
Announcements

Readings for this week:

Corak, M. (2013) “Income inequality, equality of
opportunity, and intergenerational mobility.” Journal of
Economic Perspectives
Chetty et al. (2014) “Is the United States still a land of
opportunity? Recent trends in intergenerational
mobility” American Economic Review

Let me know if you run into any problems working on
the Du Bois project

We’ll go over referee report details on Wednesday
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Trends in Inequality Within Groups
 Inequality, Income Growth, and Mobility: The Basic Facts 33

 Figure 7

 Residual Wage Inequality: Percentage Difference in Weekly Wages at 90th and 10th
 Percentiles, Holding Other Factors Constant, 1963-1994

 3

 2 .5-

 63 65 67 69 71 73 75 77 79 81 8S3 85 8S7 89 91 93

 Source: (p90-plO) /plO of the residuals from log earnings regression, estimated separately in each year
 from the March CPS

 Theories that focus exclusively on traditionally disadvantaged groups will miss an

 important part of the picture, since the rise in inequality occurred even among

 workers of the same race and gender, with similar levels of education. But knowing

 that inequality increased among advantaged as well as disadvantaged workers leaves

 open the question of what was changing. One way of proceeding is to assume that

 unobservable differences resemble observable differences, and that unobserved
 ability was also reaping a higher reward."l

 Another possibility is that the increase in inequality partially reflects greater

 instability in earnings among people with the same characteristics. In any year, there

 are people with short-term, transitory increases or decreases in their earnings. If

 these fluctuations become larger, then inequality measured on the basis of yearly

 earnings will also increase (Gottschalk and Moffitt, 1994). This is an important part

 of the story since about a third of the increase in within-group inequality reflects
 such increases in instability of earnings. If a substantial part of the increase in within-

 group inequality reflects less stable earnings, then this points to a different set of

 explanations than if all the increase were coming from changes in the distribution

 of permanent earnings, as is often assumed. Jobs were becoming less stable as well
 as less equal.

 " See Murnane, Willet and Levy (1995) and Cawley, Heckman, Lochner and Vytlacil (1996) for recent
 discussion of the role of ability.
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Trends in Inequality and the Great Recession
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Trends in Inequality and the Return to Education
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Trends in Inequality and the Return to Education
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Trends in Inequality and the Return to Education

J. Parman (College of William & Mary) American Mobility and Inequality, Spring 2019 January 28, 2018 6 / 26



The Effect of Bill Gates

In the previous figure, the bachelor’s degree premium is
defined as the ratio of college graduates’ hourly wages
to high school graduates’ wages

What impact does a Bill Gates have here?

He is super rich
He is also a college dropout

First, note the fine print: “Wage premiums are the ratio
of median wages for each educational attainment group
with respect to median wages for workers with exactly a
high school diploma.”
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The Effect of Bill Gates

Let’s make it a little more interesting

According to Business Insider, Bill Gates makes $11.5
billion dollars a year.

I’ve pulled CPS data for 2017 from IPUMS and
calculated a bachelor degree wage premium similar to
that in the previous figure

Let’s add in Bill Gates (and then many Bill Gates) to
see what impact he might have
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The Effect of Bill Gates

Number	  of	  
Bill	  Gates

Median	  
earnings,	  non-‐
college	  grad

Median	  
earnings,	  

college	  grad

College	  
earnings	  
premium	  

using	  median
Mean	  earnings,	  
non-‐college	  grad

Mean	  
earnings,	  

college	  grad

College	  
earnings	  
premium	  
using	  mean

0 $22,000 $47,000 213.6 $28,163 $60,678 215.5
1 $22,000 $47,000 213.6 $28,337 $60,678 214.1
10 $22,000 $47,000 213.6 $29,906 $60,678 202.9
100 $22,000 $47,000 213.6 $45,593 $60,678 133.1
1000 $22,000 $47,000 213.6 $202,462 $60,678 30.0
10000 $22,000 $47,000 213.6 $1,770,918 $60,678 3.4
1000000 $22,880 $47,000 205.4 $172,000,000 $60,678 0.0

Bill	  Gates	  and	  the	  College	  Earnings	  Premium

J. Parman (College of William & Mary) American Mobility and Inequality, Spring 2019 January 28, 2018 9 / 26



Bill Gates and the Residual

Recall the 90-10 residual wage inequality figure

Think about Bill Gates as a case study

His grandfather was a national bank president, his
father was a prominent lawyer and his mother was on
the First Interstate BancSystem board of directors

He went to a private preparatory school (Lakeside
School) which had a Teletype Model 33 ASR terminal
and a block of computer time on a General Electric
computer

All of that is going into the residual

It all also starts to raise questions of mobility
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Measuring Mobility

Measuring mobility raises many of the same issues as
measuring inequality along with a couple of new ones

First, the question of the outcome of interest is largely
the same

We may care about a variety of outcomes:

Income
Wealth
Consumption
Occupation
Education
Health
Location
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Measuring Mobility

Beyond thinking of the outcome of interest, with
mobility we need to think about the time frame of
interest

Do we care about intragenerational mobility? This
could involve issues of how easy it is to switch careers
or climb the corporate ladder

Do we care more about intergenerational mobility, the
extent to which your outcomes are dependent on those
of your parents?

Is it just parents we care about? What about
grandparents, great grandparents, etc.?
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Measuring Mobility

In theory, there are many different dimensions of
mobility we care about

In practice, we often have to focus on those dimensions
for which we have appropriate data

Getting good data for mobility is much harder than
getting good data for inequality

Inequality can be measured with all sorts of datasets
giving you a cross-section of the population

Mobility requires observing individuals at multiple
points in time or observing multiple generations
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Measuring Mobility

Typically, we need a longitudinal study

A couple of common ones for the US

National Longitudinal Survey of Youth
Panel Study of Income Dynamics

These types of surveys will contain multiple income
observations for individuals and, if you’re lucky, income
for both children and their parents at comparable ages

Observing both child and parent incomes leads us to
one of the most common ways to measure mobility, the
intergenerational income elasticity
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Referee Report

The first referee report is coming up, it is due February
22nd at 5pm

For the first part of today’s lecture we’re going to talk
about what a referee report is

We’ll discuss how the publication process works in
economics, how I write referee reports, and how you
should write your referee report (which is not the same
as how I write mine)

The key details are contained in a handout posted on
our Blackboard site
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From Idea to Publication

Here is the basic timeline of an economics paper:

1 Come up with the idea, gather data, run regressions,
gather more data, run more regressions . . .

2 Write up a working paper version of the paper

3 Present at conferences, workshops and seminars, do
more analysis and rewrites based on feedback

4 Polish the paper

5 Send the paper to the best journal you think it has a
chance out

6 Hopefully receive referee reports and a chance to revise,
if not return to step 4

7 Do everything the referees ask for and send it back to
the journal

8 Repeat steps 5 and 6 until acceptance or rejection

9 If rejected return to step 4
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From Idea to Publication
economics publishing process 951

Fig. 1.—Mean submit-accept times for papers in top general-interest journals

II. The Slowdown

This section documents the gradual but dramatic increase in the amount
of time between the submission of papers to top economics journals
and their eventual acceptance. A large portion of the slowdown is due
to journals’ requiring more and larger revisions.

A. Increases in Submit-Accept Times

Figure 1 graphs the mean length of time between the dates on which
articles were initially submitted to several journals and the dates on
which they were finally accepted (including the time authors spent mak-
ing required revisions) for papers published between 1970 and 1999.3

3 The data for Econometrica do not include the time between the receipt of the final
revision of a paper and its final acceptance. The same is true of the data on the Review
of Economic Studies for 1970–74. Where possible, I include only papers published as articles
and not shorter papers, notes, comments, replies, errata, etc. The series from the American
Economic Review and the Journal of Political Economy are taken from annual reports and
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From Idea to Publication
economics publishing process 953

TABLE 1
Mean Submit-Accept Times at Various Journals

Journal

Mean Total Review Time in Year

1970 1980 1990 1999

Top Five General-Interest Journals

AER 13.5* 12.7 21.1
Econometrica 8.8† 14.0† 22.9† 26.3†

JPE 9.5 13.3 20.3
QJE 8.1 12.7 22.0 13.0
REStud 10.9† 21.5 21.2 28.8

Other General-Interest Journals

Canadian J. Econ. 11.3* 16.6
Econ. Inquiry 3.4* 13.0
Econ. J. 9.5* 18.2†

Internat. Econ. Rev. 7.8† 11.9† 15.9† 16.8†

REStat 8.1 11.4 13.1 18.8

Economics Field Journals

J. Appl. Econometrics 16.3† 21.5†

J. Comparative Econ. 10.3† 10.9† 10.1†

J. Development Econ. 5.6†‡ 6.4† 12.6† 17.3†

J. Econometrics 9.7† 17.6† 25.5†

J. Econ. Theory .6† 6.1† 17.0† 16.4†

J. Environmental Econ. and
Management 5.5† 6.6† 13.1†

J. Internat. Econ. 8.7* 16.2
J. Law and Econ. 6.6* 14.8
J. Math. Econ. 2.2†‡ 7.5† 17.5 8.5
J. Monetary Econ. 11.7† 16.0†

J. Public Econ. 2.6†§ 12.5† 14.2† 9.9†

J. Urban Econ. 5.4† 10.3† 8.8†

Rand J. Econ. 7.2* 20.0 20.9

Journals in Related Fields

Accounting Rev. 10.1 20.7 14.5
J. Accounting and Econ. 11.4† 12.5† 11.5†

J. Finance 6.5* 18.6
J. Financial Econ. 2.6†‡ 7.5† 12.4† 14.8†

* Date from Yohe (1980) pertain to 1979 and probably do not include the review time for the final resubmission.
† Does not include review time for final resubmission.
‡ Data for 1974.
§ Data for 1972.

an initial decision letter at the top five general-interest journals.7 At
Econometrica, the mean first-response time in the late 1990s is virtually
identical to what it was in the late 1970s. At the JPE, the latest figure is
about two months longer than the earliest; this is about 20 percent of
the increase in review times between 1982 and 1999. The AER shows
about a one-and-a-half-month increase since 1986; this is about 15 per-

7 The precise definition varies from journal to journal. Details are given in the figure
legend.
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From Idea to Publication

956 journal of political economy

TABLE 3
Revisions at the QJE

Year of Publication

1940 1950 1960 1970 1980 1985 1990 1995 1997

Mean submit-accept
time (months) 3.7 3.8 3.6 8.1 12.7 17.6 22.0 13.4 11.6

Mean number of
revisions .6 .8 .6 1.2 1.4 1.5 1.7 2.2 2.0

Mean number of
revisions before
acceptance .4 .1 .2 .5 .8 1.0 1.7 2.2 2.0

Mean author time
for first preac-
cept revision
(months) 1.4 2.1 2.0 2.1 3.0 4.2 3.6 4.1 4.7

submit-accept times.10 The second row of table 3 shows that the mean
number of revisions authors made was roughly constant at around 0.6
from 1940 to 1960 and then increased steadily to a level of about 2.0
today. The QJE used to categorize responses to initial submissions into
four groups rather than three: “accept-but-revise” was a separate category
that was more common than “revise-and-resubmit.” Before 1970 “revise-
and-resubmit” seems to have been used only in exceptional cases. For
example, only five of the papers published in 1960 had received a revise-
and-resubmit.11 The third row of table 3 illustrates that the increase in
revisions is even more dramatic if one does not count revisions made
in response to accept-but-revise letters.

The sketchy information I have obtained on revisions elsewhere sug-
gests that the QJE’s pattern is not atypical. The unpublished 1960 Econ-
ometrica annual report reveals a process similar to the 1960 QJE’s: 45
acceptance letters were sent in 1959, and only four papers were returned
for revision.12 Marshall’s (1959) discussion of a survey of the editorial
policies of 26 journals never mentions the possibility of a revise-and-
resubmit but does mention that authors are frequently asked to revise
papers upon acceptance. As for the QJE’s current practices being typical,
I know that articles published in Econometrica in 2000 were, on average,

10 The fact that it took only three to four months to accept papers in the 1940s seems
remarkable today given the handicaps under which the editors worked. One example is
that requests for multiple reports on a paper were done sequentially rather than simul-
taneously: there were no photocopy machines, and the journal had to wait for the first
referee to return the manuscript before sending it to the second.

11 Twelve papers were accepted on the initial submission and 11 initially received an
accept-but-revise. The 1970 breakdown was three accepts, 12 accept-but-revises, nine revise-
and-resubmits, and one reject (which the author protested and eventually was overturned
on his third resubmission).

12 The four revise-and-resubmits in 1959 followed four in 1958 and two in 1957. In 1955
and 1956, however, the average was 12 per year.
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From Idea to Publication

From Stefano DellaVigna (2018), UC Berkeley, AER Editor
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From Idea to Publication

From Stefano DellaVigna (2018), UC Berkeley, AER Editor
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From Idea to Publication

From Stefano DellaVigna (2018), UC Berkeley, AER Editor
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The Referee Process

Peer review at economics journals is intended to
accomplish two things:

Ensure the technical correctness of articles
Ensure that articles significantly add to our body of
knowledge

The referee assesses a paper both for correctness and
for the novelty and size of its contribution

The referee relays this assessment to the editor

The referee also prepares a report for the authors,
summarizing the paper and highlighting its strengths
and weaknesses

This report typically contains suggestions for improving
the paper
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The Referee Process

Now let’s look at some sample referee reports and talk about
what I expect in your reports.
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Your Referee Reports

Due February 22, 5pm: Clark and Cummins (2015)
”Intergenerational Wealth Mobility in England,
1858-2012”

Due March 15, 5pm: Miller (2008) ”Women’s suffrage,
political responsiveness, and child survival in American
history”
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Measuring Mobility 82 Journal of Economic Perspectives

 Figure 1

 The Great Gatsby Curve: More Inequality is Associated with Less Mobility across
 the Generations

 Source: Corak (2013) and OECD.
 Notes: Income inequality is measured as the Gini coefficient, using disposable household income for
 about 1985 as provided by the OECD. Intergenerational economic mobility is measured as the elasticity
 between paternal earnings and a son's adult earnings, using data on a cohort of children born, roughly
 speaking, during the early to mid 1960s and measuring their adult outcomes in the mid to late 1990s.
 The estimates of the intergenerational earnings elasticity are derived from published studies, adjusted
 for methodological comparability in a way that I describe in the appendix to Corak (2006), updated
 with a more recent literature review reported in Corak (2013), where I also offer estimates for a total of
 22 countries. I only use estimates derived from data that are nationally representative of the population
 and which are rich enough to make comparisons across generations within the same family. In addition,
 I only use studies that correct for the type of measurement errors described by Atkinson, Maynard, and
 Trinder (1983), Solon (1992), and Zimmerman (1992), which means deriving permanent earnings by
 either averaging annual data over several years or by using instrumental variables.

 Figure 1, showing the relationship between income inequality and intergen-
 erational economic mobility, uses estimates of the intergenerational earnings
 elasticity derived from published studies that I adjust for differences in meth-
 odological approach (see notes to the figure for details). So these estimates are
 offered, not as the best available estimates for any particular country, but rather as

 the appropriate estimates for comparisons across countries. (Analyzing a broader
 group of countries, I find that many of the lower-income countries occupy an even
 higher place on the Great Gatsby Curve than depicted for the OECD countries in
 Figure 1, but this is likely due to structural factors not as relevant to a discussion of
 the high-income countries.)
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Measuring Mobility

Consider the following regression, where yc is the child’s
income and yp is the parent’s income:

ln(yc) = β0 + β1ln(yp) + ε

β1 gives us our intergenerational income elasticity, a
measure of how closely correlated parent and child
incomes are

Notice that if β1 equals zero, parent’s income has no
effect on the expected value of a child’s income

As β1 gets larger, the marginal effect of parent’s income
on the expected value of child’s income gets larger

So bigger values of β1, the intergenerational income
elasticity, suggest lower levels of mobility
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Measuring Mobility

Before discussing some other measures of mobility, it is
worth taking a moment to think about a few
measurement issues that are somewhat unique to
mobility estimates

We will do so by playing around with estimates of the
intergenerational income elasticity

Let’s head over to Stata (notes on this exercise will be
posted on Blackboard and is also available here)
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Measuring Mobility 82 Journal of Economic Perspectives

 Figure 1

 The Great Gatsby Curve: More Inequality is Associated with Less Mobility across
 the Generations

 Source: Corak (2013) and OECD.
 Notes: Income inequality is measured as the Gini coefficient, using disposable household income for
 about 1985 as provided by the OECD. Intergenerational economic mobility is measured as the elasticity
 between paternal earnings and a son's adult earnings, using data on a cohort of children born, roughly
 speaking, during the early to mid 1960s and measuring their adult outcomes in the mid to late 1990s.
 The estimates of the intergenerational earnings elasticity are derived from published studies, adjusted
 for methodological comparability in a way that I describe in the appendix to Corak (2006), updated
 with a more recent literature review reported in Corak (2013), where I also offer estimates for a total of
 22 countries. I only use estimates derived from data that are nationally representative of the population
 and which are rich enough to make comparisons across generations within the same family. In addition,
 I only use studies that correct for the type of measurement errors described by Atkinson, Maynard, and
 Trinder (1983), Solon (1992), and Zimmerman (1992), which means deriving permanent earnings by
 either averaging annual data over several years or by using instrumental variables.

 Figure 1, showing the relationship between income inequality and intergen-
 erational economic mobility, uses estimates of the intergenerational earnings
 elasticity derived from published studies that I adjust for differences in meth-
 odological approach (see notes to the figure for details). So these estimates are
 offered, not as the best available estimates for any particular country, but rather as

 the appropriate estimates for comparisons across countries. (Analyzing a broader
 group of countries, I find that many of the lower-income countries occupy an even
 higher place on the Great Gatsby Curve than depicted for the OECD countries in
 Figure 1, but this is likely due to structural factors not as relevant to a discussion of
 the high-income countries.)
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Measuring Mobility

 398 THE AMERICAN ECONOMIC REVIEW JUNE 1992

 TABLE 1-SAMPLE CHARACTERISTICS

 Variable Mean Standard deviation Minimum Maximum

 Son's age in 1984 29.6 2.4 25.0 33.0
 Son's earnings in 1984 22,479 15,019 19 147,656
 Son's log earnings in 1984 9.75 0.94 2.94 11.90
 Father's age in 1967 42.0 7.7 27.0 68.0
 Father's earnings in 1967a 29,304 20,015 405 202,215
 Father's log earnings in 1967a 10.10 0.69 6.00 12.22

 aThe sample statistics for father's 1967 earnings are in 1984 dollars and pertain to
 the sample of 322 fathers analyzed in the first row and column of Table 2.

 ages would be particularly noisy measures
 of long-run status. By the same token, where
 more than one son from the same family
 meets all the above restrictions, only the
 oldest is retained in the main sample, be-
 cause his 1984 status is likely to be a more
 accurate indicator of his long-run status.
 Again, however, additional results will be
 reported for a sample of 428 sons that in-
 cludes multiple sons from the same families.

 The "fathers" in the sample are the male
 heads of the households the sons inhabited
 in 1968. In some cases, these "fathers" are
 not the sons' natural fathers. Such cases are
 retained in the sample because the object of
 this study is not to measure genetic trans-
 mission, but to measure the correlation be-
 tween economic status as an adult and the
 status of the household in which one grew
 up. Some additional results will be reported
 for a sample incorporating sons from
 mother-headed families.

 Table 1 presents some summary statistics
 on the age and annual earnings of the main
 sample's fathers and sons. Despite the main
 sample's preference for older sons, the sam-
 ple mean age for sons in 1984 is still slightly
 less than 30, while the sample mean for
 fathers in 1967 is 42. Because the sons are
 observed at an earlier stage of the life cycle,
 their mean earnings are lower, and the stan-
 dard deviation of the natural logarithm of
 their earnings is higher.'4

 It is important to recognize that use of
 the PSID does not altogether eliminate the
 issue of sample homogeneity. Although the
 PSID started as a national probability sam-
 ple, its representativeness undoubtedly has
 been affected by attrition. In a general anal-
 ysis of attrition in the PSID, Sean Becketti
 et al. (1988 p. 483) did not find extreme
 departures from representativeness, but they
 did note, "Low-income and high-income in-
 dividuals are more likely to leave than those
 in the middle-income categories." This gen-
 eral tendency toward income homogeneity
 in the remaining sample evidently applies to
 this study's sons sample as well. The 428
 members of the multiple-sons sample, who
 reported positive 1984 earnings in the 1985
 survey, are survivors of a cohort that num-
 bered 726 in 1968. Of the 298 lost sons, 272
 had disappeared from the survey by 1985
 (because of death, refusal to cooperate, or
 inability of the Survey Research Center to
 locate them), 12 remained in the survey but
 their 1984 earnings were missing or imputed
 by "major assignment," and 14 reported
 zero earnings. It is impossible, of course, to
 compare the 1984 earnings of the lost indi-
 viduals to those of the individuals in the
 1985 survey, but there are signs that the
 remaining sample of 428 underrepresents
 the low end of the earnings distribution.
 Only 6 percent of the 428 are black, com-
 pared to 16 percent of the 298; 39 percent
 of the 428 have fathers with less than a
 12th-grade education, compared to 51 per-
 cent of the 298. For the 428, the fathers'
 1967 earnings (in 1984 dollars) average
 $29,437 with standard deviation $20,379; for
 the 298, they average $27,391 with standard
 deviation $22,156.

 14The sons are at the left side of the well-known
 U-shaped pattern of log-earnings variance over the life
 cycle. See Gordon (1984) for detailed longitudinal evi-
 dence on the relationship between 0,2 and age.
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Measuring Mobility
 VOL. 82 NO. 3 SOLON: INTERGENERATIONAL INCOME MOBILITY 401

 TABLE 2-OLS ESTIMATES OF p FROM LOG EARNINGS DATA

 Year of Measure of father's log earnings
 father's Single-year Two-year Three-year Four-year Five-year
 log earnings measure average average average average

 1967 0.386
 (0.079)
 [322] 0.425

 (0.090)
 1968 0.271 [313] 0.408

 (0.074) (0.087)
 [326] 0.365 [309] 0.413

 (0.081) (0.088)
 1969 0.326 [317] 0.369 [301] 0.413

 (0.073) (0.083) (0.093)
 [320] 0.342 [309] 0.357 [290]

 (0.078) (0.088)
 1970 0.285 [312] 0.336 [298]

 (0.073) (0.084)
 [318] 0.290 [301]

 (0.082)
 1971 0.247 [303]

 (0.073)
 [307]

 Notes: Standard-error estimates are in parentheses, and sample sizes are in brackets.

 TABLE 3-OLS ESTIMATES OF p FROM LOG EARNINGS DATA FOR
 "BALANCED" SAMPLE (N = 290)

 Year of Measure of father's log earnings
 father's Single-year Two-year Three-year Four-year Five-year
 log earnings measure average average average average

 1967 0.369

 (0.094)
 0.409

 1968 0.396 (0.093) 0.431
 (0.087) (0.093)

 0.422 0.420

 1969 0.406 (0.088) 0.405 (0.094) 0.413
 (0.085) (0.090) (0.093)

 0.382 0.397

 1970 0.309 (0.089) 0.374 (0.090)
 (0.087) (0.088)

 0.324

 1971 0.285 (0.086)
 (0.078)

 Note: Standard-error estimates are in parentheses.

 held constant, the estimates for 1967-1969
 are fairly similar, but those for 1970-1971
 are noticeably smaller. Part of the explana-
 tion, especially for 1971, seems to be that
 the increased variance in father's log annual
 earnings in recession years worsens the
 errors-in-variables bias.

 To explore further the robustness of the
 results, several sets of variants of the Table
 2 regression for s = 1967 are estimated. The
 first set involves exclusion of outlier obser-
 vations. Reestimation excluding sons and
 fathers with annual earnings less than $1,000

 reduces the sample size to 311 and gives a p
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Measuring Mobility

 FORTUNATE SONS 249

 Figure 4. - Simulation and Actual Estimates from Averaging Fathers' Earnings

 for this cohort.36 This is probably not the case, for the
 estimates taken over shorter time periods appear to match
 the results from previous studies. To confirm this, a separate
 analysis was undertaken using the NLSY, 1979 cohort.

 The NLSY sample was chosen as a point of comparison
 because the cohort includes those born between 1957 and

 1965, which overlaps with the 1963-1968 cohort used here.
 The sample is restricted to those born between 1961 and
 1965 who lived with their father in 1979, 1980, and 1981.
 Due to data limitations, the log of a three-year average of
 family income over the period 1978-1980 is used as the
 right-side variable. Sons' earnings are measured in 1993
 when they were between the ages of 28 and 32. The
 estimated IGE is 0.448 suggesting that the results from the
 SIPP-SER sample are consistent with other data covering
 the same time period.

 G. Other Sample Selection Issues

 I first examine whether the results are sensitive to the

 requirement that children be living at home with their
 parents and that the children be matched to their SER data.
 Inasmuch as the age range of the sample is 15 to 20 and the
 match rate is approximately 90%, these are not likely to
 have much effect on the results. Nonetheless, I address this

 by separately estimating the probability of living at home
 and the probability of being matched to one's social security
 records. I then reestimate the IGE using the reciprocals of
 the predicted probabilities as weights.37 Table 8 shows the

 results. The first row presents the results from the bottom
 row of table 3. The second row weights the observations.
 The overall elasticity when sons and daughters are pooled is
 nearly identical at 0.355, but rises slightly for sons and falls
 slightly for daughters.

 Other variations are also attempted in table 8. Restricting
 the sample to the oldest child in each family has a small but
 insignificant effect on sons and virtually no effect on daugh-
 ters. Dropping those aged 19 or 20 in 1983 lowers the
 elasticity for sons to 0.283. The difference is still within the
 sampling error but might indicate some effect. The result is
 consistent with the observation by Reville (1995) and
 Haider and Solon (2004) that using the earnings of sons
 when they are observed at a younger age can bias the results
 downward.38 The final two rows of table 8 use different

 sample selection rules on children. Dropping those children
 identified as noncovered rather than imputing their earnings
 has almost no effect for sons but a significant positive effect
 for daughters. Finally, it might be the case that outliers due

 36 For example, Solon (1992) uses those born between 1951 and 1959,
 and Zimmerman uses those born between 1942 and 1952.

 37 To estimate the probability of living at home, the entire cohort was
 divided into 24 groups by year of birth, sex, and race. The rate of living

 at home was then calculated for each group. For estimating whether
 individuals would be matched to their SER data, a probit was estimated
 using a wide range of demographic, economic, financial, and government-
 program-participation variables. The reciprocal of the predicted probabil-
 ity of living at home and being matched to the SER produces the final
 weight. This approach assumes that there is "selection on observables," in
 the parlance of Fitzgerald, Gottschalk, and Moffitt (1998) - in other
 words, that there are no omitted variables that both influence the proba-
 bility of selection and influence the dependent variable (children's earn-
 ings) conditional on the regressors. This appears to be a reasonable
 assumption for the SER match, for the possession of an SSN is almost
 wholly a function of observable characteristics that are measured in the
 SIPP (such as having worked). This is evident when examining the history
 of the use of the SSN (see http://www.ssa.gov/history/ssn/ssnchron.html).
 38 See footnote 26. It is probably not because older children are more

 similar to their parents because they lived at home at a late age; for many
 of those aged 19 or 20 are actually attending college.
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Measuring Mobility

The intergenerational income elasticity is by far the
most prevalent mobility measure

As we saw, it does have a few problems

Chetty et al. point out a couple of additional problems:

In the raw data for the US, the relationship between
parent and child log income is rather nonlinear
Using log income requires excluding individuals with
zero income

A solution to these two extra problems is to use the
rank-rank correlation
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Measuring Mobility

A Level of Child Family Income vs. Parent Family Income Log Child Family Income vs. Log Parent Family IncomeB

FIGURE I

Association between Children’s and Parents’ Incomes

These figures present nonparametric binned scatter plots of the relationship between child income and parent income. Both panels
are based on the core sample (1980–1982 birth cohorts) and baseline family income definitions for parents and children. Child income
is the mean of 2011–2012 family income (when the child is approximately 30 years old), whereas parent income is mean family income
from 1996 to 2000. Incomes are in 2012 dollars. To construct Panel A, we bin parent family income into 100 equal-sized (centile) bins
and plot the mean level of child income versus mean level of parent income within each bin. For scaling purposes, we do not show the
point for the top 1% in Panel A. In the top 1% bin, mean parent income is $1.4 million and mean child income is $114,000. In Panel B,
we again bin parent family income into 100 bins and plot mean log income for children (left y-axis) and the fraction of children with
zero family income (right y-axis) versus mean parents’ log income. Children with zero family income are excluded from the log income
series. In both panels, the 10th and 90th percentile of parents’ income are depicted in dashed vertical lines. The coefficient estimates
and standard errors (in parentheses) reported on the figures are obtained from OLS regressions on the microdata. In Panel A, we
report separate slopes for parents below the 90th percentile and parents between the 90th and 99th percentile. In Panel B, we report
slopes of the log-log regression (i.e., the intergenerational elasticity of income or IGE) in the full sample and for parents between the
10th and 90th percentiles.
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A Mean Child Income Rank vs. Parent Income Rank in the U.S. Cross-Country ComparisonsB

FIGURE II

Association between Children’s and Parents’ Percentile Ranks

These figures present nonparametric binned scatter plots of the relationship between children’s and parent’s percentile income
ranks. Both figures are based on the core sample (1980–1982 birth cohorts) and baseline family income definitions for parents and
children. Child income is the mean of 2011–2012 family income (when the child is approximately 30 years old), and parent income is
mean family income from 1996 to 2000. Children are ranked relative to other children in their birth cohort, and parents are ranked
relative to all other parents in the core sample. Panel A plots the mean child percentile rank within each parent percentile rank bin.
The series in triangles in Panel B plots the analogous series for Denmark, computed by Boserup, Kopczuk, and Kreiner (2013) using a
similar sample and income definitions. The series in squares plots estimates of the rank-rank series using the decile-decile transition
matrix from Corak and Heisz (1999). The series in circles in Panel B reproduces the rank-rank relationship in the United States from
Panel A as a reference. The slopes and best-fit lines are estimated using an OLS regression on the microdata for the United States and
on the binned series (as we do not have access to the microdata) for Denmark and Canada. Standard errors are reported in
parentheses.
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Measuring Mobility 84 Journal of Economic Perspectives

 Figure 2

 Earnings Deciles of Sons Born to Top Decile Fathers: United States and Canada

 Source: Corak and Heisz (1999, table 6); Mazumder (2005, table 2.2).

 Figure 3

 Earnings Deciles of Sons Born to Bottom Decile Fathers: United States and Canada

 Source: Corak and Heisz (1999, table 6); Mazumder (2005, table 2.2).
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Measuring Mobility

 84 Journal of Economic Perspectives

 Figure 2

 Earnings Deciles of Sons Born to Top Decile Fathers: United States and Canada

 Source: Corak and Heisz (1999, table 6); Mazumder (2005, table 2.2).

 Figure 3

 Earnings Deciles of Sons Born to Bottom Decile Fathers: United States and Canada

 Source: Corak and Heisz (1999, table 6); Mazumder (2005, table 2.2).
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Measuring Mobility

So we’ve got the intergenerational income elasticity and
the rank-rank coefficient

Both of these tell us something interesting about
relative mobility

But neither really captures what the general public talks
about when they talk mobility

Mostly, people are thinking about the concept of
upward mobility

Chetty et al. look into this concept as well
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Measuring Mobility

Define rp as the mean income rank for a child whose
parents were in the p percentile of the income
distribution

Chetty et al. are going to estimate this value at the
commuting zone level to construct two different
measures of mobility:

Absolute upward mobility:

r25

Relative mobility:
r100 − r0

100

J. Parman (College of William & Mary) American Mobility, Spring 2019 February 1, 2019 11 / 21



Patterns of Mobility

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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Patterns of Mobility

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.
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Patterns of Mobility Income Inequality, Equality of Opportunity f and Intergenerational Mobility 87

 Figure 4

 Higher Returns to Schooling are Associated with Lower Intergenerational
 Earnings Mobility

 Source: Author using data from OECD (201 lb, table A8.1), and Corak (2013).
 Notes: The earnings premium refers to the ratio of average earnings of men 25 to 34 years of age with
 a college degree to the average earnings of those with a high school diploma. This is measured as
 the average employment income in 2009 of men 25 to 34 years of age with a college degree relative
 to the average income of their counterparts with a high school diploma (OECD 2011b, table A8.1).
 Intergenerational economic mobility is measured as the elasticity between paternal earnings and a son's
 adult earnings, using data on a cohort of children born, roughly speaking, during the early to mid 1960s
 and measuring adult outcomes in the mid to late 1990s (see notes to Figure 1).

 Labor Market Inequalities and the Returns to Human Capital

 Labor market outcomes have become more unequal in the United States and
 many other high-income countries since the late 1970s and early 1980s. This pattern
 is now very well-documented, as have been many of the underlying causes associ-
 ated with skill biases in technical change, its interaction with globalization, and the
 capacity of the supply of skilled workers to keep up with demand. But institutional
 differences have also implied that changes in inequality and the returns to skills
 have varied across countries.

 Figure 4 is inspired by the main hypothesis put forward by Solon (2004), and it
 relates the intergenerational earnings elasticity to the earnings premium a college
 graduate has over a high school graduate. The earnings premium is measured as
 the average employment income in 2009 of men 25 to 34 years of age with a college
 degree relative to the average income of their counterparts with a high school
 diploma (OECD 2011b, table A8.1). As the figure illustrates, in countries where the
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Patterns of Mobility  Miles Corak 89

 Figure 5

 The Higher the Return to College, the Lower the Degree of Intergenerational
 Mobility: United States, 1940 to 2000

 Source: Adapted by the author from Mazumder (2012, Figure 1).
 Notes : Information on the returns to college and the intergenerational earnings elasticity were provided
 to the author by Bhashkar Mazumder. As reported in Mazumder (2012), these are respectively from
 Goldin and Katz (1999) and Aaronson and Mazumder (2008, table 1 column 2). The 1940 estimate of
 the elasticity is a projection using Aaronson and Mazumder (2008, table 2 column 2).

 father confers no disadvantage, but being raised by a high-income father confers
 an advantage. Björklund, Roine, and Waldenstrom (2012) and my colleagues and
 I (Corak and Heisz 1999; Corak and Piraino 2010, 2011) document roughly similar
 patterns in Swedish and Canadian data with the intergenerational elasticity for
 top earners being two to three times greater than the overall average. However,
 Bratsberg et al. (2007) reject this convex pattern for the United Kingdom and
 United States, suggesting that a linear specification is a better fit. These differences

 may be substantive, or they may also reflect limitations in the size of the sample
 available from survey-based data used in the United Kingdom and United States.
 This is a major limitation in the American literature. In the other countries, the
 analyses are based upon administrative data with substantially larger sample sizes,
 and likely better representation at the extremes of the distribution.

 Families and Investment in Human Capital

 On the one hand, the impact of the returns to education on the degree of
 intergenerational mobility can be interpreted as reflecting an important role for the
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Patterns of Mobility
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Bottom 
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College Tier: (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14)
Ivy Plus 3.8 18.2 14.5 171,000 82,500 0.086 58.0 12.78 2.18 0.48 0.65 0.86 12 52,724
Other elite colleges 4.3 21.4 10.0 141,900 65,400 0.060 50.6 5.80 2.20 0.25 -0.46 -3.11 62 183,973
Highly selective public 5.5 29.0 2.5 107,300 53,600 0.099 40.7 2.67 2.22 0.15 -0.05 -1.71 26 393,548
Highly selective private 4.1 23.9 7.0 124,700 56,500 0.057 42.3 3.33 1.73 0.14 -0.30 -4.89 66 134,098
Selective public 8.4 39.8 1.3 87,100 41,600 0.102 23.3 0.70 1.95 0.06 -0.07 -1.89 364 1,944,082
Selective private 7.1 37.4 2.4 90,700 44,400 0.080 27.0 1.00 1.91 0.07 0.13 -2.85 446 486,852
Nonsel. 4-year public 17.0 59.5 0.6 61,200 29,800 0.085 13.5 0.19 2.30 0.03 -0.06 0.94 72 257,854
Nonsel. 4-yr. priv. non-prof. 10.7 45.2 2.0 80,500 29,000 0.079 13.6 0.42 1.45 0.04 3.43 5.54 52 55,947
2-year non-profit 14.6 55.4 0.5 66,900 29,800 0.110 12.3 0.18 1.80 0.03 1.82 3.68 604 2,021,451
Four-year for-profit 21.1 66.8 0.5 51,500 28,900 0.095 12.2 0.15 2.57 0.03 4.70 8.85 60 126,025
Two-year for-profit 20.6 67.3 0.3 51,500 31,300 0.092 13.1 0.17 2.71 0.04 5.47 9.63 37 42,313
Less than two-year colleges 20.9 65.7 N/A 53,000 18,800 0.096 7.7 0.19 1.60 0.04 2.66 8.27 14 10,032
All colleges 10.8 45.0 1.7 80,500 38,100 0.090 18.0 0.59 1.95 0.06 2.15 3.65 1,815 5,708,899

TABLE II
Key Statistics by College Tier

Share of Parents From: Trend in Access

Notes: This table presents key statistics by college tier; see Section II.D and Online Appendix D for definitions of these tiers. All statistics reported are for
children in the 1980-82 birth cohorts, except for the trend statistics in Columns 11 and 12, which are based on the 1980-1991 birth cohorts. All distributional
statistics are enrollment-weighted means of the exact values for each college, except for median parent income and child earnings, which are the mean incomes
for the percentile of the overall income or earnings distribution which contains the within-tier median. For example, the median Ivy-Plus parent falls in the 92nd
percentile of the overall income distribution and the mean income for Ivy Plus parents in the 92nd percentile of the overall distribution is $171,000. The exact
fraction of students from less than two-year colleges with parents in the Top 1% is not available due to small sample sizes in the publicly available data. Rank-
rank slopes are coefficients from a regression of child income rank on parent income rank with college fixed effects, as in Panels B and C of Table III; see notes
to that table for further details. Success rates are the fractions of children who reach the top 20% or 1% conditional on having parents in the bottom quintile.
Mobility rates are the fractions of children who have parents in the bottom income quintile and whose own earnings place them in either the top 20% or top 1% of
their own age-specific income distribution. The trend statistics are coefficients from enrollment-weighted univariate regressions of the share of parents from the
bottom 20% or 60% on student cohort, multiplied by 11; the statistics can therefore be interpreted as the trend change in access over the 1980-1991 cohorts.
Parents' incomes are measured at the household level when children are between the ages of 15 and 19, while children's incomes are measured at the
individual level in 2014. See notes to Table I for futher details on income definitions and how children are assigned to colleges.

Median 
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Income 

($)

Median 
Child 

Earnings 
($)

Within-
College 

Rank-Rank 
Slope

Num. of 
Colleges 
(80-82 

cohorts)

Num. of 
Students 
(80-82 

cohorts)

Mobility RateSuccess Rate
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Patterns of Mobility

Sample: Sons Daughters

Dependent Variable:
Individual 
Earnings 

Rank
Working HH Earn. 

Rank Married HH Inc. 
Rank

(1) (2) (3) (4) (5) (6) (7)
A. Full Population
Parent Rank 0.288 0.191 0.334 0.240 0.357 0.372 0.365

(0.002) (0.005) (0.000) (0.000) (0.009) (0.005) (0.008)

B. All College-Goers (with College FE)
Parent Rank 0.100 0.030 0.118 0.064 0.142 0.175 0.149

(0.000) (0.001) (0.001) (0.001) (0.000) (0.001) (0.000)

C. Elite Colleges (with College FE)
Parent Rank 0.065 0.023 0.090 0.036 0.107 0.151 0.131

(0.002) (0.002) (0.003) (0.003) (0.002) (0.004) (0.002)

D. Other 4-Year Colleges (with College FE)
Parent Rank 0.095 0.024 0.114 0.064 0.139 0.170 0.147

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

E. 2-Year Colleges (with College FE)
Parent Rank 0.110 0.042 0.125 0.067 0.149 0.185 0.154

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

TABLE III
Relationship Between Children's and Parents' Income Ranks Within Colleges

Full Sample

Individual Earnings 
Rank

Notes : This table presents estimates from OLS regressions of children's ranks on parents' ranks using data for children in the
1980-1982 birth cohorts. Each cell reports the coefficent on parent rank from a separate regression, with standard errors in
parentheses. Panel A uses the full population of children. Panel B restricts to all children that attend college (between the
ages of 19-22) and includes fixed effects for the college the child attended. Panels C, D, and E replicate the specifications in
Panel B, restricting the sample to children who attended particular types of colleges: Elite (Barron's Tier 1) colleges, all other 4-
year colleges, and 2-year colleges. In all specifications, the independent variable is the parents' household income rank,
calculated by ranking parents relative to other parents with children in the same birth cohort based on their mean pre-tax
Adjusted Gross Income during the five-year period when the child was aged 15-19. Column 1 uses the child's individual
earnings rank in 2014 as the dependent variable. In Column 2, the dependent variable is an indicator for whether the child is
working (defined as having positive earnings) in the year 2014. Columns 3 and 4 replicate Column 1, restricting the sample to
male and female children, respectively. Column 5 uses children's ranks based on their household adjusted gross income
instead of their individual earnings as the dependent variable. Column 6 uses an indicator for whether the child is married as
the dependent variable. Column 7 uses children's ranks based on their household wage earnings plus self-employment
income as the dependent variable. Columns 5-7 all use the full sample of children. See notes to Table I for further details on
college assignment and income definitions.

All Children
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Patterns of Mobility

FIGURE III: Relationship Between Children’s and Parents’ Ranks within Colleges

A. Selected Colleges
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B. By College Tier
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Notes: This figure shows the relationship between children’s income ranks and parents’ income ranks for children in
the 1980-82 birth cohorts. Panel A plots the mean child rank in each parent income ventile (5 percentile point bin) vs.
the mean parent rank in that ventile for students at the University of California at Berkeley, State University of New
York at Stony Brook, and Glendale Community College. The figure also plots the mean child rank vs. parent income
percentile in the nation as a whole (including non-college-goers) as a reference. We report rank-rank slopes for each
college, estimated using an OLS regression on the twenty plotted points, weighting by the count of observations in
the microdata in each parent ventile. The national rank-rank slope is estimated using an analogous regression using
all children in the 1980-82 birth cohorts. To construct the series for each college group plotted in Panel B, we first
run an enrollment-weighted OLS regression of children’s ranks on indicators for parents’ income ventile and college
fixed effects. We then plot the coefficients on the parent income ventiles, normalizing the coefficients on the ventile
indicators so that the mean rank across the twenty coefficients matches the mean unconditional mean rank in the
relevant group. The rank-rank slope in each group is obtained from an OLS regression of child rank on parent rank
including college fixed effects in the microdata. Children’s incomes are measured in 2014 and children are assigned
percentiles based on their rank relative to other children from the same birth cohort in 2014. See the notes to Figure
I for the definition of parent income ranks and the notes to Figure II for definitions of the college tiers used in Panel
B.
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Patterns of Mobility

FIGURE V: Mobility Rates: Success Rates vs. Access by College
A. Ivy-Plus and Public Flagship Colleges
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La Verne

UC-Irvine
UCLA

UC-Riverside

USC

Pepperdine
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SD of MR = 1.30%

SD of MR within CZ = 0.97%

D. Public vs. Private Non-Profit vs. Private For-Profit Colleges
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Public Colleges (Avg. MR = 1.93%)
Private Non-Profit Colleges (Avg. MR = 1.87%)
For-Profit Colleges (Avg. MR = 2.41%)

Notes: Each panel in this figure plots the percentage of children who reach the top quintile of the income distribution
conditional on having parents in the bottom income quintile (termed the “Success Rate”) vs. the percentage of
students with bottom-quintile parents (termed “Access”), with one observation per college. Multiplying a college’s
success rate by its access yields the college’s “Mobility Rate,” the probability that a child has parents in the bottom
parent income quintile and reaches the top quintile of the child income distribution. The curves in each panel plot
isoquants representing the 10th, 50th, and 90th percentiles of the distribution of mobility rates across colleges. Panel
A highlights Ivy-Plus and public flagship colleges, where Ivy-Plus colleges are defined in the notes to Figure II and
public flagships are defined using the College Board Annual Survey of Colleges (2016). Public flagships that are part
of a super-OPEID cluster that contains multiple schools are omitted. We report the mean mobility rate for these
two sets of colleges and the standard deviation (SD) of mobility rates across all colleges. Panel B highlights colleges
that have success rates in a ±3 percentile band around the 75th percentile of the empirical distribution of success
rates (weighted by the number of children with parents in the bottom income quintile). We report the unconditional
SD of access across colleges. We also report the average SD of access conditional on the success rate, constructed
by partitioning schools into 50 quantiles (weighted by the number of children with parents in the bottom quintile)
and reporting the root-mean-squared error from an enrollment-weighted regression of access on indicators for each
quantile. Lastly, we report the SD of access at the 75th percentile of success rates, defined as the SD of access
across colleges in the 37th-39th quantiles of the distribution of success rates. Panel C highlights colleges in the Los
Angeles commuting zone (CZ). The SD of mobility rates within CZs is calculated as the root-mean-squared error
from a regression of the mobility rate on CZ fixed effects. Panel D highlights public, private non-profit, and for-profit
colleges, defined using the college type in IPEDS (2013), and reports mean mobility rates for colleges in each group.
All estimates use the cross-sectional analysis sample and are weighted by enrollment unless otherwise noted. See
notes to Figures I and IV for details on the measurement of parent and child incomes and college attendance.
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Patterns of Mobility

Category
Parents Students Parents Students Parents Students Parents Students

Median income $176,400 $59,800 $155,500 $71,200 $97,200 $40,200 $69,300 $32,700
Average income 
percentile 84th 72nd 81st 76th 69th 61st 57th 54th
Share in top 1% 6.5% 6.3% 8.5% 10.0% <1% 1.1% <1% <1%
Share in top 5% 35.0% 24.0% 32.0% 31.0% 8.9% 7.3% 1.1% 1.2%
Share in top 10% 56.0% 37.0% 49.0% 45.0% 23.0% 15.0% 5.9% 6.9%
Share in top 20% 73.0% 54.0% 67.0% 62.0% 43.0% 30.0% 20.0% 19.0%
Share in bottom 20% 2.0% 9.0% 2.8% 8.2% 5.4% 10.0% 9.7% 12.0%

Other elite schools 
(public and private)

Other elite schools 
(public and private) Selective public

Two-year (public and 
private not-for-profit)

William & Mary UVA VCU Richard Bland

You can check on other colleges here.
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Patterns of Mobility Income Inequality , Equality of Opportunity , and Intergenerational Mobility 91

 Figure 6

 Money Matters: Higher-Income Families in the United States Have Higher
 Enrichment Expenditures on Their Children

 Source: Duncan, Greg J. and Richard J. Murnane. Figure 1.6 "Enrichment Expenditures on Children,
 1972-2006." In Whither Opportunity, edited by Greg J. Duncan and Richard J. Murnane, © 201 1 Russell
 Sage Foundation, 112 East 64th Street, New York, NY 10065. Reprinted with permission.
 Note: "Enrichment expenditures" refers to the amount of money families spend per child on books,
 computers, high-quality child care, summer camps, private schooling, and other things that promote the
 capabilities of their children.

 fees and associated financial aid packages, the United States is more generous in its
 support to children from low-income families than Canada.

 One way to explain all this is that the children of low-income families, especially

 in the United States, may not have the guidance and culture from their families that

 encourages college attendance, so that the offer of financial aid in and of itself is
 not enough. A field experiment conducted by Bettinger, Long, Oreopoulos, and
 Sanbonmatsu (2009) points out that a relatively small amount of help given to
 low-income families in completing a Free Application for Federal Student Aid, or
 FAFSA, form substantially raises the chances that high school seniors attend college.
 In other words, the patterns in the United States reflect - to a degree that they don't
 in Canada - more than the financial capacity of capable high school seniors.

 The development of these capabilities during the years before high school
 graduation has also become more unequal in the way predicted by Solon (2004).
 Monetary investments outside of formal schooling help promote a child's human
 capital in the primary school years, and likely raise the odds of having both the
 skills and also the aptitudes, to successfully apply to a college when the time comes.
 These investments have been increasingly unequally distributed over time. Figure 6,
 adapted from Duncan and Murnane (2011), contrasts the evolution of "enrichment
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