
Announcements

Du Bois project is due Friday at 5pm

Late assignments are accepted but there is a one point
deduction (out of 20) that increases by a point every 24
hours

Pay attention to the directions for file types and file
names in the guidelines pdf

You can submit two different ways (use whichever is
easier for you)

Through Blackboard (Course Files → Du Bois Project
Submissions)
By email sent to jmparman@wm.edu (may not work
depending on your file sizes)

You will get a confirmation email either from
Blackboard or me
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Announcements

We’re moving onto historical inequality and mobility

Next couple of lectures will be about measuring
inequality in the past

Next week will be about measuring mobility in the past

That will also be a good opportunity to talk about the
data project (we’ll talk about it 2/13 or 2/15)

Relevant readings for the next week:

Long and Ferrie (2013)
Feigenbaum (2014)
Olivetti and Paserman (2015)
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Measuring Historical Inequality and Mobility

As we’ll discuss when we go over the data project,
income and wealth data are a bit sparse historically

If we want to go way back, wealth data is the way to
go:

We have wills and probate records that go back
centuries, particularly for England
By design, these will give details on all of an individual’s
assets
One problem is whether your missing a big swath of
individuals
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Measuring Historical Inequality and Mobility

Inventory of the sale of all the worldly belongings of one William Miller,
1833
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Measuring Historical Inequality and Mobility

As we’ll discuss when we go over the data project,
income and wealth data are a bit sparse historically

If we want to go way back, wealth data is the way to go

Wealth data is the first relevant thing to appear in the
US census

In 1850, we get “Value of real estate owned”
In 1860 and 1870, we get “Value of Real Estate” and
“Value of Personal Estate”
No wealth data in 1880
In 1900, 1910 and 1920, we know if a house is owned,
mortgaged or rented
In 1930 we also get value of the home
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Measuring Historical Inequality and Mobility

What if we want to know about income?

It’s going to take a while for income data to show up

In the federal census, it is not reported until 1940 and
even then, it is only wage income

Modern surveys with good income data won’t come
around for a few decades after that

To get historical income distributions, what we really
need is income tax data

The big problem: we don’t have federal income taxes
for a while
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Measuring Historical Inequality and Mobility

The Congress shall have Power To lay and collect
Taxes, Duties, Imposts and Excises, to pay the
Debts and provide for the common Defence and
general Welfare of the United States; but all
Duties, Imposts and Excises shall be uniform
throughout the United States; – Article I, Section
8, Clause 1
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Measuring Historical Inequality and Mobility

Revenue Act of 1861
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Measuring Historical Inequality and Mobility

Pollock v. Farmers’ Loan and Trust, 1895
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Measuring Historical Inequality and Mobility

Demolition Man, 1993
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Measuring Historical Inequality and Mobility

The Congress shall have power to lay and collect
taxes on incomes, from whatever source derived,
without apportionment among the several States,
and without regard to any census or enumeration.
– Sixteenth Amendment
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Measuring Historical Inequality and Mobility
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Measuring Historical Inequality and Mobility

So for income, we’ve got no real hope prior to 1913

We can calculate some inequality measures based on
annual IRS report tables beginning in 1916

In 1962, we get public use files from the Statistics of
Income (SOI) division of the IRS

The World Wealth and Income project has compiled all
of these data for you for some one-stop data shopping

Let’s go play around with the data in another Stata
tutorial

We’ll also take a look at census wealth and income data
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Announcements

Thank you for all of the Du Bois projects

Let me know if you didn’t get a confirmation from me

I’m working on putting together an online gallery with
everyone’s figures

Next thing you should be working on is the first referee
report

It is on Clark and Cummins “Intergenerational Wealth
Mobility in England, 1858-2012”

It is due by 5pm on February 22

Please submit them as pdfs by email
(jmparman@wm.edu)
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Announcements

We’re still working on historical inequality and mobility

This week will be about measuring mobility in the past

That will also be a good opportunity to talk about the
data project (we’ll talk about it 2/13)

Relevant readings for the week:

Long and Ferrie (2013)
Feigenbaum (2014)
Olivetti and Paserman (2015)
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Measuring Historical Inequality and Mobility

If we want to look at how inequality varies across
different demographic groups, we want to turn to
federal census data

There are very well-organized versions of historical
federal census data maintained by the Integrated Public
Use Microdata Series

Today, we’ll wrap up our look at the 1940 census,
looking at racial and gender gaps in earnings

Back to Stata tutorial
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Measuring Historical Mobility

The cross-sectional data on income from the IRS or the
1940 census and on wealth from the 1870 census offer
pretty good views of historical inequality patterns

However, they cannot tell us much about mobility

For mobility, we need some way to link generations and
quality data about outcomes for both generations

It turns out that both of these requirements are tough
to meet
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Historical Income Mobility Rates and the Great State of
Iowa
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Historical Income Mobility Rates and the Great State of
Iowa
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Historical Income Mobility Rates and the Great State of
Iowa

Table 3: Probability of Matching a Record from Iowa 1915 to the Federal Census 1940

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

Name commonness, first name 0.041∗∗ 0.056∗∗∗

(0.017) (0.020)

Name commonness, last name −0.122∗∗∗ −0.121∗∗∗

(0.039) (0.039)

String length, first name 0.013∗∗∗ 0.020∗∗∗

(0.004) (0.004)

String length, last name −0.002 −0.002
(0.004) (0.004)

Normalized letter similarity score, first name 0.019∗∗∗ 0.024∗∗∗

(0.007) (0.007)

Normalized letter similarity score, last name 0.006 0.005
(0.007) (0.007)

Normalized scrabble score, first name −0.001 −0.002
(0.006) (0.007)

Normalized scrabble score, last name 0.009 0.008
(0.006) (0.006)

Observations 7580 7580 7580 7580 7580
Clusters 4731 4731 4731 4731 4731
Adjusted R2 0.002 0.002 0.001 0.000 0.007

Linear probability model with an indicator variable for a successful match as the outcome. Standard errors are
clustered by family. Results are consistent using a probit or logit model as well. Name commonness is measured
as the share of 100 men in the 1910 and 1920 IPUMS sample with the same first or last name. Name length
is the number of characters in the first or last name. Name similarity scores are based on character typology
similarity from Simpson et al. (2013).

Sources: 1915 Iowa State Census Sample; 1940 Federal Census

Finally, I calculate a name’s Scrabble score as an alternative measure of both name commonness and

name simplicity.12 Names with low Scrabble scores are likely to be made up of relatively common characters

and are less likely to be changed or Americanised over time (Biavaschi et al. 2013). I use standardised z-

scores for both the visual similarity scores and the Scrabble scores; the z-scores are based on the distribution

of visual similarity scores and Scrabble scores within the pooled sample of my Iowa sons and the 1910 and

1920 censuses.

Table 3 presents the results from a series of linear probability models, predicting whether or not a son

in 1915 is uniquely matched ahead to the 1940 Federal Census. Sons with more common last names are

less likely to be matched, while first name commonness has a smaller, positive effect. Sons with longer first

names or first names with higher similarity scores are more likely to be found, but both of these effects are

quite small.13 I include controls for all of these name string properties in all subsequent analysis.

12Biavaschi et al. (2013) introduce the use of Scrabble scores into the economic literature. They use this measure to predict
name changes by immigrants to the United States during the early 20th century. Scrabble point values were based, originally,
on the frequency of letters on US newspaper front pages.

13With controls for commonness and length, the Scrabble scores do not seem to relate to match rates.
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Historical Income Mobility Rates and the Great State of
Iowa

Table 4: Effects of Family Covariates on the Probability of Matching Records from 1915 to 1940

Predicted Match Rate with X at

X β SE 25th Percentile 75th Percentile

Father Log Earnings 0.013 0.011 59.6 60.6
Father Education 0.004 0.002 59.2 60.0
Mother Education 0.003 0.003 59.8 60.3
Urban in 1915 -0.034 0.012 60.5 57.1
Son Born in IA 0.138 0.018 61.0 61.0
Father Foreign Born -0.063 0.013 61.2 54.8

This table presents the coefficients from a series of linear probability regressions with X as the primary indepen-
dent variable, controlling for first and last name commonness, length, letter similarity, and Scrabble score. As in
Table 3, there are 7580 observations and 4731 clusters, clustering standard errors by family.

Sources: 1915 Iowa State Census Sample; 1940 Federal Census

More serious issues could be generated by differential matching rates according to father, son, or family

characteristics in 1915. In Table 4, I present the estimated effects of a set of variables observed for fathers

and sons in 1915 on the probability of positively locating the son in the 1940 Census.14 Each row in the table

is a separate linear probability regression, reporting the coefficient of the listed X variable while controlling

for first and last name commonness, length, letter similarity, and Scrabble score. I am slightly more likely to

match sons who had higher income or more educated fathers (or mothers) in 1915, but these effects are both

economically and statistically insignificant. For example, the probability of matching a son with a father at

the 25th percentile of income is only 1 percentage points lower than matching a son with a father at the

75th percentile of income. Similarly small effects of both father’s and mother’s education can be seen as

well. Confirming the results presented in Table 2, I am also less likely to match sons in the urban sample. I

am also more likely to link sons born in Iowa, even after conditioning on name string characteristics.15 All

analysis undertaken in this paper will include controls for son’s place of birth, place of residence in 1915 and,

where appropriate, father’s place of birth.

The first two columns of Table 5 present summary statistics for the fathers of children between 3 and 17

in the Goldin-Katz Iowa State Census sample. Observation counts are smaller than my full sample because

fathers of multiple children or sons are not double counted. The fathers in the sample are restricted to

fathers of sons between 3 and 17; fathers found are the father for whom sons were located in the 1940 Census

through Ancestry.com. Average yearly earnings for the fathers are approximately $1000 in 1915 dollars. The

average father had a half year more than a common school education (eight years) and was approximately

42 years old in 1915. Of the fathers in my sample, those fathers for whom I matched a son into the 1940

14Results in this matching exercise are robust to alternative regression models, including logit and probit models. I use a
simple linear probability model for ease of interpretation.

1586% of the sons in my sample were born in Iowa so there is no difference between the 25th to 75th percentile for that
covariate.
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Historical Income Mobility Rates and the Great State of
Iowa

Table 1: Intergenerational Mobility Results Summary

Estimates

Intergenerational Mobility Measure 1915 to 1940 Modern Modern Source

Intergenerational Elasticity of Income 0.249 0.36 to 0.54 Lee and Solon (2009)
Income Rank-Rank Coefficient 0.210 0.307 to 0.317 Chetty et al. (2014)
Educational Persistence 0.187 0.46 Hertz et al. (2007)
Occupation Score Elasticity (1915 Basis) 0.234 .
Occupation Score Elasticity (1950 Basis) 0.391 .
Altham-Ferrie Occupation Transition Statistic 16.03 20.76 Ferrie (2005)

All measures of intergenerational mobility will be explained in detail in the text of this paper. Across all
measures, higher estimates imply less mobility. The intergenerational elasticity of income is the regres-
sion coefficient on log of father’s annual income, with son’s annual income as the dependent variable. The
income rank-rank coefficient is the regression coefficient on the father’s income percentile, with the son’s
income percentile as the dependent variable. Educational persistence is the the regression coefficient on
the father’s years of education, with the son’s years of education as the dependent variable. Occupation
score elasticity is the regression coefficient on the father’s occupation score, with the son’s occupation
score as the dependent variable, both in logs. The occupation scores are defined as the median income
across all respondents in a given occupation in a given base year. The Altham-Ferrie occupation tran-
sition statistic relates the distance from a given occupation category transition matrix to the complete
mobility matrix.

Sources: 1915 Iowa State Census Sample; 1940 Federal Census; Lee and Solon (2009); Chetty et al.
(2014a); Hertz et al. (2007); Ferrie (2005)

driven by measurement error or differences in sample construction. However, I show that the estimated

differences between modern and historical mobility remain large after adjusting the modern sample to mirror

the historical sample in measurement noise and demographic and geographic composition.

The results for education are broadly similar: there was more mobility in education in the early twentieth

century than today as well. This is also the case for occupational mobility when measured with the standard

transition matrices. My results indicate that mobility is higher for the early twentieth century than just

after mid-century; I also find less occupational mobility during the twentieth century than others have found

for the nineteenth century.2

Overall, the various intergenerational mobility measures point to one, main conclusion: there was more

economic mobility in the early 20th century than there is today.

The paper proceeds as follows. In the second section, I discuss the historical data that I draw on and

my data collection and census-linking procedures. In section three, I review past measurements of intergen-

erational mobility, both in modern and historic samples. In particular, I focus on sources of measurement

error that may bias the estimates of mobility up or down in historic data relative to modern data. In

2This point contrasts somewhat with findings in the modern intergenerational mobility literature. Jencks and Tach (2006)
suggest that intergenerational correlations of earnings and occupational rank are not good substitutes. They note, in particular,
that in the US earnings correlation is higher than in other rich democracies but occupational rank correlation is low relative to
such countries. For historical study, I find that occupational and income mobility measures are relatively similar.
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Historical Occupational Mobility

So the 1940 federal census and the 1915 Iowa state
census offer us a glimpse at income mobility rates prior
to modern surveys

But it is one very brief glimpse for a very particular
place and time (think of all that happens between 1915
and 1940)

We can get a more comprehensive view of mobility,
using similar linking techniques, if we are willing to
consider occupation as the outcome rather than income
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Historical Occupational Mobility - Some Motivation

...[a]mong aristocratic peoples, families remain for
centuries in the same condition and often in the
sample place...Among democratic peoples [e.g., in
the US], new families continually spring from
nowhere while others disappear to nowhere and all
the rest change their complexion. – de Tocqueville,
Democracy in America, 1835
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Historical Income Mobility Rates and the Great State of
Iowa

Table 1: Intergenerational Mobility Results Summary

Estimates

Intergenerational Mobility Measure 1915 to 1940 Modern Modern Source

Intergenerational Elasticity of Income 0.249 0.36 to 0.54 Lee and Solon (2009)
Income Rank-Rank Coefficient 0.210 0.307 to 0.317 Chetty et al. (2014)
Educational Persistence 0.187 0.46 Hertz et al. (2007)
Occupation Score Elasticity (1915 Basis) 0.234 .
Occupation Score Elasticity (1950 Basis) 0.391 .
Altham-Ferrie Occupation Transition Statistic 16.03 20.76 Ferrie (2005)

All measures of intergenerational mobility will be explained in detail in the text of this paper. Across all
measures, higher estimates imply less mobility. The intergenerational elasticity of income is the regres-
sion coefficient on log of father’s annual income, with son’s annual income as the dependent variable. The
income rank-rank coefficient is the regression coefficient on the father’s income percentile, with the son’s
income percentile as the dependent variable. Educational persistence is the the regression coefficient on
the father’s years of education, with the son’s years of education as the dependent variable. Occupation
score elasticity is the regression coefficient on the father’s occupation score, with the son’s occupation
score as the dependent variable, both in logs. The occupation scores are defined as the median income
across all respondents in a given occupation in a given base year. The Altham-Ferrie occupation tran-
sition statistic relates the distance from a given occupation category transition matrix to the complete
mobility matrix.

Sources: 1915 Iowa State Census Sample; 1940 Federal Census; Lee and Solon (2009); Chetty et al.
(2014a); Hertz et al. (2007); Ferrie (2005)

driven by measurement error or differences in sample construction. However, I show that the estimated

differences between modern and historical mobility remain large after adjusting the modern sample to mirror

the historical sample in measurement noise and demographic and geographic composition.

The results for education are broadly similar: there was more mobility in education in the early twentieth

century than today as well. This is also the case for occupational mobility when measured with the standard

transition matrices. My results indicate that mobility is higher for the early twentieth century than just

after mid-century; I also find less occupational mobility during the twentieth century than others have found

for the nineteenth century.2

Overall, the various intergenerational mobility measures point to one, main conclusion: there was more

economic mobility in the early 20th century than there is today.

The paper proceeds as follows. In the second section, I discuss the historical data that I draw on and

my data collection and census-linking procedures. In section three, I review past measurements of intergen-

erational mobility, both in modern and historic samples. In particular, I focus on sources of measurement

error that may bias the estimates of mobility up or down in historic data relative to modern data. In

2This point contrasts somewhat with findings in the modern intergenerational mobility literature. Jencks and Tach (2006)
suggest that intergenerational correlations of earnings and occupational rank are not good substitutes. They note, in particular,
that in the US earnings correlation is higher than in other rich democracies but occupational rank correlation is low relative to
such countries. For historical study, I find that occupational and income mobility measures are relatively similar.

3

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 11, 2019 2 / 30



Historical Occupational Mobility

Long and Ferrie are going to take a census linking
approach to measuring occupational mobility

The basic idea is to look at a transition matrix for
father and son occupations

Many people in the off-diagonal cells suggests mobility

Many people on the diagonal suggests persistence from
one generation to the next
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Historical Occupational Mobility
 VOL 103 NO. 4 LONG AND FERRIE: INTERGENERATIONAL OCCUPATIONAL MOBILITY II19

 Table 1—Intergenerational Occupational Mobility in Britain and the US,
 1949-1955 to 1972-1973, Frequencies

 (Column percent)

 Son's occupation

 Father's occupation

 White collar  Farmer  Skilled/semiskilled  Unskilled  Row sum

 Britain (Table P)
 White collar  174  11  206  38  429

 (68.2)  (25.6)  (30.7)  (24.5)
 Farmer  2  9  3  1  15

 (0.8)  (20.9)  (0.4)  (0.6)
 Skilled/semiskilled  71  19  417  102  609

 (27.8)  (44.2)  (62.2)  (65.8)
 Unskilled  8  4  44  14  70

 (3.1)  (9.3)  (6.6)  (9.0)
 Column sum  255  43  670  155  1,123

 US (Table Q)
 White collar  595  144  539  164  1,442

 (71.4)  (31.9)  (43.6)  (35.1)
 Farmer  3  61  7  5  76

 (0.4)  (13.5)  (0.6)  (1.1)
 Skilled/semiskilled  186  193  576  236  1,191

 (22.3)  (42.8)  (46.6)  (50.5)
 Unskilled  49  53  115  62  279

 (5.9)  (11.8)  (9.3)  (13.3)
 Column sum  833  451  1,237  467  2,988

 Note: Occupation of father when respondent was age 14 (Britain) or age 16 (US), compared to occupation at survey
 in 1972 (Britain) or 1973 (US), males 31-37 (Britain) and 33-39 (US) in survey year.

 males age 31-37 in 1972 from the Oxford Mobility Study and white, native-born
 males age 33-39 in 1973 from the Occupational Change in a Generation survey. All
 cases in which the respondent reported a non-civilian occupation for himself or his
 father were excluded. Table 1 provides a cross-classification of son's occupation by
 father's occupation, and Table 2 provides summary measures of mobility for each
 panel in Table 1 and for differences in mobility between the panels.

 According to the simple measure of total mobility M (Table 2, panel 1, column 1),
 young men in their thirties in 1972-1973 were less likely in the US than in Britain to
 find themselves in the occupations their fathers had in 1949-1955. But this difference

 was largely a result of differences in the occupational structures of the two econo
 mies. If total mobility is measured for both countries using either the British (45.3
 versus 48.3) or US (53.7 versus 56.7) distributions of occupations, the gap in total
 mobility falls from 11.4 percentage points to 3 percentage points.19 If Britain had
 the US occupational distribution but the underlying association between rows and

 19 All of the underlying four-way mobility tables employed in the following analyses are contained in online
 Appendix 3. To illustrate, Table A3-5 in online Appendix 3 shows the British and US mobility tables from Table 1
 that result from applying the other country's marginal frequencies to each country's mobility table, using iterative
 proportional fitting. The M' entries in column 2 of Table 2 were generated by calculating the percentage who end up
 off the main diagonal (i.e., in occupations different from their fathers) in online Appendix Table A3-5. For example,
 when the US marginal frequencies are imposed on the British mobility table, 53.7 percent of British sons are off the
 main diagonal; when the British marginal frequencies are imposed on the US mobility table, 48.3 percent of US sons
 are off the main diagonal.
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Historical Occupational Mobility
 1124 THE AMERICAN ECONOMIC REVIEW JUNE 2013

 Table 5—Intergenerational Occupational Mobility in the US,
 1860-1880 and 1880-1900, Frequencies

 (Column percent)

 Father's occupation

 Son's occupation  White collar  Farmer  Skilled/semiskilled  Unskilled  Row sum

 US 1880 (Table P)
 White collar  115  233  115  39  502

 (46.0)  (13.8)  (25.2)  (16.5)
 Farmer  43  949  103  60  1,155

 (17.2)  (56.2)  (22.5)  (25.3)

 Skilled/semiskilled  59  286  173  75  593

 (23.6)  (16.9)  (37.9)  (31.6)
 Unskilled  33  220  66  63  382

 (13.2)  (13.0)  (14.4)  (26.6)
 Column sum  250  1,688  457  237  2,632

 US 1900 (Table Q)
 White collar  161  234  143  51  589

 (56.9)  (16.6)  (26.6)  (19.0)
 Farmer  27  658  58  43  786

 (9.5)  (46.6)  (10.8)  (16.0)

 Skilled/semiskilled  61  276  252  95  684

 (21.6)  (19.6)  (46.9)  (35.4)
 Unskilled  34  243  84  79  440

 (12.0)  (17.2)  (15.6)  (29.5)
 Column sum  283  1,411  537  268  2,499

 Note: Occupation of father in 1860 or 1880 when son was age 13-19, compared to occupation of son in 1880 or
 1900, males 33-39 in 1880 or 1900.

 both span either exactly 20 years between fathers' and sons occupations (1860 to
 1880 and 1880 to 1900) or an average of 20 years between fathers' and sons' occu
 pations (1949-1955 to 1973). Table 5 presents the cross-classification of fathers'
 and sons' occupations for the 1860-1880 data, which are compared to the OCG data
 from the lower panel of Table 1. Summaries of the comparison between them appear
 in the third set of contrasts in Table 2.

 Total mobility shows a 6.1 percentage point advantage for the modern data,
 but when it is calculated for both tables using common marginal frequencies, the
 nineteenth century table has higher total mobility, from 1 (using the 1860-1880
 frequencies) to 6.9 percentage points (using the 1973 frequencies). If the mar
 ginal frequencies are swapped but the underlying associations are left unchanged,
 the nineteenth century US had a total mobility rate 1.3 times greater than that
 in the 1949-1973 period. The more fundamental measure of mobility, d(P, Q),
 also shows greater mobility (i.e., a weaker association between fathers' and sons'
 occupations) in the nineteenth century than in the twentieth: we can safely reject
 the null hypothesis that the associations are equal (G2 = 46.7 on 9 degrees of
 freedom, pr[H0: d(P, Q) = 0] < 0.0001), and the difference d(P, Q) is large in
 magnitude.22 We cannot, however, reject the hypothesis that the associations are

 22 This is in marked contrast to the findings of Hauser et al. (1975) who found no trend toward an increase in
 the association between fathers' and sons' occupations in the US over the twentieth century. Though part of this
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Historical Occupational Mobility
 VOL. 103 NO. 4 LONG AND FERRIE: INTERGENERAT10NAL OCCUPATIONAL MOBILITY 1121

 Table 3—Intergenerational Occupational Mobility in Britain and the US,
 1850-1851 to 1880-1881, Frequencies (Column percent)

 Son's occupation

 Father's occupation

 White collar  Farmer  Skilled/semiskilled  Unskilled  Row sum

 Britain (Table P)
 White collar  103  31  219  63  416

 (36.6)  (11.1)  (13.3)  (7.3)
 Farmer  8  114  39  21  182

 (2.8)  (40.9)  (2.4)  (2.4)

 Skilled / semiskilled  143  90  1,155  386  1,774
 (50.0)  (32.3)  (70.2)  (44.6)

 Unskilled  32  44  233  395  704

 (11.2)  (15.8)  (14.2)  (45.7)
 Column sum  286  279  1,646  865  3,076

 US (Table Q)
 White collar  55  177  82  30  344

 (38.5)  (12.9)  (22.6)  (23.3)
 Farmer  44  850  92  35  1,021

 (30.8)  (62.0)  (25.3)  (27.1)

 Skilled/semiskilled  33  214  166  40  453

 (23.1)  (15.6)  (45.7)  (31.0)
 Unskilled  11  129  23  24  187

 (7.7)  (9.4)  (6.3)  (18.6)
 Column sum  143  1,370  363  129  2,005

 Note: Occupation of father in 1851 (Britain) or 1850 (US) when son was age 13-19, compared to occupation of son
 in 1881 (Britain) or 1880 (US), males 43-49 in 1881 (Britain) or 1880 (US).

 this, we divided "white collar" into "high white collar" (professional, technical,
 and kindred; managers, officials, and proprietors) and "low white collar" (clerical
 and sales) and calculated new Altham statistics for Britain (P) and the US (Q); see
 online Appendix 3, Table A3-1. The magnitudes of the Altham statistics rose some
 what for both countries (d(P, J) = 37.50, d(Q, J) = 31.06), as did the magnitude
 of the difference between them in row-column association (d(P, Q) = 17.81), but it
 was again not possible to reject the null hypothesis that the true difference was zero
 (pr[H0: d(P, Q) = 0] = 0.88).

 V. Britain versus the US in the Nineteenth Century

 How different were Britain and the US in intergenerational occupational mobil
 ity a century earlier? Table 3 presents the cross-classification of sons' and father's
 occupations using our new data linking fathers in 1850 (US) or 1851 (Britain) and
 sons in 1880 (US) or 1881 (Britain). Summary mobility measures again appear in
 Table 2. The simplest measure of mobility shows the US with a slight advantage
 (inheritance of the father's occupation was 2.8 percentage points less likely in the
 US), but substantial differences in occupational distributions obscure much larger
 differences. If the US had Britain's occupational distribution, the US advantage in
 total mobility would have been 5.3 percentage points; if Britain had the US distribu
 tion, the US advantage would have been 9.9 percentage points. Finally, if Britain
 and the US had swapped occupational distributions and retained their underlying
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 Table 2—Summary Measures of Mobility in Britain and the US

 M

 (1)
 M'

 (2)
 d(P,J)

 (3)
 d{ Q ,J)

 (4)
 d( P, Q)

 (5)
 Q)

 (6)

 1. Britain 1972 (P)
 versus US 1973 (Q)

 45.3

 56.7

 53.7

 48.3

 24.0***

 20.8***
 7.9  7.2

 2. Britain 1881 (P)
 versus US 1880 (Q)

 42.6

 45.4

 35.5

 47.9

 22.7***

 I j 9***
 13.2***  4.5

 3. US 1880 (P)
 versus US 1973 (Q)

 50.6
 56.7

 57.7

 43.7

 12.1***

 20.8***
 10.7***  2.4

 4. US 1900 (P)
 versus US 1973 (Q)

 54.0

 56.7

 54.1

 51.8

 14 6***
 20.8***

 9 1***  2.4

 Notes: M is total mobility (percent off the main diagonal) ; M' is total mobility using the marginal frequencies from
 the other table (see Appendix). Significance levels for the likelihood ratio x2 statistic G2 (d.f. 9 for d(V, J), d(Q, J),
 and d(P, Q); 5 for d'(P, Q)).

 ««♦Significant at the 1 percent level.
 ** Significant at the 5 percent level.
 *Significant at the 10 percent level.

 columns actually seen in Britain (panel 1, column 2, row 1), and the US had the
 British occupational distribution but the underlying association between rows and
 columns actually seen in the US (panel 1, column 2, row 2), the British (53.7 percent)
 would have actually had more total mobility than the US (48.3 percent).

 In both Britain and the US, an underlying association between fathers' and sons'
 occupations apart from that induced by differences in occupational distributions was
 present (for both, we can reject the null hypothesis that their association between
 rows and columns was the same as we would observe under independence). The dif
 ference between them in their degrees of association (Table 2, panel 1, column 5) is
 small in magnitude (7.9), and we cannot reject at any conventional significance level
 the null hypothesis that their associations are identical.20 This is not solely the result
 of strong similarities in the tendency of sons to inherit their fathers' occupations,
 as we cannot reject the null hypothesis that association is identical even if we focus
 only on the off-diagonal elements in each table (panel 1, column 6). These results
 confirm the findings of Erickson and Goldthorpe (1992) and Kerckhoff et al. (1985)
 that, after accounting for differences in their occupational distributions, Britain and
 the US exhibited similar intergenerational occupational mobility in the third quarter
 of the twentieth century.

 The white collar category is quite broad in both countries in the twentieth century,
 spanning professionals and managers as well as clerical and sales workers. If sub
 stantially more mobility occurs within this category in one country than in another,
 mobility comparisons based on only four categories may be misleading. To remedy

 20 The comparison between Britain and the US is substantially different if males age 41-47 (Britain) and 43-49
 (US) whose fathers' occupations are reported during World War II are used instead of 31-37 and 33-39 year old
 males: the Altham statistics for Britain (d(P, J) = 30.02), for the US (d(Q, J) = 17.48), and for the difference in
 row-column association (d(P, Q) = 15.18, G2 = 41.89, p < 0.001) reveal a great deal more mobility in the US,
 and a large difference between the row-column associations in the two countries that is not apparent when younger
 males whose fathers were observed after World War II are used. This could reflect either the influence of differences

 between the two countries in fathers' occupations during the war years (a cohort effect) or greater occupational
 mobility in the US than in Britain during the additional ten years between fathers' and sons' occupations (a time
 effect) that the 41-47 and 43-49-year-olds' data captures.
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Explaining US - Britain Differences

So the US looks mobile relative to Britain in the
nineteenth century and then US mobility declines to
British levels in the twentieth century

First, a couple of obvious potential culprits:

The Civil War
The frontier

Long and Ferrie are going to argue that those can’t be
the explanation because US mobility is high into the
start of the twentieth century

First, do we buy these dismissals?

Second, what else should we look at?
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Explaining US - Britain Differences, The Frontier

...[u]p to and including 1880 the country had a
frontier of settlement, but at present the unsettled
area has been so broken into by isolated bodies of
settlement that there can hardly be said to be a
frontier line. In the discussion of its extent, its
westward movement, etc., it can not, therefore any
longer have a place in the census reports. – US
Census Office, 1891
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Explaining US - Britain Differences, Selection Out of
Farming
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Explaining US - Britain Differences

A few other possibilities:

Heterogeneity of the population? Think back to the
Corak reading

Public schools?

68.1 percent of 5-14-year-olds were enrolled in primary
school in the US in 1850
49.8 percent were enrolled in Britain

Residential mobility?

Between 1870 and 1880, 50 percent of young men in
US changed counties, 26 percent changed states
Regional specialization rose in the 1800s, fell in the
1900s
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Another View of Declining American Mobility

There are a variety of limitations to the Long and Ferrie
approach

Broad occupation categories
Only males can be studied
Selection in terms of which males can be linked
Small sample sizes due to the linking process

Let’s look at a couple of papers that relax a couple of
these limitations

First, we’ll look at Tan (2019) to relax the sample size
issue

Then we’ll look at the Olivetti and Paserman article
which offers a solution for gender with an approach of
pseudo-linking
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Another View of Declining American Mobility

How is Tan going to relax the sample size issue?

Computing power and the evolution of data

With automated linking techniques and direct access to
complete count census data, Tan (and Feigenbaum) can
link far more people than past studies could

Just how many more?

Ferrie and Long: ∼ 2,000 father-son pairs
Tan: ∼ 3,000,000 father-son pairs

So what can you do with 3,000,000 observations?
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Another View of Declining American Mobility

With all the extra data, Tan can get at the historical
geography of mobility

This gives us a nice historical counterpoint to the
Chetty work we looked at earlier

Note that we’re switching mobility measures slightly

Tan’s mobility definition:

Intergenerational (upward) mobility is
measured as the average occupation income
rank of sons with fathers from the bottom half
of the national occupation income distribution.

How does this compare to our other measures?
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Another View of Declining American Mobility

Nice maps aren’t the only advantage of big data

Large sample sizes give Tan some hope of getting at
mechanisms in a way you simply can’t with only 2,000
observations

Tan is going to focus on the changing role of place

Why do some commuting zones exhibit more mobility
and others less?

Is it about the impact of childhood environment? Or is
it about labor markets for adults?

How do we disentangle these?
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Another View of Declining American Mobility

There are a variety of limitations to the Long and Ferrie
approach

Broad occupation categories
Only males can be studied
Selection in terms of which males can be linked
Small sample sizes due to the linking process

Let’s look at a couple of papers that relax a couple of
these limitations

First, we’ll look at Tan (2019) to relax the sample size
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Then we’ll look at the Olivetti and Paserman article
which offers a solution for gender with an approach of
pseudo-linking
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The Socioeconomic Content of Names

Now let’s switch over to the very different
pseudo-linking approach of Olivetti and Paserman

The basic idea behind pseudo-linking is that we can use
something observable for adults to tell us about the
socioeconomic status of their parents

In Olivetti and Paserman’s case, they are going to claim
that the first names parents choose for their children
varies with socioeconomic status

So your first name is a (very noisy) proxy for your
parents’ income when they named you
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Announcements

Don’t forget about your first referee report due 5pm on
February 22

Send them to by email as a pdf attachment

Late policy: one point deduction (out of 20) increasing
by one point every 24 hours

Roughly three pages double-spaced, about half
summary, half critique

Longer is OK but make certain you are writing
efficiently

Grades will be up for the Du Bois project as soon as the
fog lifts
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The Socioeconomic Content of Names

Let’s get back to the very different pseudo-linking
approach of Olivetti and Paserman

The basic idea behind pseudo-linking is that we can use
something observable for adults to tell us about the
socioeconomic status of their parents

In Olivetti and Paserman’s case, they are going to claim
that the first names parents choose for their children
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The Socioeconomic Content of Names

To see just how much names can tell us, let’s turn to
some real world data in Stata

I’ve prepared an extract from IPUMS of the 1870
federal census that contains demographic data, wealth
and occupation data, and first and last names

The dataset is available on Blackboard

The annotated Stata output is available here
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Using Names for Pseudo-linking

With first names being correlated with parents’
occupation scores, they offer a way to pseudo-link
generations

The basic idea is to run something like an
intergenerational income elasticity regression:

ln(yi ,c) = β0 + β1ln(yi ,p) + εi

However, we don’t actually observe yi ,c and yi ,p in the
same dataset

In one dataset, we have yi ,c and first names, in another
dataset we have yi ,p and first names
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Using Names for Pseudo-linking

With first names in both datasets, we can take a
two-sample, two-stage least squares approach

First, we’re going to predict yi ,p using a dataset with
children living in their parents’ household:

ln(yi ,p) =
N∑
j=1

θjName ji ,c + νi

Then we can run an intergenerational elasticity
regression with data from when the child is an adult
using the predicted value of ln(yi ,p) based on the child’s
name:

ln(yi ,c) = β̃0 + β̃1 ̂ln(yi ,p) + ε̃i
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Table 2 reports the five most prestigious and least prestigious names based on 
father’s occupational income, separately for each census year. The shaded entries 
in the table refer to names that appear more than once within the category of most 
prestigious names (light gray) and least prestigious names (dark gray). The patterns 
of shaded areas reveals that there is indeed persistence both in the top five and in the 
bottom five names across census decades for both male children and female chil-
dren. If names were assigned at random, it would be quite unlikely for a given name 
to appear more than once in this table.

III. Results

Figure 1 and rows 1 and 4 in Table 3 report the results of our benchmark analysis. 
We report 20-year elasticities in occupational income for both the father-son and the 
father-in-law–son-in-law comparisons.12

Between 1870 and 1940, the intergenerational elasticity between fathers and sons 
increases by 24 percent, and that between fathers and sons-in-law by 9 percent. The 
father-son elasticity is relatively flat throughout the second half of the nineteenth 
century, increases sharply between 1900 and 1920, and declines slightly between 

12 The intergenerational correlation may differ from the elasticity if the dispersion of earnings varies substan-
tially across generations. We find that this is not the case; the magnitude and trends of intergenerational correlations 
are almost identical to the elasticities reported in Table 3. 

Table 1—Summary Statistics for Children’s Names, 1850–1920

Number of 
children 

ages 0–15

Number 
of distinct 

names

Mean 
number of 

observations 
per name

Percent of 
names that 

are 
singletons

Percent of 
children 

with 
unique 
names

Percent of 
children 

with names 
linked 

20 years 
later

Share 
with 

top-50 
name

Share 
of total 

variation in 
log earnings 

explained 
by between 

name 
variation

Year (1) (2) (3) (4) (5) (6) (7) (8)
Males
1850 35,597 3,524 10.1 71.9 7.1 92.6 0.692 0.134
1860 48,114 4,083 11.8 70.5 6.0 93.7 0.695 0.111
1870 58,039 4,582 12.7 69.4 5.5 — 0.698 0.105
1880 75,004 6,589 11.4 69.4 6.1 92.9 0.653 0.112
1900 103,817 9,696 10.7 71.0 6.6 92.8 0.564 0.126
1910 117,612 9,818 12.0 69.5 5.8 94.1 0.534 0.126
1920 139,109 12,272 11.3 71.4 6.3 92.5 0.519 0.136

Females
1850 34,272 3,442 10.0 71.9 7.2 92.4 0.698 0.136
1860 46,874 4,488 10.4 70.7 6.8 92.8 0.657 0.132
1870 55,739 5,206 10.7 71.1 6.6 — 0.619 0.136
1880 72,160 7,161 10.1 69.0 6.8 92.0 0.548 0.133
1900 101,516 10,081 10.1 70.9 7.0 92.3 0.474 0.153
1910 114,074 10,103 11.3 69.3 6.1 93.5 0.473 0.154
1920 134,418 12,895 10.4 71.1 6.8 89.9 0.466 0.166

Notes: Column 7 shows the share of children that have 1 of the 50 most popular names, by gender. Column 8 shows 
the R2 from a regression of father’s log occupational income on a full set of name dummies. Unless noted other-
wise, the source for this and all following tables are the 1850–1920 Integrated Public Use Micro Samples of the US 
decennial population censuses (Ruggles et al. 2010). 
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1920 and 1940. The father–son-in-law elasticity exhibits a first increase between 
1870 and 1880 and then a further jump between 1900 and 1920, which coincides 
with the increase in the father-son elasticity. The two elasticities are almost identical 
in 1920 but they diverge at the end of the period with the father–son-in-law elastic-
ity declining more sharply and dipping below the father-son elasticity. Overall, the 
father-son and father–son-in-law elasticities exhibit similar trends, suggesting that 
there was a high degree of positive marital sorting during the sample period. The 
ranking of son-in-law and son elasticities is consistent with modern estimates for the 
United States and other developed economies (Chadwick and Solon 2002; Raaum 
et al. 2008).13 We defer to Section V for a discussion of the historical developments 
that can rationalize these findings.

13 For 1940 we can also estimate the intergenerational elasticities using actual wage and salary income as 
the dependent variable, as opposed to the occupational income score. Our estimates are higher than those shown 

1850 1860 1870 1880 1900 1910 1920

  Males
Rank: Most prestigious

1 Edward Walter Harry Paul Donald Abraham Jerome
2 Frederick Frank Walter Harry Kenneth Max Irving
3 Edwin Willie Herbert Frederick Harold Nathan Jack
4 Charles Louis Theodore Ralph Morris Vincent Nathan
5 Franklin Fred Edward Philip Max Edmund Abraham

  Least prestigious

1 Jesse Levi Jesse Luther Luther Jessie Willie
2 Hiram Isaac Franklin Ira Dewey Otis Loyd
3 Isaac Benjamin Isaac Isaac Perry Luther Luther
4 Daniel Andrew Hiram Willis Virgil Eddie Jessie
5 David Jacob Martin Charley Ira Charley Otis

  Females
Rank: Most prestigious

1 Emma Ada Bertha Bessie Dorothy Eleanor Betty
2 Alice Kate Jessie Mabel Marion Marian Jean
3 Anna Lizzie Grace Helen Helen Dorothy Jane
4 Isabella Clara Carrie Ethel Louise Marion Kathryn
5 Josephine Fanny Helen Blanche Marie Virginia Muriel

  Least prestigious

1 Sally Amanda Nancy Nancy Nancy Sallie Lela
2 Nancy Nancy Lucinda Viola Ollie Addie Maggie
3 Lucinda Rachel Rebecca Martha Nannie Ollie Ollie
4 Martha Lucinda Amanda Rachel Sallie Mattie Effie
5 Lydia Martha Martha Amanda Alta Iva Eula

   Exact name, nickname or alternative spelling appears more than once (most prestigious).
   Exact name, nickname or alternative spelling appears more than once (least prestigious).

Notes: Entries in the table represent the five children’s names with the highest and lowest average father occupa-
tional score, by gender, and census year. Only names that appear at least 100 times are considered for the ranking.

Table 2—Common Names Given to Children,  
Ranked by Mean Father’s Occupational Income, 1850–1920
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Change in Intergenerational Mobility Over Time
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The remaining rows in Table 3 show how our benchmark estimates are affected 
by sample selection issues due to either differences in child mortality by socioeco-
nomic status, or to differences in the age distribution and marital status of sons and 
sons-in-law. In the second row of each panel we present estimates where we restrict 
the sample to children who were aged 5–15 in the earlier census. The incidence 
of child mortality was still very high during much of the sample period (Preston 
and Haines 1991), so that it is likely that a nonnegligible fraction of children did 
not survive into adulthood. If child mortality differs by socioeconomic status, or 
if healthier children are also more likely to be employed as adults in high-income 
occupations, this would lead to a standard sample selection problem and potentially 
biased coefficients. Since most child mortality occurred before age five, restricting 
the sample to include only older children should alleviate this problem. The esti-
mated coefficients for sons are somewhat lower than the benchmark, but the trends 
in elasticities are mostly unaffected. The father–son-in-law elasticities are not sensi-
tive to the exclusion of younger daughters.

In all societies men marry later in life than women and the gender differential in 
age at first marriage tends to be largest in more traditional societies. The nineteenth 
century United States is no exception. As documented in Ferrie and Rolf (2008) 
and Fitch and Ruggles (2000), the male-female differential in median age at first 
marriage was quite large in the nineteenth century, peaked in 1900 at more than 
four years, and then declined to about two years at the beginning of the twentieth 
century. In our samples this implies that sons-in-law are, on average, older than sons 

in Table 3. This is consistent with the analysis in Björklund and Jäntti (1997), who show that a regression of 
actual son’s income on predicted father’s income (by occupation and education) yields higher estimates than those 
obtained from actual-actual or predicted-predicted regressions. 

Father-son Father–son-in-law

1870 1880 1890 1900 1910 1920 1930 1940

0.3

0.35

0.4

0.45

0.5

Figure 1. Father-Son and Father–Son-in-Law  
Elasticities in Occupational Income, 1870–1940

Notes: The figure presents point estimates and 90 percent confidence intervals for the 
 father-son and father–son-in-law intergenerational elasticities. The values on the horizontal 
axes represent the year from which the son’s (son-in-law’s) sample are drawn. The elastici-
ties are obtained from a regression of son (son-in-law) log occupational income on imputed 
father’s (father-in-law’s) log occupational income. See text for details of the imputation proce-
dure. Occupational income is based on average earnings in the occupation in 1950.
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Explaining the Change - Fertility Declines?

Figure 7: CEB by Top and Bottom Half of the Income Distribution
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it stabilized. Overall then, there has been a significant decrease not only in fertility but

also its top to bottom variation with respect to income – fertility has become ‘compressed’

with respect to income.

Part of this compression is what would be expected with movements along an iso-

elastic demand curve for children with a negative slope, but there are other forces at work

as well. To see this, note that our estimated income elasticities of demand for children have

also decreased (see Table A5). Interestingly, it changed in a non-monotone way over time,

rising from about -0.33 in the early years up to a peak of about -0.45 or -0.50 for cohorts

born in the late 1800’s and down to about -0.20 in more recent times.38 The change in

the income elasticities is closely mirrored in overall changes in the fertility distribution.

Figure 8 plots the coefficient of variation (CV) of the OI distribution over time. In the

same picture we have included the absolute value of the income elasticity. The fall in the

CV shows that over the entire time period, the variance of fertility fell by more than it

would have if fertility had just fallen proportionally throughout the entire distribution.

This is particularly true during the baby boom where the variance of fertility increased

38See Westoff (1954) for an early account of the widening and compression of fertility.
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Explaining the Change - Immigration?

0.0

2.0

4.0

6.0

8.0

10.0

12.0

14.0

16.0

0

5

10

15

20

25

30

35

1840 1860 1880 1900 1920 1940 1960 1980 2000 2020

Pe
rc

en
ta

ge
 o

f t
ot

al
 p

op
ul

at
io

n

Po
pu

la
tio

n 
in

 m
illi

on
s

Foreign-born population, in millions Foreign-born population, as a percentage of total population

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 20, 2019 11 / 19



Explaining the Change - Human Capital?

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 20, 2019 12 / 19



Explaining the Change - Human Capital?

FIGURE VI

The Geography of Intergenerational Mobility

These figures present heat maps of our two baseline measures of interge-
nerational mobility by CZ. Both figures are based on the core sample (1980–
1982 birth cohorts) and baseline family income definitions for parents and
children. Children are assigned to CZs based on the location of their parents
(when the child was claimed as a dependent), irrespective of where they live as
adults. In each CZ, we regress child income rank on a constant and parent
income rank. Using the regression estimates, we define absolute upward mo-
bility (r25) as the interceptþ 25� (rank-rank slope), which corresponds to the
predicted child rank given parent income at the 25th percentile (see Figure V).
We define relative mobility as the rank-rank slope; the difference between the
outcomes of the child from the richest and poorest family is 100 times this
coefficient (r100 � r0). The maps are constructed by grouping CZs into 10 deciles
and shading the areas so that lighter colors correspond to higher absolute mo-
bility (Panel A) and lower rank-rank slopes (Panel B). Areas with fewer than
250 children in the core sample, for which we have inadequate data to estimate
mobility, are shaded with the cross-hatch pattern. In Panel B, we report the
unweighted and population-weighted correlation coefficients between relative
mobility and absolute mobility across CZs. The CZ-level statistics underlying
these figures are reported in Online Data Table V.

WHERE IS THE LAND OF OPPORTUNITY? 1591
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A Problem with First Names
 THE AMERICAN ECONOMIC REVIEW

 TABLE Al FIRST NAMES USED IN EXPERIMENT

 White female African-American female

 Name L(W)/L(B) Perception White Name L(B)/L(W) Perception Black

 Allison oo 0.926 Aisha 209 0.97

 Anne oo 0.962 Ebony oo 0.9
 Carrie 00 0.923 Keisha 116 0.93

 Emily oo 0.925 Kenya oo 0.967
 Jill oo 0.889 Lakisha oo 0.967

 Laurie oo 0.963 Latonya oo 1
 Kristen oo 0.963 Latoya xo 1
 Meredith oo 0.926 Tamika 284 1

 Sarah oo 0.852 Tanisha 0o 1
 Fraction of all births: Fraction of all births:

 3.8 percent 7.1 percent

 White male African-American male

 Name L(W)/L(B) Perception White Name L(B)/L(W) Perception Black

 Brad oo 1 Darell 0o 0.967
 Brendan oo 0.667 Hakim 0.933

 Geoffrey oo 0.731 Jamal 257 0.967
 Greg oo 1 Jermaine 90.5 1
 Brett oo 0.923 Kareem 0o 0.967

 Jay oo 0.926 Leroy 44.5 0.933
 Matthew o0 0.888 Rasheed oo 0.931

 Neil oo 0.654 Tremayne 0o 0.897
 Todd oo 0.926 Tyrone 62.5 0.900

 Fraction of all births: Fraction of all births:

 1.7 percent 3.1 percent

 Notes: This table tabulates the different first names used in the experiment and their identifiability. The first column reports
 the likelihood that a baby born with that name (in Massachusetts between 1974 and 1979) is White (or African-American)
 relative to the likelihood that it is African-American (White). The second column reports the probability that the name was
 picked as White (or African-American) in an independent field survey of people. The last row for each group of names shows
 the proportion of all births in that race group that these names account for.
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A Problem with First Names

 BERTRAND AND MULLAINATHAN: RACE IN THE LABOR MARKET

 TABLE 1-MEAN CALLBACK RATES BY RACIAL SOUNDINGNESS OF NAMES

 Percent callback Percent callback for Percent difference

 for White names African-American names Ratio (p-value)

 Sample:
 All sent resumes 9.65 6.45 1.50 3.20

 [2,435] [2,435] (0.0000)
 Chicago 8.06 5.40 1.49 2.66

 [1,352] [1,352] (0.0057)
 Boston 11.63 7.76 1.50 4.05

 [1,083] [1,083] (0.0023)
 Females 9.89 6.63 1.49 3.26

 [1,860] [1,886] (0.0003)
 Females in administrative jobs 10.46 6.55 1.60 3.91

 [1,358] [1,359] (0.0003)
 Females in sales jobs 8.37 6.83 1.22 1.54

 [502] [527] (0.3523)
 Males 8.87 5.83 1.52 3.04

 [575] [549] (0.0513)

 Notes: The table reports, for the entire sample and different subsamples of sent resumes, the callback rates for applicants with
 a White-sounding name (column 1) an an African-American-sounding name (column 2), as well as the ratio (column 3) and
 difference (column 4) of these callback rates. In brackets in each cell is the number of resumes sent in that cell. Column 4
 also reports the p-value for a test of proportion testing the null hypothesis that the callback rates are equal across racial groups.

 employers rarely, if ever, contact applicants via
 postal mail to set up interviews.

 E. Weaknesses of the Experiment

 We have already highlighted the strengths of
 this experiment relative to previous audit stud-
 ies. We now discuss its weaknesses. First, our
 outcome measure is crude, even relative to the
 previous audit studies. Ultimately, one cares
 about whether an applicant gets the job and
 about the wage offered conditional on getting
 the job. Our procedure, however, simply mea-
 sures callbacks for interviews. To the extent that

 the search process has even moderate frictions,
 one would expect that reduced interview rates
 would translate into reduced job offers. How-
 ever, we are not able to translate our results into
 gaps in hiring rates or gaps in earnings.

 Another weakness is that the resumes do not

 directly report race but instead suggest race
 through personal names. This leads to various
 sources of concern. First, while the names are
 chosen to make race salient, some employers
 may simply not notice the names or not recog-
 nize their racial content. On a related note,
 because we are not assigning race but only
 race-specific names, our results are not repre-
 sentative of the average African-American
 (who may not have such a racially distinct

 name).28 We return to this issue in Section IV,
 subsection B.

 Finally, and this is an issue pervasive in both
 our study and the pair-matching audit studies,
 newspaper ads represent only one channel for
 job search. As is well known from previous
 work, social networks are another common
 means through which people find jobs and one
 that clearly cannot be studied here. This omis-
 sion could qualitatively affect our results if
 African-Americans use social networks more or
 if employers who rely more on networks differ-
 entiate less by race.29

 III. Results

 A. Is There a Racial Gap in Callback?

 Table 1 tabulates average callback rates by
 racial soundingness of names. Included in
 brackets under each rate is the number of re-

 sumes sent in that cell. Row 1 presents our
 results for the full data set. Resumes with White

 28 As Appendix Table Al indicates, the African-
 American names we use are, however, quite common
 among African-Americans, making this less of a concern.

 29 In fact, there is some evidence that African-Americans
 may rely less on social networks for their job search (Harry
 J. Holzer, 1987).

 VOL. 94 NO. 4  997
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A Problem with First Names

 

 

SUPPORTING INFORMATION 

Experimental Design 

Creating Compelling Emails from Prospective Students 

First, we generated a realistic email to be sent by fictional prospective students requesting 

a meeting.   The randomized element of the message was whether it contained a meeting request 

for today or next Monday.  The emails read as follows: 

Dear Professor [Surname of Professor Inserted Here], 
 

I am writing you because I am a prospective doctoral student with considerable interest in your research.  My 
plan is to apply to doctoral programs this coming fall, and I am eager to learn as much as I can about research 
opportunities in the meantime. 

 
I will be on campus today/[next Monday], and although I know it is short notice, I was wondering if you might 
have 10 minutes when you would be willing to meet with me to briefly talk about your work and any possible 
opportunities for me to get involved in your research.   Any time that would be convenient for you would be 
fine with me, as meeting with you is my first priority during this campus visit. 

 
Thank you in advance for your consideration. 

 
Sincerely, 
[Student’s Full Name Inserted Here] 

 
The subject line either read:  “Prospective Doctoral Student (On Campus Today)” or 

“Prospective Doctoral Student (On Campus Next Monday)”. 

Identities of Fictitious Students 

Next, we generated names for the fictitious students contacting faculty with a meeting 

request.  The choice of names was a critical component of our experimental design as it provided 

the signal to the email recipient of the prospective doctoral student’s race and gender.   

Our audit study is grounded in the fact that Caucasian males are the majority group in 

academia (U.S. Department of Education, 2009).  Caucasian males are associated with positive 

stereotypes (competent, successful, American; Cuddy, Fiske, & Glick, 2007; Devos & Banaji, 

2005)while non-Caucasian males face a range of negative stereotypes that we hypothesize are 

particularly focal when temporal distance is enhanced.  To test this prediction, our goal was to 

include a broad range of doctoral students with varying racial identities and genders in our study.  

In selecting racial groups for inclusion in our study, we were interested in groups that are often 

Milkman, Akinola and Chugh (2012)
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Supporting Tables 

Table S1.  Race and gender recognition survey results for selected names.  Reported significance 
levels indicate the results of a two-tailed, one sample test of proportions to test the null 
hypothesis that the observed recognition rate is equal to that expected by chance (16.7% for race 
and 50% for gender).  *** p < 0.001; ** p < 0.01; * p < 0.05 

Race Gender Name Rate of Race Recognition Rate of Gender Recognition 

Caucasian 
Male Brad Anderson 100%*** 100%*** 

Steven Smith 100%*** 100%*** 

Female Meredith Roberts 100%*** 100%*** 
Claire Smith 100%*** 100%*** 

Black 
Male Lamar Washington 100%*** 100%*** 

Terell Jones 100%*** 94%*** 

Female Keisha Thomas 100%*** 100%*** 
Latoya Brown 100%*** 100%*** 

Hispanic 
Male Carlos Lopez 100%*** 100%*** 

Juan Gonzalez 100%*** 100%*** 

Female Gabriella Rodriguez 100%*** 100%*** 
Juanita Martinez 100%*** 100%*** 

Indian 
Male Raj Singh 90%*** (10% Other) 100%*** 

Deepak Patel 85%*** (15% Other) 100%*** 

Female Sonali Desai 85%*** (15% Other) 100%*** 
Indira Shah 85%*** (10% Other; 5% Hispanic) 94%*** 

Chinese 
Male Chang Huang 100%*** 94%*** 

Dong Lin 100%*** 94%*** 

Female Mei Chen 100%*** 94%*** 
Ling Wong 100%*** 78%*** 

 
Table S2.  Summary of faculty included in study 

 Representative  
Sample 

Matched Race  
Sample 

All Faculty 

Caucasian 87.5% 37.3% 58.5% 
Black 1.2% 13.4% 7.9% 
Hispanic 1.5% 18.1% 10.6% 
Indian 3.0% 13.0% 8.9% 
Chinese 4.1% 18.2% 12.4% 
Other Race 2.6% 0.0% 1.7% 
Male 68.8% 67.9% 68.5% 
Full Professor 48.0% 39.6% 43.2% 
Assistant Professor 25.9% 26.6% 26.5% 
Associate Professor 21.3% 28.6% 25.4% 
Other Professor 4.8% 5.2% 4.9% 
Eastern (EST) 54.9% 54.9% 54.7% 
Central (CST) 26.4% 29.0% 27.8% 
Mountain (MST) 5.4% 4.6% 5.0% 
Pacific (PST) 13.3% 11.6% 12.5% 
 N = 4,375 N = 3,467 N = 6,548* 
*1,294 Caucasian faculty from the matched race sample are also included in the 
representative sample, which is why the N's from the representative and 
matched race samples do not add up to the N of the entire faculty sample. 

 

Milkman, Akinola and Chugh (2012)

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 20, 2019 17 / 19



A Problem with First Names
714  Milkman et al. 

+1%
+3%

–3%

+0% +0%

–2%

–12%

–5% –5%
–3%

–8%
–6%

–1%

–10% –11%

–15%

–20%

–10%

–25

–20

–15

–10

–5

0

5

10

Caucasian
Females

African
American
Females

African
American

Males

African
American
Females

African
American

Males

Hispanic
Females

Hispanic
Males

Indian
Females

Indian
Males

Chinese
Females

Chinese
Males

Caucasian
Females

Hispanic
Females

Hispanic
Males

Indian
Females

Indian
Males

Chinese
Females

Chinese
Males

R
es

po
ns

e 
R

at
e 

R
el

at
iv

e 
to

 C
au

ca
si

an
 M

al
es

 (%
)

Request for Now

Request for Later

a

+5%

+8%

+0% +1% +1%

+4%

–8%

–4%

+1%

–1%

–8%
–9%

–3%

–6%

–16% –16%

–11%

–14%

–25

–20

–15

–10

–5

0

5

10

M
ee

tin
g-

A
cc

ep
ta

nc
e 

R
at

e
R

el
at

iv
e 

to
 C

au
ca

si
an

 M
al

es
 (%

)

b

Fig. 2. Sample-weighted (a) response rates and (b) meeting-acceptance rates for minorities and females (relative to Caucasian 
males) in the now and later conditions. The percentage label for each bar is rounded to the nearest whole number. Response rates 
for Caucasian males were 69% in the now condition and 74% in the later condition; meeting-acceptance rates for Caucasian males 
were 36% in the now condition and 48% in the later condition.
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Fig. 2. Sample-weighted (a) response rates and (b) meeting-acceptance rates for minorities and females (relative to Caucasian 
males) in the now and later conditions. The percentage label for each bar is rounded to the nearest whole number. Response rates 
for Caucasian males were 69% in the now condition and 74% in the later condition; meeting-acceptance rates for Caucasian males 
were 36% in the now condition and 48% in the later condition.
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Announcements

Don’t forget about your first referee report due today
at 5pm

Send them to by email as a pdf attachment

Next week we are going to start on immigration’s role
in inequality and mobility

You should read Abramitzky, Boustan and Eriksson
(2012) “Europe’s tired, poor, huddled masses:
Self-selection and economic outcomes in the Age of
Mass Migration” American Economic Review

No class on the Friday before Spring Break
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Using Names for Pseudo-linking

2705olivetti and paserman: intergenerational mobility in the Usvol. 105 no. 8

1920 and 1940. The father–son-in-law elasticity exhibits a first increase between 
1870 and 1880 and then a further jump between 1900 and 1920, which coincides 
with the increase in the father-son elasticity. The two elasticities are almost identical 
in 1920 but they diverge at the end of the period with the father–son-in-law elastic-
ity declining more sharply and dipping below the father-son elasticity. Overall, the 
father-son and father–son-in-law elasticities exhibit similar trends, suggesting that 
there was a high degree of positive marital sorting during the sample period. The 
ranking of son-in-law and son elasticities is consistent with modern estimates for the 
United States and other developed economies (Chadwick and Solon 2002; Raaum 
et al. 2008).13 We defer to Section V for a discussion of the historical developments 
that can rationalize these findings.

13 For 1940 we can also estimate the intergenerational elasticities using actual wage and salary income as 
the dependent variable, as opposed to the occupational income score. Our estimates are higher than those shown 

1850 1860 1870 1880 1900 1910 1920

  Males
Rank: Most prestigious

1 Edward Walter Harry Paul Donald Abraham Jerome
2 Frederick Frank Walter Harry Kenneth Max Irving
3 Edwin Willie Herbert Frederick Harold Nathan Jack
4 Charles Louis Theodore Ralph Morris Vincent Nathan
5 Franklin Fred Edward Philip Max Edmund Abraham

  Least prestigious

1 Jesse Levi Jesse Luther Luther Jessie Willie
2 Hiram Isaac Franklin Ira Dewey Otis Loyd
3 Isaac Benjamin Isaac Isaac Perry Luther Luther
4 Daniel Andrew Hiram Willis Virgil Eddie Jessie
5 David Jacob Martin Charley Ira Charley Otis

  Females
Rank: Most prestigious

1 Emma Ada Bertha Bessie Dorothy Eleanor Betty
2 Alice Kate Jessie Mabel Marion Marian Jean
3 Anna Lizzie Grace Helen Helen Dorothy Jane
4 Isabella Clara Carrie Ethel Louise Marion Kathryn
5 Josephine Fanny Helen Blanche Marie Virginia Muriel

  Least prestigious

1 Sally Amanda Nancy Nancy Nancy Sallie Lela
2 Nancy Nancy Lucinda Viola Ollie Addie Maggie
3 Lucinda Rachel Rebecca Martha Nannie Ollie Ollie
4 Martha Lucinda Amanda Rachel Sallie Mattie Effie
5 Lydia Martha Martha Amanda Alta Iva Eula

   Exact name, nickname or alternative spelling appears more than once (most prestigious).
   Exact name, nickname or alternative spelling appears more than once (least prestigious).

Notes: Entries in the table represent the five children’s names with the highest and lowest average father occupa-
tional score, by gender, and census year. Only names that appear at least 100 times are considered for the ranking.

Table 2—Common Names Given to Children,  
Ranked by Mean Father’s Occupational Income, 1850–1920
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Change in Intergenerational Mobility Over Time
2706 THE AMERICAN ECONOMIC REVIEW AugusT 2015

The remaining rows in Table 3 show how our benchmark estimates are affected 
by sample selection issues due to either differences in child mortality by socioeco-
nomic status, or to differences in the age distribution and marital status of sons and 
sons-in-law. In the second row of each panel we present estimates where we restrict 
the sample to children who were aged 5–15 in the earlier census. The incidence 
of child mortality was still very high during much of the sample period (Preston 
and Haines 1991), so that it is likely that a nonnegligible fraction of children did 
not survive into adulthood. If child mortality differs by socioeconomic status, or 
if healthier children are also more likely to be employed as adults in high-income 
occupations, this would lead to a standard sample selection problem and potentially 
biased coefficients. Since most child mortality occurred before age five, restricting 
the sample to include only older children should alleviate this problem. The esti-
mated coefficients for sons are somewhat lower than the benchmark, but the trends 
in elasticities are mostly unaffected. The father–son-in-law elasticities are not sensi-
tive to the exclusion of younger daughters.

In all societies men marry later in life than women and the gender differential in 
age at first marriage tends to be largest in more traditional societies. The nineteenth 
century United States is no exception. As documented in Ferrie and Rolf (2008) 
and Fitch and Ruggles (2000), the male-female differential in median age at first 
marriage was quite large in the nineteenth century, peaked in 1900 at more than 
four years, and then declined to about two years at the beginning of the twentieth 
century. In our samples this implies that sons-in-law are, on average, older than sons 

in Table 3. This is consistent with the analysis in Björklund and Jäntti (1997), who show that a regression of 
actual son’s income on predicted father’s income (by occupation and education) yields higher estimates than those 
obtained from actual-actual or predicted-predicted regressions. 

Father-son Father–son-in-law

1870 1880 1890 1900 1910 1920 1930 1940

0.3

0.35

0.4

0.45

0.5

Figure 1. Father-Son and Father–Son-in-Law  
Elasticities in Occupational Income, 1870–1940

Notes: The figure presents point estimates and 90 percent confidence intervals for the 
 father-son and father–son-in-law intergenerational elasticities. The values on the horizontal 
axes represent the year from which the son’s (son-in-law’s) sample are drawn. The elastici-
ties are obtained from a regression of son (son-in-law) log occupational income on imputed 
father’s (father-in-law’s) log occupational income. See text for details of the imputation proce-
dure. Occupational income is based on average earnings in the occupation in 1950.
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Using Names to Go Even Further Back

This approach of exploiting the socioeconomic content
of names also lies at the heart of Clark and Cummins’
work

Rather than first names, they focus on last names

The basic idea is to identify surnames that are mostly
held by rich individuals at one point in time and
surnames that are mostly held by poor people at that
same point in time

Then you can see how those names diffuse through the
income or wealth distribution over the course of
subsequent generations
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Using Names to Go Even Further Back

Allsup Charles 1847-October 15 Labourer Stealing clothes None given Huntington 2
36b

Alsop Edwin 1848-April 17 None given Stealing a wether sheep None given Hanley Castle 2 56
Alsop John 1845-June 20 Labourer Stealing ducks None given Birtsmorton 1 135
Alsop Joseph 1848-April 30 Labourer Stealing a wether sheep None given Hanley Castle 2 56
Altree Edward 1847-January Not given None given Theft from (victim) None given Bromsgrove 2 15
Amess (amended from 
Hemus) James 1849-October 19 Breaking and entering and theft None given Bromsgrove 2

101

Amos John 1848-January 15 Brass caster Stealing cheese None given Dudley 2 44a
Amos John 1848-February Not given None given Theft from (victim) None given Stourbridge 2 51
Allerton Thomas 1847-June 36 None given None given Larceny None given 2 27
Allerton Thomas 1846-June 36 Labourer Stealing five shillings None given Kidderminster 2 5
Allerton Thomas 1846-October 36 None given None given Larceny None given 2 7
Allerton Thomas 1847-January 36 None given None given Larceny None given 2 13
Allerton Thomas 1847-April 36 None given None given Larceny None given 2 23
Amphlett John 1844-July 29 Labourer Stealing various articles None given Claines 1 112
Amphlett John 1844-October 29 Labourer Stealing a loaf of bread None given Salwarpe 1 118,120a
Amphlett Joseph 1847-January Not given None given Theft from (victim) None given Bromsgrove 2 15a

Amphlett Susannah 1846-January 16 Single woman
Stealing a cotton petticoat and 
money None given

A dwelling house at 
Lower Mitton 1

151

Amphlett Joseph 1847-February Not given None given Theft from (victim) None given Bromsgrove 2 19

Amphlett Thomas 1848-October Not given None given Alleged destruction of fish None given Ombersley 2 68a

Amphlett Thomas 1849-July Not given None given Deception of (victim) None given Grimley 2 93a
Ams Sarah 1845-April Not given Married Stealing a pinchbeck watch None given Stourbridge 1 130

Amyes Ann 1844-February 40 Married Stealing a quantity of clover seed None given Tenbury 1
102

Amyes Edward 1843-October 50 Miller
Breaking into a mill and stealing a 
dressing cloth None given None given 1

92

Anderson Alexander 1849-January Not given None given Theft from (victim) None given Hartlebury 2 77

Anderson Elizabeth 1847-October 34 Single woman Stealing a watch and chain etc None given Dudley 2
35

Anderson Elizabeth 1848-January 34 None given None given Felony 2 40a
Anderson William 1843-October 18 Nailor Stealing a pocket handerchief None given Dudley 1 90,94a,104

Anderson John 1844-March 24 None given None given Being a rogue and a vagabond None given 1
105

Andrews Benjamin 1848-June 27 Collier Uttering a counterfeit coin None given Stourbridge 2 62

Andrews Benjamin 1848-October 27 None given None given Misdemeanour None given 2 66a

Andrews Charles 1842-January 22 Labourer
Assualting a peace officer (See 
also George Hautin) None given Bretforton 1

46

Andrews Eliza 1849-June Not given None given Alleged theft from (victim) None given Tardebigge 2 92
Andrews George 1849-December 35 Waterman Stealing trousers etc None given Claines 2 116
Andrews George 1849-December 35 Waterman Stealing ash poles None given Astley 2 116
Andrews George 1850-April 35 None given None given Felony None given 3 13

Andrews Henry 1845-March 22 Labourer None given Trespass in search of game None given 1
129

Andrews Henry 1847-April Not given None given Attempted defraud of (victim) None given Knightwick 2 25a
Andrews Henry 1849-July Not given None given Alleged deception of (victim) None given Knightwick 2 94
Andrews Jacob 1849-January 27 Labourer Stealing wheat None given Abberton 2 78
Andrews Jacob 1849-April 27 None given None given Felony None given 2 87a

Andrews James 1842-October 22 Shoemaker Stealing a basket and potatoes None given None given 1
66a

Andrews James 1841-Summer 23 None given None given Larceny None given 1 36a,42,52,56
Andrews James 1842-February 38 Cordwainer Stealing several trees None given None given 1 50a,52a,56
Andrews Jane 1844-December 28 None given None given Uttering counterfeit coin None given 1 120a,128a,132,138

Andrews Mary 1845-October 20 Single woman
Obtaining mutton by false 
pretences None given Upton-upon-Severn 1

142a

Andrews Sophia 1847-April Not given None given Attempted defraud of (victim) None given Knightwick 2 25a
Andrews William 1840-October 56 Waterman Stealing hops None given Lower Mitton 1 14a18a,26,30,36,42,52
Andrews William 1847-January 19 Labourer Stealing a gun barrel etc None given Hanley Castle 2 14
Ankrett Henry 1849-October Not given None given Alleged theft from (victim) None given Kidderminster 2 100a
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Using Names to Go Even Further Back

not appear to be greater in recent generations. Average wealth at death in 1999–2012
for the rich group of 1858–87 is still 3.9 times average wealth at death for all deceased.
Yet the earliest cohorts were born in an era of limited public schooling and limited
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Fig. 3. Probate Rates of Surname Types, by Generation
Notes. The probate rate in a given generation is the number of people recorded in the probate
registry divided by the number of people dying.
Source. Principal Probate Registry and GRO.
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Fig. 4. Average ln Probate Wealth, Those Probated, by Generation
Notes. ln probate wealth by surname is measured as average ln wealth by surname minus the
estimated overall average ln probate wealth (from the Brown surname).

© 2014 Royal Economic Society.
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Using Names to Go Even Further Back

taxation, and the last in an era of public provision of education and extensive taxation
and redistribution.

3. Intergenerational Elasticity Estimates

We use the data on wealth at death described above to estimate the intergenerational
elasticity of wealth across the years 1858–2012 in England in two ways. The first is the
conventional method where we use the links between fathers and their sons and
unmarried daughters to estimate the intergenerational elasticity by estimating the b in
the expression

wijtþ1 ¼ aþ bwjt þ dDFEMij þ vit ; (17)

where j indexes the fathers, and i the children of father j, for children dying in the five
periods 1858–87, 1888–1917, 1918–59, 1960–93 and 1994–2012. We include the
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Fig. 5. Average Log Probate Value, Including Those Not Probated, by Generation
Source. Table 5.

Table 5

Average ln Wealth, All Adult Deaths, by Death Generations

Generation Rich Prosperous Poorer

1858–87 5.20 3.05 �0.64
1888–1917 3.32 2.49 �0.43
1918–52 2.29 1.68 �0.43
1953–87 1.69 1.19 �0.10
1999–2012 1.36 1.03 �0.11

Notes. Wealth is measured relative to estimated average wealth. Those not probated are assigned an imputed
wealth as described in the text. The years 1988–98 are omitted for the reasons described in the text.

© 2014 Royal Economic Society.
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A Bit on the Econometrics of Mobility

It is worth thinking a little bit about the theoretical
model posed by Clark and Cummins

They suggest that measured wealth at death is the sum
of two components:

wi ,t = xi ,t + ui ,t

In this equation, xi ,t is the underlying social status of a
person and ui ,t is a random component linking wealth
to underlying status

They assume that xi ,t follows an AR1 process:

xi ,t+1 = bxi ,t + ei ,t

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 22, 2019 10 / 33



A Bit on the Econometrics of Mobility

If these equations do describe the evolution of wealth,
the regression of son’s wealth on father’s wealth should
give the following coefficient on wealth:

E (β̂) = b
1

1 +
(
σ2
u
σ2
x

)
So our estimated coefficient is in effect underestimating
the strength of the link between father’s and son’s in
terms of social status

Notice how the attenuation depends on σ2
u and σ2

x
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A Bit on the Econometrics of Mobility

This gets more interesting if we think about more
generations

Suppose that we estimate the following relationship:

wi ,t+n = βnwi ,t + νi ,t

Given the model, the expected value of the coefficient
on wi ,t would be:

E (β̂n) = bn
1

1 +
(
σ2
u
σ2
x

)
Notice how this is not equal to

(
E (β̂)

)n
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A Bit on the Econometrics of Mobility

Why does this matter?

It forces a pretty big reinterpretation of our
intergenerational income/wealth elasticities

The one-generation elasticities that most studies focus
on may give an accurate sense of the correlation
between parents and children in terms of outcomes

But they will lead people to severely underestimate how
long that correlation persists across several generations
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Thinking about many Generations

The Clark and Cummins approach gives us some insight
into mobility across several generations

But even their approach is constrained by the time
periods for which they can access a sufficient number of
probated estates

What if we want to go even further back?

Clark has a potential approach, one that once again
relies on the socioeconomic content of surnames

The idea is that there are different types of surnames

What are these types?
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Artisan Names

Smith, Baker, Clark, Cook, Carter, Wright,
Shepherd, Stewart, Chamberlain, Butler,
Carpenter, Mason, Thatcher, Plumber, Sawyer,
Slater, Tyler, Miller, Brewer, ...
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Locative Names

Names linked to home villages in Normandy:

Mandeville, Montgomery, Baskerville, Percy,
Neville, Beaumont ...

Names linked to indigenous English propertied class:

Berkeley, Hilton, Pakenham, Barton, Bradley,
Greenwood, Newton, Walton ...
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Thinking about Many Generations
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Thinking about Many Generations
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Last Names in the US Context

In his book, Clark also applies the last name approach
to the US context

Switching to the US presents some different challenges

First, the sources of names will need to be a bit different

Second, there are some new conceptual issues

Does looking over many generations in the US make
the same sense as it does for Britain?
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Last Names in the US Context

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
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J. Parman (College of William & Mary) American Mobility, Spring 2019 February 22, 2019 23 / 33



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

50         chapter three

fi ft hs of the expected rate. Th ere are nearly seven hundred thousand people in 

this sample. Th e most common of these names, each with between forty and 

sixteen thousand holders in 2000, are Hebert, Cote, Gagnon, Bergeron, Boucher, 

Delong, and Pelletier. 

black americans

Th is group is identifi ed as surnames of English or German origin of which 

87 percent of more of the holders identifi ed as black in the 2000 census. Th e 

English-or-German criterion enabled us to exclude surnames belonging to 

more recent immigrant groups of black African origin who are actually social 

elites within the United States.6 Of the four hundred thousand people in this 

group, about two-fi ft hs have one name, Washington, presumably because it was 

widely adopted by emancipated slaves lacking surnames aft er the Civil War.7 

6 Barack Obama is the most visible member of this elite. Chapter 13 shows that black Af-

ricans, for example, have substantially more physicians per 1,000 members than the general 

white population in the United States.
7 Jeff erson is another surname that is predominantly black. It presumably arose in the 

same way as Washington. But only about two-thirds of Jeff ersons are black. 

Low

High

figure 3.2. Map of the distribution in North America of the surname Gagnon, 2012.

This content downloaded from 128.239.129.162 on Thu, 21 Feb 2019 15:32:27 UTC
All use subject to https://about.jstor.org/terms

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 22, 2019 25 / 33



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

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 25, 2019 3 / 45



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
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figure 3.4. Relative representation of surname types among physicians, by generation.
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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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the united states          61

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.

8

4

0.25

0.5

1

2

1930 1950 1970 1990 2010

R
el

at
iv

e 
re

pr
es

en
ta

ti
on

Olson/Olsen

Katz

Washington
New France

1923–24 rich

figure 3.10. Relative representation of surname type among attorneys, by generation.
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the united states          63

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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France surnames.
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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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