobility measures

Longitudinal data can be very hard to get your hands
on and often leaves you with very small sample sizes
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Estimating Earnings Convergence

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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Estimating Earnings Convergence
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Figure 5. Inferring Assimilation from Cross-Sectional and Panel Data

Notes: The top graph depicts the earnings of four hypothetical migrants. For illustrative purposes, we assume 
that natives earn 100 in every year. Migrants A and B arrived in 1895 and earn 100 and 80 respectively. 
Migrant B returns to his home country in 1909. Migrants C and D arrived in 1915 and earn 60 and 40 respec-
tively. The bottom row of graphs depicts inferred assimilation profiles from a series of hypothetical datasets 
containing subsets of these migrants. With a single cross-section of data (say, the 1920 census), a researcher 
would compare the earnings of immigrants C and D (who arrived in 1915) to the earnings of immigrant A 
(who arrived in 1895) and infer that immigrants fully close the earnings gaps with natives after 25 years in the 
United States. With repeated cross sections, a researcher would follow the cohort that arrived in 1895 (immi-
grants A and B), say between the 1900 and 1920 census. As immigrant B leaves the United States, the average 
earnings of the cohort increase despite the fact that, by construction, they are constant over time for each indi-
vidual immigrant. A panel dataset allows researchers to measure the true pace of earnings growth over time.
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Announcements

A cluster of class cancellations: March 29th, April 3rd,
April 5th

Internet may be spotty for me April 3rd through April
7th

Consider getting a jump on data and the final research
project so you can get questions answered before April 3

Up next: education, returns to skill, and inequality

Gray (2013) “Taking Technology to Task: The Skill
Content of Technological Change in Early 20th Century
United States”
Parman (2011) “American Mobility and the Expansion
of Public Education”
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Earnings Convergence in the Age of Mass Migration

Fig. 2. 
—Convergence in occupation score between immigrants and native-born workers by time 

spent in the United States, cross-sectional and panel data, 1900–1920. The graph plots 

coefficients for years spent in the United States indicators in equation (1). Note that for the 

panel line, we subtract the native-born dummy from the years in the United States indicators 

(because the omitted category in that regression is natives in the panel sample). See table 4 

for coefficients and standard errors.
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Earnings Convergence in the Age of Mass Migration

Fig. 3. 
—Earnings gap between the native- and foreign-born in the panel sample: natives versus 

immigrants upon first arrival (0–5 years in the United States) and after time in the United 

States (30+ years in the United States), by country of origin. The graph reports co-efficients 

on the interaction between country-of-origin fixed effects and dummy variables for being in 

the United States for 0–5 years or for 30+ years from regression of equation (1) in the panel 

sample. All coefficients for the 0–5 year interaction are significant except those for Austria, 

Germany, Ireland, Italy, and Sweden. None of the differences between the 0–5 year and 30+ 

year coefficients are significant except for those of Finland and Ireland.
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What Aids Assimilation?
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What Aids Assimilation?

Many things might help or hinder earnings assimilation

We’ll consider a few different things:

Language
Ethnic enclaves
Discrimination
Cultural assimilation
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What Aids Assimilation?

One critical thing may be language

Certainly fluency in English likely helps in the US labor
market

However, we have a pretty big identification problem

English-speaking migrants are coming from a very
different set of countries than non-English-speaking
migrants

How do we tell what’s due to English and what’s due to
other factors that differ by these countries?

Let’s take a look at the approach of Bleakley and Chin
(2004)

J. Parman (College of William & Mary) American Mobility, Spring 2019 March 22, 2019 6 / 34
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English Fluency and Assimilation

standardized tests (owing to no fault of his own), and yet
might perform with near zero variance. The best AP
possessor is therefore not necessarily the one with the
fewest errors, but with the lowest variance [2].

Origins of AP: phylogeny and ontogeny

Many animals show preferential processing for absolute
qualities of stimuli over relational information; it is a
cornerstone of learning theory that relational processing
requires greater cognitive sophistication. With regard to
pitch procesing, rats and wolves have been shown to use
AP information, in the latter to identify members of their
own pack. Starlings and rhesus monkeys first attempt to
solve pitch tasks with AP, and if that fails, can resort to RP
as a secondary strategy [22]. Monkeys but not songbirds
show ‘octave equivalence’ (treating two tones an octave
apart as the same; see Box 1), indicating that this form of
RP developed after the divergence between birds and
mammals [23].

The natural predisposition for pitch production and
perception in human infants is an area of active research
[24–26] (see Box 3). During the first few months of life, the
fundamental frequency of infants’ cries stabilizes to a
fairly constant pitch, a given infant showing a variation of
less than one semitone [27]. This suggests the existence of
an auditory–motor control feedback network that attends
to absolute pitch values. Two experiments found AP to be
the dominant perceptual mode of processing for 8-month
olds [24,28], followed by a developmental shift towards
RP. However, RP information can be elicited by (AP)
infants in certain tasks [29], and one study concluded that
AP information is not available to 6-month olds [30,31],
so the picture is not clear as yet. Task demands and
stimulus configuration clearly influence the types of
results obtained and further work in this area is being
actively pursued.

Critical periods

Studies suggest that AP is acquired before the age of 9
[32–34], and no case exists of an adult successfully
acquiring it [2]. This has led to conjecture that, like

grammar and phonology in spoken [35] and signed
languages [36], AP must be acquired during a ‘critical
period’ or maturational stage before the development of
other cognitive skills that might undo it. Indeed, the
existence and high incidence of late-acquiring AP posses-
sors among developmentally delayed populations such as
Williams Syndrome [37] and autism [38] supports the
maturational stage idea. The discovery of a small number
of individuals who apparently acquired AP outside the
critical window [38,39] does not, of course, contradict the
critical-period hypothesis, given the statistical properties
of biological distributions [40] (see Figure 2).

Further evidence in favor of a critical period for AP is
that many AP possessors are better at identifying or
producing the white notes of the keyboard, those tones

Box 3. A genetic basis for absolute pitch?

A reasonable explanation for the unequal distribution of AP in the

general population is that there exist genetic predispositions towards

some of the underlying traits necessary for its development. A

significant association between siblings who claim AP has been

shown [60], although AP status was not confirmed in that report. Other

evidence is an ethnicity cluster for AP; that is, a higher rate of AP

among Asians [34] that is not attributable to sociocultural variables,

because the elevated rate is also found in Americans of Asian descent.

Speaking a tonal language cannot alone account for this finding, as

not all Asian languages are tonal [70].

A genetic predisposition might be necessary but clearly is not

sufficient: tone labels must still somehow be learned. When the type of

musical training received was compared across ethnic groups, Asians

were significantly more likely to have received ‘fixed pitch training’

(i.e. reinforcing tone/name associations), such as the Suzuki method,

compared with Caucasians (29% versus 6%) [34]. This is predicted by

the ‘unlearning theory’ [2], which posits that all children are born with

AP but musical-interval training causes them to unlearn it.

The most convincing evidence for a genetic basis for AP would be to

compare adopted children with their biological and adoptive parents,

or to study monozygotic twins reared apart (MZA), as has been

successfully done for several traits, including religiosity, honesty and

phobias. However, the number of MZA and AP possessors both being

rare might render this approach impractical.

The search for a genetic component of AP may be inherently

doomed [10] because of the difficulty in separating genes from

environment in a skill that certainly must be taught, learned and

nurtured. By analogy, most parents who speak French raise French-

speaking children, but one need not invoke a genetic explanation –

French is simply what those children are taught. Most importantly,

one must ask what such putative genes would be coding for, and what

the possible evolutionary value would be. Whereas pitch labelling

might not confer any obvious value, a good pitch memory would,

enabling those with it to detect subtle pitch changes in the voice of

friends and foes, changes that might indicate anger, pleasure, stress or

illness. The link between good pitch memory and pitch labelling is not

yet clear, but the former would seem to be a prerequisite for the stable

category formation associated with AP.

TRENDS in Cognitive Sciences 
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Figure 2. Data from retrospective reports on age of acquistion of AP, as modeled by

a Gamma function. This suggests the possible existence of a critical period for AP

acquisition. Gamma functions are consistent with a number of biological,

developmental processes, because they are constrained at zero. The modal age

of acquisition is around 7 years old. The existence of individuals beyond the mode

should not be taken as evidence against the critical period hypothesis; a small

number of individuals in the tails of the distribution are to be expected on statistical

grounds. Redrawn with permission from [40].
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 LANGUAGE SKILLS AND EARNINGS: EVIDENCE FROM CHILDHOOD IMMIGRANTS
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 FIGURE 1.-ENGLISH-SPEAKING ABILITY BY AGE AT ARRIVAL

 Panel A. Regression-Adjusted Means
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 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.

 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 lB 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 lB.

 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.

 TABLE 2.-DIFFERENCE IN DIFFERENCES WITH BINARY TREATMENT VARIABLE

 Speaks English Speaks Speaks English Ability Log
 Not Well, Well, English Well English Ordinal Annual

 Dependent variable: or Very Well or Very Well Very Well Measure Wages
 Mean for old & non-Eng. ctry.: 0.9800 0.8911 0.6548 2.5259 9.6652

 (1) (2) (3) (4) (5)

 (Arrived young) X (non-English- 0.0142*** 0.0794*** 0.2188*** 0.3124*** 0.1221***
 speaking country of birth) (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 -0.0109*** -0.0681*** -0.2178*** -0.2968*** -0.1277***
 of birth (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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English Fluency and Assimilation
 THE REVIEW OF ECONOMICS AND STATISTICS

 FIGURE 2.-LOG ANNUAL WAGES BY AGE AT ARRIVAL

 Panel A. Regression-Adjusted Means
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 FIGURE 3.-YEARS OF SCHOOLING BY AGE AT ARRIVAL

 Panel A. Regression-Adjusted Means
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 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.

 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

 1 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.

 1'12 3 4 5 6 7-- :'8 i1t 12 13 14 15 16 17

 age at arrival to the U.S. (in 3-year groups)

 I -- non-Eng minus Eng - - - - lower 95% Cl .---- upper 95% Cl |

 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.

 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
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Immigrant Enclaves and Assimilation

A quick note on measuring segregation

There are a variety of measures capturing different
dimensions of segregation

The dissimilarity index is a measure of evenness

Let Ni be the number of native-born individuals in
neighborhood i and Fi be the number of foreign-born
individuals

The dissimilarity index is then:

D =
1

2

n∑
i=1

∣∣∣∣ Fi
Ftotal

− Ni

Ntotal

∣∣∣∣
A larger value corresponds to greater segregation
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Immigrant Enclaves and Assimilation

 482 THE REVIEW OF ECONOMICS AND STATISTICS

 Figure 2. - Dissimilarity for Older Immigrant Groups, 1910-2000

 Observations are weighted averages of statistics for immigrant communities, with weights equal to the
 number of immigrants in the community.

 dissimilarity of "old" and "new" European immigrant
 groups, mirror the overall trend toward increasing dis-
 similarity in the later twentieth century. Isolation, on the
 other hand, has been decreasing for most of these groups,
 as seen in figures 3 and 5. As seen in table 1, the older
 immigrant groups of Northern and Western Europe have
 historically had lower segregation levels than those of
 Southern and Eastern Europe; this gap appears to be
 closing in recent data.

 Omissions in Census reporting make it difficult to con-
 struct historical time series on the segregation of Asian and
 Latin American immigrant groups. Figures 6 and 7 summa-
 rize the available dissimilarity and isolation indices for
 these groups. The newest immigrant groups generally ex-
 perience high levels of segregation. For the groups shown
 here, however, dissimilarity has been either constant or

 Figure 3.- Isolation for Older Immigrant Groups, 1910-2000

 Observations are weighted averages of statistics for immigrant communities, with weights equal to the
 number of immigrants in the community.

 Figure 4. - Dissimilarity for New Immigrant Groups, 1910-2000

 Observations are weighted averages of statistics for immigrant communities, with weights equal to the
 number of immigrants in the community.

 decreasing in recent years. Isolation, by contrast, has re-
 mained steady or risen for each group in each decade since
 1970.

 Analyzing the graphs as a group, several notable patterns
 appear. The considerable rise in overall average dissimilar-
 ity between 1950 and 1990 is not replicated in the time
 pattern for any individual group. While dissimilarity in-
 creased for many groups between 1950 and 1970, the
 general picture between 1970 and 1990 is one of stasis or
 decline for most immigrant groups, particularly the "new-
 est" groups plotted in the last figures. The overall stability in
 immigrant dissimilarity in the 1990s masks notable in-
 creases for many European groups, coupled with stable or
 declining dissimilarity for the "newest" groups. Similarly,
 the overall rise in isolation between 1970 and 2000 is not

 perfectly replicated by any individual group. Overall levels

 Figure 5. - Isolation for New Immigrant Groups, 1910-2000

 Observations are weighted averages of statistics for immigrant communities, with weights equal to the
 number of immigrants in the community.
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Immigrant Enclaves and Assimilation

Why might immigrant enclaves matter for earnings (and
other types of) assimilation?

Slower rate of acquisition of host country skills - hinders
moves to better jobs and resulting earnings growth

Network effects - networks present employment
opportunities and a means of disseminating information
about the labor market

Spatial mismatch - immigrants may be forced to
segregate in an enclave far from employment
opportunities

Human capital externalities - if an enclave has a high
stock of human capital, this may benefit new arrivals
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Immigrant Enclaves and Assimilation

So immigrant enclaves might matter for all kinds of
reasons

But if a large share of immigrants live in enclaves, how
do we disentangle the effects of individual
characteristics versus enclave influence?

Can we compare immigrants living in enclaves to those
not living in enclaves?

Probably not a good idea if there is self-selection into
enclaves

Let’s take a look at the approach of Edin, Fredricksson
and Aslund (2003)
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Immigrant Enclaves and Assimilation

 ETHNIC ENCLAVES AND ECONOMIC SUCCESS 341

 TABLE I
 Individual Characteristics by Initial Placement

 Initial placement

 Enclave No enclave

 Female .44 .45
 Age 37.3 37.6
 (7.7) (7.4)

 Years of schooling 11.3 11.7
 (3.0) (2.9)

 Married .63 .62
 Kid <15 years of age .55 .57
 No. of individuals 3094 3324

 Standard deviations are in parentheses. An enclave is defined as described in the main text. Years of
 schooling are imputed from highest degree attained. Individuals with missing information on education were
 given the same number of years of schooling as those with less than nine years of schooling. All characteristics
 are measured eight years after immigration. The sample is restricted to those with positive earnings at that
 point in time.

 an enclave and those who were not. An "enclave" is defined for
 each ethnic group as a municipality where ethnic concentration
 (the size of the ethnic group relative to the population in each

 municipality) was at least twice as large as the share of the ethnic
 group in the entire population.

 Table I compares the characteristics of refugee immigrants
 who were placed in an enclave with those who were not. Around
 48 percent were placed in a municipality that we define as an
 enclave. There are practically no differences between individuals
 who were placed in an enclave and those who were not. The only
 significant difference is in (imputed) years of schooling: those who
 were placed outside an enclave have 0.4 years more schooling.
 Although small, the difference in education may be worrying.
 Therefore, we probed more deeply into this issue by running a
 regression where we related the size of the ethnic group in the
 assigned municipality to a wider set of individual characteristics
 including a set of source country dummies and year of entry
 dummies. The source country dummies are bound to be signifi
 cant because some countries make up a larger share of the im
 migrant population than others. Apart from these nationality
 dummies, however, age was the only characteristic that entered
 significantly in the regression. In particular, there were no dif
 ferences across educational groups. Therefore, we conclude that
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Immigrant Enclaves and Assimilation
 346 QUARTERLY JOURNAL OF ECONOMICS

 TABLE III
 Baseline Estimates?Dependent Variable: ln(EARNiNGS)

 Full sample

 Low education
 (10 years or

 less)

 High education
 (more than 10

 years)

 (1)
 OLS

 (2)
 IV

 (3)
 OLS

 (4)
 IV

 (5)
 OLS

 (6)
 IV

 ln(ethnic group)

 Female

 Age

 Age squared (*10~2)

 Married

 Kid

 Married*female

 Kid*female

 Education missing
 and <9 years

 9-10 years

 High school <2 years

 High school >2 years

 University <3 years

 University >3 years

 Immigration year
 dummies

 Country of origin
 dummies

 Municipality
 dummies

 No. of individuals
 Standard error of

 regression

 -.056
 (.022)
 -.071
 (.081)
 .066

 (.023)
 -.074
 (.028)
 .210

 (.084)
 -.027
 (.075)
 -.049
 (.100)
 -.262
 (.125)

 Ref.
 .078

 (.060)
 .204

 (.088)
 .196

 (.070)
 .181

 (.071)
 .525

 (.081)

 Yes

 Yes

 Yes
 6393

 1.44

 .012
 (.050)
 -.069
 (.082)
 .068

 (.022)
 -.075
 (.027)
 .210

 (.084)
 -.004
 (.082)
 -.032
 (.100)
 -.278
 (.124)

 Ref.
 .077

 (.059)
 .209

 (.087)
 .204

 (.069)
 .180

 (.070)
 .526

 (.082)

 Yes

 Yes

 Yes
 6393

 .145

 -.053
 (.024)
 -.087
 (.128)
 .079

 (.038)
 -.090
 (.049)
 .289

 (.162)
 -.115
 (.132)
 -.226
 (.153)
 -.144
 (.222)

 Ref.
 .097

 (.069)

 Yes

 Yes

 Yes
 2205

 1.44

 .174
 (.088)
 -.050
 (.132)
 .099

 (.040)
 -.112
 (.052)
 .278

 (.166)
 -.050
 (.138)
 -.207
 (.162)
 -.223
 (.229)

 Ref.
 .084

 (.070)

 Yes

 Yes

 Yes
 2205

 1.48

 -.050
 (.030)
 -.004
 (.098)
 .054

 (.030)
 -.062
 (.036)
 .168

 (.072)
 .083

 (.086)
 .012

 (.106)
 -.391
 (.137)

 Ref.

 -.013
 (.081)
 .006

 (.072)
 .341

 (.076)

 Yes

 Yes

 Yes
 4188

 1.42

 -.057
 (.080)
 -.004
 (.098)
 .054

 (.031)
 -.062
 (.037)
 .167

 (.073)
 .081

 (.102)
 .011

 (.106)
 -.389
 (.139)

 Ref.

 -.013
 (.081)
 .007

 (.072)
 .341

 (.076)

 Yes

 Yes

 Yes
 4188

 1.42

 Standard errors are in parentheses. IV estimation is by 2SLS using the size of the ethnic group in the
 assigned municipalities as an instrument for the size of the ethnic group in the municipality eight years later.
 Estimates are weighted using the number of refugees by municipality covered by grants from the Immigra
 tion Board. Robust variance estimates, allowing for correlation across individuals residing in the same
 municipality.
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 350 QUARTERLY JOURNAL OF ECONOMICS

 TABLE IV
 The "Quality'' of Enclaves?Dependent Variable: ln(EARNiNGs)

 High
 Low education education
 (10 years or (more than 10

 Full sample less) years)
 (1) (2) (3) (4) (5) (6)
 IV IV IV IV IV IV

 ln(ethnic group) -.221 -.138 -.031 .027 -.315 -.267
 (.109) (.071) (.220) (.114) (.161) (.113)

 ln(ethnic group)*ethnic inc .044 .039 .047
 (.015) (.040) (.019)

 ln(ethnic group)*ethnic 3.212 2.964 4.592
 self-employment rate (.926) (1.589) (1.309)

 Female -.068 -.071 -.049 -.039 -.011 -.018
 (.081) (.080) (.130) (.133) (.099) (.098)

 Age .065 .069 .095 .096 .053 .056
 (.022) (.023) (.040) (.041) (.031) (.031)

 Age squared (*10~2) -.072 -.077 -.108 -.110 -.061 -.065
 (.027) (.028) (.052) (.053) (.037) (.038)

 Married .204 .203 .287 .290 .147 .143
 (.088) (.084) (.168) (.162) (.076) (.073)

 Kid -.022 -.025 -.068 -.080 .057 .059
 (.083) (.082) (.140) (.134) (.106) (.102)

 Married*female -.044 -.046 -.216 -.236 .002 .008
 (.101) (.102) (.163) (.152) (.108) (.111)

 Kid*female -.264 -.264 -.213 -.215 -.367 -.366
 (.126) (.127) (.228) (.228) (.141) (.141)

 Education missing and <9
 years Ref. Ref. Ref. Ref.

 9-10 years .077 .071 .086 .079
 (.059) (.059) (.069) (.069)

 High school <2 years .202 .200 Ref. Ref.
 (.086) (.087)

 High school >2 years .195 .190 -.013 -.017
 (.069) (.068) (.083) (.083)

 University <3 years .186 .174 .020 .010
 (.072) (.068) (.072) (.074)

 University >3 years .527 .511 .349 .335
 (.081) (.083) (.077) (.076)

 Immigration year dummies Yes Yes Yes Yes Yes Yes
 Country of origin dummies Yes Yes Yes Yes Yes Yes
 Municipality dummies Yes Yes Yes Yes Yes Yes
 No. of individuals 6393 6393 2205 2205 4188 4188
 Standard error of
 regression 1.45 1.45 1.47 1.47 1.43 1.43
 Standard errors are in parentheses. IV estimation by 2SLS using values in the assigned municipalities

 as instruments for (t + 8) local variables. Estimates are weighted using the number of refugees by
 municipality covered by grants from the Immigration Board. Robust variance estimates, allowing for corre
 lation across individuals residing in the same municipality.
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Immigrant Enclaves and Assimilation
 ETHNIC ENCLAVES AND ECONOMIC SUCCESS 353

 Percent

 4 5
 Years after immigration

 Figure II
 The Reduced-Form Earnings Effect of Ethnic Concentration over Time
 The figure is based on Table V. The dashed line shows the effect evaluated at
 mean ethnic income; the solid line shows the effect evaluated at one standard
 deviation above the mean.

 in Figure II. The figure shows the earnings effect of increasing
 ethnic concentration by a standard deviation for two different
 values of ethnic income. The dashed line shows the effect evalu
 ated at mean ethnic income, and the solid line gives the effect
 evaluated at a standard deviation above the mean. Notice that
 the interaction term is significant only in t + 7 and t + 8. There
 is some evidence suggesting that the effects are cumulative. Ac
 cording to the reduced-form coefficients, the effect of living in a
 high quality enclave turns positive after five years in the host
 country and becomes significant, at a slightly higher level, after
 eight years.

 VI. Concluding Remarks

 The main purpose of this paper has been to provide estimates
 of the causal effect on economic outcomes of living in an enclave.
 To this end, we have made use of an immigrant policy initiative
 in Sweden, when government authorities distributed refugee im
 migrants across locales in a way that may be considered exoge
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Immigrant Outcomes and Discrimination

The immigrant enclaves raise the possibility of
discrimination in the housing market influencing
immigrant outcomes

What about discrimination against immigrants in labor
markets?

If discrimination exists, it could hinder earnings
convergence (or, more generally, earnings growth) after
migration

One problem is that it will be hard to find variation in
discrimination within a particular ethnic group

One solution to this problem is presented by Moser
(2012)
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The German American Experience

 RA TING THE NA TIONS 383

 were not represented in our list of observers. However, since

 American standards of judgment have been derived mainly from

 English and Teutonic sources, this order probably represents the

 relative conformity of other peoples to our notions of excellence.

 TABLE I

 CONSECUTIVE ORDER OF TEN ETHNIC VARIETIES IN THE POPULATION OF THE UNITED

 STATES ACCORDING TO THEIR MEAN RATING IN TEN SELECTED TRAITS

 0 0 0 0 0 B 0 00 0 0

 Physical vigor ....... 3 2 5 8 I 4 6 7 9 IO
 Intellectual ablity.... I 2 4 3 5 6 8 7 9 IO
 Self-control .......... 3 I 2 5 4 7 6 8 9 IO
 Moral integrity ...... 4 I 2 5 3 8 7 6 9 IO
 Sympathy ........... 6 4 IO 5 9 I 8 7 3 2
 Co-operation ........ I 2 3 5 6 4 8 7 9 IO
 Leadership ........ . I 4 2 6 5 3 7 8 9 10
 Perseverance ........ 4 I 3 2 5 8 7 6 9 IO :Efficiency. . . . I 2 3 4 5 6 7 8 9 Io
 Aspiration ..........2. 4 3 I 6 5 7 8 9 IO

 All qualities ...... . I 2 3 4 5 6 7 8 | 9 IO

 It will be noted that Germans appear to have higher grades

 than native Americans, although their rank in all qualities is given

 as second. This is due to the fact that the actual positions assigned

 in each case are not given in Table I, but only their relative order.

 It sometimes happened that an observer was unable to grade all

 varieties in each trait, and so left a position unfilled or placed two

 groups in the same rank. It also occurred that their averages for

 several ratings brought two groups into the same position. So
 there may be no variety filling the first grade and there may be

 several in second and third positions, like a graduating class without

 any honor men, but with a host of mediocre students. Table II,

 which gives the mean positions-i.e., the calculated medians-
 for each class, makes their relative standing clearer.

 This table shows the amount of divergency of the mean ratings.

 But absolute position is here less important than consistency in the

 ranking. Scattering returns would shake our confidence in the
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The German American Experience

1.2. Names of newborn boys

Another measure of ethnic preferences can be derived from naming practices, which have been found to reflect attitudes to-
wards ethnicities (Lieberson, 2000). To construct these data, I count newborn boys named Otto or Wilhelm between 1910 and
1919 (United States Census 1920). Both Otto and Wilhelm have strong ethnic connotations: Otto von Bismarck was Prussia's
Prime Minister from 1862 to 1890 and German Chancellor from 1867 to 1890. Bismarck's namesake was Otto I, King of the Ger-
mans from 936 to 973, who was succeeded by a long line of kings named Otto. Wilhelm II was German Emperor at the beginning
of the war; he had succeeded his grandfather Wilhelm I (1797–1888) to the German throne.

U.S. census data show that the number of newborn boys named Otto and Wilhelm declined sharply after 1914 (Fig. 2). From
1915 to 1916, Otto dropped by 34.7%, from 2133 to 1394, and Wilhelm declined by 35.0% from 140 to 91. At the same time, the
number of boys named William, as the English equivalent to Wilhelm, increased by 3% from 2269 to 2345.12

1.3. Ethnic foods

Data on the consumption of ethnic foods yield additional evidence for a persistent change in ethnic preferences. U.S. consump-
tion of sauerkraut—a distinctly German dish of fermented cabbage—declined by 75% between 1914 and 1918, causing New York's
grocers to complain that “There is enough sauerkraut in stock at the present time to feed a good-sized German army” (New York
Times, April 25, 1918, p.10).13 As late as 1928, the Department of Agriculture found it necessary to argue that sauerkraut was not
of German origin: “It is known to have been made at an early date in Alsace, now a part of France, and also in Holland, where the
manufacture of sauerkraut is still an important industry” (United States Department of Agriculture, 1928, p.1). Pretzel manufac-
turers similarly argued that pretzels originated in an Italian cloister, and cheese merchants demonstrated that limburger came

12 An additional test, which compares the number of boys named Heinrich and Henry in the U.S. Census of 1910, 1920, and 1930, confirms the results for Wil-
helm versus William. While the number of boys named Heinrich declines between 1910 and 1920 and recovers only after 1920, the number of boys named Henry
continues to increase during World War I.
13 Reports made to the Bureau of Agricultural Economics confirm that production by large manufacturers dropped from 124,849 tons in 1917 to 116,500 tons in
1918 to 47,900 tons in 1919, 67,100 tons in 1920, and 64,900 tons in 1921 (U.S. Department of Agriculture, 1928, p.3).

Fig. 1. The share of German-language operas from 1900 to 1950. Notes: Data on operas are collected from historical schedules of performances in the online ar-
chives of the Metropolitan Opera in New York. German-language composers include Austrian and Bohemian composers.
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The German American Experience

from Belgium (Wittke, 1936, p.186). Other ethnic German foods were renamed to rescue sales. For example, butchers marketed
hamburgers as “liberty steaks” throughout the 1920s.14

In sum, evidence from opera performances, baby names, and ethnic foods indicates that the war created a strong shift in pref-
erences, which persisted throughout the 1920s. The analysis exploits this shift in preferences to discrimination against applicants
to trade at the NYSE.

2. The NYSE's process of admissions

To trade at the NYSE, any U.S. citizen above the age of 21 could apply to purchase one of 1375 memberships or “seats.”15 Eighty
percent of applicants between 1883 and 1936 negotiated a purchase directly with an incumbent trader who wanted to leave the
exchange. The remaining 20% were sold in an anonymous auction, which was administered by the Committee of Admissions. Typ-
ically, the Committee stepped in for a trader who had died, failed in business, or been expelled. Then, “his membership may be
sold by the Committee, creditors who are members of the Exchange having a first lien upon the proceeds” (Eames, 1894,
p.68).16 In both types of sales, the NYSE received a fixed initiation fee from the buyer, which was independent of the purchase
price. This fee remained stable around 20,000 year 2010 dollars.

14 For example, the New Hotel Rosslyn in Los Angeles offered liberty steaks on its menus until 1927 (Metropolitan News Corporation, January 15, 2004). Sim-
ilarly, cities abandoned German-sounding names. Kaiser Street in Portland, Oregon, became Marne Way; Berlin, Iowa, was christened Lincoln and East German-
town, Indiana, became Pershing (New York Times, June 2, 1918; Wittke, 1936, p.184). The circulation of German-language publications also declined after 1914
even though the number of mother-tongue publications increased among 13 major ethnic groups (Kirschbaum, 1986, p.72; Wittke, 1936, p.115).
15 The first mention of the New York Stock Exchange occurred in The Diary or Loudon's Register in March 1792. Only two months later, on May 17, traders
agreed to deal exclusively with each other. By 1879, the Exchange included 1100 traders. The first membership was sold in 1869 for 8000 dollars (ca. 100,000
dollars in 2010). Seats within the Exchange had become saleable eight years earlier, in October 1861 (Eames, 1894, pp.13, 14 and 43). Membership remained
constant until 1929, when the NYSE granted every member the right to sell one quarter of a new membership during the quarter dividend sale, which increased
the number of seats to 1375. Seats became available for lease in 1978.
16 There were no female applicants until 1967, when Muriel Siebert entered the NYSE.
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Fig. 2. Boys named Otto, Wilhelm, and William from 1910 to 1919. Notes: Data are constructed by counting the number of children with the name Otto or Wil-
helm born between 1910 and 1919 and recorded in the United States Census of 1920. To scale the series in one graph, the number of Wilhelms is multiplied by 10
and the number of Williams is divided by 20.
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The German American Experience

Saxons in differences across blackballs before and after 1914 is 0.616 (with a p-value of 0.007, Table 3, panel B), implying that the
war added 0.62 blackballs against the average German American applicant.

Equivalent tests for Jewish Germans yield nearly identical results, confirming that ethnic bias affected applicants of both re-
ligions. Rejection rates for Jewish Germans increased by 6.3% after 1914, implying a difference in differences of 6.8% (with a p-
value of 0.016, Table 3, Panel A). An additional 0.619 blackballs were cast against the average German Jewish applicant, implying a dif-
ference in differences of 0.66 (Table 3, panel B, with a p-value of 0.017), which is nearly indistinguishable from the estimate for other
Germans.

4.2. OLS and logit regressions of rejections on ethnicities and controls

Regression analyses improve on difference-in-differences tests by controlling for other characteristics of applications that may
have influenced admissions rates. In the most basic regressions of the original data, four ethnicity variables distinguish Anglo-
Saxon, German, Jewish, andOther Ethnicities. Anglo-Saxons, whowere the largest and socially dominant ethnicity, are used as a con-
trol. Regressions compare admissions decisions for the pre-war and war periods, with the post-war period as a control. This ap-
proach makes it possible to separately measure potential discrimination against German Americans before 1914 when German
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10.5%
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Anglo-Saxon German Jewish Other Ethnicities
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German
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Fig. 5. Rejected applicants by ethnicity, 1883–1936. Notes: Data on names and election outcomes are collected at the archives of the NYSE. Names are matched to
ethnicities by a commercial algorithm that uses linguistic rules and location-specific naming practices.

Table 2
Census data for applicants with German-sounding names 1900–1920.

German-born German-speaking Naturalized
citizen

Home-
owner

Married Mean
Age

Father Mother Self Both parents

Pre-War Total 25 17 4 17 3 15 25 31
N=34% 74 50 12 50 9 44 74

War Total 16 10 3 9 5 14 30 36
N=38% 42 26 8 24 13 37 79

Notes: Data are constructed by matching applicants with German-sounding names with individual responses in the United States Census of 1920. The census of
1920 is the only census that includes information on family backgrounds. Census documents can be accessed at www.ancestry.com. Data include Jewish and other
German American applicants between 1 January 1900 and 28 June 1914 (pre-War) and 28 November 1914 to 31 December 1920 (War).
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The German American Experience

Table 3
Means of rejection rates and blackballs by ethnicity, Pre-war versus War.

Panel A: Rejections Panel B: Number of blackballs

(Non-Jewish) German Jewish German (Non-Jewish) German Jewish German

War Pre-War Difference War Pre-War Difference War Pre-War Difference War Pre-War Difference

German American 0.077 0.040 0.037 0.087 0.024 0.063 0.966 0.391 0.575 0.809 0.190 0.619
(0.016) (0.014) (0.021) (0.020) (0.018) (0.027) (0.179) (0.109) (0.210) (0.226) (0.137) (0.264)

Anglo-Saxon 0.024 0.029 −0.005 0.024 0.029 −0.005 0.304 0.345 −0.041 0.304 0.345 −0.041
(0.006) (0.005) (0.008) (0.006) (0.005) (0.008) (0.073) (0.040) (0.084) (0.071) (0.039) (0.081)

Difference 0.053 0.011 0.042⁎ 0.063 −0.005 0.068⁎⁎ 0.662 0.046 0.616⁎⁎⁎ 0.505 −0.155 0.660⁎⁎

(0.017) (0.015) (0.023) (0.021) (0.019) (0.028) (0.194) (0.116) (0.226) (0.236) (0.143) (0.277)

Notes: The p-value for the difference in differences in rejection rates is 0.068 for non-Jewish German Americans and 0.016 for Jewish German Americans. The p-
value for the difference in differences in blackballs is 0.007 for non-Jewish German Americans and 0.017 for Jewish German Americans. German American refers
to all U.S. citizens with German-sounding names. Data on admissions decisions and on the names of applicants were collected from the NYSE Archives. Names are
matched to ethnicities by a commercial algorithm that takes advantage of linguistic rules and location-specific naming practices. This algorithm groups Germans
Jews together with other Jewish Americans. To identify German Jews, Jewish applicants are assigned to the most frequent country of origin for immigrants with
their last name in the arrival records of ships entering New York between 1850 and 1950. Standard errors in parentheses are based on a linear probability regres-
sion of rejection probabilities on ethnicities.

⁎ pb0.10.
⁎⁎ pb0.05.
⁎⁎⁎ pb0.01.

Table 4
OLS and logit coefficients; dependent variable is 1 for rejected applicants, 0 for accepted.

OLS (I–III) Logit

I II III IV

German −0.013 −0.014 −0.014 −0.795
(0.015) (0.015) (0.015) (0.740)

Jewish 0.027⁎ 0.024⁎ 0.026⁎ 0.722⁎

(0.015) (0.015) (0.014) (0.397)
Other ethnicity 0.010 0.009 0.010 0.336

(0.010) (0.010) (0.010) (0.323)
Pre-war 0.004 0.002

(0.007) (0.009)
Pre-war*German 0.024 0.023 0.031 1.371

(0.021) (0.021) (0.021) (0.872)
Pre-war* Jewish −0.022 −0.020 −0.018 −0.477

(0.021) (0.021) (0.021) (0.636)
Pre-war*Other ethnicity −0.009 −0.008 −0.009 −0.326

(0.014) (0.014) (0.014) (0.461)
War −0.001 −0.001

(0.009) (0.010)
War*German 0.066⁎⁎⁎ 0.065⁎⁎⁎ 0.059⁎⁎⁎ 1.786⁎⁎

(0.023) (0.023) (0.023) (0.852)
War* Jewish 0.054⁎⁎ 0.056⁎⁎ 0.053⁎⁎ 0.777

(0.024) (0.024) (0.023) (0.562)
War*Other ethnicity 0.018 0.018 0.015 0.348

(0.016) (0.016) (0.015) (0.473)
Nominal −0.024⁎⁎⁎ −0.022⁎⁎⁎ −1.091⁎⁎⁎

(0.007) (0.007) (0.353)
Quarter dividend sale 0.003 0.012 0.371

(0.009) (0.012) (0.414)
Committee of Admissions 0.005 −0.001 −0.041

(0.007) (0.007) (0.207)
Constant 0.025⁎⁎⁎ 0.028⁎⁎⁎ 0.028⁎⁎⁎

(0.005) (0.008) (0.005)
Observations (Applications) 5097 5097 5097 4653
Groups (Years) 54 45
Year fixed effect No No Yes Yes
(Pseudo) R-squared 0.01 0.01 0.01 0.03

Notes. Data on the identities of applicants and admissions decisions were collected from the NYSE Archives. Names are matched to ethnicities by a commercial
algorithm that uses linguistic rules and location-specific naming practices. The category Jewish includes German Jewish applicants. Column IV reports estimates
from a logit regression with annual fixed effect; this regression drops nine years of data when no applicants were rejected.

⁎ pb0.10.
⁎⁎ pb0.05.
⁎⁎⁎ pb0.01.
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What Aids Assimilation?

Moser’s study points to particularly large levels of
taste-based discrimination against immigrant groups

One way to get around this taste-based discrimination is
to try to appear more ‘American’

We can find evidence of this in naming practices

Let’s take a quick look at Abramitzky, Boustan and
Erickson (2016)
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Measuring Names

R =

nFi
nFtotal
nNi

nNtotal

R: relative probability that a name is held by a foreign
person

nFi : number of foreign-born individuals with name

nFtotal: total number of foreign-born individuals

nNi : number of native-born individuals with name

nNtotal: total number of native-born individuals
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Measuring Names

F = 100 ·
nFi

nFtotal
nFi

nFtotal
+

nNi
nNtotal

F : foreignness index

Goes to 100 if only foreign-born individuals have a
certain name

Goes to 0 if no foreign-born individuals have a certain
name

Goes to 50 if same percentage of foreign-born and
native-born individuals have the name

J. Parman (College of William & Mary) American Mobility, Spring 2019 March 22, 2019 31 / 34



What Aids Assimilation?

43 
 

 
Table 1: Examples of foreign, neutral, and native names (1900-1920 birth cohorts) 

 
Most foreign  

(F-Index >0.90) 
Most neutral  

(0.5 < F-Index < 0.52)
Most native  

(F-Index <0.025)
 A. Male names  

Vito Orlando Gaylord 
Mario Benjiman Doyle 
Hyman Murray Clay 

Pasquale Otto Lowell 
Isidor Theodor Dale 
Nick Herman Wayne 

   
 B. Female names  

Sonia Margaret Bethany 
Antoinette Deborah Merlene 
Concetta Helene Garnet 
Johanna Kathleen Arlyce 
Molly Beatrice Joellen 

Carmela Fay Opal 
Notes: Names with 100 or more observations selected for having high/lowest/most neutral F-index values 
in 1920 complete-count Census for the birth cohorts of 1900-20.  
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Figure 4: Immigrants selected less foreign names for children after spending time in US, 

(Dependent variable = F-index) 
 

 
 
Notes: The graph reports coefficients from estimates of Equation 1, a regression of the F-index on a set of 
dummy variables for years that the household head had spent in the US by the time of the child’s birth. 
Regressions also include dummy variables for child’s age and a set of household fixed effects. Data from 
1920 complete-count Census. Sample includes children aged 0-18 who were born in a non-southern state 
and are living with their parents. Households must have a foreign-born head and the spouse (mother) must 
be less than 43 years old (N (sons) = 2,130,352; N (daughters) = 2,081,724).  
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Table 6: The effect of name foreignness on education, earnings and unemployment 

 
 No household fixed effects With household fixed effects 
 (1) 

Baseline 
(2) 

Add controls 
(3) 

Add F-index 
at 20 

(4) 
Full Sample 

(5) 
Brothers 1-2 
years apart 

   Panel A   
 Dependent variable: Highest grade (Mean = 10.26) 
F-index    -0.009***    -0.009*** ---    -0.006***    -0.008*** 
 (0.0001) (0.0001)  (0.0003) (0.0007) 
      
N 1,054,765 972,211  972,211 168,515 
      
   Panel B   
 Dependent variable: =1 if unemployed x 100 (Mean = 9.5)
F-index     0.026***    0.026***    0.015***     0.027***    0.017*** 
 (0.001)     (0.002) (0.005) (0.003) (0.008) 
      
F-index at 20     0.012**   
   (0.005)   
      
N 988,383 910,936 910,936 910,936 157,531 
      
   Panel C   
 Dep. Variable: Annual earnings (Mean=$21,057) 
F-index   -10.61***     -12.65*** -2.67   -6.51** -13.67** 
 (0.910)    (0.958) (2.88) (2.70) (61.48) 
      
F-index at 20     -11.04***   
   (3.00)   
      
N 673,810 620,413 620,413 620,413 107,045 
Note: Sample includes men matched between 1920 and 1940 complete-count Censuses. Men 
must be 3-18 in 1920, born outside the South and living at home with parents in 1920 in a 
household whose head was foreign-born. Panel C is further restricted to men with non-zero 
earnings who were not self-employed in 1940. All regressions control for a vector of dummies 
for child’s age in 1940. Columns 2-5 control for parental years in the US and child’s rank in the 
birth order. Columns 4-5 add household fixed effects. 
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