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1 Introduction

Intergenerational relative mobility—how tied an individual’s place in the income dis-

tribution is to her parents’ place in the income distribution while she was growing

up—has long been an object of interest, especially in the United States. While anal-

ysis of modern data shows that the US is less mobile than its rich peers (Corak and

Heisz, 1999; Boserup et al., 2013; Chetty et al., 2014b; Alesina et al., 2018; Mogstad

and Torsvik, 2021), much less is known about trends in U.S. mobility over the 20th

century.1

The main contribution of this paper is simple: we present, to the best of our knowl-

edge, the first estimates of long-run intergenerational relative mobility trends for a

representative sample of U.S.-born individuals. In particular, we show mobility esti-

mates for children born in the 1910s through the 1970s.2 As Table 1 shows, a handful

of papers have made important contributions to our understanding of long-run trends

in intergenerational relative mobility, typically relating occupational standing of one

generation to the next (Occ.-Occ. mobility). However, for data reasons, they include

only subsets (and typically advantaged subsets) of the population. Song et al. (2020)

shows mobility of occupational prestige from 1830 to 1980, but only for white men.

Using a clever synthetic-panel strategy based on the status information conveyed by

first names, Olivetti and Paserman (2015) can compare occupational mobility between

fathers and sons to that of fathers and sons-in-law, but only for white men and mar-

ried white women. Collins and Wanamaker (2017) and Ward (2020) include Black

Americans, but only men.3

We begin by locating (to the best of our knowledge) all surveys that ask individuals

their current family income, as well as their race, father’s occupation and region of birth

or childhood. Instead of relying on the traditional Occ.-Occ. mobility measure (which

complicates looking at women, as few formally worked after marriage in the historical

1 As Song et al. (2020) write: “evidence of long-term trends in intergenerational mobility is largely absent”
(p. 251). Similarly, Mazumder (2018, p. 225-226) writes: “One active topic of research that has not yet
been resolved is whether there have been major changes in intergenerational mobility in the United States
over time.”

2 Note that we do not examine intergenerational absolute mobility, which captures the probability that a
child’s income as an adult surpasses her parents’ income (in real dollars) while she was a child. Specifically,
we do not have detailed income measures for the parents’ generation (and instead rely on measures of
predicted income, detailed in Section 3) so we cannot accurately calculate the share of adult children
earning more than their parents. For recent work on intergenerational absolute mobility, see Chetty et al.
(2017), Berman (2018), Berman (2022) and Manduca et al. (2021).

3 As Table 1 shows, many important papers do include representative samples, but either for more modern
birth cohorts only (Chetty et al. 2014b, Solon 1992, Chetty et al. 2020, or Mazumder 2018) or short
snapshots of time (Massey and Rothbaum 2020 and Card et al. 2018).
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period), we relate the family income reported by prime-age adults in these surveys to

their predicted family income during childhood.4 We directly observe contemporaneous

family income of the adult child as it is a question asked in many surveys and—unlike

own occupation—can be answered by male as well as female respondents. Moreover,

unlike occupation alone, self-reported family income naturally reflects income gaps by

race or other characteristics. Similar to a two-sample instrumental variable approach,

we predict a respondent’s childhood income by using their race, region and father’s

occupation and calculating the average family income conditional on these character-

istics among households with children in the Census or other auxiliary data sources

(from as close as possible to the respondent’s tenth birthday).5

Our main finding is that both the IGE and rank-rank correlation fell (meaning

that mobility rose) between the 1910s and 1940s birth cohorts. The IGE (rank-rank

correlation) falls from 0.74 (0.37) for those born in the 1910s to 0.49 (0.24) for those

born in the 1940s. Between the 1940s and 1970s birth cohorts, the IGE measure drifts

upward again, while there is little change in the rank-rank correlation. Both because

the trends after the 1950s are more sensitive to the measure (IGE or rank-rank) and

because alternative data sources and methodologies are available for these more modern

birth cohorts, we mainly focus on the 1910s–1940s cohorts. Importantly, we do not

claim to have estimated causal effects of childhood income on adult income, which

would require us to identify sources of exogenous variation in parental income in each

of our birth decades. We view our results as descriptive.

To the best of our knowledge, this significant increase in U.S. intergenerational

relative mobility from the 1910s to the 1940s birth cohorts is a novel finding. Much

of the existing historical literature emphasizes either rising persistence or stability

(e.g., Song et al. 2020, Olivetti and Paserman 2015, Davis and Mazumder 2022). Our

uncovering a period of significantly rising mobility is due to two factors. First, the

1910s–1940s birth cohorts have been under-studied, as they are born too recently for

Census-based linking but also too long ago for study using IRS or PSID data.6 Second,

we show that the more traditional approach—the Occ.-Occ. mobility estimate for

4 Note from Table 1 that Collins and Wanamaker (2017) and Ward (2020) both take an income-score to
income-score approach (in essence, predicting income using information on occupation, race, and region
for both generations). This approach remains problematic for women, however, for the same reason as
Occ.-Occ. measures: a woman’s own occupation is both endogenous to marriage and not highly predictive
of economic well-being in the historical period.

5 Björklund and Jäntti (1997), Bloise et al. (2021) and others use a two-sample instrumental variable ap-
proach to estimate intergenerational income mobility, but this approach has been less common in the U.S.
context given limited historical microdata.

6 As of today, the most recent Census that can be linked is that of 1940, when the 1910s birth cohorts would
be only in their twenties and the 1940s cohorts not yet born.

2



white men—misses much of the rise in mobility for these cohorts. Indeed, we show

that using additional inputs beyond father’s occupation improves the prediction of

childhood income and offers additional insights on the evolution of mobility beyond

the traditional Occ.-Occ. mobility measure.

In the second part of the paper, we focus on subgroups (mostly the four subgroups

defined by Black/white race and male/female sex) and in particular how movements

of these subgroups contributed to (or slowed) the increase in mobility from the 1910s

to 1940s cohorts. Like inequality measures and unlike means, the full-population IGE

(or rank-rank) slope is not a weighted average of subgroup slopes. In particular, in

societies with two very unequal and endogamous subgroups (a description that applies

to white and Black Americans over much of the 20th century), between-group differ-

ences in mean incomes play a major role in determining overall relative mobility for

any given birth cohort and changes in those mean differences play an important role

in determining trends in overall mobility.

We show that between the 1910s–1920s and the 1940s–1950s birth cohorts, Black

Americans exhibit significant (though still partial) convergence to whites in both (pre-

dicted) childhood income and adult income. Whites also enjoy income growth in real

terms (though slower than Blacks), and their IGE and rank-rank slopes become flatter

(meaning that, within the white population, parental income matters less in predicting

own adult family income). Our decomposition, applying Hertz (2008) to our historical

data, shows that the Black-white convergence in mean income accounts for over half

of the rise in overall mobility (and the flattening of the white slope accounts for the

remainder). This result is quite striking given that Black Americans are just over ten

percent of the U.S. population. But given that they are drawn from an extremely

low part of the childhood and adult income distribution and in our historical period

did not intermarry with whites, changes in their average income exert great statistical

influence on the overall regression line.

In this paper we pay particular attention to Black women. First, because of data

limitations, there has been almost no work on historical intergenerational mobility

that includes this group. Second, we show that because Black women tend to grow up

in the bottom of the income distribution (as do their male counterparts) and in our

historical period are the lowest-income group as adults (substantially poorer than Black

men), they play an especially outsize role in increasing full-population intergenerational

persistence measures. As just one example, in 1920, the IGE increases from 0.51 to

0.59 (with non-overlapping confidence intervals) when Black women (only six percent

of the population) are added to the rest of the sample. Excluding even this small share

of the population overstates early twentieth-century U.S. mobility considerably.

The remainder of the paper is organized as follows. In the next section we describe
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the various datasets we use. In Section 3, we describe our methodology, in particular

the adult-family-income-to-predicted-childhood-income mobility measure. Section 4

presents our results for the full, representative population and Section 5 probes the

robustness of these results. Section 6 presents a decomposition of the full-population

mobility measures and then decomposes the rise in mobility into differential mobility

by race and gender. Section 7 concludes.

2 Data

In this section, we briefly describe the datasets that we use in this paper and share

summary statistics. Far greater detail can be found in Appendix E.

2.1 Datasets and sampling rules

We have located to the best of our knowledge all surveys that ask respondents their

current family income, their fathers’ occupation while they were growing up (with

sufficient detail), their race, and the region of the country where the respondent was

born or grew up (at least to the level of South versus other regions). We end up locating

15 different surveys, with details on all of them provided in Appendix E. Most readers

will be familiar with some (e.g., the General Social Survey or the American National

Election Survey), but others are not as well known (e.g., the National Survey of Black

Americans or Americans View their Mental Health).7

Following the IGE literature, we restrict attention to U.S.-born men and women

in the 30–50 age range in order to ensure that we are measuring life-cycle earnings as

closely as possible. Because advantaged children spend on average more time in formal

education, their earnings tend to be disproportionately depressed in the late twenties

relative to their prime-age earnings, so measuring the adult child’s income at these ages

may lead to downward bias of persistence measures. Haider and Solon (2006) suggest

as a rule-of-thumb to observe adult children as close to age forty as possible.8

7 In some cases, the data we use are in fact panel datasets that follow individuals and families over time (e.g.,
the Panel Study of Income Dynamics [PSID] and the National Longitudinal Surveys of Mature Women
and Older Men) and have often been used to measure mobility for more modern periods. To remain
consistent within our methodology, however, we do not use the panel components of these datasets. In
the first wave, these panel datasets often ask the adult respondent questions about their own childhood,
and it is this linkage that we use to predict the respondent’s family income in childhood.

8 We restrict the sample to U.S.-born men and women because we want to ensure that our measures of
childhood income—which are derived from U.S. sources—are relatively accurate approximations of income
in the parental generation. The share of adult children that are excluded because of this restriction is
relatively small: the share of adults ages 30–50 who were born outside of the U.S. ranges from 5% to 9%
in the 1950–1980 Censuses, which correspond to our time period of interest. We do note however that
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All of the surveys used in this analysis ask respondents about their total family

income. Many of the surveys ask respondents to report their income by choosing an

interval (e.g., $8,000–$10,000), whereas others allow respondents to provide an exact

value. To be consistent across surveys and over time, we transform the variables in the

latter group to resemble those in the former group, so that our baseline measure of an

adult child’s family income is a categorical variable with a similar number of income

bins over time. For more details on the construction of this harmonized variable, we

refer the reader to Appendix E.

In many cases, the data collection for these surveys was explicitly meant to be

representative and provides survey weights to correct deviations due to sampling error.

In those cases, we use the provided sampling weights. Of course, some of these surveys

target one sex (e.g., the National Fertility Survey) or one race (e.g., the National

Survey of Black Americans) and so are clearly not representative of the full U.S.-born

population. In the early cohorts, we also have a substantially lower share of women in

our data relative to the general population. For this reason, we will always re-weight

the pooled dataset so that each cohort has weighted shares for white women, white

men, Black women and Black men that match the corresponding shares in the Census

(Ruggles et al. 2021).9 In the appendix, we show that our main results barely change

under other weighting schemes, including not weighting at all.

2.2 Summary statistics

The first panel of Table 2 shows summary statistics of the fathers of the respondents

in our main dataset, separately by decade of birth. In this table we do not weight at

all, so that readers can get a sense of the raw data.

The decline of agriculture as a dominant occupation for fathers is readily apparent

for children in the 1910s–1950s birth cohorts, falling from over one-third to less than

one-tenth. We do not have father’s education in every survey, but the table shares

summary statistics from those surveys that do include father’s education. In our earliest

birth cohorts, the fathers in our data are born in the last few decades of the nineteenth

century and thus grew up before the high school movement, which is reflected in their

low levels of secondary education. Less than twenty percent of the fathers of our 1910s

and 1920s birth cohorts graduated from high school. College graduation was a rarity

first-generation immigrant parents (a sizable group in this time period) would be included in the analysis
as long as their children were born in the U.S.

9 We only focus on individuals whose race is classified as white or Black. Individuals of other races account
for tiny shares of the surveys’ samples in these historical time periods (1% or less of the sample in the
pre-1950 cohorts). The decomposition in Section 6 also highlights that groups with very small population
shares are unlikely to affect the full-population measures of persistence.
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for these fathers and as late as the 1950s birth cohort less than one in six of respondents

have fathers who completed college.

Summary statistics for the adult children (i.e., the survey respondents) appear in

the second panel of the table. The age of respondents is relatively similar and always

close to forty, as we would expect from our 30–50 age restriction. In contrast to past

historical work on U.S. mobility—which either excludes non-whites or uses linkage

techniques that significantly under-sample non-whites—our samples have coverage of

Black individuals very close to their population shares even before weighting.

A number of well-known trends among the children are apparent in our data. The

rise of educational attainment from the 1910s to the 1950s birth cohorts is striking and

consistent with Goldin and Katz (2010). High school attainment increases from one-

half to 90 percent, and college graduation rates nearly triple from ten to twenty-eight

percent. The increase in education from one generation to the next is massive as well:

for the 1910s to 1930s birth cohorts, the likelihood our survey respondents graduate

from high school is triple that of their fathers.

Another marked trend for the adult children in our data is the decline in veteran

status (which the table reports only for men in surveys that asked about veteran status).

While over seventy percent of men in our 1920s cohort report military service, by the

1950s cohort military service has become relatively rare. Finally, another noticeable

trend is union membership: while it holds steady in the high-twenties to low-thirties

for our early cohorts, it begins a steady decline with the 1950s cohort, consistent with

Farber et al. (2021).

Appendix Table A.1 separates our data (unweighted, as in the previous table) by

time period, race and sex and compares survey respondents to the relevant popula-

tion in the Census. As before, we see that in all periods and separately for men and

women, our data are very close to representative on race (roughly ten to fifteen percent

of the sample). In fact, one of the only variables on which there are small discrepancies

between our raw survey data and the Census data is education in the earliest birth

cohorts (we later show robustness using weights to adjust for these differences). Oth-

erwise, our raw survey data is remarkably similar to the Census in terms of age, the

share living or originating from the South (an especially important variable for Black

respondents), and marital patterns.

3 Methodology

In this section, we describe the ways we have adjusted the traditional Occ.-Occ. mo-

bility measure so as to include all U.S.-born Americans from twentieth-century birth

cohorts. Until 1940, the Census did not ask about earnings or income, so research
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on pre-1940 mobility has typically focused on the transmission of occupational status

across generations. Moreover, as most married women did not work until the 1970s,

the Occ.-Occ. measure could only include men. Of course, today, large majorities

of women work and modern, multi-generational panel data sources such as the IRS

and the PSID include income and earnings, so the preferred method is to relate family

income of a man or woman to his or her family income growing up (Inc.-Inc. mobility).

Given the goals of this paper—including representative samples but from the his-

torical period—neither Occ.-Occ. nor Inc.-Inc. mobility measures are possible. As

we detail below, we use self-reported information from survey respondents about their

childhood to predict childhood family income and then relate that to their self-reported,

contemporaneous family income.

Before detailing this methodology, we caution that our results in levels cannot be

directly compared to either Occ.-Occ. or Inc.-Inc. measures. For this reason, when

we discuss results and in particular make comparisons to existing work, we will almost

always focus on relative concepts (e.g., changes over time or differences across groups).

We make no claim that any particular estimate is the IGE or rank-rank estimate for

that period.

3.1 Predicting parental income

IPUMS provides 1950-based occupational income scores, which calculate the median

total income of people (pooling men and women) in each occupation in the 1950 Census.

These income scores can be used to approximate the income of individuals in earlier (or

later) Censuses who have the same occupations. Our approach to constructing income

predictions is similar in spirit to that of the IPUMS occscore variable, but we differ in

four notable ways.

First, not all of our surveys have father’s occupation categories that are as detailed

as those in the Census. Across all of our surveys, we can harmonize occupations into 28

categories. We thus build and use crosswalks that map the occupations in our surveys

into these 28 categories. These coarsened bins include broad occupations like doctors,

clerical workers, craftsmen, and farm laborers, and the full list is in Appendix E.

Second, when constructing measures of predicted childhood income, we limit the

samples whenever possible to men between the ages of 30 and 50 who are living with a

biological child younger than 18 years old (these men are almost always living with a

wife as well). This sample restriction should better proxy household income of fathers

with a given occupation, which is the population of interest when we try to predict
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income during the respondent’s childhood.10

Third, unlike the standard occscore variable, we calculate the average household

income (summing across all working adults in the household) by father’s occupation,

race (Black versus white) and region (South versus elsewhere). We follow recent pa-

pers (Abramitzky et al. 2021, Collins and Wanamaker 2017, Ward 2020, Saavedra

and Twinam 2020) that utilize characteristics beyond occupation to improve measures

of predicted income. Given widespread discrimination and occupational segregation,

using occupational scores computed from pooled Black and white populations will

substantially mis-measure childhood incomes. Similarly, the South is far poorer than

other regions during our sample period, so pooling across all regions throws out valu-

able information, especially for Black respondents who are vastly over-represented in

the region. The choice of South versus elsewhere for the construction of predicted

income is motivated by the fact that this level of detail is present in every survey.

However, in Section 5.1, we check the robustness of the main results to using the four

Census regions as predictors of income for the subsample of respondents for whom we

have this level of information.

Finally, instead of only relying on the 1950 Census, we use multiple datasets span-

ning the 20th century to approximate parental income based on when the survey re-

spondent was growing up. Specifically, we use income information from the 1901 Cost

of Living Survey, from the full-count sample of the 1940 Census, as well as from the

1960–1990 Censuses (Ruggles et al. 2021). In particular, we combine our data sources,

so that fathers are assigned measures of predicted income that come from the data

sources closest in time to when the respondent is ten years old. That is, the 1910s–

1920s cohorts are assigned measures of predicted income that are weighted averages

of the 1901- and 1940-based predictions; the 1930s–1940s cohorts are assigned mea-

sures that are weighted averages of the 1940- and 1960-based predictions; and the

1950s–1970s birth cohorts are similarly assigned income predictions that are weighted

averages of measures constructed using the 1960–1990 Censuses.11

One feature of historical measurement of occupational incomes is that farm income

is notoriously difficult to impute, as it is both highly volatile (being subject to weather

and price shocks) as well as difficult to measure (as comprehensive measurement of

10 In the first half of our sample, the share of children living without fathers is very small. Later in the
paper, we present various robustness checks to assess sensitivity of the more modern results to various
assumptions about missing fathers.

11 Similarly to Collins and Wanamaker (2017), we do not use the 1950 Census to construct measures of
predicted income, as only sample-line respondents are asked about their income. For our purposes, this
smaller sample size means that we are unable to calculate the average income for eleven occupation × race
× South cells pertaining to Black fathers. Moreover, the sample-line restriction makes it impossible to
calculate average household income.
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agricultural costs is difficult to capture). More than other occupations, farmers have

also declined in relative status over the first half of the 20th century (using data from

Iowa, Feigenbaum 2018 shows farmer families have median household income in 1915,

but are at the tenth percentile by 1950), so their status in one decade cannot proxy

for their status earlier or later.

For our earliest cohorts, we follow the approach in Goldenweiser (1916) and Abramitzky

et al. (2012) and use the 1900 Census of Agriculture to calculate farmers’ net earnings.

In our calculations, we allow for variation at the race × South level and take into ac-

count the share of each group that is not farm owners (i.e., part owners, or cash or share

tenants). Moreover, because the 1940 Census income variable excludes income from

self-employment, which includes most farmers, we supplement the 1940-based predic-

tions with the Bureau of Labor Statistics’ 1936 Expenditure Survey, which includes

family income for farmers and the self-employed. To our knowledge, this data source

is the earliest microdata to include total family income for these categories. More

detail on this additional data source for farmers and the self-employed is available in

Appendix E. One reassuring comparison is that in our data, white respondents born

in 1910–1929 outside of the South to farmer fathers are estimated to be growing up

around the 37–47th percentiles of the childhood income distribution, consistent with

results in Feigenbaum (2018) for Iowa.

Beyond farmers, how well does our predicted childhood income track known trends

in overall inequality over the 20th century? Appendix Figure A.1 shows the Gini coeffi-

cient as well as the top-10-to-bottom-50 ratio based on our predicted childhood income

measure, separately by respondents’ birth decades, as well as the analogous statistics

of national income throughout this time period from the World Inequality Database

(WID). Again, comparisons of levels are not helpful, since by construction our measures

will miss all household inequality arising from within father occupation×race×South-

cell variation. But for both the Gini and the top-10-to-bottom-50 ratio, inequality

measures based on our predicted childhood income and those based on the WID data

track each other remarkably well. Panel (c) of this figure plots the Black-white income

gap for the past 150 years (based on series compiled by Margo 2016) and shows that

our prediction of childhood income captures Black-white convergence at mid-century.

While we show robustness to many modifications of this prediction methodology in

Section 5, the measure described above serves as our baseline approach for predicting

childhood income, as we can calculate it for the respondents in all fifteen of our surveys.

3.2 Comparison to past measures of parental income

Data limitations have long plagued the study of mobility in the United States, and

our approach is no exception. We briefly review the main approaches in the literature,
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highlighting their advantages and disadvantages to better put our approach and results

in context.

Papers using historical data. The Census provides de-identified data for

those in the 1940 and earlier Censuses (and is in the process of de-identifying the 1950

Census). Recent papers have used linking algorithms to find the same individual across

Censuses based on their name, year of birth and place of birth. Ferrie (1996) was an

early and important contribution to this literature.

However, this approach faces important challenges. First, there is an active litera-

ture on the correct linking methodology and the preferred tolerance for rates of falsely

matching and missing true matches (see, e.g., Abramitzky et al. 2019 and Bailey et al.

2020). Matching methodologies are still in flux and best practices will likely evolve

as machine-learning techniques improve. Second, at least with the current available

technologies, the linked population is not representative of the full population. Most

obviously, the linked sample is not representative by sex, as women during this period

almost all changed their names upon marriage. To date, all published mobility papers

using Census linking drop all women. Even beyond gender, certain types of names are

very hard to link with precision (such as very common names like John Smith or long,

foreign names that might have changed over time).

An important example of a group which proves challenging for Census linking is

Black Americans. For example, an important contribution of Ward (2020) is the in-

clusion of Black men, but his linked sample is only two-percent Black before those

observations are up-weighted in the subsequent analysis. Similarly, Collins and Wana-

maker (2017) are able to find reliable adult matches for three and five percent of Black

children in the 1880 and 1900 Census, respectively. Moreover, Black Americans, and

particularly Black men, are systematically under-counted in Censuses even before any

linking is performed.12 In short, linking historical Censuses proves quite difficult be-

yond white men.

Our approach in many ways circumvents the challenges associated with linking. In

most cases, the “link” to the father’s occupation and other childhood characteristics

are merely included as questions answered by the adult child respondent in the survey.

Most of our surveys aim to be nationally representative (see Appendix Table E.1) so

the percent of Black respondents in our (unweighted) data is very close to that in the

full U.S. population, even for our earliest cohorts.

That said, there are important subgroups that may be missed by surveys. Given

our focus on representativeness of the U.S. population, especially by race, the fact that

12 O’Hare (2019) calculates that the net under-count rate for the Black population has gone from 8.4% in
1940 to 2.5% in 2010.
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incarcerated or otherwise institutionalized people are unlikely to complete the surveys

in our sample may bias our estimates of intergenerational mobility. Appendix Figure

A.2 shows the share of individuals ages 30–50 who are institutionalized (e.g., in cor-

rectional facilities or mental hospitals), separately by subgroup and cohort. The stark

increase in the Black male incarceration rate for cohorts born since the 1960s is clear in

the Census data. But there is little differential trend for Black male institutionalization

for those born prior to 1960, which are the cohorts that are the focus of our study.

Beyond linking individuals across time, another challenge for historical work on

mobility is the lack of individual or family income data until the 1940 Census. Most

historical U.S. mobility research focuses on the occupational status of the father (as

we do, though we adjust it along additional dimensions) and often the son as well.

Relative to a single snapshot of parental or father’s income, which is a very noisy

proxy for average childhood income and thus leads to severe attenuation bias (Solon,

1992), a single snapshot of father’s occupation may have the advantage of being more

stable over time. But a single observation of a father’s occupation has noise from two

sources, as Ward (2020) recently highlights. First, fathers change occupations from

year to year, especially when occupations are measured at the three-digit level that is

often used in this literature. While this attenuation bias is likely smaller than that from

year-to-year changes in family income, it could still be substantial. Ward (2020) shows

that mobility estimates using father’s occupation as observed in a single Census year

substantially over-estimate mobility relative to those that use multiple observations

across different Censuses. Second, Census-takers appear to record occupation with

substantial error, at least in the historical period.13

We do not observe fathers for just one (or two) Census snapshots, but rather observe

them in the recollections of their adult children during their prime-age years. In that

sense, we avoid the problem that Census researchers face of potentially observing the

father in a particularly unrepresentative year in terms of his occupation. By contrast,

it seems natural to assume that the adult child would remember the father’s main

occupation over her entire childhood, so the retrospective nature of our data likely aids

13 As Ward (2020) details, in a special case when a re-census was required in St. Louis in 1880, one-third of
occupations were reported differently only five months later, despite the reference date for the occupation
being unchanged. Given the challenges of linking, researchers have turned to creative solutions. We noted
in the introduction the synthetic-panel approached used by Olivetti and Paserman (2015) to study white
men and married white women. To the extent that children stay in their parents’ households as adults,
then household surveys like the Census allow researchers to observe both child and parents without needing
to link, an insight Card et al. (2018) and Hilger (2015) have used to study intergenerational mobility with
respect to education. But this approach only works for periods in which most children have completed
their education while living with their parents and of course does not provide a workable solution when
the outcome of interest is the adult child’s family income, as few children remain with their parents during
their prime-age years.

11



in identifying the chief occupation of the father.

Papers using more modern data. For those interested in studying more

modern cohorts, two data sources are especially useful. First, some datasets have been

collected with the express purpose of measuring intergenerational mobility, such as the

PSID and the NLS datasets. Second, IRS data allow linking of a small number of

cohorts (those born around 1980) from childhood to adulthood.

The PSID and NLS datasets have many advantages for modeling intergenerational

mobility. First, they tend to have multiple observations of father or family income

while the child is growing up, alleviating concerns about attenuation bias. They have

been fielded over decades, so the children can now be observed in their prime-age years.

However, it is difficult for long panels such as these to avoid attrition, which typically

results in non-representative samples as the most disadvantaged respondents prove

harder to track over time and across generations. Schoeni and Wiemers (2015) show

that the patterns of attrition by parent and child income result in biased estimates of

intergenerational mobility. Indeed, as we show in Appendix Table A.2, individuals for

whom we observe five or even ten years of childhood household income in the PSID

have fathers who are more likely to be white and much more educated than the general

population of fathers.

Chetty et al. (2014b) pioneered the use of administrative data, available since the

1990s, to study U.S. mobility. These data obviate the need for linking (the observations

have identification numbers) and are much less susceptible to attrition and attenuation

bias, as many years of income of both parents and children are available. Even with

these administrative data, there are numerous challenges for mobility research. First,

roughly seven percent of children cannot be linked to parents for various reasons.

Second, cohorts born earlier than the late 1970s cannot be examined, and even for

the cohorts considered, parental income is only observed while the individuals are

adolescents and when adult children are in their mid-thirties.14

Relative to these data sources, our approach allows us to reach further back in

history (though not as far back as Census linking—as in Ward 2020, Song et al. 2020,

Collins and Wanamaker 2017 or Olivetti and Paserman 2015—because the types of

surveys we use only become common in the 1940s, so will not capture 19th century

cohorts at prime age). However, relative to IRS data, our sample sizes are orders of

magnitude smaller, preventing us from breaking the data into neighborhoods or single

percentiles as in Chetty et al. (2014a), Chetty and Hendren (2018a) and Chetty and

Hendren (2018b). And of course, IRS and PSID data have the important advantage of

14 See Heckman et al. 2013, Uguccioni 2021, as well as cites therein for evidence that early childhood resources
are especially important to later-life outcomes.
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directly observing parental income (the IRS with the added advantage of third-party

verification in many cases), whereas we rely on adult children’s recall, an issue we now

discuss in greater detail.

3.3 Assessing adult children’s recall of parents’ occupation

Perhaps the key challenge for our analysis is that it depends on the accuracy of the

adult children’s responses when asked to report their fathers’ occupations (Bielby et al.,

1977). In Appendix C, we perform a number of exercises that we hope will bolster read-

ers’ confidence in the accuracy of our parental income prediction, while acknowledging

we cannot fully validate the measure.

First, we show that the occupations reported by male and female respondents tend

to match (as we would expect, given that there is no documented evidence of sex

selection in the US in our historical period and thus boys and girls on average grow

up in the same families). Specifically, we compare predicted childhood income—which

are of course based in part on recall of father’s occupation—for men versus women by

decade, finding essentially no significant differences beyond what would be expected

by chance and in all cases the differences by sex are small and switch signs. This

equivalence by sex across decades holds for the full sample, as well as for whites and

Blacks separately (see Appendix Figures C.1 and C.2). Relatedly, we show in Appendix

Figure C.3 that in the surveys, like the NLS, where multiple siblings from the same

household are sampled, the siblings’ recall of father occupation are extremely highly

correlated.

Second, we show that the average (predicted) parental income as well as the types

of occupations reported by our survey respondents are similar to the occupations of

actual fathers in the Census when these respondents were growing up (see Appendix

Figure C.4 and Tables C.2 and C.3). These comparisons help alleviate concerns that

children tend to inflate the status of their father when they are asked to recall their

upbringing and that the implied distribution of parental income in the surveys will not

correspond to the distribution of parental income in the same time period. Importantly,

these exercises suggest that respondents’ recall was not improving or deteriorating over

time in a way that would drive the mobility trends we uncover.

Last, we use the PSID to perform a direct validation. Again, more details are

provided in Appendix C, but we provide a short recap here. We begin by making

use of the fact that (beginning in 1997) the PSID asks household heads to recall their

father’s occupation while they were growing up and in many cases we directly observe

the fathers of these respondents in earlier waves of the surveys (i.e., the 1960s and

1970s) when they are asked to report their own occupations. Over 80 percent of these

household heads report an occupation that the father also reports and the most com-
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mon mistakes are small and understandable (e.g., one party reporting “craftsmen” and

the other reporting “operatives”).15 Indeed, the correlation between logged predicted

income based on father’s self-reported occupation and those based on the child’s recall

is 0.83 and the relationship is very linear across the entire support of father’s predicted

income (so we do not see, for example, that the children of the lowest-status dads tend

to overstate their father’s occupational status or that children of the highest-status

dads tend to understate; see Appendix Figure C.5). Further, the coefficient from a re-

gression of the five-year average of log father’s income on our income prediction (using

the retrospective question) results in a coefficient very close to 1, suggesting that our

retrospective measures of predicted income are quite closely correlated with father’s

actual permanent income. While we cannot directly verify that the accuracy of adult

children observed in the 1990s and early 2000s in the PSID is a good proxy for the

accuracy of our survey respondents in earlier years, it is reassuring that in a setting

where we can directly validate adult children’s recall, it appears highly reliable.

3.4 Specifications

We estimate variants of the following two specifications, both standard in the mobility

literature. We begin with the classic log-log specification estimated in Becker and

Tomes (1979):

log(yic) = βclog(ypic) + f(agei) + δsy + εic. (1)

In this equation, yic is the total family income of respondent i born in cohort c; ypic
is the predicted family income of respondent i’s parents based on father’s occupation,

race, and Southern location; f(agei) is a quadratic in the age at which we observe

the adult child (though recall we already restrict the sample to be observed at ages

30–50, which should limit life-cycle effects); and δsy is a vector of survey-year fixed

effects (e.g., the ANES in 1962 would received its own fixed effect). The coefficient βc

is an estimate of the IGE for cohort c, measuring persistence in logged income across

generations. We estimate this equation separately by birth decade to allow the effect

of the control variables to change over time.

The utilization of predicted income to approximate parental income ypic is similar

in spirit to a two-sample two-stage least squares estimation (TS2SLS; Inoue and Solon

2010), which has also been a preferred approach in the intergenerational mobility liter-

ature (see e.g., Aaronson and Mazumder 2008, Bloise et al. 2021, Björklund and Jäntti

15 Note that we often see multiple observations of father’s self-reported occupation, as household heads were
asked about their current occupation during each survey wave.
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1997, Olivetti and Paserman 2015). The main difference is that instead of estimat-

ing average logged incomes for each father occupation × race × South cell using the

Census as in the TS2SLS approach, we calculate average incomes for each cell and

then apply a log transformation. We use this latter method as our baseline approach

because microdata that includes measures of income is not available in the U.S. in the

earliest part of the 20th century. We instead have to rely on alternative data sources

from this time period—namely, the 1900 Census of Agriculture and the 1901 Cost of

Living Survey—to impute a father’s average income for each of these cells. Indeed, this

baseline approach is frequently used in U.S. economic history papers, including Collins

and Wanamaker (2017) and Ward (2020). Nevertheless, we show the robustness of

our results to using the TS2SLS approach (using the earliest available microdata) in

Section 5.3.

As an alternative to the IGE, we follow the rank-rank approach in Chetty et al.

(2014a). The rank of the parents, Rankpic, is the percentile (based on predicted parental

income) among all parents having a child in cohort c. Similarly, the rank of the adult

child, Rankic is the rank of family income among all children born in cohort c. The

mapping of child’s rank to parent’s rank (the copula of the joint distribution) tends

to be linear and can handle zeros, which may be missed in the (logarithmic) IGE

specification. Chetty et al. (2014a) focus on this specification:

Rankic = γcRankpic + δsy + εic. (2)

In this estimation, γc is an estimate of the rank-rank correlation for cohort c. Again,

we estimate this equation separately by birth decade.

In the final panel of Table 2, we show these income and rank measures, where

incomes are all in 1950 dollars. There is only minor top- and bottom-coding of the

adult children’s family income in each birth decade. Real family income of both the

adult children and their parents grows robustly across most decades, reflecting the

robust real income growth in the U.S. over much of the 20th century.

An obvious but important point is that with sufficient granularity in the income

measures, the average rank of fathers and adult children must both be fifty. Re-

assuringly, we see an average close to fifty across all of our birth decades. Missing

information for parental income is a challenge even for modern, administrative data,

and so we include the share of children who have missing information for father’s in-

come, which rises especially after 1950. We do not include these observations in most

of the analysis, but later we show robustness to adding them back into the sample with

various assumptions about missing fathers’ incomes or by using mothers’ occupations

when available.
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4 Results for representative samples

4.1 Main results

The first series of Figure 1 shows the IGE for survey respondents over time, pooling

across surveys and applying our baseline population-adjusted weights. We show the

IGE separately by decade of birth and report the corresponding estimates in Appendix

Table A.3. Between the 1910s and 1940s birth cohorts, the IGE falls markedly, from

roughly 0.74 to 0.49. We then see an increase in this measure in subsequent birth

cohorts, so that the IGE appears to take on a u-shape over time.

The second series shows the results from the rank-rank specification. As is typically

found in other papers, our rank-rank coefficients are lower in magnitude than our IGEs:

it begins the sample period around 0.37 and declines to a low of 0.24 for the 1940s

birth cohorts. While the IGE and rank-rank track each other in changes very closely

between the 1910s and 1940s cohorts, the IGE drifts upward for more modern cohorts

while the rank-rank correlation stays relatively flat.16

For several reasons, we focus on the decline in the IGE and rank-rank measures that

occurs from the 1910s to the mid-century birth cohorts, instead of the subsequent rise in

the IGE or the stabilization of the rank-rank correlation thereafter. First, as we noted

in our discussion of Table 2, the share of data with missing information about fathers

increases over time, so trends toward the latter part of our sample period might reflect

sample selection.17 Second, beginning with the 1960s birth cohorts, modern panel data

such as the PSID and later on linked administrative IRS data become available, so we

feel our relative contribution to understanding mobility patterns in the modern period

is smaller.

Figure 2 shows the decline in intergenerational persistence between the 1910–1919

cohorts and the 1940–1949 cohorts as bin-scatter figures. The first panel shows the

change in the IGE relationship: a large shift rightward and upward (reflecting real

income growth for both generations) as well as a significant flattening of the slope

(because the upward shift is especially large among individuals growing up with less

family income). The second panel of Figure 2 shows that the decline in the rank-rank

is also large and precisely estimated. Given that by construction there can never be

an overall increase in parents’ or children’s ranks (their average must always be 50) we

16 Appendix Figure A.3 plots the estimates separately for each survey in order to give readers a sense of
which surveys contribute to each decade’s estimate and their relative magnitudes. Given the focus on
representativeness, we exclude surveys whose respondents are only of one race or not representative of the
30–50 age group.

17 However, to the extent that the estimates in this later period suffer from measurement error, then if
anything, the u-shape over this entire time period will be even more marked.

16



see only a flattening of the slope.18

We believe the decline in intergenerational relative persistence from the 1910s to

the 1940s cohorts is a novel finding, though there have been hints of it in past work.

Using a dynamic Occ.-Occ mobility approach for white men (where status is fixed for

all men within an occupation-decade but occupational status can change over time),

Song et al. (2020) find a modest decline for those born around 1946–1955, which we also

find as roughly the nadir of our IGE and rank-rank series. They write “we consider the

deviation of the 1950 birth cohort best interpreted as suggestive.” Similarly, including

white and Black men, Ward (2020) finds that mobility is significantly lower in 1910

than in 1960 (though he does not have data for the intervening years), again consistent

with our results for representative samples.

4.2 Comparison to occupational mobility

We adopted a Self-reported inc.-Predicted inc. approach to better include women and

non-whites, but a natural question is how our results compare to the more traditional

Occ.-Occ. measures. Note that we can only perform this comparison for men. In

Appendix Figure A.4 we show that the standard Occ.-Occ. approach using the Census

occscore variable shows only limited decline in intergenerational persistence (panel (a)

includes all men and (b) just white men). Similarly, there is little decline when using an

Occ.-Predicted inc. approach (second series). The third and fourth series show results

for Predicted inc.-Predicted inc. and Self-reported inc.-Predicted inc., and in both cases

a large decline in intergenerational persistence appears. The differences between the

later (third and fourth) and earlier (first and second) series suggest that an important

part of the rise in male-only mobility comes from within-occupation upgrading of men

with low-status fathers. As such, while the motivation of adjusting the Occ.-Occ. mea-

sure was in large part to include women, the adjustments also provide new insights for

male-only mobility during this period and further show why the decline in persistence

was harder to detect with more traditional, occupation-based mobility measures.

As an alternative way to see the difference between our approach and the more

traditional occupation-based measures, we can study how our full-sample mobility

estimates change as we transition from only using father’s occupation to incorporating

information about respondents’ race and geography in the income prediction. (Note

18 While caution is warranted in terms of comparing the levels of our rank-rank estimates (which use predicted
parental income) to those from modern administrative data (which use actual income data averaged over
several years from the parents), we use the modern estimates as rough benchmarks to assess the importance
of the changes. The rank-rank slope we find for the 1910s–1920s cohorts is roughly equal to the modern
US (see Chetty et al. 2014a), whereas the slopes we find for mid-century cohorts are close to the modern
estimates in Canada and Denmark (see Connolly et al. 2019 and Helsø 2021, respectively).
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that we use reported family income as the dependent variable in this exercise in order

to include women.) The first series of Appendix Figure A.5 shows the occupation-only

estimates, confirming a decline in persistence between the 1910s and 1940s cohorts.

Incorporating race and Southern residence into the prediction of childhood income

accelerates the decline in the IGE only modestly (though still statistically significantly,

p < 0.01), but its effect on the rank-rank is visually evident and in fact using only

father’s occupation to predict childhood income would have reduced the overall decline

by roughly one-third.19 This figure thus shows that using a richer set of predictors

than merely father’s occupation increases in a statistically significant manner (and

for the rank-rank, economically significant) the estimated decline in intergenerational

persistence from 1910s to 1940s cohorts.

4.3 A “Great Gatsby” curve?

In the third series in Figure 1 we plot the Gini coefficient based on the self-reported

family income for the respondents in our surveys (that is, the adult children in the

parent-child pair).20 Quite strikingly, measures of persistence and inequality move in

tandem for the first four decades in our sample, suggesting that mobility and inequality

are inversely related (the so-called Great Gatsby relationship, typically demonstrated

with cross-country data; Solon 1999, Solon 2004, Corak 2013, Blanden et al. 2022).

Nevertheless, in the second half of the 20th century, we see that the IGE continues

to move together with inequality, while the rank-rank correlation stabilizes. If one

favors the IGE as the preferred measure of mobility precisely because it incorporates

distributional changes (see e.g., Mitnik et al. 2015), then these findings provide evidence

for the hypothesis that inequality and mobility are linked using variation over time

within the US. To date, such evidence has been lacking. On the other hand, if one

favors the rank-rank correlation as a “pure” measure of mobility, then the estimates in

Figure 1 suggest that the link between inequality and mobility has weakened since the

1950s.

A natural question that Figure 1 raises is why the IGE increases in more recent

19 In particular, as we add predictors of parental income, both the variance of logged parental income as
well as the covariance of logged income across generations increase, so that the trends in the IGE remain
relatively unchanged. By contrast, the covariance of ranked income across generations increases, so that
the rank-rank correlation always increases as we include predictors beyond occupation. Appendix Table
A.4 shows the R-squared from regressing logged income on the predictors. This table highlights that
occupation is certainly an important predictor of income, but incorporating race, region, and education
all improve the power of our measures to predict household income.

20 Appendix Figure A.7 plots the Gini coefficient of family income using the decennial Censuses, confirming
that the cohorts born in the 1930s and 1940s experienced the least inequality in their own adult family
income.
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decades, while the rank-rank correlation stays relatively constant. The diverging paths

of these measures can be explained by the fact that, holding the copula fixed, the IGE

will rise with the ratio of children’s to parents’ inequality, whereas, by definition, the

rank-rank will not. Specifically, using our baseline approach, the variance of logged

parental income declines over time, implying that the IGE will increase over time even if

the covariance of logged income across generations is relatively unchanged. In contrast,

the variance of ranked parental income is fixed by construction, so changes in the rank-

rank correlation will only reflect changes in the covariance of ranked income across

generations. Indeed, Appendix Figure A.6 illustrates that when we instead compare the

rank-rank correlation to the intergenerational correlation — where IGC = IGE × σyp

σy

and σy and σyp are the standard deviations of adult children’s and parental logged

income, respectively — the two measures coincide throughout the 20th century.

In summary, we have so far provided evidence of a significant decline in IGE and

rank-rank persistence measures between the 1910s and 1940s birth cohorts. Impor-

tantly, these results reflect samples that are representative of the full U.S.-born popu-

lation, including women and non-whites. In the next Section, we show robustness of

this result to what we consider the most central concerns.

5 Robustness of the full-population result

We divide our robustness checks into three main concerns: measurement error of child-

hood predicted income; life-cycle bias; and econometric challenges related to the two-

stage estimation. The final subsection summarizes robustness checks that do not fit

into these main categories.

While detail on all of these results are provided in various appendices, Table 3

summarizes more succinctly how the main result—the decline in IGE and rank-rank

correlation between the 1910s and 1940s cohorts—holds up after changing methodolog-

ical choices.

5.1 Measurement error in predicted childhood income

As noted earlier, the key challenge for our approach is measurement error in estimating

the respondent’s average family income over her childhood.21 This measurement error

21 In particular, if the utilization of predicted parental income understates the covariance of income across
generations, then βc will be lower than the “true” estimate. If the predictions understate the variance
of parental incomes, then βc will be higher than the “true” estimate. Given that both the numerator
and denominator of βc may suffer from measurement error, it is ex-ante ambiguous in which direction the
estimate will be biased. In contrast, the variance of ranked parental income is fixed by construction. The
estimate of the rank-rank correlation will therefore only suffer from measurement error if the utilization
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can arise from several sources, which we address in turn below.

Recall bias. Section 3.3 already provided evidence that the recall of father’s

occupation appears reasonable—men and women give the same answers on average and

the answers given match the occupational mix of actual fathers in the Census during

the period the respondent grew up. We also performed a direct validation using the

PSID, where we can observe the father reporting his own occupation and then decades

later observe the adult child’s recollection of that occupation.

Here, we show that if the types and frequencies of recall errors made in the PSID

were made in all of our other surveys, our main result of declining intergenerational

persistence between the 1910s and 1940s cohorts would still hold. Specifically, we use

the observed mistakes in recall associated with each occupation to create a mapping

from the father’s occupation claimed by the adult child to probabilities over the fa-

ther’s true occupation (Appendix C.3 provides greater detail). For example, among

children in the PSID who claim their father was an operative, 60% of fathers also say

operative, but 16% say craftsmen, 6% say non-farm laborers, etc. We can apply the

same probability matrix to all of our other surveys and thus randomly draw from this

distribution instead of (as in our baseline approach) treating the child’s recall as cor-

rect. We repeat this exercise 200 times and re-estimate our measures of mobility using

predicted childhood income corresponding to the recall-adjusted fathers’ occupations.

Appendix Figure C.6 shows that the mobility estimates from this exercise are generally

attenuated, but we can still easily reject equality of mobility estimates for the 1910s

and 1940s cohorts.

Unobserved within-cell variance. By construction, our baseline approach

assigns each respondent a childhood income based on the mean family income in a

father occupation×race×South cell from the appropriate Census or other auxiliary

dataset, and it thus ignores within-cell variation. As noted, to the extent that some

within-cell variation in a single Census year is merely transitory, excluding within-

cell variation will better approximate permanent average childhood income. But to

the extent that within-cell variation reflects systematic income differences missed by

father occupation×race×South, our measure of predicted childhood income will bias us

away—in an a priori unclear direction—from the persistence measure of interest.

We begin to address this concern by re-estimating predicted childhood income on

subsets of our data that include more information on childhood background. As noted

earlier, for more than half of our surveys, respondents were asked about their fathers’

education. We can thus re-calculate measures of predicted childhood income using fa-

ther’ occupation, race, Southern location, and father’s education for this subsample. A

of predicted income incorrectly measures the covariance of ranked income across generations.

20



priori, father’s education is one of the most likely factors to create systematic deviation

from our father occupation × race × South-based mean family income. Indeed, adding

information about father’s education to our standard approach significantly increases

predictive power (e.g., in 1960, the R-squared rises from 0.29 to 0.33; see Appendix

Table A.4).

The first panel of Appendix Figure B.1 compares the IGE with the original pre-

dictions at the father occupation × race × South level—using the baseline sample as

well as the sub-sample of respondents who are asked fathers’ education—to the IGE

using these augmented measures in this restricted sub-sample. The three series are

very comparable in both levels and trends: in particular, they show the marked decline

between the 1910s and 1940s birth cohorts. The second panel shows that the decline in

the rank-rank measure is also unchanged by augmenting the income prediction with fa-

ther’s education. Thus, when we significantly improve our childhood income measures

with an important predictor, the trends in mobility remain unchanged, providing some

reassurance that systematic, unobserved within father occupation × race × South cell

variation in income is not driving our results.22

Similar to the previous exercise, for nine of our fifteen surveys, we have information

on the Census region of birth or childhood. For respondents in this subsample, we

can thus predict childhood income at the father occupation × race × Census region

level, instead of collapsing region to South versus other. Appendix Figure B.5 shows

how the baseline estimates vary as we transition to this subsample and to measures of

predicted childhood income that vary at the regional level. The decline in persistence

and the overall trends in mobility remain unchanged.

While we have shown robustness of our main result to using a richer set of predictors

whenever our data allow, we now take a different approach to assessing the extent of

potential bias due to unobserved within-cell variance. Essentially, we ask, even if we

assume that all within-cell variance reflects true, permanent differences in childhood

income, can we still detect a decline in intergenerational persistence between the 1910s

and 1940s cohorts?

For each father occupation × race × South cell, we observe the actual family in-

come values of all observations in that cell (i.e., from the appropriate Census or 1936

expenditure data). We begin with a multiple-imputation estimation (see, e.g., Little

and Rubin 2019 and Rubin 1987), which uses the observed distribution of data in

22 Appendix Figure B.2 shows how the IGE and rank-rank estimates evolve as we transition from only using
occupation to predict income to also including information about a father’s race, region, and education.
If the decline were driven by an increase in measurement error across cohorts, then we would expect the
decline to decrease in magnitude as we add important predictors of income. Instead, we see that the
decline is persistent and robust across various ways of predicting a father’s income.
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the Census to calculate various plausible values for the respondents’ childhood income

(conditional on the father’s occupation, race, and Southern location). The first series

of Appendix Figure A.8 shows the baseline IGE results and the second series shows

the multiple-imputation-based results. While the multiple-imputation-based results

are, as expected, much attenuated and thus make it harder to detect changes over

time, we can nonetheless reject equality of the 1910s and 1940s estimates. Similarly,

when we simply draw directly and non-parametrically from the empirical distribution

of all observed family income values in a cell (the third series) we find similar results.

Thus, even when we make maximal assumptions—that all within-cell variation reflects

permanent variation in childhood income—we can reject equality of intergenerational

mobility for the 1910s and 1940s cohorts.

Farmer income. Our baseline measure of parental income acknowledges the

difficulty in estimating farmer (and self-employed) income in the first half of the 20th

century using conventional survey or Census data. We therefore use the 1900 Census

of Agriculture (for farmers) as well as the 1936 Expenditure Survey (for farmers and

self-employed) given the limitations of the 1940 Census for these groups.

In this section we perform additional checks related to the prediction of income

for farmer fathers. First, we follow Collins and Wanamaker (2017) and impute the

income of farmers in 1940 using the income of farm laborers in 1940 as well as the

ratio of farmer-to-farm-laborer income in the 1960 Census. We adjust the income of

self-employed businessmen in 1940 using a similar approach. Appendix Figure B.3

shows that our main result of a marked decline in persistence remains unchanged when

we follow this differing methodology. Second, also shown in Appendix Figure B.3, we

simply drop farmers to ensure that our mobility patterns are not being entirely driven

by this sizable population for which it is hard to estimate childhood income. Again,

the conclusion that mobility increased substantially between the 1910s and 1940s birth

cohorts is unchanged.

5.2 Life-cycle bias

Next, various papers in this literature have noted that using current income to proxy for

the adult children’s lifetime earnings may bias estimates of mobility (see e.g., Haider

and Solon 2006, Lee and Solon 2009, Nybom and Stuhler 2016). Appendix Figure

A.9 shows the robustness of the main result to alternative specifications and sample

restrictions that attempt to minimize this lifecycle bias. We begin by restricting the

sample to older respondents (i.e., those aged 35–50) whose total family income may

be better approximations of their lifetime earnings. We also follow Lee and Solon

(2009) and include quartic age controls (relative to age 40) as well as interaction terms

of the quartic terms with parental income. Finally, acknowledging the possibility of
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heterogeneous age-earnings profiles, we follow Nybom and Stuhler (2016) and include

controls for college education, and we allow income to grow differentially with age

depending on a respondent’s education. The decline in persistence between the 1910s–

1940s cohorts remains marked in all of these specifications.

5.3 Robustness to econometric approach

Functional form. One concern with the empirical approach is that we rely on

the log or rank transformations for estimating relative mobility. Following Dahl and

Lochner (2012) and Løken et al. (2012), Appendix Table D.1 instead considers levels

of income for both the survey respondents and their parents. This table confirms

the weakening relationship between income across generations, with the main decline

occurring between the 1910s and 1940s cohorts.23 In Appendix D, we also show that

the coefficient βlevel from the levels-on-levels regression can be transformed using the

first and second moments of the parent and child marginal income distributions to

generate close approximations of the IGE and rank-rank measures, confirming that the

non-linear transformations embedded in the latter two measures are not driving the

results.

Moreover, the OLS estimand is a convex combination of the marginal effects along

the income distribution (Imbens and Angrist 1994, Mogstad and Wiswall 2016, Løken

et al. 2012). Another concern could therefore be that the increase in mobility is not

reflecting declines in persistence, but is rather the byproduct of OLS weights changing

across cohorts. To consider this possibility, Appendix Figure D.4 plots the distribution

of OLS weights for the 1910s–1940s cohorts. Importantly, the final panel highlights that

the weight distribution is not changing differentially relative to the income distribution

over time in a way that would drive the increase in mobility.24

Connection to TS2SLS. As noted in Section 3.4, the baseline empirical approach

is similar in spirit to a two-sample two-stage least squares (TS2SLS) approach, which

we implement in Appendix D. In practice, this approach entails dropping the 1910s

birth cohort (for whom contemporaneous microdata is not available) and using the 1936

Expenditure Survey in conjunction with the 1940–1980 Censuses to predict parental

23 Appendix Table D.2 also estimates quadratic specifications using levels of income, finding that the slope of
the relationship at the 25th percentile of the parental income distribution also flattens between the 1910s
and 1940s cohort.

24 In particular, if the weights were driving the decline—and assuming that the marginal treatment effects
are smaller in the middle of the income distribution if the relationship is quadratic—then it would have
to be the case that the weights were becoming more centered in the middle over time, which this figure
shows is not the case.
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logged income from the 1920s birth cohorts onward.25

Appendix D shows that in the levels specification, the TS2SLS estimator and the

OLS estimator using the imputed averages are numerically identical. Panel (a) of

Appendix Figure D.1 plots the TS2SLS coefficients from a levels specification along

with the OLS coefficients. The plot confirms that when you refrain from using non-

linear transformations and instead use levels of income for both generations, the two

approaches are numerically equivalent. Due to the lack of first-stage microdata for

the 1910s cohorts, we cannot replicate the entire 1910s–1940s persistence decline, but

the levels-on-levels specification exhibits a strong decline from the 1920s–1940s. In

fact, the one difference between the levels-based specification and our baseline results

is that for the former, the persistence decline continues through the 1950s birth cohort

before plateauing and then reversing, whereas the nadir using our baseline methodology

occurs for the 1940s cohort.26

In panel (b), we implement TS2SLS estimates using the log-log functional form,

which will not be numerically identical to the OLS. We use the most contemporaneous

source of microdata to predict logged income in the parental generation (as opposed to

computing the average predicted income for each cell and then applying the log trans-

formation). Panel (b) presents the baseline IGE estimates in the first series against the

TS2SLS estimates in the second series.27 The third series in this figure displays robust

TS2SLS standard errors (Choi et al. 2018, Pacini and Windmeijer 2016). This panel

highlights that although the levels differ slightly—resulting from the different moment

in which the log transformation is applied—the mobility trends are very consistent with

our baseline results (a u-shape with a 1940s nadir) and in fact the TS2SLS approach

25 Because a father’s occupation, race, and region of residence are likely not valid instruments for parental
income in our setting, we caution against interpreting our estimates as causal parameters. In this we follow
the vast bulk of the intergenerational mobility literature, which estimates parameters that are descriptive,
not causal.

26 The divergence between the levels, logs, and rank specifications in 1950 comes from different standard-
izations of income. Holding the rank-rank fixed (as it is constant from 1940 on), the IGE will be higher
as children’s inequality (measured by the standard deviation of income) grows relative to parental income
inequality. But the levels coefficient will be lower if the growth rate of income of children is also lower
(relative to their parents). Given that the 1950s cohort has both the fastest relative parental growth as
well as the lowest relative parental inequality, we can see why the IGE would begin to increase, while the
levels coefficient continues to decrease. We refer the reader to Appendix D for a fuller treatment.

27 An analogous approach for estimating the rank-rank correlation via TS2SLS is not desirable. It is of course
possible to rank the fathers in the Census (i.e., in the first stage). However, computing the average rank
for each cell implies compressing the rank distribution, so that in the second stage, the distribution of
ranked parental income is no longer uniform and its variance affects the level of the rank-rank correlation.
Instead, we show an approximation based on the normal distribution, where the rank-rank measure is

βRR = 6
πarcsin(β

IGC

2 ), in which βIGC is the intergenerational correlation calculated from βlevel. We show
that this approximation is quite close to the estimates in the main text.
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displays a somewhat more marked 1920s–1940s decline.

5.4 Other robustness checks

Table 2 shows that the information needed to calculate predicted childhood income

is not available for all respondents. This situation arises almost always because the

respondent does not report father’s occupation (presumably because she doesn’t re-

member, chooses not to report it, or grew up without her father). In Appendix Figure

A.10 we incorporate the roughly 2,000 respondents whose fathers were present but not

working (e.g., retired, unemployed). The next series in this figure instead incorpo-

rates the roughly 4,750 respondents who provided information about their mother’s

occupation, assigning them measures of predicted childhood income based on mothers

who were household heads in the 1940–1990 Censuses. The estimates hardly change,

but the precision of the estimates for later cohorts tends to increase (given that the

share of respondents with no information on the father but available information on

the mother’s occupation is largest in these last cohorts). We also show robustness

to a particularly extreme assumption about respondents who provided no information

about either parent: that their household had zero income, or in other words, that

their family had the lowest possible rank for predicted childhood income. Under all

these various assumptions, the overall shape of the IGE and rank-rank estimates are

unchanged over our sample period.

Table 2 also shows that the share of survey respondents with income values that are

top coded varies by cohort. Appendix Figure A.11 thus drops the three surveys that

have the highest share of top coding in the adult children’s generation and confirms

that the 1910–1940 result is robust to their exclusion.

Appendix Figure A.12 shows the robustness of the main result to alternative weight-

ing schemes: namely, using the provided survey weights without any additional adjust-

ments for population shares and using no weights at all. We also consider robustness

to re-weighting survey weights so that each birth cohort has representative race × sex

× education × age shares where education refers to having a high school education and

age refers to five-year age bins. In all of these checks, we continue to find an increase

in mobility between the 1910s and 1940s cohorts.

One concern with this long-term view of mobility might be that mortality rates were

high for early cohorts (for men and Black men in particular; see e.g., Preston et al.

2003), so that selection into the sample—i.e., remaining alive at ages 30-50—might

be changing over time. If individuals who grow up in poorer households are those

with higher mortality rates, then if anything, this decline in mortality would likely

bias us against finding a decline in intergenerational persistence between the 1910s

and 1940s birth cohorts (in the earliest cohorts, individuals born poor who are still
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alive at prime age would likely be positive selected, which would bias intergenerational

persistence downward). Nevertheless, we still take seriously this consideration and

Appendix Figure A.13 compares our baseline results to those that focus on individuals

ages 30–45 and 30–40, both of which are less affected by differential mortality rates.

The rise in mobility is unchanged in these sub-samples. Nonetheless, selection into

fertility and mortality remains a concern for all intergenerational mobility estimates

using historical data, including our recall-based method.

Another notable demographic change that took place in the 20th century was the

change in household size for the mid-century cohorts (i.e., the Baby Boom). Appendix

Figure A.14 adjusts the family income of adult children by self-reported household size

and adjusts predicted parental income by household size in that father occupation ×
race × South cell when the respondent is ten years old. We see that this adjustment

does not affect the rise in mobility between the 1910s and 1940s birth cohorts. As a

related check, we also create an alternative version of predicted parental income, in

which we allow fathers with more children in the household to receive greater weight

in the calculation. Appendix Figure B.4 shows that this adjustment hardly changes

the IGE and rank-rank correlation estimates.

Appendix Figure B.4 also checks the robustness of our main result to alternative

ways of constructing our baseline income predictions. In particular, to more closely

mirror the construction of predicted income in related studies, we check that using

father’s individual income—as opposed to household income—does not alter our main

findings.

As a final plausibility check on our main result, we examine a very different out-

come variable for the adult children: education. While the exact return to educa-

tion varies over time, on average, more educated individuals have significantly higher

earnings and family income. Thus, it would be somewhat surprising if the predictive

power of parental income on children’s education did not fall given that its predictive

power over adult family income did. In Appendix Figure A.15 we estimate variants

of equations (1) and (2) where in both cases we put the adult child’s self-reported

years of schooling as the outcome variable (available in all of our datasets). The figure

shows that the relationship between father’s predicted income and respondent’s educa-

tional attainment declines sharply between the 1910s and 1950s birth cohorts.28 Panel

28 Using data from the modern period, Landersø and Heckman (2017) has questioned whether mobility is
truly lower in places such as Scandinavia than in the US, because when education of the adult child is
the outcome of interest instead of earnings or income, mobility measures in the US and Scandinavia look
more similar. In our analysis, both family income and years of education appear to have a decreasing
dependence on predicted childhood income over the first half of the 20th century. Appendix Figure A.16
illustrates these changes using bin-scatter figures, highlighting that this weakening relationship is largely
driven by the rapid increase in respondents’ high school completion in the bottom half of the income
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(b) uses the subset of twelve surveys for which we have father’s education, and shows

that the declining education-on-predicted-income correlation is mirrored by a declining

education-education correlation. Recall that father’s education is not used as a pre-

dictor of father’s income, so the observed decline in education-education correlations

over time is an independent check on our main IGE and rank-rank results showing

declines in persistence over the first half of the century. Moreover, while we have tried

to address concerns about using auxiliary data in a two-step process in Section 5.3, the

education-education results are further reassuring because no first-stage prediction is

required.

6 Decomposing the rise in mobility

In this section, we show how to decompose the overall IGE and rank-rank relationships

into factors related to subgroups, building on Hertz (2008). We then use this decompo-

sition to show how much changes in mobility or income among subgroups, particularly

by race and gender, explain the overall decline in IGE and rank-rank coefficients over

the first half of the 20th century.

6.1 Decomposing the IGE and rank-rank slopes

Consider any partition of the full sample, emitting subgroups g ∈ G with subgroup g’s

share of the total sample given by pg. Further, let βIGE
g be equal to β from estimating

equation (1) on subgroup g.

From the OLS formula and the law of total covariance, the whole-population IGE

is given by:

βIGE =
∑
g∈G

pg
V ar(yp|g)

V ar(yp)
βIGE
g︸ ︷︷ ︸

Weighted average of subgroup slopes

+
Cov(E[yc|g], E[yp|g])

V ar(yp)︸ ︷︷ ︸
Between-group covariance of subgroup averages

.
(3)

A slight modification gives a similar (and more novel) expression for the whole-

population rank-rank slope γRR equal to γ from equation (2). Assuming that both the

parental and adult children’s ranked incomes have a uniform distribution, the same

application of the law of total covariance gives:29

distribution, rather than the later rise in college completion.
29 If either Rankc or Rankp do not have a uniform income distribution, then one can simply use the decom-

position in equation 3, substituting yp with Rankp, yc with Rankc, and βIGE
g with γRR

g .
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γRR =
∑
g∈G

pg
V ar(Rankp|g)

V ar(Rankp)
γRRg +

Cov(E[Rankc|g], E[Rankp|g])

V ar(Rankp)

=12×
(∑

g

pgV ar(Rankp|g)γRRg +
∑
g

pgE[Rankp|g]E[Rankc|g]− 0.25
) (4)

To ease intuition and to focus on one of the key applications for our paper, we

rewrite the IGE decomposition for two groups—namely, white, W , and Black, B,

respondents.

βIGE =pW
V ar(yp|W )

V ar(yp)
βIGE
W + (1− pW )

V ar(yp | B)

V ar(yp)
βIGE
B

+
pWE[yp |W ] · E[yc |W ] + (1− pW )E[yp | B] · E[yc | B]− E[yp]E[yc]

V ar(yp)
.

(5)

The decomposition helps clarify two points. First, because population shares act

as weights in the first two terms of equation 5, changes in the within-group IGE of the

large majority group, βIGE
W , will, perhaps not surprisingly, affect the full-population

IGE. By the same logic, while the Black-only slope βIGE
B may be of interest in other

applications, it will not play a large role in determining the overall IGE slope.

Second, and less obviously, the decomposition highlights the important role of

between-group differences in parental income yp in determining the full-population

IGE. To see this point, assume for the moment that W and B are two distinct sub-

groups, but are drawn independently from the same distribution of parental income

yp. Thus, there exists no between-group variation in yp and V ar(yp) = V ar(yp |
W ) = V ar(yp | B) and E[yp] = E[yp | W ] = E[yp | B]. In this special case of no

between-group differences in parental income, βIGE = pWβ
IGE
W + (1 − pW )βIGE

B , or in

other words, the full-population IGE is the average of the two subgroup IGE slopes

weighted by the subgroup share of the total population. This result holds regardless

of the adult childhood outcomes (e.g., even if the mean adult income yc of group B

is well below that of group W ).30 However, if there exist large differences in parental

income between the two groups (as there are for Black and white Americans), then

this third term will be heavily weighted and will play a key role in determining the

full-population IGE.31

30 In the less-extreme case in which the two groups just have the same average parental income (i.e., E[yp] =
E[yp | W ] = E[yp | B]), then the third-term still cancels out, and the full-population IGE is a weighted
average of the subgroup IGEs, where the weights are a function of population shares and (conditional and
unconditional) variances of parental income.

31 This decomposition thus highlights that income changes in the parental generation will affect the subse-
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6.2 Decomposing mobility by race and gender

In this subsection, we show visually the mappings of (predicted) parental income to

adult children’s incomes, separately by the race and gender of the respondent, and

how these mappings change over time. Section 6.3 then uses the decompositions in

Section 6.1 to show how these changes in group-specific mobility slopes and between-

group differences contributed to (or stymied) the overall rise in mobility over the first

half of the 20th century. As we will split our data into small race× sex subgroups in

the following analyses, to gain power and precision we will typically compare the “low

mobility” 1910s–1920s birth cohorts to the “high mobility” 1940s–1950s cohorts.

Decomposing mobility by race. Given the discussion in Section 6.1, we

expect that the between-group component will prove important for a decomposition

along racial subgroups, given that Black Americans grow up with far less parental

income than whites in our period (as well as today). For this reason, we show results

as binscatter graphs, as it is important to examine the means of childhood and adult

income by group and over time.

Figure 3 shows Black and white mobility for the earlier, less-mobile cohorts com-

pared to the later, more-mobile cohorts (IGE in panel (a) and rank-rank correlation in

(b)). Perhaps the most striking aspect of the graph is how little overlap there is in the

support of the Black versus white mobility graphs: Black and white childhood income

overlaps only modestly, especially in the early period. In the rank-rank figure, almost

no white respondents grow up in the bottom ten percent of predicted family income

and few Black respondents grow up above the 30th percentile, so the overlap of the two

groups mostly occurs over an interval of approximately twenty percentiles.32

Another notable result is the significant progress Black respondents make relative

to their white counterparts in both the parents’ and children’s generations. In the

IGE graph, both the Black and white regression lines shift rightward, denoting sub-

stantial average real income growth during these respondents’ childhood, but more so

for Black Americans. The rank-rank graph, of course, cannot capture average real

income growth, given its zero-sum nature, so the overall support is fixed between zero

and 100. The catch-up of Black adult income here is striking. A Black child in the

quent generation’s level of mobility, a point explored in greater detail in Nybom and Stuhler (2014).
32 One feature of our “small data” is that the vast differences between how Black and white children grow

up is readily apparent in the support of these figures: with full-population administrative data one can
capture the tiny number of Black children who grew up in rich families and thus extend the regression
lines over the entire 0–100 domain of parental income rank. But even today prime-age Black adults are
vastly under-represented in the upper parts of the parental income distribution while growing up. The
tiny share of Black children in the upper ranks of parental income distribution even in modern data can
be seen in the appendix figures of Chetty et al. (2020).
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earlier cohorts growing up at the 15th percentile (which we choose as a point of max-

imal overlap between Black and white children) would be predicted to have an adult

family income at the 28.6th percentile, compared to the 41.8th percentile for a sim-

ilarly situated white child. But for mid-century cohorts, Black children born at the

15th percentile are predicted to appear at the 34.6th percentile as adults compared to

43.7th for whites (closing the gap with their white counterparts from around 13.2 to

9.1 percentile ranks).

While we have so far focused on Black-white convergence, the regression lines de-

picting white-only mobility also change over this period. In both the IGE and the

rank-rank estimates, the slopes flatten significantly. The rank-rank slope falls from

0.27 to 0.20. As the large majority group, the flattening of the mobility slope among

white individuals will have an important effect on the overall full-cohort IGE and rank-

rank estimates (while the Black-only slope also flattens over time in both graphs, given

that this component is weighted by a small population share, the effect on overall

mobility will be very small).

By gender. A major motivation for our family-income-to-predicted-childhood-

income mobility concept is that it enables us to perform intergenerational-mobility

estimation including women. The decomposition in Section 6.1 suggests that the key

elements of a decomposition of mobility by gender will differ from that by race. Un-

like Black and white Americans, women and men grow up, on average, in the same

households in the US (recall that we confirm this claim empirically in Appendix Figure

C.1 and show it also holds separately for white and Black respondents in Appendix

Figure C.2). As they have the same childhood incomes, the between-group component

of equation (5) should be close to zero and thus the full-population IGE is well approx-

imated by the simple mean of the within-gender IGE slopes (as each sex is roughly

half of the population). Put differently, the male-only IGE will be a biased measure

of full-population IGE only if the female slope is significantly different than the male

slope, and differences in adult-income means between the two groups will not matter.

Of course, a priori, there is no reason to assume that the mobility slopes of men and

women will coincide. For example, marriage patterns could differ by parental income

and they will tend to matter more for women’s family income than for men’s, especially

in the historical period when most married women did not work.

Figure 4 (as well as Tables A.5 and A.6) compares male and female slopes over

time instead of using bin-scatter graphs, as between-group mean childhood income

differences are trivial. For both measures and for all birth decades, persistence measures

for women are greater than or equal to those for men. The male-female gap appears
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to be relatively stable over time, especially from 1910s–1940s cohorts.33

Why do women’s adult family income depend more on their parents’ income than

is the case for men? To answer this question, we turn again to differences by race.

By race and gender. We now consider differences by race separately for men

and for women. In particular, Figures 5 and 6 further break down the by-race results

in Figure 3 by gender. Figure 5 shows that among men, Black Americans closed much

of the mobility gap with whites by mid-century (of course, as the supports of the

regression lines make clear, Black men still grew up in far poorer households, so their

average adult income in either logs or ranks is still much lower than that of whites).

By mid-century, there is considerable overlap in adult outcomes between Black and

white men born to similarly advantaged parents. For example, in the more mobile

mid-century cohorts, Black men born at the 15th percentile are predicted to appear

at the 37.7th percentile as adults, just slightly below their white counterparts at the

43.6th percentile. This 5.9 percentage point gap is 10.2 percentile points in the earlier

cohorts, with Black men born at the 15th percentile predicted to appear at the 32.4th

percentile as adults, compared to the 42.5th percentile for their white counterparts.

Figure 6 paints a different picture for women. First, comparing Figures 5 and 6, it

is clear that Black adult women are simply poorer than their male counterparts. Their

entire regression line is below that of Black men. In the early cohorts, a Black woman

born at the 15th percentile is predicted to barely climb upward at all (an expected

adult family-income percentile rank of 25.2, compared to 41.0 for a similarly situated

white woman). While Black women make progress over time, even at mid-century

the corresponding prediction is only the 31.9th percentile (compared to 43.8 for white

women).

Thus, for mid-century cohorts, while the racial mobility gap at the 15th percentile

for men is down to 5.9 percentiles (from 10.2) it remains at 11.9 (down from 15.8)

for women. While Black women make considerable progress over time, given their low

starting point, even in the most mobile mid-century period, a Black girl is predicted to

grow up to be significantly poorer than any other group born to similar circumstances.34

By contrast, white boys and girls both grow up with the same childhood income,

but, conditional on their place in the childhood income distribution, they also enjoy

33 As noted in Section 2, some of our datasets include only women (e.g., the National Longitudinal Surveys
of Mature or Younger Women) or only men (the Occupational Changes in a Generation datasets), so a
possible concern is that the differences in mobility by sex are an artifact of using different datasets. In
Appendix Figure A.17 we show robustness to restricting the baseline sample to datasets that include both
men and women (roughly 47% of the baseline sample).

34 Note that the lack of gender gaps by family income among white respondents and the large gaps (favoring
men) among Black respondents is apparent in the basic summary statistics shown in Table A.1, both in
our surveys and in the Census.
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similar family income as adults. Indeed, comparing Figures 5 and 6 shows that the

white-only mobility slopes are nearly identical for men and women. For the rank-rank

correlation, the male and female slopes are both 0.27 in the early period and 0.20 in

the later period. That white men and women’s family incomes were equally tied to the

status of their fathers in an era when most married white women did not work suggests

that they were marrying individuals very similar in earnings to their brothers.

In summary, the higher IGE and rank-rank persistence measures for women relative

to men in Figure 4 are not driven by white individuals. Instead, the fact that Black

women do poorly relative to Black men in adulthood pulls down the overall female

mobility regression line for the lowest percentiles of parental income and results in a

steeper slope for full-population female mobility relative to male mobility throughout

much of the 20th century.

6.3 Decomposing the decline in intergenerational persistence

As already discussed, the full-population persistence slope is approximately equal to

the (simple) mean of the male-only and female-only slopes. Because the gap between

those two slopes is quite stable between the 1910 and 1940 cohorts (as shown in Figure

4), a decomposition by sex is unlikely to help us explain the decline in full-population

persistence over this period. So we consider the decomposition by race instead.

Returning to Figure 3 with the decomposition in mind allows us to assess the

effects of the various movements in the by-race IGE and rank-rank mappings. Figure

3 depicts a number of different changes over time, some of which will increase mobility

(the income growth for Black respondents, the flattening slope for the white majority),

some of which will reduce mobility (the income growth for whites), and some of which

should have minimal effect (the flattening of the Black-only slope). The decomposition

can quantify the various contributions.

We begin by considering the role of Black-white income convergence over the first

half of the twentieth century for the increase in the IGE. Figure 7 shows (second

bar) that if Black individuals had instead experienced the same real income growth as

white individuals during childhood (without changing the slopes for either group or the

average adult family incomes), then mobility would have decreased for the 1940–1959

cohorts relative to the 1910–29 cohorts (first bar). That is, this counterfactual slowing

of Black childhood income growth would have more than offset the mobility-enhancing

effects of the flattening of own-race slopes. A similar result holds if we make Black

adult family income grow at the same pace as whites (third bar) or, of course, perform

this equal-growth-rate simulation for both generations (fourth bar). Similar in spirit to

the counterfactual in the fourth bar, to simulate the effect of no Black-white income

convergence, we can also set the third term of the decomposition (equation (5)) for the
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1940–59 cohort equal to that of the 1910–29 cohort (fifth bar).

The flattening of the white slope also plays a major role in the decline of the IGE—

had it retained its 1910–29 level and otherwise allowing all other factors to move as

they actually did between 1910–29 and 1940–59, then the IGE would have fallen only

four points (as in the sixth bar) instead of eight.

We repeat this analysis in panel (b) for the rank-rank correlation, but note that

some elements of the simulation are not feasible in rank-rank space.35 As with the IGE,

both Black-white catch-up and the flattening of the white-only slope both contribute

meaningfully to the eight-point rank-rank decline, but in this case the decline is only

37.5 percent as large without the white-only decline, whereas it retains 62.5 percent of

its magnitude without Black-white convergence.

In summary, while the exact shares are sensitive to the use of the IGE or the rank-

rank, in both cases we find that Black-white income convergence and the flattening

of the white-only slope are the key changes that drove the decline in full-population

intergenerational persistence in the first half of the 20th century.

6.4 Convergence in racial income gaps using Census data

The analysis above suggests that convergence in white-Black means—the third term

of the decomposition—is a major factor in the decline in overall intergenerational per-

sistence. One implication is that we can calculate this component of mobility without

access to data that links adult children to their parents. Appendix Figure A.20 thus

plots the third term (i.e., the between-group term) of the IGE and rank-rank decompo-

sition using (unlinked) Census data as an additional robustness for the full-population

mobility decline from Section 4. The same u-shape appears when considering logged

income, as in the IGE in Figure 1. Similarly, the L-shape of the rank-rank correlation

also emerges when using ranked income. Thus, readers who remain skeptical of adult

children’s recall or have other concerns about measurement error in childhood income

can observe that the (large) component of mobility estimates that do not rely on link-

ing can be replicated using completely different data than our 15 surveys. Note that

Margo (2016) and others have already documented much of this Black-white conver-

gence, though it was not organized by birth cohorts, did not focus on fathers (and thus

did not have a direct intergenerational link), and was not parameterized in the same

manner so as to directly relate it to mobility decompositions.

35 Note that the variance in parental and adult child rank is identical across decades, so the simulation in
the seventh bar of panel (a) is not possible. Also, note that our simulation of having Black and white log
incomes grow at the same pace is not well-defined in rank space, given the zero-sum nature of ranks.
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6.5 Comparing representative versus subgroup mobility estimates

While we have shown which components of the decomposition play the largest roles

in affecting both the levels and changes of full-population persistence measures, a

separate question is how biased sub-group (e.g., white men) estimates are relative to

representative estimates. If we had performed our family-income-to-childhood-income

mobility estimation on, say, only white men, how biased (in levels and changes) would

these estimates be relative to a representative sample?

In Figure 8, we show how the mobility estimates change as we sequentially add

various subgroups (as usual, the IGE is depicted in panel (a) and the rank-rank in

panel (b)). We begin with white men (first series), the group most often studied in

the existing mobility literature. In some decades, adding white women (second series)

increases estimated persistence and in other decades it reduces it, but in all cases

confidence intervals overlap.

We then add Black respondents, first men (third series) and then women (fourth

series). Both additions increase the estimated persistence measures, as we would expect

from the evidence already presented. And, again as expected, the change tends to be

larger once we add Black women. As they are born to families at the bottom of the

distribution (like their male counterparts) and tend to remain poor as adults (more

so than their male counterparts) excluding this group significantly biases downward

measures of intergenerational persistence, despite their being just over five percent of

the population.36

In terms of the actual effects of using representative samples versus only white men

on various point estimates, consider the 1920s cohort as an example. The white-male

rank-rank slope is 0.26 and does not change after adding white women. Adding Black

men—just over five percent of the population—increases it an additional two percentage

points to 0.28 and adding the similarly small group of Black women increases it to

0.31. Similarly, the IGE in for this cohort rises from 0.45 for white men to 0.59 for the

representative population. Excluding Black men and especially Black women paints

an overly optimistic picture about the level of intergenerational mobility in the first

half of the 20th century.

Considering a representative population instead of only white men also changes

our view of the evolution of mobility over this period. For white men, the IGE falls

roughly 0.005 percentage-points per year from 1910–1940. For the full population, it

falls considerably faster over this period—0.008 points per year—and we can reject

equality of these two rates at the 10-percent significance level. The analogous rates are

36 Appendix Figure D.3 shows that these patterns remain in the TS2SLS-based estimates.
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0.003 and 0.004 for the rank-rank and equality can also be rejected at the 10-percent

level.37 In fact, adding only Black women to the rest of the population significantly (p =

0.008) increases the yearly rate of decline in the rank-rank (though this acceleration

is not statistically significant for the IGE), showing that while Black women remain

the poorest group as adults during our sample period (and thus their inclusion always

raises persistence measures in any given decade) they also make the most progress over

the first half of the century. In summary, including only white men misses a substantial

part of the decline in the slope and thus paints an overly pessimistic picture of the rise

in intergenerational mobility over this same period.

7 Discussion and conclusion

We provide, to the best of our knowledge, the first evidence on long-run intergenera-

tional relative mobility trends for representative samples of the U.S.-born population.

We find a robust decline in IGE and rank-rank persistence measures from the 1910s to

the 1940s birth cohorts. Previous studies that have examined historical mobility have

overwhelmingly focused on white men, which both overstates mobility relative to the

full population (a point made by Ward 2020 in the context of male-only mobility), but

at the same time understates the rise in mobility from the 1910s to the 1940s. Includ-

ing only white men misses out on the important progress Black Americans, particularly

Black women, make relative to whites, which has large implications for full-population

mobility given the extreme disadvantage of Black children over our sample period. In

short, the United States starts the 20th century much further from the “American

Dream” ideal of a mobile society but also improves more significantly when the full

population is considered rather than only white men.

Just as Black-white convergence helped drive the rise in mobility over the first half

of the 20th century, the return of large racial income gaps today limits U.S. intergener-

ational mobility. Figure 9 considers individuals growing up at the 25th percentile of the

income distribution, separately by race and sex and separately for each birth decade

in our data. We add an additional data point from Chetty et al. (2020), labeled 1980s

(though technically these individuals are born between 1978 and 1983). The results

from the 1910s–1970s reflect findings we have already presented. For example, Black

women are the poorest as adults but also show the most dramatic progress of any

group. Similarly, Black-white convergence appears to peak around the 1940s (a brief

moment where a Black and white boy born at the 25th percentile would be predicted to

end up at a similar family income rank as adults). In the 1960s and 1970s, Black-white

37 See Appendix Table A.7 for these and related estimates.
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adult income gaps for those born at the 25th percentile regain much of their earlier

magnitude.

While we avoid comparing our 1910s–1970s survey data with the 1980s IRS data

in levels, we compare the relative positions of the four groups. The 1980s data shows

that Black women have continued their progress, in this case overtaking Black men

(there is gender reversal among whites as well, but much less dramatic both because

the 1910–1970s differences were always close to zero and because the female advantage

in the 1980s is small). But, overall, Black-white adult income gaps for those born at

the 25th percentile continue to grow, continuing the trend we saw in the 1960s and

1970s in our data.

As a final exercise to demonstrate the centrality of racial inequality in shaping

overall mobility, we apply our rank-rank decomposition in equation (4) to the data from

Chetty et al. (2020). For the U.S. full-population rank-rank correlation (estimated at

0.35) to fall to Danish or Canadian levels (estimated at 0.18, see Boserup et al. 2013

and Corak and Heisz 1999) without between-group racial convergence in family income,

the within-group rank-rank slopes would have fall to 0.1, instead of over 0.25, as they

are today. 38 This result echoes our counterfactual exercise in Section 6—even though

white-only mobility did rise over the 1910s–1950s cohorts, had Black income not grown

faster than white income during this period, then all (IGE) or half (rank-rank) of the

mobility-enhancing effects of the flattening of the white slope would have been offset.

Put differently, U.S. intergenerational persistence faces a high lower bound unless major

convergence across racial groups occurs.

The comparison to modern data also suggest at least two areas for further work,

both related to racial gaps given their centrality to overall mobility levels. First is

that declining marriage rates and diverging outcomes by gender interact to produce

changing patterns of mobility. The lower marriage rates of Black Americans relative to

whites throughout our sample period (see Table A.1) and continuing today permit large

mobility gaps between men and women (as they are not married to each other and thus

do not mechanically share a family income). In addition to studying the implications of

declining marriage rates for intergenerational mobility, future work might also examine

the rise of interracial marriage—while rare during our sample period, today 18 percent

of recently married Black Americans have a spouse of a different race.39

38 Using data from Opportunity Insights and equation (4), we can decompose the rank-rank correlation
into the within-group and between-group components (for six racial/ethnic subgroups), and find that the
latter component accounts for 25% of the overall measure. To simplify our calculation, we assume that all
groups would have to have the same within-group rank-rank correlation. Chetty et al. (2020) show that
within-group slopes are quite similar across groups (ranging from the mid-twenties to the low thirties),
with the higher within-group mobility of Asian individuals being the exception.

39 See https://www.pewresearch.org/social-trends/2017/05/18/1-trends-and-patterns-in-
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Second, any candidate explanation for the reversal of Black progress in closing the

mobility gap with whites would need to have a large gender-specific component, given

the relative progress Black women have made. Mass incarceration, a phenomenon that

largely post-dates our historical cohorts but has important implications for modern

cohorts of Black men, and deindustrialization, which impacted Black men earlier than

whites (see Wilson 1997), are two natural candidates.40

We close with some final thoughts on what our paper suggests about the persistence

of advantage across generations. On the one hand, the decline in intergenerational

persistence over the first half of the 20th century we document challenges scholarship

that has concluded that intergenerational mobility remains stable even in the face of

large political and structural changes (see, e.g., Erikson and Goldthorpe 2002, Clark

2015, Ager et al. 2019, Alesina et al. 2020). On the other hand, the return of early

twentieth-century race-specific mobility gaps is cause for pessimism (perhaps suggesting

that the mid-century convergence we document was a mere aberration).

Overall, we view the twentieth-century patterns as providing evidence that policy

and institutions can increase U.S. intergenerational mobility. The birth cohorts in our

paper span the mechanization and declining importance of American agriculture, the

high school movement, two World Wars, the Great Depression, the New Deal, the

“Great Compression,” and the Civil Rights movement. Even the modern return of

the race-specific mobility gaps present evidence of dynamism—Black women reversed

a large gender gap that existed for at least seven decades. These documented changes

across time suggest that mobility patterns are not set in stone and we hope will inspire

future research to better understand the underlying institutional and policy determi-

nants of intergenerational transmission of advantage.

intermarriage.
40 Recall our discussion of Appendix Figure A.2, where we show that beginning with the 1960s cohorts, a

significant share of Black men ages 30–50 in Census data are institutionalized and thus unlikely to be
responding to the types of surveys we use in our analysis.
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Figure 1: IGE and rank-rank measures by birth decade
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The IGE and rank-rank estimates are based on the baseline sample of respondents ages 30–50 using
equations (1) and (2). The Gini coefficient uses the self-reported family income of the adult children (i.e.,
the respondents in our surveys). To predict parental income, we use family income conditional on father’s
occupation, race, and region (South vs. elsewhere) from auxiliary data (often the Census) as close as
possible to the respondents’ tenth birthday (see Section 3.1 for more details). We use sample weights where
provided and further re-weight each birth cohort (i.e., decade) so that they have representative race × sex
shares.
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Figure 2: Bin-scatter depictions of the decline in intergenerational persistence

(a) Intergenerational elasticities
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(b) Rank-rank relationships
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Sources: Data come from 15 different surveys, described in Section 2 and in further detail in Appendix E.

Notes: The IGE and rank-rank are based on the baseline sample of respondents ages 30–50. The estimated
slope difference and its standard error come from regressions similar to equations (1) and (2), but which
allow the slope and intercept to differ by cohort. To predict parental income, we use family income
conditional on father’s occupation, race, and region (South vs. elsewhere) from auxiliary data (often the
Census) as close as possible to the respondents’ tenth birthday (see Section 3.1 for more details). We use
sample weights where provided and further re-weight each birth cohort (i.e., decade) so that they have
representative race × sex shares.
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Figure 3: Mobility by race, 1910s–1920s versus 1940s–1950s

(a) Intergenerational elasticities
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(b) Rank-rank relationships
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The IGE and rank-rank are based on the baseline sample of respondents ages 30–50. To predict
parental income, we use family income conditional on father’s occupation, race, and region (South vs.
elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday
(see Section 3.1 for more details). We use sample weights where provided and further re-weight each birth
cohort (i.e., decade) so that they have representative race × sex shares.
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Figure 4: IGE and rank-rank measures by birth decade, by sex

(a) Intergenerational elasticity
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The IGE and rank-rank are based on the baseline sample of respondents ages 30–50. To predict
parental income, we use family income conditional on father’s occupation, race, and region (South vs.
elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday
(see Section 3.1 for more details). We use sample weights where provided and further re-weight each birth
cohort (i.e., decade) so that they have representative race × sex shares.
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Figure 5: Mobility by race for men, 1910s–1920s versus 1940s-1950s

(a) Intergenerational elasticities
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The IGE and rank-rank are based on the baseline sample of respondents ages 30–50. To predict
parental income, we use family income conditional on father’s occupation, race, and region (South vs.
elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday
(see Section 3.1 for more details). We use sample weights where provided and further re-weight each birth
cohort (i.e., decade) so that they have representative race × sex shares.
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Figure 6: Mobility by race for women, 1910s–1920s versus 1940s-1950s
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The IGE and rank-rank are based on the baseline sample of respondents ages 30–50. To predict
parental income, we use family income conditional on father’s occupation, race, and region (South vs.
elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday
(see Section 3.1 for more details). We use sample weights where provided and further re-weight each birth
cohort (i.e., decade) so that they have representative race × sex shares.
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Figure 7: Decomposing the rise in mobility from the 1910s–1920s to 1940s–1950s
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: This figure shows the contribution of different components of the decomposition in Section 6 to the
increase in intergenerational mobility that occurred between the 1910s–1920s cohorts and the 1940s–1950s
cohorts. Specifically, the figure shows the contribution of the reduction in the white-only persistence
measure and the contribution of the between-group convergence in income levels. In the top panel, “No
Black catch-up” refers to assuming that Black respondents had the same income growth as white
respondents in log points (in either or both generations). “No racial income convergence” refers to
assuming that the numerator of the third term of the decomposition was unchanged over time. In both
panels, “No white slope decline” refers to white individuals in the 1940–1959 birth cohorts having the same
slope as the 1910–1929 cohorts. “No change in variance” refers to assuming that the overall and
conditional variances stay unchanged over time. To predict parental income, we use family income
conditional on father’s occupation, race, and region (South vs. elsewhere) from auxiliary data (often the
Census) as close as possible to the respondents’ tenth birthday (see Section 3.1 for more details).



Figure 8: Mobility patterns over the 20th century including under-represented groups

(a) Intergenerational elasticities
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: Estimates are based on the baseline sample of respondents. To predict parental income, we use
family income conditional on father’s occupation, race, and region (South vs. elsewhere) from auxiliary
data (often the Census) as close as possible to the respondents’ tenth birthday (see Section 3.1 for more
details). We use sample weights where provided and further re-weight each birth cohort (i.e., decade) so
that they have representative race × sex shares. Each panel reports the difference in the IGE and
rank-rank correlation between the 1910s and 1940s cohorts, using equations (1) and (2), but allowing the
slope and intercept to differ by cohort. The coefficient and standard error correspond to the interaction
term, measuring the difference in the slope between the cohorts. The p-value corresponds to a test of
whether the two coefficients are equal using seemingly unrelated regressions.



Figure 9: Average income rank of individuals born to the 25th percentile of the parental
income distribution, by subgroup and birth cohort
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Sources: Data for the 1910s–1970s birth cohorts combine 15 different surveys, which are described in
Section 2 and in further detail in Appendix E. Data for the 1980 birth cohort come from Chetty et al.
(2020), available at https://opportunityinsights.org/data/.

Notes: This figure plots plots the average adult income rank for individuals growing up at the 25th

percentile of the parental income distribution, separately by race, sex, and birth cohort. For survey
respondents, we use equation (2) to compute the expected income rank for individuals growing up at the
25th percentile of the parental income distribution. To predict parental income, we use family income
conditional on father’s occupation, race, and region (South vs. elsewhere) from auxiliary data (often the
Census) as close as possible to the respondents’ tenth birthday (see Section 3.1 for more details). For the
1980 cohort, we use the average percentile rank in the national distribution of household income (measured
in 2014–2015) for individuals growing up at the 25th percentile of the parent household income distribution
(measured in 1994–2000).
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Table 1: Select review of intergenerational mobility papers using U.S. data

Income/status proxy

Paper Cohorts Parent(s) Child Links Sample

Ward (2020) 1850–1910 Occ.×Race×Reg. Occ.×Race×Reg. Match All �

Collins and Wanamaker (2017) 1880–1970 Occ.×Race×Reg. Occ.×Race×Reg. Match & Retr. All �

Song et al. (2020) 1830–1980 Occ. Occ. Match & Retr. White �

Abramitzky et al. (2021) 1860–1900 Occ.×Reg. Occ.×Reg. Match White �

Long and Ferrie (2013) 1840, 1930 Occ. Occ. Match & Retr. White �

Olivetti and Paserman (2015) 1840–1910 Occ. Occ. Synthetic panel White �, married �

Feigenbaum (2018) 1900 Inc. Inc. Match Iowa �

Feigenbaum (2015) 1900–1910 Inc. Inc. Match Urban �

Card et al. (2018) 1920 Edu. Edu. Same HH Representative

Bowles (1972) 1930 Inc. Inc. Retrospective CPS �

Mazumder (2015) 1950–1970 Inc. Inc. Panel data Representative

Davis and Mazumder (2022) 1950–1960 Inc. Inc. Panel data Representative

Chetty et al. (2014a) 1980–1991 Inc. Inc. Claim dep. Representative

Chetty et al. (2020) 1978–1983 Inc. Inc. Claim dep. Representative

Our paper 1910–1970 Occ.×Race×South Inc. Retrospective Representative

Notes: Since many papers do not explicitly consider birth cohorts, the “cohorts” column refers to the birth decade(s) that most of the sample comes
from, given the age restrictions used in the paper. In the “Links” column, “Match” refers to matching across datasets (e.g., Census matching by name,
age and state of birth); “Synthetic panel” refers to matching based on characteristics but not individual identity; “Claim dep.” refers to matching by
whether the parent ever claims the child as a dependent to the IRS; “Retrospective” (or “Retr.”) refers to adult children being asked retrospectively
about the characteristics of their parents (e.g., occupation and education). Abramitzky et al. (2021) also considers modern cohorts corresponding to
those in Chetty et al. (2020).
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Table 2: Summary statistics, by birth decade

1910s 1920s 1930s 1940s 1950s 1960s 1970s

Father demographics:

Foreign-born 0.22 0.17 0.11 0.05 0.03 0.03 0.05
High school educated 0.17 0.19 0.26 0.45 0.60 0.70 0.82
College educated 0.04 0.04 0.06 0.09 0.16 0.20 0.26
Farming occupation 0.37 0.29 0.24 0.15 0.09 0.05 0.03

Respondent demographics:

Female 0.12 0.33 0.45 0.44 0.57 0.52 0.56
Age 45.89 41.52 36.95 38.49 38.05 38.46 38.92
Black 0.12 0.13 0.15 0.15 0.18 0.16 0.24
High school educated 0.50 0.61 0.71 0.85 0.90 0.91 0.91
College educated 0.10 0.14 0.16 0.28 0.28 0.30 0.39
Moved regions 0.21 0.21 0.22 0.24 0.22 0.21 0.22
Union member (men) 0.31 0.31 0.29 0.28 0.22 0.17 0.13
Veteran (men) — 0.77 0.59 0.46 0.21 0.15 0.14

Parental income:

Predicted income (1950$) 2,340 2,575 3,292 5,373 7,687 9,107 9,479
Missing income 0.13 0.15 0.16 0.15 0.16 0.24 0.21
Rank 45.37 45.44 45.50 45.94 45.61 46.87 44.87

Respondent income:

Family income (1950$) 5,506 6,803 7,292 7,895 7,620 7,887 8,487
Missing income 0.15 0.10 0.06 0.06 0.08 0.08 0.04
Bottom coded 0.08 0.05 0.03 0.02 0.04 0.05 0.06
Top coded 0.07 0.07 0.08 0.14 0.12 0.09 0.08
Family income rank 49.00 48.23 47.09 46.30 46.41 47.62 46.02

Observations 5,207 13,328 12,446 11,580 10,964 6,605 3,132

Notes: This figure combines 15 different surveys, which are described in Section 2 and in further detail
in Appendix E. All of the shares in this table are unweighted and are based on the baseline sample of
respondents ages 30–50 (i.e., those with non-missing family income and predicted parental family income).
The two exceptions are the “Missing income” rows, which consider all U.S.-born respondents ages 30–50
in the 15 surveys. To predict parental income, we use family income conditional on father’s occupation,
race, and region (South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the
respondents’ tenth birthday (see Section 3.1 for more details). For characteristics that are unavailable in
every survey (e.g., father’s educational attainment), the average is computed using only the baseline-sample
respondents in the surveys with the available information. When considering union membership and veteran
status, we restrict the sample to male respondents. “Bottom coded” and “Top coded” refers to the share of
individuals that had family income values in the bottom or top bins, respectively.
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Table 3: Differences between 1910 and 1940 IGE, using various adjustments

IGE Rank-rank

Ratio Difference
Racial

Convergence Ratio Difference
Racial

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

Baseline 0.64 0.26 0.19 0.65 0.13 0.05
(0.04) (0.04) (0.04) (0.02)

Alt. parental inc. measures:

Using CW farm fix 0.66 0.24 0.16 0.62 0.15 0.05
(0.04) (0.04) (0.04) (0.02)

Dropping farmers 0.70 0.20 0.18 0.67 0.10 0.06
(0.08) (0.07) (0.07) (0.03)

Only occ. in prediction 0.68 0.23 0.03 0.69 0.09 0.01
(0.06) (0.05) (0.05) (0.02)

Using IPUMS occscore 0.60 0.22 0.01 0.63 0.11 0.01
(0.05) (0.04) (0.05) (0.02)

Using father’s income 0.57 0.28 0.17 0.62 0.15 0.05
(0.04) (0.04) (0.04) (0.02)

Using nearest Census 0.63 0.28 0.16 0.63 0.14 0.04
(0.04) (0.04) (0.04) (0.02)

Alt. weights in prediction 0.65 0.25 0.19 0.65 0.13 0.05
(0.04) (0.04) (0.04) (0.02)

Including missing income:

Includes non-working fathers 0.64 0.26 0.20 0.65 0.13 0.05
(0.04) (0.04) (0.04) (0.02)

Using mother’s occupation 0.61 0.28 0.19 0.64 0.13 0.05
(0.04) (0.04) (0.04) (0.02)

+ Moms & non-working dads 0.61 0.28 0.20 0.65 0.13 0.05
(0.04) (0.04) (0.04) (0.02)

Additional predictors:

Using father’s education 0.74 0.15 0.09 0.65 0.13 0.05
(0.06) (0.04) (0.05) (0.02)

Using childhood region 0.58 0.30 0.20 0.57 0.16 0.06
(0.05) (0.04) (0.04) (0.02)

Different age ranges:

Ages 30–45 0.61 0.31 0.20 0.61 0.15 0.05
(0.05) (0.06) (0.05) (0.03)

Ages 35–50 0.71 0.22 0.17 0.69 0.11 0.05
(0.05) (0.05) (0.05) (0.02)

Notes: Columns 1 and 4 report the ratio of the IGE and rank-rank correlation estimates, respectively, for
the 1940s cohort relative to the estimates for the 1910s cohort. Columns 2 and 5 report the difference in the
IGE and in the rank-rank correlation, respectively, between the 1910s and 1940s cohorts. Columns 3 and 6
report the difference in the third term of the decomposition (i.e., the third term of equation (3), denoting
average income differences by race) between the 1910s and 1940s cohorts. “Using CW fix” refers to using
the adjustments to farmer and self-employed income from Collins and Wanamaker (2017). “Using father’s
income” refers to using the father’s personal, rather than household, income. “Using nearest Census” refers
to using the nearest Census to childhood (i.e., 1940 with 1936 adjustments for the 1910s–1930s birth
cohorts and 1950–1980 for the 1940s–1970s cohorts, respectively). “Alt. weights in prediction” refers to
using the number of children a father has when constructing average predicted parental income.
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A Additional figures and tables referenced in the text

Figure A.1: Declining Gini coefficient of predicted parental income, by birth cohort

(a) Gini coefficient
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(c) Black-white ratio of (predicted) parental
income
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E. Data on national income comes from the World Inequality Database. Data on the
Black-white income gap comes from Margo (2016).

Notes: The first panel plots the Gini coefficient of predicted parental income for each birth cohort in the
baseline sample as well as the Gini coefficient of national income. The second panel plots the ratio of total
income in the top 10% of the income distribution relative to the total income in the bottom 50%, using
predicted parental income for each cohort as well as national income. The third panel plots the ratio of the
average parental income of Black respondents to that of white respondents in each birth cohort as well as
Black-white income gaps from other data sources. In the first two panels, to predict parental income, we
use family income conditional on father’s occupation, race, and region (South vs. elsewhere) from auxiliary
data (often the Census) as close as possible to the respondents’ tenth birthday (see Section 3.1 for more
details). To be consistent with other data sources, in the third panel we use father’s personal income
(conditional on occupation, race, and region) to predict parental income.
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Figure A.2: Share of Census respondents in institutions, by birth year and Census year
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(c) Black men
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Sources: 1950–2000 1% Census samples and 2010 American Community Survey (Ruggles et al., 2021).

Notes: This figure plots the share of individuals born in a specific year that are living in institutions
(measured using group quarter status), separately by Census year. The sample is restricted to white and
Black U.S.-born Census respondents.
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Figure A.3: Mobility measures by birth decade and by survey

(a) Intergenerational elasticity
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(b) Rank-rank coefficient
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Sources: This figure uses 8 of the 15 different surveys, which are described in Section 2 and in further
detail in Appendix E.

Notes: This figure plots the IGE and rank-rank coefficient estimated on each survey separately. We
exclude surveys whose respondents are only of one race as well as surveys that are not representative of the
30–50 age group. We also exclude cohorts within a survey if there were fewer than 200 respondents born in
that decade. To predict parental income, we use family income conditional on father’s occupation, race,
and region (South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the
respondents’ tenth birthday (see Section 3.1 for more details). In both panels, we use the baseline
population-adjusted weights and in the bottom panel, we maintain the same ranking for respondents and
their parents as in the baseline approach.
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Figure A.4: IGE measure for men by birth cohort, using various ways of measuring
parental and adult children’s incomes

(a) All men
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(b) White men
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: This figure plots the IGE coefficient as we alter how we measure respondent and parental income.
Both panels only consider male respondents who reported their occupations as well as their fathers’
occupations. The first series uses the IPUMS occscore variable to measure income in both generations. The
second series replaces predicted parental income with the baseline family income prediction at the
occupation × race × South level. The third series replaces the occscore-based income prediction for sons
with an income prediction that varies at the occupation × race × South level using the two Censuses
closest in time to when the respondent was 40 years old (i.e., using weighted averages of predicted income
that are constructed using the 1940–2000 Censuses as well as the 2010 and 2019 American Community
Survey from Ruggles et al. 2021). The fourth series replaces the son’s income prediction with the son’s
reported family income.



Figure A.5: Mobility measures by birth decade, adding detail to parental family income
prediction

(a) Intergenerational elasticity
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(b) Rank-rank coefficient
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The IGE and rank-rank are based on the baseline sample of respondents ages 30–50. The first series
uses predicted parental income that only varies by a father’s occupation. The second series allows income
to vary by father’s occupation and race. The third series allows income to vary by father’s occupation,
race, and Southern residence. To predict parental income, we use family income conditional on father’s
characteristics from auxiliary data (often the Census) as close as possible to the respondents’ tenth
birthday (see Section 3.1 for more details). We use sample weights where provided and further re-weight
each birth cohort (i.e., decade) in this sample so that they have representative race × sex shares.
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Figure A.6: Intergenerational correlation by birth cohort
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: All estimates are based on the baseline sample of respondents ages 30–50. The first and second
series reproduce estimates of the intergenerational elasticity and rank-rank correlation, respectively. The
third series plots the intergenerational correlation. To predict parental income, we use family income
conditional on father’s occupation, race, and region (South vs. elsewhere) from auxiliary data (often the
Census) as close as possible to the respondents’ tenth birthday (see Section 3.1 for more details). We use
sample weights where provided and further re-weight each birth cohort (i.e., decade) so that they have
representative race × sex shares.
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Figure A.7: Gini coefficient of adult family income in the Census, by birth cohort
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Sources: 1950–2000 1% Census samples and 2010 American Community Survey (Ruggles et al., 2021).

Notes: This figure plots the Gini coefficient of family income for individuals who are age 40 in each Census.
The sample is restricted to white and Black U.S.-born Census respondents. Only one individual is counted
per family, and we use total family income to calculate the Gini coefficient. The small share of families
with negative or zero income is assigned an income of one so that they are included in calculations.
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Figure A.8: Intergenerational elasticity by cohort, comparing baseline results with
alternative imputation approaches
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The first series uses our baseline income prediction based on the average household incomes at the
occupation × race × South level. The second and third series then allow for more variability in the income
prediction. The second series imputes parental logged income based on occupation, race, and Southern
residence using a multiple imputation approach with 100 imputations (see e.g., Little and Rubin 2019,
Rubin 1987, Schafer 1997). In the third series, the parental generation is randomly assigned an income
value within their occupation × race × South cell before estimating the IGE. This process is repeated 100
times, and the upper and lower bound of the confidence intervals plot the values corresponding to the 2.5th

and 97.5th percentiles of the distribution of estimates. In all series, we predict parental income using the
nearest Census to the respondent’s childhood. Specifically, for the 1910–1930s birth cohorts, we use the
1940 Census with farmer and self-employed income from the 1936 Expenditure Survey. For the
1940s–1970s birth cohorts, we use the 1950–1980 Censuses, respectively.
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Figure A.9: Mobility measures by birth decade, robustness to lifecycle bias

(a) Intergenerational elasticity
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(b) Rank-rank coefficient
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The first series reproduces the baseline estimates in Figure 1. The second series restricts the sample
to respondents ages 35–50. The third series substitutes the quadratic in age with a quartic polynomial in
adult children’s age minus 40. The fourth series uses the quartic polynomial in age as well as interactions
of the adult child’s age quartic with logged parental income. The coefficients displayed from this
specification represent the age-40 measure of mobility as each cohort passes through that age. The fifth
series returns to the baseline specification, but controls for the respondent’s college education. The sixth
series—whose coefficients correspond to the secondary y-axis—uses a quadratic polynomial in age and
allows these coefficients to vary by a respondent’s level of education (using six categories of educational
attainment, as discussed in Appendix E).
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Figure A.10: Mobility measures by birth decade, incorporating respondents with missing
predicted parental income

(a) Intergenerational elasticity
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The first series in both panels reproduces the main IGE and rank-rank estimates using our baseline
sample and income prediction (see Section 3.1 for more details). In the second series, we include
respondents from the 15 surveys whose father was present but not working (e.g., unemployed, retired). In
the third series, we instead include respondents from the 15 surveys who provided information about their
mother’s occupation. The fourth series includes respondents who provided information about their
non-working father or about their mother’s occupation (and if both pieces of information were provided,
we predict family income based on the mother’s occupation). More detail on the income prediction for
non-working fathers and working mothers are in Appendix E. In the final series of the bottom panel, we
assign all U.S.-born respondents ages 30–50 in our 15 surveys that still have missing predicted parental
income the lowest possible rank (i.e., assuming that their household had zero income in childhood).



Figure A.11: Mobility by birth decade, robustness to excluding surveys with high share
of top coding of respondent income

(a) Intergenerational elasticity
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(b) Rank-rank coefficient
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Sources: This figure combines 12 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The first series in both panels reproduces the main IGE and rank-rank estimates using our baseline
sample and measures of predicted parental family income. In the second series, we continue to use the
baseline income measures, but restrict the sample to the twelve surveys with the lowest shares of top
coding of respondents’ income (i.e., excluding respondents who are not in the National Fertility Study, the
National Survey of Families and Households, and the National Longitudinal Survey of Young Women). In
the third series of panel (b), we use this smaller sub-sample and as well as measures of ranked parental
income that are only based on this sub-sample. To predict parental income, we use family income
conditional on father’s occupation, race, and region (South vs. elsewhere) from auxiliary data (often the
Census) as close as possible to the respondents’ tenth birthday (see Section 3.1 for more details). We use
sample weights where provided and further re-weight each birth cohort (i.e., decade) in all samples so that
they have representative race × sex shares.
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Figure A.12: Mobility by birth decade, robustness to weights

(a) Intergenerational elasticity

0
.2

5
.5

.7
5

1

IG
E 

co
ef

fic
ie

nt
 

1910s 1920s 1930s 1940s 1950s 1960s 1970s
 

Decade of respondent's birth

Baseline (Pop. weights)
Survey weights
No weights
Edu. x age weights

(b) Rank-rank coefficient

.1
.2

.3
.4

R
an

k 
co

ef
fic

ie
nt

 

1910s 1920s 1930s 1940s 1950s 1960s 1970s
 

Decade of respondent's birth

Baseline (Pop. weights)
Survey weights
No weights
Edu. x age weights

Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The estimates are based on the baseline sample of respondents ages 30–50. The first series in both
panels reproduces the main IGE and rank-rank estimates using the baseline population-adjusted weights.
In other words, in the first series, we re-weight survey weights so that each birth cohort has representative
race × sex shares. The second series uses the provided survey weights (or a weight of one when no survey
weight is available). The estimates from the third series are unweighted. The fourth series uses alternative
population-adjusted weights in which the race × sex × education × age shares vary over time. To predict
parental income, we use family income conditional on father’s occupation, race, and region (South vs.
elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday
(see Section 3.1 for more details).
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Figure A.13: Mobility by birth decade, robustness to age group

(a) Intergenerational elasticity
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The estimates are based on the baseline sample of respondents aged 30–50. The first series in both
panels reproduces the main IGE and rank-rank estimates using the baseline population-adjusted weights.
In the second series, we restrict the sample to respondents aged 30–45. The third series further restricts
the sample to those aged 30–40. To predict parental income, we use family income conditional on father’s
occupation, race, and region (South vs. elsewhere) from auxiliary data (often the Census) as close as
possible to the respondents’ tenth birthday (see Section 3.1 for more details).

71



Figure A.14: Mobility by birth decade, robustness to family size

(a) Intergenerational elasticity
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(b) Rank-rank coefficient
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E. We utilize data from Ruggles et al. (2021) to construct income predictions and measures of
household size.

Notes: The first series in both panels reproduces the main IGE and rank-rank estimates using our baseline
sample and income prediction (see Section 3.1 for more details). In the second series, we restrict the
sample to respondents that provided information about their household size (84% of the baseline sample).
In the third series, we use this sub-sample and adjust the income prediction to account for differences in
household size. For the respondent’s generation, we divide own family income by the square root of a
respondent’s household size at the time of the interview. For the parental generation, we divide the
baseline income prediction by the square root of the median household size. Specifically, we use the
1920–1990 Censuses to construct the median household size when the respondent is 10 years old (taking
the weighted average of the median household size in that occupation × race × South cell and allowing the
weights to reflect the year in which the respondent is 10).



Figure A.15: Weakening intergenerational relationship using educational attainment

(a) Respondent education & (predicted) parental income
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: In the top panel, we use a respondent’s years of schooling as the dependent variable and regress it
on logged or ranked predicted parental income—similar to equations (1) and (2)—using the baseline
sample of respondents ages 30–50. In the bottom panel, we restrict the sample to the 12 surveys that
include information on father’s education. The first series plots the IGE for this subsample and the second
series plots the estimates from a regression of respondent years of schooling on parental years of schooling.
To predict parental income, we use family income conditional on father’s occupation, race, and region
(South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth
birthday (see Section 3.1 for more details). We use sample weights where provided and further re-weight
each birth cohort (i.e., decade) so that they have representative race × sex shares.
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Figure A.16: Bin-scatter depictions of the weakening relationship between respondent
education and parental rank
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The estimates are based on the baseline sample of respondents ages 30–50. To predict parental
income, we use family income conditional on father’s occupation, race, and region (South vs. elsewhere)
from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday (see Section
3.1 for more details). We use sample weights where provided and further re-weight each birth cohort (i.e.,
decade) so that they have representative race × sex shares. Further details on the construction of
education variables are available in Appendix E.
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Figure A.17: Mobility measures by birth decade, by sex (restricted to common surveys)

(a) Intergenerational elasticity

0
.2

5
.5

.7
5

1
1.

25

IG
E 

co
ef

fic
ie

nt
 

1910s 1920s 1930s 1940s 1950s 1960s 1970s
 

Decade of respondent's birth

Men Women

(b) Rank-rank coefficient

.0
5

.1
5

.2
5

.3
5

.4
5

.5
5

R
an

k 
co

ef
fic

ie
nt

 

1910s 1920s 1930s 1940s 1950s 1960s 1970s
 

Decade of respondent's birth

Men Women

Sources: This figure combines the 7 surveys that include both male and female respondents.

Notes: This figure is identical to Figure 4 except that in this figure, we only use surveys that include both
men and women. To predict parental income, we use family income conditional on father’s occupation,
race, and region (South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the
respondents’ tenth birthday (see Section 3.1 for more details). We use sample weights where provided and
further weight each birth cohort in this sub-sample so that they have representative race × sex shares.
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Figure A.18: Mobility by marital status for Black women and men, 1910s–1920s versus
1940s-1950s

(a) IGE: 1910s–1920s
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(b) IGE: 1940s–1950s
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(c) Rank-rank correlation: 1910s–1920s
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(d) Rank-rank correlation: 1940s–1950s
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The IGE and rank-rank are based on the baseline sample of respondents ages 30–50. To predict
parental income, we use family income conditional on father’s occupation, race, and region (South vs.
elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday
(see Section 3.1 for more details). We use sample weights where provided and further re-weight each birth
cohort (i.e., decade) so that they have representative race × sex shares.

76



Figure A.19: Mobility by marital status for white women and men, 1910s–1920s versus
1940s-1950s

(a) IGE: 1910s–1920s
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(b) IGE: 1940s–1950s

7.
5

8
8.

5
9

R
es

po
nd

en
t l

og
ge

d 
in

co
m

e
 

6.5 7.5 8.5 9.5
 

Father logged income

White men
White married women
White unmarried women

(c) Rank-rank correlation: 1910s–1920s
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(d) Rank-rank correlation: 1940s–1950s
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The IGE and rank-rank are based on the baseline sample of respondents ages 30–50. To predict
parental income, we use family income conditional on father’s occupation, race, and region (South vs.
elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday
(see Section 3.1 for more details). We use sample weights where provided and further re-weight each birth
cohort (i.e., decade) so that they have representative race × sex shares.
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Figure A.20: Black-white intergenerational convergence across cohorts
using Census data (third term of decomposition)
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Sources: 1920–2000 1% Census samples as well as the 2010 and 2019 American Community Survey
(Ruggles et al., 2021).

Notes: This figure plots the third term from equation (5) for both logged and ranked income using Census
data. To identify the fathers of children born in a given cohort, we consider the two Censuses in which that
cohort would be aged 0–18 (e.g., for the 1920s cohort, we look at fathers in the 1930 and 1940 Censuses).
We then restrict the sample to men ages 30–50 with a child present in the household who was born in that
cohort. To identify individuals born in a given cohort, we consider the two Censuses in which that cohort
would be aged 30–50 and restrict the sample to U.S.-born individuals. Fathers are assigned predicted
income using their occupation, race, and Southern location and using the closest Census to that year (i.e.,
fathers in the 1920–40 Censuses are assigned a 1940-based income prediction with 1936 fixes, and fathers
from later Censuses are assigned an income prediction constructed using later Censuses). Adult children
are assigned their total family income. Women in the 1910s cohort are excluded because their total family
income cannot be accurately measured in the 1950 Census (because of the sample-line restriction). In both
generations, we restrict the sample to individuals whose race is classified as white or Black. Fathers are
re-weighted so that the subgroup population share is the same for both generations. In panels (c) and (d),
adult children are ranked relative to other adult children of the same age and fathers are ranked relative to
fathers of the same age.



Table A.1: Summary statistics, comparing survey respondents to Census respondents

1910–1929 1930–1949 1950–1969

Census Survey Census Survey Census Survey

Panel A: White Men
Share of Men 0.90 0.91 0.90 0.90 0.87 0.86
Age 39.51 43.30 38.69 37.05 40.59 38.13
High school graduate 0.51 0.60 0.81 0.80 0.92 0.91
College graduate 0.12 0.15 0.27 0.27 0.30 0.33
Southern born/grew up 0.30 0.28 0.31 0.31 0.28 0.27
Resides in the South 0.28 0.27 0.33 0.31 0.34 0.31
Married 0.87 0.90 0.81 0.84 0.68 0.66
Widowed 0.01 0.01 0.00 0.01 0.00 0.01
Family income, 1950$ 6,124 6,762 7,712 8,145 8,519 8,362
Respondent rank 52.57 51.64 53.20 52.60 52.20 53.50

Observations 195,091 12,281 214,612 11,942 297,783 6,745

Panel B: Black Men
Share of Men 0.10 0.09 0.10 0.10 0.13 0.14
Age 39.41 44.57 38.54 37.66 40.13 38.01
High school graduate 0.21 0.28 0.62 0.60 0.85 0.82
College graduate 0.03 0.04 0.10 0.12 0.13 0.14
Southern born/grew up 0.86 0.84 0.77 0.73 0.60 0.62
Resides in the South 0.54 0.54 0.51 0.57 0.57 0.61
Married 0.75 0.82 0.63 0.69 0.50 0.53
Widowed 0.02 0.02 0.01 0.02 0.01 0.01
Family income, 1950$ 3,817 4,257 5,738 6,109 6,318 6,129
Respondent rank 27.59 31.53 39.19 38.09 38.72 40.18

Observations 21,002 1,212 24,293 1,393 38,206 1,127

Panel C: White Women
Share of Women 0.89 0.79 0.88 0.80 0.86 0.81
Age 39.50 40.97 38.74 38.57 40.64 38.35
High school graduate 0.55 0.66 0.81 0.82 0.94 0.93
College graduate 0.07 0.09 0.17 0.19 0.30 0.31
Southern born/grew up 0.30 0.31 0.31 0.31 0.28 0.27
Resides in the South 0.28 0.30 0.32 0.32 0.34 0.31
Married 0.86 0.86 0.79 0.77 0.70 0.65
Widowed 0.03 0.03 0.02 0.02 0.01 0.01
Family income, 1950$ 6,033 6,865 7,527 7,737 8,469 8,061
Respondent rank 51.06 51.64 51.45 50.73 51.75 51.62

Observations 201,503 3,977 217,061 8,537 302,610 7,810

Panel D: Black Women
Share of Women 0.11 0.21 0.12 0.20 0.14 0.19
Age 39.27 40.88 38.70 37.81 40.18 38.01
High school graduate 0.25 0.32 0.63 0.59 0.88 0.83
College graduate 0.04 0.05 0.09 0.11 0.17 0.16
Southern born/grew up 0.86 0.84 0.77 0.73 0.61 0.66
Resides in the South 0.55 0.60 0.51 0.57 0.58 0.64
Married 0.66 0.64 0.50 0.52 0.40 0.37
Widowed 0.08 0.09 0.06 0.06 0.03 0.03
Family income, 1950$ 3,560 3,598 4,962 4,806 5,706 4,966
Respondent rank 23.72 23.81 32.87 29.15 34.65 32.51

Observations 24,081 1,065 29,808 2,154 45,166 1,887

Notes: Survey shares are based on the baseline sample of respondents ages 30–50 and are unweighted. We use the

1% samples of the 1960, 1980, and 2000 Censuses from Ruggles et al. (2021) and keep Census respondents born in

the same years as survey respondents.



Table A.2: Summary Statistics in Panel Study of Income Dynamics

Father’s Income

1968
Men

1968
Fathers

With Child
in Survey 1 year 5 years 10 years

Age 40.06 39.98 39.75 39.61 38.39 36.26
Black 0.09 0.08 0.07 0.07 0.06 0.06
HS educated 0.56 0.58 0.61 0.62 0.62 0.65
College edu. 0.16 0.17 0.19 0.19 0.20 0.20
Family income 10,986 11,109 11,363 11,399 11,346 11,264

Observations 1,765 1,472 1,077 959 802 558

Notes: This table uses the Panel Study of Income Dynamics dataset from 1968 through 2015. The first

column considers all men ages 30–50 in the 1968 wave of the PSID. Column 2 restricts that sample to

household heads with children present in the family unit, away from home, or in an institution. Column 3

further restricts the sample to those who were identified by the PSID as the biological or adoptive fathers

of other survey respondents using the Family Identification Mapping System (FIMS). Columns 4–6 then

restrict the sample to fathers with 1, 5, and 10 years of available income between the ages of 30–50,

respectively, and whose children had at least one year of available income between ages 30–50.
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Table A.3: IGE and rank coefficient, by birth cohort

(a) Intergenerational elasticity

(1) (2) (3) (4) (5) (6) (7)
1910 1920 1930 1940 1950 1960 1970

IGE coefficient 0.735 0.590 0.520 0.490 0.634 0.802 0.818
[0.038] [0.016] [0.015] [0.021] [0.026] [0.043] [0.079]

Lower & Upper Bound (0.66, 0.81) (0.56, 0.62) (0.49, 0.55) (0.45, 0.53) (0.58, 0.68) (0.72, 0.89) (0.66, 0.97)
Observations 5,207 13,328 12,446 11,580 10,964 6,605 3,132

(b) Rank-rank coefficient

(1) (2) (3) (4) (5) (6) (7)
1910 1920 1930 1940 1950 1960 1970

Rank coefficient 0.371 0.314 0.302 0.239 0.246 0.263 0.247
[0.020] [0.009] [0.009] [0.010] [0.010] [0.013] [0.021]

Lower & Upper Bound (0.33, 0.41) (0.30, 0.33) (0.28, 0.32) (0.22, 0.26) (0.23, 0.27) (0.24, 0.29) (0.21, 0.29)
Observations 5,207 13,328 12,446 11,580 10,964 6,605 3,132

Notes: The IGE and rank-rank estimates—calculated using equations (1) and (2), respectively—are based on the baseline sample of respondents

ages 30–50. “Lower & Upper Bound” refers to the 95% confidence interval of the corresponding estimate. To predict parental income, we use family

income conditional on father’s occupation, race, and region (South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the

respondents’ tenth birthday (see Section 3.1 for more details). We use sample weights where provided and further re-weight each birth cohort (i.e.,

decade) so that they have representative race × sex shares.
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Table A.4: Predictive power (R-squared) of occupation, race, region, and education on
1940–1990 Census measures of logged household income

Occupation Race Occ. × race Race × South
Occ. × race
× South

Occ. × race
× South × edu.

1940 Census 0.27 0.05 0.28 0.09 0.31 0.34

1940 Census, 1936 fix 0.24 0.05 0.25 0.08 0.28 –

1960 Census 0.23 0.07 0.27 0.11 0.29 0.33

1970 Census 0.20 0.03 0.21 0.06 0.23 0.28

1980 Census 0.15 0.01 0.15 0.02 0.17 0.21

1990 Census 0.19 0.01 0.20 0.02 0.21 0.26

Notes: This table regresses predicted logged family income of fathers ages 30–50 on various characteristics and reports the R-squared from these

regressions. Each row uses a different Census sample. The first and second columns regress income on (coarsened) occupation fixed effects and race

fixed effects, respectively. The third column allows the occupation fixed effects to vary by the race of the father. The fourth column regresses income

on race fixed effects that vary by Southern location. The fifth column regresses income on occupation × race × South fixed effects and the sixth

column uses occupation × race × South × education fixed effects. The first row uses the 1940 Census for all occupations. The second row uses the

1940 Census in conjunction with farmers and self-employed workers from the 1936 Expenditure Survey (for whom educational level is not available).

82



Table A.5: IGE estimates by cohort and subgroup

1910s 1920s 1930s 1940s 1950s 1960s 1970s

By sex:

Men 0.64 0.51 0.46 0.40 0.57 0.66 0.63
(0.03) (0.02) (0.02) (0.03) (0.04) (0.06) (0.12)

Women 0.83 0.67 0.58 0.59 0.69 0.92 1.01
(0.07) (0.02) (0.02) (0.03) (0.03) (0.06) (0.09)

By race:

White 0.68 0.49 0.45 0.45 0.51 0.67 0.66
(0.05) (0.02) (0.02) (0.03) (0.03) (0.05) (0.08)

Black 0.38 0.47 0.41 0.30 0.35 0.43 0.80
(0.12) (0.05) (0.04) (0.06) (0.07) (0.13) (0.28)

By subgroup:

White men 0.58 0.45 0.41 0.41 0.50 0.60 0.54
(0.05) (0.03) (0.02) (0.04) (0.05) (0.07) (0.12)

+ white women 0.68 0.49 0.45 0.45 0.51 0.67 0.66
(0.05) (0.02) (0.02) (0.03) (0.03) (0.05) (0.08)

+ Black men 0.68 0.51 0.47 0.43 0.55 0.68 0.70
(0.04) (0.02) (0.02) (0.02) (0.03) (0.05) (0.08)

+ Black women 0.73 0.59 0.52 0.49 0.63 0.80 0.82
(0.04) (0.02) (0.01) (0.02) (0.03) (0.04) (0.08)

Notes: The IGE estimates are based on the baseline sample of respondents ages 30–50. To predict parental

income, we use family income conditional on father’s occupation, race, and region (South vs. elsewhere)

from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday (see Section

3.1 for more details). We use sample weights where provided and further re-weight each birth cohort (i.e.,

decade) so that they have representative race × sex shares.
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Table A.6: Rank-rank correlations by cohort and subgroup

1910s 1920s 1930s 1940s 1950s 1960s 1970s

By sex:

Men 0.36 0.30 0.29 0.22 0.24 0.24 0.21
(0.02) (0.01) (0.01) (0.01) (0.02) (0.02) (0.03)

Women 0.39 0.32 0.31 0.26 0.25 0.29 0.28
(0.03) (0.01) (0.01) (0.02) (0.01) (0.02) (0.03)

By race:

White 0.31 0.26 0.26 0.21 0.20 0.23 0.20
(0.02) (0.01) (0.01) (0.01) (0.01) (0.02) (0.02)

Black 0.17 0.42 0.42 0.25 0.19 0.16 0.26
(0.08) (0.05) (0.06) (0.05) (0.04) (0.05) (0.06)

By subgroup:

White men 0.29 0.26 0.25 0.20 0.21 0.22 0.18
(0.02) (0.01) (0.01) (0.01) (0.02) (0.02) (0.04)

+ white women 0.31 0.26 0.26 0.21 0.20 0.23 0.20
(0.02) (0.01) (0.01) (0.01) (0.01) (0.02) (0.02)

+ Black men 0.34 0.28 0.28 0.22 0.22 0.23 0.22
(0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02)

+ Black women 0.37 0.31 0.30 0.24 0.25 0.26 0.25
(0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02)

Notes: The rank-rank correlations are based on the baseline sample of respondents ages 30–50. To predict

parental income, we use family income conditional on father’s occupation, race, and region (South vs.

elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday

(see Section 3.1 for more details). We use sample weights where provided and further re-weight each birth

cohort (i.e., decade) so that they have representative race × sex shares.
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Table A.7: Differences in the 1910–1940 decline when looking
at subgroups versus representative samples

IGE Rank-rank

Difference between 1910s and 1940s cohorts:

White men -0.170 -0.096
(0.058) (0.024)

All whites -0.224 -0.105
(0.058) (0.025)

All whites & Black men -0.253 -0.126
(0.043) (0.023)

Representative sample -0.245 -0.132
(0.043) (0.022)

P-value (white men vs. rep. sample) 0.130 0.096

P-value (all whites vs. rep. sample) 0.632 0.012

P-value (all whites & Black men vs. rep. sample) 0.777 0.430

Linear decline using 1910s–1940s cohorts:

White men -0.0049 -0.0030
(0.0018) (0.0007)

All whites -0.0058 -0.0029
(0.0016) (0.0007)

All whites & Black men -0.0070 -0.0035
(0.0012) (0.0006)

Representative sample -0.0075 -0.0041
(0.0012) (0.0006)

P-value (white men vs. rep. sample) 0.064 0.055

P-value (all whites vs. rep. sample) 0.125 0.00002

P-value (all whites & Black men vs. rep. sample) 0.492 0.008

Notes: The top panel considers the difference between respondents born in the 1910s birth cohorts and

those born in the 1940s cohorts, using specifications like equations (1) and (2), but allowing the slope and

intercept to differ by cohort. The reported coefficient and robust standard error correspond to the

interaction term, which measures the difference in the slope between the two cohorts. In the second panel,

we consider all respondents born in the 1910s–1940s cohorts and model the decline in the slope linearly.

Specifically, we run specifications in which we interact predicted parental income (or rank) with a variable

that measures the number of years between a respondent’s birth and 1911 (including birth-year fixed

effects). In both panels, the p-values correspond to a test of whether the two coefficients (using white men

vs. representative samples, using all whites vs. representative samples, and using whites + Black men vs.

representative samples) are equal using seemingly unrelated regressions.
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B Alternative measures of parental income

In this Appendix section, we present alternative estimates of intergenerational mobil-

ity over the 20th century using different ways of predicting income for the parental

generation. For more details on the construction of these measures, we refer the reader

to Appendix E.

In Figure B.1 we present results using the sub-sample of respondents that provide

information on their father’s education, using both our baseline measures of predicted

income (which vary at the occupation × race × South level) and measures of predicted

income that incorporate a father’s educational attainment.41 The IGE and rank-rank

estimates are very similar to our baseline case, with the IGE estimates slightly lower at

times during the first half of the 20th century and the rank-rank slightly higher than

the baseline in the last two cohorts.

In Figure B.2, we again focus on the sub-sample of respondents that provide infor-

mation about their father’s educational attainment, showing how the IGE and rank-

rank estimates change as we add more detail to the parental family income prediction.

(This figure is analogous to Appendix Figure A.5, but it uses a sub-sample of respon-

dents and specifically considers the importance of education as a predictor.) The first

series only allows the measures to vary by occupation, but the second, third, and fourth

series successively incorporate detail on the race, region, and educational attainment

of the father. We see that the decline in the IGE and rank-rank estimates between

the 1910s and 1940s cohorts is remarkably unchanged despite adding important in-

formation to the income prediction.42 Table B.1 summarizes the results from this

exercise, quantifying the decline between the 1910s and 1940s birth cohorts using these

alternative ways of approximating parental income.

In Figure B.3 we present results that adjust the predicted income of fathers who

were farmers. We adjust this predicted income in two separate ways relative to the

baseline measure. First, we follow the approach of Collins and Wanamaker (2017)

and use income information from related occupations in the 1940 and 1960 Census

to impute the income of farmers (and of other self-employed fathers) in 1940. In

our second adjustment, we simply exclude respondents whose fathers are farmers, and

we re-rank the remaining respondents and their fathers. As Figure B.3 shows, the

IGE pattern remains consistent with both of these adjustments, while the rank-rank

correlations during the first half of the 20th century fall when farmers are excluded

but exhibit similar trends. Importantly, the decline from 1910 to 1940 is still visible

and statistically significant. Given that the United States is experiencing significant

structural change out of agriculture in this period, it is remarkable that the exclusion

of farmer fathers has such a small effect on the overall pattern of mobility.

41 Of the 15 surveys in our baseline sample, 12 include information about a father’s educational attainment,
representing nearly 80 percent of the baseline sample.

42 An increase in the level of the rank-rank coefficient is unsurprising in this setting given that incorporating
additional information into the income prediction likely increases the covariance between the rank of
children and the rank of their fathers, while leaving the variance of the father’s ranks fixed (by construction,
given that ranks range from 0 to 100).
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In Figure B.4 we present results that use alternative data sources for or alterna-

tive ways of predicting parental income. Recall that our baseline measure of predicted

parental family income relies on measures of household income from various Censuses

and other sources in the 20th century. We alter this preferred measure in a num-

ber of ways. First, instead of using measures of household income, we simply use

individual-level wage information for fathers ages 30–50 to estimate parental income

(second series). Next, we use data from the closest Census to the survey respondents’

childhood to approximate parental income (i.e., the 1940 Census with 1936 adjustments

for the 1910s–1930s cohorts and the 1950–1980 Censuses for the 1940–1970 cohorts,

respectively). Third, we return to our baseline measure and allow fathers with more

children to receive greater weight when calculating average incomes at the occupa-

tion × race × South cell (i.e., weighting fathers by the number of children younger

than 18 present in the household). Finally, we compare our results to simply using

the 1950 IPUMS occscore variable (which, recall, pooled all adults and computed the

nation-wide median income for each occupation). In all of these exercises, the decline

in the IGE remains salient and in all but the last series, the u-shape of the IGE re-

mains stark. The levels of the rank-rank measures all look quite comparable to each

other, with the exception being the series that uses the 1950 IPUMS occscore variable,

thus highlighting the value of incorporating information about race and region when

predicting parental income.

Finally, for nine of our fifteen surveys, we have more detailed information about

childhood location than simply South versus non-South residence. For this group of

respondents, we instead can predict parental family income using father’s occupation,

race, as well as region (where region refers to one of the four Census regions). Similar

to Appendix Figure B.1, the second series of Appendix Figure B.5 shows how the es-

timates change as we transition between samples and then the third series shows the

estimates using the more detailed income predictions for this smaller sample. Overall,

the takeaways from this exercise are unchanged and if anything, the decline in persis-

tence between the 1910s and 1940s cohort is slightly larger than when only utilizing

Southern residence.
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Figure B.1: Mobility by birth decade, adjusting predicted parental
income for education

(a) Intergenerational elasticity
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The first series in both panels reproduces the main IGE and rank-rank estimates using our baseline
sample and income prediction. In the second series, we continue to use the baseline income prediction, but
restrict the sample to respondents ages 30–50 who provided information on their fathers’ education
(available in 12 of the 15 surveys). In the third series, we use this smaller sub-sample in conjunction with
income predictions that vary by a father’s educational attainment. To predict parental income, we use
family income conditional on father’s characteristics from auxiliary data (often the Census) as close as
possible to the respondents’ tenth birthday (see Section 3.1 for more details). We use sample weights where
provided and further re-weight each birth cohort (i.e., decade) in all samples so that they have
representative race × sex shares.
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Figure B.2: Mobility measures by birth decade, adding detail to parental income
prediction

(a) Intergenerational elasticity
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(b) Rank-rank coefficient
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Sources: This figure combines 12 surveys in which respondents provide information on a father’s
educational attainment. Further detail is available in Appendix E.

Notes: The IGE and rank-rank are based on the sample of respondents ages 30–50 who provided
information about their fathers’ educational attainment. The first series the parental income prediction
only varies by a father’s occupation. The second series allows predicted income to vary by father’s
occupation and race. The third series allows predicted income to vary by father’s occupation, race, and
Southern residence. The fourth series allows predicted income to vary by father’s occupation, race,
Southern residence, and father’s educational level. To predict parental income, we use family income
conditional on father’s characteristics from auxiliary data (often the Census) as close as possible to the
respondents’ tenth birthday (see Section 3.1 for more details). We use sample weights where provided and
further re-weight each birth cohort (i.e., decade) in this sample so that they have representative race × sex
shares.
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Figure B.3: Mobility by birth decade, incorporating various adjustments for farmers

(a) Intergenerational elasticity
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(b) Rank-rank coefficient
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The first series in both panels reproduces the main IGE and rank-rank estimates using our baseline
approach for predicting parental income (see Section 3.1 for more details). The second series uses the same
methodology as Collins and Wanamaker (2017) to estimate the parental income of farmer and
self-employed fathers in the 1910s–1940s birth cohorts. In both the first and second series, the IGE and
rank-rank estimates are based on the baseline sample of respondents aged 30–50. We use sample weights
where provided and further re-weight each birth cohort (i.e., decade) so that they have representative race
× sex shares. The third series excludes all respondents whose fathers work in agricultural occupations; the
remaining respondents are re-ranked in this sub-sample, and weights are constructed so that each birth
cohort in this sub-sample also has representative race × sex shares.
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Figure B.4: Mobility by birth decade, incorporating various adjustments to predicted
income

(a) Intergenerational elasticity
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(b) Rank-rank coefficient
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: All estimates in this figure are based on the baseline sample of respondents ages 30–50. The first
series reproduces the main IGE and rank-rank estimates using our baseline income prediction (see Section
3.1 for more details). “Father income” refers to using individual (as opposed to household) income for
fathers. “Closest Census” refers to using the closest Census relative to the survey respondent’s childhood
to calculate predicted income. In particular, we use the 1940 Census with the 1936 Expenditure Survey for
the 1910s–1930s cohorts, the 1960 Census for the 1940s–1950s cohorts, the 1970 Census for the 1960s
cohort, and the 1980 Census for the 1970s cohort. “Alt. inc. score weights” refers to using an income
prediction in which fathers are weighted by the number of children in the household in the calculation of
average family income. “1950 IPUMS occscore” refers to using the occscore variable from IPUMS. For
more detail on the construction of these income predictions, see Appendix E.



Figure B.5: Mobility measures by birth decade, robustness to regional differences in
parental income

(a) Intergenerational elasticity
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Sources: Data come from 15 different surveys, described in Section 2 and in further detail in Appendix E.

Notes: The first series in both panels reproduces the main IGE and rank-rank estimates using our baseline
sample and income prediction. In the second series, we continue to use the baseline income prediction, but
restrict the sample to respondents ages 30–50 who provided more detailed information on their fathers’
region (available in 9 of the 15 surveys). In the third series, we use this smaller sub-sample in conjunction
with income predictions that vary by a father’s region (using the four Census regions). To predict parental
income, we use family income conditional on father’s characteristics from auxiliary data (often the Census)
as close as possible to the respondents’ tenth birthday (see Section 3.1 for more details). We use sample
weights where provided and further re-weight each birth cohort (i.e., decade) in all samples so that they
have representative race × sex shares.
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Table B.1: Quantifying the 1910–1940 decline in the IGE and rank coefficient as we add
information about fathers to their family income prediction

(a) Intergenerational elasticity

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

Occupation Occ. x race
Occ. x race

x South
Occ. x race

x South x edu

Parental income 0.6445∗∗∗ 0.6379∗∗∗ 0.6444∗∗∗ 0.6095∗∗∗

[0.0431] [0.0317] [0.0302] [0.0278]

Inc. x (Year-1910) -0.0048∗∗∗ -0.0051∗∗∗ -0.0056∗∗∗ -0.0047∗∗∗

[0.0017] [0.0014] [0.0013] [0.0012]

Observations 31,093 31,093 31,093 31,093

(b) Rank-rank coefficient

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

Occupation Occ. x race
Occ. x race

x South
Occ. x race

x South x edu

Parental rank 0.2994∗∗∗ 0.3526∗∗∗ 0.3940∗∗∗ 0.4109∗∗∗

[0.0165] [0.0169] [0.0172] [0.0167]

Rank x (Year-1910) -0.0028∗∗∗ -0.0037∗∗∗ -0.0048∗∗∗ -0.0047∗∗∗

[0.0006] [0.0007] [0.0007] [0.0007]

Observations 31,093 31,093 31,093 31,093

Notes: All estimates are based on the sample of respondents ages 30–50 who provided information about

their fathers’ educational attainment and were born before 1950. Each column varies the information used

to predict parental income. In all specifications, we interact father family income (or rank) with a variable

that measures the number of years between a respondent’s birth year and 1911. All specifications include

survey-year and birth-year fixed effects. To predict parental income, we use family income conditional on

father’s characteristics from auxiliary data (often the Census) as close as possible to the respondents’ tenth

birthday (see Section 3.1 for more details). We use sample weights where provided and further re-weight

each birth cohort (i.e., decade) so that they have representative race × sex shares.
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C Assessing recall bias

Our estimates of mobility rely on survey respondents’ recollection of their fathers’

occupations. In this section, we consider the extent to which recall bias might be

present in our estimates. We begin by comparing the fathers’ occupations provided

by male versus female respondents in our surveys. We then compare the fathers’

occupations in our surveys to those of fathers in the decennial Censuses at the time

that the respondents were growing up. We conclude by looking at the PSID—a survey

that includes both retrospective questions as well as self-reported information about

fathers’ occupations when the respondent was growing up—to gauge the extent to

which adult children’s retrospective answers match fathers’ self-reported occupations.

C.1 Comparing male and female survey respondents

We begin by comparing the fathers’ occupations reported by male and female respon-

dents in our surveys. Roughly speaking, brothers and sisters grow up in the same

families in the US, so adult men and women should report similar occupations for

their fathers. Strictly speaking, small differences could arise between the predicted

parental family income of men and that of women. If parents have sex-based stopping

rules when making fertility decisions, then boys and girls might wind up growing up

in systematically different families (as in Asher et al. 2018, using data from India).

However, evidence for sex-based fertility patterns in the US is much weaker. Second,

even if boys and girls grow up in identical families in terms of parental income, small

differences might arise because men have higher mortality rates than women and thus

selection into surviving into prime age could differ by gender (especially in our oldest

cohorts, men are less likely to live until age 50).

These small potential discrepancies notwithstanding, we would be suspicious of

any parental income estimate that gives significantly different estimates for male and

female respondents. We thus regress the log as well as the rank of estimated parental

income on a female dummy, separately for each of our birth decades, and report the

results in Appendix Figure C.1. The coefficient on the female dummy is always close

to zero and has no consistent sign. We repeat this analysis separately for white and

Black respondents and report the results in Appendix Figure C.2. Again, we find no

notable patterns or significant differences beyond what might be expected by chance.

Importantly, these figures do not indicate that recall deteriorated between the 1910s

and 1940s cohorts in a way that would drive our main result. Appendix Table C.1

shows the top five occupations reported by male and female respondents in each birth

cohort. In all birth cohorts, at least four—if not all five—of the top occupations

coincide between male and female respondents and in roughly the same order.

Finally, we can more directly compare survey respondents who are siblings, which

occurs in four of our surveys and corresponds to around 7% of the baseline sample.

As seen in Appendix Figure C.3, the predicted parental incomes implied by siblings’

answers are highly correlated, providing another piece of evidence that individuals’

recall of their fathers’ occupation provides relatively accurate information about their

upbringing.
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Figure C.1: Differences in income prediction, by respondent sex and birth cohort

(a) Logged parental income
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(b) Ranked parental income
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: This figure uses our baseline sample ages 30–50 to regress logged and ranked predicted parental
income on an indicator variable for whether a respondent is female. Age and age squared controls are
included in the first panel, and survey-year fixed effects are included in both panels. To predict parental
income, we use family income conditional on father’s occupation, race, and region (South vs. elsewhere)
from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday (see Section
3.1 for more details). We use sample weights where provided and further re-weight each birth cohort (i.e.,
decade) so that they have representative race × sex shares.
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Figure C.2: Differences in income prediction, by respondent sex, race, and birth cohort

(a) Logged parental income, white
respondents
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(b) Logged parental income, Black
respondents
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(c) Ranked parental income, white
respondents
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(d) Ranked parental income, Black
respondents
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: This figure uses our baseline sample of ages 30–50 to regress logged and ranked predicted parental
income on an indicator variable for whether a respondent is female, separately by respondent race. Age
and age squared controls are included in panels (a) and (b), and survey-year fixed effects are included in all
panels. To predict parental income, we use family income conditional on father’s occupation, race, and
region (South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’
tenth birthday (see Section 3.1 for more details). We use sample weights where provided and further
re-weight each birth cohort (i.e., decade) so that they have representative race × sex shares.

96



Figure C.3: Scatterplot of correlation in parental income prediction among siblings

Correlation: 0.89
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Sources: This figure combines data from four different surveys which can include respondents who are
siblings (the PSID, the NLS of Youth, and the NLS Young Men and Young Women surveys).

Notes: This figure restricts the baseline sample of respondents ages 30–50 to individuals with one sibling in
the baseline sample (4% of the baseline sample). The figure plots the parental income prediction of one
sibling against that of the other sibling based on their responses about their father’s occupation. To
predict parental income, we use family income conditional on father’s occupation, race, and region (South
vs. elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth
birthday (see Section 3.1 for more details). The 45-degree line is shown.
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Table C.1: Top five occupations reported by male and female
respondents, by birth cohort

Birth
Cohort

Male Respondents Female Respondents

Share of
male sample

Share of
female sample

1910s

1. Farm operator 0.35 1. Farm operator 0.36
2. Craftsman (skilled) 0.15 2. Craftsman (skilled) 0.16
3. Craftsman (semi-skilled) 0.14 3. Craftsman (semi-skilled) 0.12
4. Unskilled laborer (non-farm) 0.07 4. Unskilled laborer (non-farm) 0.08
5. Businessman (self-employed) 0.05 5. Businessman (self-employed) 0.08

1920s

1. Farm operator 0.24 1. Farm operator 0.28
2. Craftsman (skilled) 0.18 2. Craftsman (semi-skilled) 0.18
3. Craftsman (semi-skilled) 0.17 3. Craftsman (skilled) 0.13
4. Unskilled laborer (non-farm) 0.07 4. Businessman (not self-employed) 0.08
5. Businessman (self-employed) 0.06 5. Unskilled laborer (non-farm) 0.08

1930s

1. Farm operator 0.19 1. Farm operator 0.21
2. Craftsman (skilled) 0.19 2. Craftsman (semi-skilled) 0.19
3. Craftsman (semi-skilled) 0.17 3. Craftsman (skilled) 0.16
4. Unskilled laborer (non-farm) 0.07 4. Businessman (not self-employed) 0.10
5. Businessman (self-employed) 0.06 5. Unskilled laborer (non-farm) 0.08

1940s

1. Craftsman (skilled) 0.20 1. Craftsman (semi-skilled) 0.18
2. Craftsman (semi-skilled) 0.17 2. Craftsman (skilled) 0.18
3. Farm operator 0.12 3. Businessman (not self-employed) 0.11
4. Businessman (not self-employed) 0.11 4. Farm operator 0.11
5. Unskilled laborer (non-farm) 0.06 5. Unskilled laborer (non-farm) 0.07

1950s

1. Craftsman (skilled) 0.20 1. Craftsman (skilled) 0.18
2. Craftsman (semi-skilled) 0.17 2. Craftsman (semi-skilled) 0.18
3. Businessman (not self-employed) 0.13 3. Businessman (not self-employed) 0.11
4. Farm operator 0.07 4. Unskilled laborer (non-farm) 0.07
5. Unskilled laborer (non-farm) 0.06 5. Farm operator 0.07

1960s

1. Craftsman (skilled) 0.20 1. Craftsman (skilled) 0.20
2. Craftsman (semi-skilled) 0.17 2. Craftsman (semi-skilled) 0.19
3. Businessman (not self-employed) 0.14 3. Businessman (not self-employed) 0.12
4. Unskilled laborer (non-farm) 0.05 4. Unskilled laborer (non-farm) 0.06
5. Protective service officer 0.05 5. Protective service officer 0.05

1970s

1. Craftsman (skilled) 0.18 1. Craftsman (semi-skilled) 0.19
2. Craftsman (semi-skilled) 0.15 2. Craftsman (skilled) 0.18
3. Businessman (not self-employed) 0.13 3. Businessman (not self-employed) 0.13
4. Protective service officer 0.08 4. Unskilled laborer (non-farm) 0.07
5. Unskilled laborer (non-farm) 0.07 5. Protective service officer 0.07

Notes: Estimates are based on the baseline sample of respondents ages 30–50. We use sample weights where provided and
further re-weight each birth cohort (i.e., decade) so that they have representative race × sex shares.
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C.2 Comparing survey respondents’ fathers to Census fathers

Next, we compare the occupations of fathers in the surveys to those of actual fathers

in the Census in the years when the respondents were children. Ward (2020) warns

that Census-takers made errors in recording the occupation variable, but we would

still be worried if our respondents’ recollection of their fathers’ occupations differed

dramatically from fathers’ occupations in the Census during the years in which the

respondents were growing up. In all of the exercises in this section, we consider both

the earlier and later corresponding Censuses, when respondents were ages 0–10 and

11–20, respectively.

We begin by comparing the predicted family income of fathers in the surveys with

the predicted family income of fathers in the Census. Appendix Figure C.4 regresses

the estimates of logged parental income on a dummy for whether the father’s income

measure came from the surveys.43 We note that the predicted family income of fathers

in the surveys is slightly lower than that of fathers in the Census, but the point esti-

mates are small. More importantly, there does not seem to be any pattern in how the

estimates are changing, suggesting that recall bias is not improving or deteriorating

across cohorts. This lack of a consistent pattern, especially in the first half of cohorts,

suggests that the rise in mobility that we find is not driven by respondents’ remember-

ing their fathers’ occupations differently across cohorts (or in other words, it does not

seem to be the case that the rise in mobility is driven by measurement error changing

monotonically over time).

Appendix Tables C.2 and C.3 compare the mix of coarsened occupations that our

respondents report their fathers as having to that of fathers in the Census. In both of

these tables, we find that the share of fathers with each occupation are comparable to

the corresponding shares in the Census.44

43 We do not include an analogous exercise using ranked father’s income. When calculating ranks for fathers
in our main analysis, we rank a survey respondent’s father relative to all fathers with children born in
the same birth cohort. Because we are comparing these men to fathers in the decennial Census (most of
whom have multiple children), it is not obvious which child’s year of birth should be used in the ranking.
Similarly, because we do not know the exact age of survey respondents’ fathers, we cannot rank survey
and Census fathers using their age.

44 The share of survey fathers who are farmers exceeds the analogous Census share in Appendix Table C.3.
However, the decline of agriculture as a dominant occupation was occurring during this time period, so
we would expect the Census shares to be lower than the survey shares when considering the later Census.
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Figure C.4: Differences in logged family income prediction between Census fathers and
survey respondents’ fathers

(a) Using earlier Census
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: This figure uses our baseline sample of respondents ages 30–50 and Census fathers ages 30–50. In
the top panel, the survey respondents’ fathers are compared to the fathers in the Census when the
respondents would have been between the ages of 1 and 10 (e.g., the fathers of survey respondents born in
1910–1919 are compared to 1920 Census fathers). In the bottom panel, the survey respondents’ fathers are
compared to fathers in the Census when the respondents would have been between the ages of 11 and 20.
Survey respondents in the top panel are assigned a parental income prediction from the decade closest in
time to when they fell in the 1–10 and 11–20 age range, respectively (if there is no nearest source, the
respondent is assigned a weighted average of the two data sources closest to the desired age range). To
predict parental income for Census fathers, we assign fathers a measure of predicted income using the
nearest available data source (with the exception of fathers in the 1920, 1930, and 1950 Censuses who
receive a weighted average of the two nearest data sources). All income predictions are conditional on
father’s occupation, race, and region (South vs. elsewhere).



Table C.2: Occupations of Survey Respondents’ Fathers and
Census Fathers (Using Earlier Census), by Birth Cohort

1910–1919 1920–1929 1930–1939 1940–1949 1950–1959 1960–1969

Census
(1920) Survey

Census
(1930) Survey

Census
(1940) Survey

Census
(1950) Survey

Census
(1960) Survey

Census
(1970) Survey

Coarsened Occupations

Accountants and auditors 0.34 0.55 0.52 0.48 0.73 0.58 0.88 0.63 0.99 1.16 1.11 0.97

Clergymen 0.46 0.62 0.41 0.72 0.46 0.62 0.40 0.60 0.44 0.77 0.54 0.57

Public-school teachers 0.34 0.62 0.48 0.46 1.05 0.52 0.85 0.89 1.14 1.38 2.06 2.13

Dentists 0.19 0.31 0.24 0.17 0.11 0.23 0.21 0.13 0.21 0.24 0.23 0.19

Physicians and surgeons 0.51 0.69 0.40 0.27 0.23 0.43 0.59 0.48 0.62 0.90 0.70 0.55

Engineers 0.53 1.10 0.72 0.90 0.84 1.09 1.56 2.12 2.58 3.41 3.61 3.83

Lawyers and judges 0.44 0.31 0.45 0.43 0.31 0.49 0.51 0.48 0.51 0.64 0.67 0.72

Social and welfare workers 0.04 0.02 0.03 0.03 0.06 0.08 0.08 0.08 0.12 0.12 0.19 0.21

Nurses (trained or student) 0.00 0.01 0.01 0.05 0.02 0.04 0.01 0.08 0.03 0.06 0.15 0.05

Other professional and technical 0.58 0.41 0.74 0.67 1.11 0.97 1.61 1.77 2.43 3.33 4.61 3.86

Semi-professional 0.69 0.85 0.88 0.66 0.91 1.18 1.49 1.76 2.35 2.21 3.08 2.65

Businessmen (self-employed) 6.44 6.43 6.35 4.29 1.09 3.85 6.52 3.19 4.29 2.82 3.30 2.97

Businessmen (not self-employed) 3.90 4.73 5.24 7.41 6.70 8.08 6.18 11.43 8.09 12.93 9.39 13.55

Bookkeeper 0.48 0.19 0.38 0.34 0.52 0.33 0.30 0.26 0.25 0.19 0.44 0.15

Stenographers 0.08 0.28 0.14 0.18 0.14 0.09 0.16 0.15 0.12 0.11 0.17 0.05

Other clerical workers 3.17 1.65 3.41 2.92 5.47 2.98 4.83 3.71 5.28 3.54 5.01 3.12

Sales: higher-status 0.96 1.33 1.41 1.09 1.01 1.01 1.11 1.25 1.52 1.72 2.08 2.08

Sales: inside sales 2.93 1.90 4.33 2.19 7.99 2.69 4.85 3.57 5.09 3.71 4.81 3.83

Sales: lower-status 0.17 0.39 0.19 0.18 0.08 0.20 0.05 0.07 0.05 0.06 0.08 0.06

Foremen 1.96 1.78 2.14 2.24 2.47 3.15 2.62 3.30 3.30 3.77 3.92 3.74

Craftsmen (skilled) 17.10 15.81 17.17 16.36 18.23 18.15 18.16 19.76 19.03 19.36 19.01 19.89

Craftsmen (semi-skilled) 13.46 13.41 15.07 17.80 22.01 18.36 20.41 18.04 20.46 16.70 18.90 17.13

Protective service officers 0.96 1.18 1.32 2.09 1.87 2.17 2.35 3.54 3.72 4.48 4.19 4.86

Private household workers 0.10 0.03 0.09 0.63 0.27 0.34 0.04 0.25 0.03 0.08 0.03 —

Other service workers 1.84 1.83 2.44 2.69 3.29 2.85 2.54 2.77 2.41 2.84 3.25 2.63

Farm laborers 3.20 1.84 3.37 2.81 4.38 3.32 2.13 2.67 1.37 1.68 1.03 1.18

Unskilled non-farm laborers 10.71 7.55 10.95 7.43 14.98 7.20 6.27 6.29 5.47 5.72 4.47 5.40

Farm operators 27.22 34.18 20.18 24.50 3.65 18.99 10.73 10.72 5.01 6.07 2.55 3.63

Notes: For survey estimates, we use sample weights where provided and further re-weight each birth cohort (i.e., decade) so that they have
representative race × sex shares. Census shares are weighted using provided weights. Census samples include all Black and white fathers ages
30–50. The fathers in the Census are compared to survey respondents’ fathers when the respondents would have been between the ages of 1 and 10
at the time of the Census (e.g., survey respondents born in 1910–1919 are compared to 1920 Census respondents.)
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Table C.3: Occupations of Survey Respondents’ Fathers and
Census Fathers (Using Later Census), by Birth Cohort

1910–1919 1920–1929 1930–1939 1940–1949 1950–1959 1960–1969

Census
(1930) Survey

Census
(1940) Survey

Census
(1950) Survey

Census
(1960) Survey

Census
(1970) Survey

Census
(1980) Survey

Coarsened Occupations

Accountants and auditors 0.52 0.55 0.73 0.48 0.88 0.58 0.99 0.63 1.11 1.16 1.05 0.97

Clergymen 0.41 0.62 0.46 0.72 0.40 0.62 0.44 0.60 0.54 0.77 0.57 0.57

Public-school teachers 0.48 0.62 1.05 0.46 0.85 0.52 1.14 0.89 2.06 1.38 2.83 2.13

Dentists 0.24 0.31 0.11 0.17 0.21 0.23 0.21 0.13 0.23 0.24 0.28 0.19

Physicians and surgeons 0.40 0.69 0.23 0.27 0.59 0.43 0.62 0.48 0.70 0.90 0.79 0.55

Engineers 0.72 1.10 0.84 0.90 1.56 1.09 2.58 2.12 3.61 3.41 2.96 3.83

Lawyers and judges 0.45 0.31 0.31 0.43 0.51 0.49 0.51 0.48 0.67 0.64 0.92 0.72

Social and welfare workers 0.03 0.02 0.06 0.03 0.08 0.08 0.12 0.08 0.19 0.12 0.29 0.21

Nurses (trained or student) 0.01 0.01 0.02 0.05 0.01 0.04 0.03 0.08 0.15 0.06 0.24 0.05

Other professional and technical 0.74 0.41 1.11 0.67 1.61 0.97 2.43 1.77 4.61 3.33 4.39 3.86

Semi-professional 0.88 0.85 0.91 0.66 1.49 1.18 2.35 1.76 3.08 2.21 3.55 2.65

Businessmen (self-employed) 6.35 6.43 1.09 4.29 6.52 3.85 4.29 3.19 3.30 2.82 3.73 2.97

Businessmen (not self-employed) 5.24 4.73 6.70 7.41 6.18 8.08 8.09 11.43 9.39 12.93 12.31 13.55

Bookkeeper 0.38 0.19 0.52 0.34 0.30 0.33 0.25 0.26 0.44 0.19 0.20 0.15

Stenographers 0.14 0.28 0.14 0.18 0.16 0.09 0.12 0.15 0.17 0.11 0.08 0.05

Other clerical workers 3.41 1.65 5.47 2.92 4.83 2.98 5.28 3.71 5.01 3.54 5.08 3.12

Sales: higher-status 1.41 1.33 1.01 1.09 1.11 1.01 1.52 1.25 2.08 1.72 2.01 2.08

Sales: inside sales 4.33 1.90 7.99 2.19 4.85 2.69 5.09 3.57 4.81 3.71 4.06 3.83

Sales: lower-status 0.19 0.39 0.08 0.18 0.05 0.20 0.05 0.07 0.08 0.06 0.10 0.06

Foremen 2.14 1.78 2.47 2.24 2.62 3.15 3.30 3.30 3.92 3.77 4.55 3.74

Craftsmen (skilled) 17.17 15.81 18.23 16.36 18.16 18.15 19.03 19.76 19.01 19.36 17.13 19.89

Craftsmen (semi-skilled) 15.07 13.41 22.01 17.80 20.41 18.36 20.46 18.04 18.90 16.70 16.97 17.13

Protective service officers 1.32 1.18 1.87 2.09 2.35 2.17 3.72 3.54 4.19 4.48 4.46 4.86

Private household workers 0.09 0.03 0.27 0.63 0.04 0.34 0.03 0.25 0.03 0.08 0.01 —

Other service workers 2.44 1.83 3.29 2.69 2.54 2.85 2.41 2.77 3.25 2.84 3.08 2.63

Farm laborers 3.37 1.84 4.38 2.81 2.13 3.32 1.37 2.67 1.03 1.68 0.79 1.18

Unskilled non-farm laborers 10.95 7.55 14.98 7.43 6.27 7.20 5.47 6.29 4.47 5.72 4.44 5.40

Farm operators 20.18 34.18 3.65 24.50 10.73 18.99 5.01 10.72 2.55 6.07 1.97 3.63

Notes: For survey estimates, we use sample weights where provided and further re-weight each birth cohort (i.e., decade) so that they have
representative race × sex shares. Census shares are weighted using provided weights. Census samples include all Black and white fathers ages
30–50. The fathers in the Census are compared to survey respondents’ fathers when the respondents would have been between the ages of 11 and 20
at the time of the Census (e.g., survey respondents born in 1910–1919 are compared to 1930 Census respondents.)
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C.3 Assessing recall bias using the PSID

In this section, we utilize the unique nature of the PSID to consider the extent to

which retrospective questions convey accurate information about a father’s income

level. In particular, the PSID has both retrospective questions about a respondent’s

father’s occupation as well as self-reported father’s occupations and income when the

respondent was growing up (i.e., in earlier waves of the survey). We focus on the

1997–2015 waves of the PSID because 1997 is the first year in which the retrospective

questions are asked with sufficient detail (i.e., 3-digit occupation codes), so that they

can be mapped to our coarsened occupations.

The way that we verify the retrospective answers is by looking at individuals who

were household heads at some point between 1997–2015 and who were thus asked about

their father’s occupation while they were growing up. Then, using the Family Identifi-

cation Mapping System (FIMS) provided by the PSID, we can find these individuals’

fathers in earlier waves of the survey and see the fathers’ self-reported (coarsened)

occupations between the ages of 25–50 (i.e., when the respondents were growing up).

We can then see whether the retrospective answers in 1997–2015 matched any of the

self-reported occupations in earlier survey years.

We find that for 81% of adult children, their retrospective answers coincided with

one of the self-reported occupations of their fathers during their childhood.45 We can

also then see what the most common mistakes were in identifying occupation (in other

words, conditional on a respondent mis-reporting his/her father’s occupation, what

did the adult child typically report versus what did the father typically report). The

four most common mistakes—which account for roughly 20% of all mistakes—are the

respondents reporting that their fathers were skilled craftsmen, semi-skilled craftsmen,

or unskilled non-farm laborers, when instead the father reported one of the other

occupations on this same list.46

Even if one-in-five respondents are mis-reporting their fathers’ occupations, it might

still be the case that the retrospective answers convey accurate information about

a father’s income level. Appendix Figure C.5 plots the predicted income of fathers

using the retrospective answers against the predicted income of fathers using self-

reported occupations when they were around 40 years old. Both panels of this figure

confirm that respondents’ retrospective answers are highly correlated with fathers’ self-

reported answers, and thus convey similar information about the respondents’ income

level during their upbringing. Importantly, it also does not appear to be the case

that respondents with poorer or richer fathers tend to differentially provide inaccurate

information. Appendix Table C.4 regresses the five-year average of a father’s self-

reported family income on alternative ways of measuring that father’s income level.

45 There are some instances (roughly 10% of respondents) in which the adult children’s retrospective answers
change across waves (for example, as a result of re-interviews due to changing family composition), so we
consider all of the retrospective answers provided.

46 To find the most common mistakes, we first select the 20% of respondents who were unable to accurately
report any of their fathers’ occupations. We then compare the modal retrospective answer in the data to
the modal self-reported occupation of fathers between the ages of 30–50.
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The coefficient of 1 in column 2, which uses the retrospective answer provided by the

adult child, highlights that the retrospective answers seem to be reliable measures of a

father’s permanent income.

Moreover, most of the estimates in the historical intergenerational mobility liter-

ature come from linked Census data (20 or 30 years apart) and use one year of a

father’s occupation to predict their income. To get a better sense of how estimates

that use our retrospective approach differ from those that use the typical approach in

the literature, Appendix Table C.5 shows the IGE and rank-rank coefficient from using

the adult children’s retrospective answers in 1997 (column 1) versus using one year of

father’s self-reported occupation roughly thirty years earlier (column 2). The mobility

estimates are similar using the two approaches. Ward (2020) notes the measurement

error that can arise from using one year of father’s occupation, so the last column

of this table also reports the mobility estimates from averaging the predicted income

using three self-reported father’s occupations around 1970.

As a final, related exercise, we can also use the PSID is to see how different our

measures of the IGE and rank-rank correlation are when we use our empirical ap-

proach relative to the “ideal” way of estimating mobility (i.e., using actual income for

both generations around age 40). The first column of Appendix Table C.6 shows the

mobility estimates using our baseline approach: binned income for the respondent’s

generation and predicted income based on retrospective answers about the father’s

occupation. The second column then shows how these estimates change if we instead

use predict childhood income based on the father’s self-reported occupations around

age 40. The third and fourth columns then transition to using actual income, rather

than income predictions. The latter column uses one year of income around age 40,

whereas the former uses five years, which is closer to the preferred way of measuring

relative mobility. Overall, this table illustrates that the estimate of the IGE is sensi-

tive to using predicted income versus actual income (i.e., estimates are sensitive to the

variance of parental income). The rank-rank correlation—which more directly reflects

the covariance of income across generations—is much more consistent across columns

and highlights that the rank-rank correlation using this paper’s baseline approach (col-

umn 1) is only slightly attenuated relative to the correlation using the ideal approach

(column 3).
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Figure C.5: Comparison of father’s family income prediction using adult children’s
retrospective answers and father’s self-reported occupations

(a) Logged predicted income
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(b) Ranked predicted income

Correlation: 0.79

0
20

40
60

80
10

0

R
an

ke
d 

pr
ed

ic
te

d 
in

co
m

e,
 re

tro
sp

ec
tiv

e
 

0 20 40 60 80 100
 

Ranked predicted income, self-reported

Sources: This figure uses the 1968–2015 Panel Study of Income Dynamics.

Notes: These figures are bin-scatter depictions of the predicted family income of fathers using the
retrospective answers (y-axis) of adult children versus using fathers’ self-reported answers in earlier survey
waves (x-axis). The y-axis assigns fathers an income prediction using the modal retrospective occupation
reported by respondents. The x-axis assigns fathers an income prediction using the five self-reported
occupations closest to age 40. To predict parental income, we use family income conditional on father’s
occupation, race, and region (South vs. elsewhere) from the 1970 Census.
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Table C.4: Relationship between 5-year average of father’s self-reported family income
and various other ways to measure father’s family income, 1997 PSID

Predicted Income Actual Income

(1) (2) (3) (4)
Self-reported,

in 1970 Retrospective
Self-reported,
1 year, age 40

Self-reported,
1 year, age 40

Logged income 1.045 1.016 1.011 0.572
[0.113] [0.118] [0.119] [0.161]

Observations 898 898 898 898
R-squared 0.35 0.33 0.33 0.65

Notes: This table regresses the 5-year average of father’s self-reported logged family income on four alter-
native ways to measure father’s family income level (denoted in the column headers). The sample used is
the fathers of household heads ages 30–50 who provided a retrospective answer in 1997. We include fathers
who can be located in an earlier wave of the survey and who had at least five years of available income and
occupation information between the ages of 30–50. The dependent variable is the average of five years of fa-
ther’s logged family income closest to age 40. Column 1 uses the income prediction associated with father’s
self-reported occupation around 1970 as the independent variable. Column 2 uses the income prediction
corresponding to the retrospective answer provided by the household head about their father. Column 3
uses the income prediction corresponding to the father’s self-reported occupation closest to age 40. Column
4 uses the family income of the father in one year closest to age 40. To predict income, we use family
income conditional on father’s occupation, race, and region (South vs. elsewhere) from the 1970 Census. All
estimates are weighted using 1997 cross-sectional weights.
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Table C.5: IGE and rank coefficient using various ways of measuring
parental income, 1997 PSID

(a) Logged income

(1) (2) (3)

Retrospective
Self-reported,

1 year
Self-reported,

3 years

IGE 0.586 0.638 0.650
[0.106] [0.100] [0.101]

Observations 1,061 1,061 1,061

(b) Ranked income

(1) (2) (3)

Retrospective
Self-reported,

1 year
Self-reported,

3 years

Rank-rank correlation 0.224 0.230 0.223
[0.039] [0.039] [0.039]

Observations 1,061 1,061 1,061

Notes: This table reports estimates of the IGE and rank-rank coefficients from specifications that use
respondents’ retrospective answers about their fathers’ occupations (column 1) and fathers’ self-reported
answers about their occupations in earlier survey waves (columns 2 and 3). The sample used is household
heads ages 30–50 who provided a retrospective answer in 1997 and whose father can be located in an earlier
wave of the survey. Column 1 uses the provided retrospective answers. Column 2 uses the self-reported
occupation of fathers ages 30–50 roughly thirty years earlier (around 1970). The last column uses three
years of self-reported occupations (between 1968–1972) and takes an average of the three corresponding
income predictions. To predict income, we use family income conditional on father’s occupation, race, and
region (South vs. elsewhere) from the 1970 Census. All estimates are weighted using 1997 cross-sectional
weights.
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Table C.6: Mobility in the PSID, using various ways of measuring parental income

(a) Logged parental income

Predicted Income Actual Income

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

Retrospective
Self-reported,

5 years
Self-reported,

5 years
Self-reported,

1 year

IGE 0.817 0.901 0.493 0.404
[0.103] [0.104] [0.065] [0.059]

Observations 1,277 1,277 1,277 1,277

(b) Ranked parental income

Predicted Income Actual Income

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

Retrospective
Self-reported,

5 years
Self-reported,

5 years
Self-reported,

1 year

Rank correlation 0.251 0.250 0.267 0.259
[0.033] [0.034] [0.033] [0.034]

Observations 1,277 1,277 1,277 1,277

Notes: This table regresses the respondent’s (binned) logged or ranked family income on four alternative
ways to measure parental income level (denoted in the column headers). The sample used is household heads
ages 30–50 who provided a retrospective answer about their fathers’ occupations in the 2009 PSID survey
wave (i.e., the wave in which the average age of respondents is closest to 40). We include respondents whose
fathers can be located in an earlier wave of the survey and who had at least five years of available income
and occupation information between the ages of 30–50. Column 1 uses the average income prediction corre-
sponding to the retrospective answer provided by the household head about the father’s occupation. Column
2 uses the average income prediction corresponding to the five occupations closest to age 40, as reported by
the respondent’s father. To predict income, we use family income conditional on father’s occupation, race,
and region (South vs. elsewhere) from the 1970 Census. Column 3 uses the father’s average family income
corresponding to the five years closest to age 40. Column 4 uses the father’s family income corresponding
to the one year closest to age 40. All estimates are weighted using cross-sectional weights.
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C.4 Recall-adjusted estimates of mobility

In this subsection, we perform a final exercise to consider whether our main result

might be driven by recall deteriorating over time (i.e., the decline in persistence be-

tween the 1910s and 1940s cohorts stemming from measurement error, rather than

true changes in mobility). Specifically, one concern might be that the distribution of

fathers’ occupations is changing during this time period (e.g., away from agricultural

occupations) in such a way that survey respondents might have a more difficult time

recalling their fathers’ occupations. To consider this possibility, we once again turn

to the sample of households heads in the PSID for whom we have both retrospective

answers about fathers’ occupations as well as their father’s self-reported answers in

earlier survey waves (described in Section C.3).

We begin by using this sample to calculate a matrix that denotes the likelihood that

a respondent who reports occupation i for their father has their father report occupation

j. As an example, among respondents who said their fathers were accountants, 75%

of the corresponding fathers reported being accountants, while 15% and 6% of fathers

said they were businessmen and clerical workers, respectively. This matrix thus allows

us to get a sense of which occupations are easier to recall and importantly, the types

of mistakes that are commonly made for each occupation.

We then return to the baseline sample of respondents from our surveys and use

this matrix to alter the occupation of a random share of fathers. Using the accountant

example above, we allow a random 75% of respondents who said their fathers were

accountants to keep their answer, but we change the fathers’ occupations for the re-

maining 25%. Importantly, the changes we make reflect the distribution of mistakes

in the PSID (i.e., 15% and 6% would be changed to businessmen and clerical workers,

respectively). We then predict parental income using these recall-adjusted occupations

as well as race and Southern location, and we re-calculate the estimates of mobility.

We repeat this exercise 200 times, so that we change the occupation of a different share

of fathers and allow for different types of mistakes in recall. Appendix Figure C.6 plots

the baseline estimates of mobility alongside the estimates from this simulation. The

recall-adjusted estimates are generally attenuated, but the main finding of an increase

in mobility in the first half of the 20th century is unchanged.
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Figure C.6: Mobility measures by birth decade, robustness to recall bias

(a) Intergenerational elasticity
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(b) Rank-rank coefficient
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: The first series in both panels reproduces the main IGE and rank-rank estimates using our baseline
sample and income prediction. In the second series, we allow for the possibility of mistakes in recall.
Specifically, we use the matrix of mistakes from the PSID to change the occupation of a random share of
fathers, and we then re-estimate the IGE and rank-rank correlation. We repeat this process 200 times. The
point estimate in the second series plots the average value obtained, while the upper and lower bound of the
confidence intervals plot the values corresponding to the 2.5th and 97.5th percentiles of the distribution of
estimates. To predict parental income, we use family income conditional on father’s occupation, race, and
region (South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’
tenth birthday (see Section 3.1 for more details). We use sample weights where provided and further
re-weight each birth cohort (i.e., decade) in all samples so that they have representative race × sex shares.
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D Two-Sample IV Estimates

In this Appendix, we present alternate results using two-sample two stage least squares

(TS2SLS), and discuss interpretations of these estimates under different sets of assump-

tions about functional form and heterogeneity in the local average treatment effects

(LATEs) recovered by the different instruments.

D.1 Imputation-TS2SLS Equivalence in Levels Specification

We first show the similarity between our primary imputation-based OLS estimator and

the TS2SLS estimator. Recall that TS2SLS estimates a first-stage regression using

microdata from the Census on fathers, and then a second-stage regression using the

survey data we have assembled. The presence of father’s occupation, region, and race

in both samples allows for the use of these variables as instruments.

To illustrate the similarity between the imputation and TS2SLS, we estimate the

following linear specification using both the imputed Ŷp as well as the TS2SLS estima-

tor:

Yc = βlevelYp + εc (6)

In a levels specification, our imputation approach—by using the mean household

income for each combination of father’s occupation, region, and race—is thus numeri-

cally identical to the TS2SLS estimates where the instruments are fully interacted. If

PZ is the projection matrix onto the vector of race-region-occupation cells Z, then the

imputations are given by Ŷp = PZYp. For illustrative purposes and to reduce notation,

assume both samples have the same size. Then we also have βTSIV = (PZYp)
−1PZYc as

the TSIV estimator47, as well numerically identical to the OLS estimate using imputed

data βOLS =
Cov(Ŷp,Yc)

V ar(Ŷp)
= ((PZYp)

′(PZYp))
−1(PZYp)

′Yc = (PZYp)
−1PZYc = βTSIV by

the usual idempotency and self-adjointness of PZ .

While in theory, the standard errors could be larger due to error in the first-stage

regression, in practice the standards errors between the two estimates are quite close,

owing to the large sample sizes in the Census being used for the first stage. We further

adjust the TS2SLS for heteroskedascity following Pacini and Windmeijer (2016).

Panel (a) of Figure D.1 shows the numerical equivalence for βlevel in our data.48

We present a table of coefficients from this specification in Appendix Table D.1.49

A natural concern with the levels specification is that it misses non-linearities in the

47 Inoue and Solon (2010) show that this is dominated in efficiency terms by the TS2SLS estimator that
adjusts for finite-sample issues in the empirical covariance matrix, but for illustration and because both
of our samples are large, we focus on the TSIV estimator in the text, but conduct all estimates with the
TS2SLS estimator.

48 For completeness, Appendix Figures D.2 and D.3 also present the results by gender and by subgroup using
equation (6).

49 Note that the estimates in this table will not be identical to those plotted in Figure D.1 because of
slightly different methodologies. The figure implements two-stage least squares using the nearest source of
microdata relative to the respondent’s childhood (thus only considering 1920s–1970s cohorts). In contrast,
the table uses levels of parental income based on the baseline (interpolated) measure of parental income.
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underlying structural relationship, which would be implied, e.g,. by credit constraints

(Loury, 1981). Consistent with the literature, we have a concave relationship in the

levels-on-levels regression, and this appears stable over time. Table D.2 shows the non-

linearity with a quadratic specification, following Løken et al. (2012). The quadratic

term (the square of predicted parental income) is generally significant in every year

and a similar order of magnitude over the 20th century, and the resulting effect at the

25th percentile also shows a u-shape over time.

The numerical equivalence between OLS and TSIV will not hold for the log-log

specification estimated in the main text because we impute the log of average income (as

we only have mean incomes for the early cohorts in our sample) and the usual differences

between log(E[x]) and E[log(x)]. Nonetheless, the difference is quantitatively small,

and the basic “u-shape” pattern in the IGE under the TS2SLS approach is shown in

panel (b) of Appendix Figure D.1.

While the TS2SLS and imputation approaches agree exactly in levels and approx-

imately in IGE space, the primary limitation is that we have no microdata for the

1910s cohort of farmer fathers, owing to the lack of any agricultural microdata from

this early cohort. Given the importance of farmers in this period, and the importance

of this cohort in showing the trend of increasing mobility in the early part of the 20th

century, we present the imputation-based estimates in the main text.

D.2 OLS weights

As pointed out by Løken et al. (2012) changes over time in the mobility estimate

could be driven by changes in the OLS weights over the marginal effects. In Appendix

Figure D.4 we show the weights by predicted parental income as well as the cumulative

weights by predicted income rank for each of 1910s–1940s cohorts. The lines are very

similar to each other, and in particular do not diverge significantly at the median of the

income distribution (which is where OLS would maximize the weight). In particular,

if changing weights were driving the rise in mobility—and assuming that the marginal

treatment effects are smaller in the middle of the income distribution if the relationship

is quadratic—then we might expect to see the weights becoming more concentrated in

the middle of the distribution over time, which this figure shows is not the case. Thus

we do not think our results are driven by changing weights across the distribution of

marginal treatment effects.

D.3 Connecting level-, log-, and rank-based estimates

The levels-on-levels specification is not completely unfamiliar to the mobility literature,

being used in Dahl and Lochner (2012) and Løken et al. (2012). It is, however, not

regularly used in the U.S. estimates of mobility, which have traditionally focused on the

log-log specification as in Becker and Tomes (1979) or, more recently, the rank-rank

specification as in Chetty et al. (2014a). But these measures can be approximated

using an estimated β̂level. For example, the intergenerational elasticity (at the sample

mean) can be approximated by βIGE =
E[Yp]
E[Yc] β̂

level using the levels-based specification in

equation (6) and first-order Taylor approximations of log(yp) and log(yc) around their
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means (i.e., log(x) − log(E[x]) ≈ x
E[x] − 1 for both generations). As shown in Figure

D.5, the estimated IGEs using this approximation are generally lower than those from

the main text, but they retain the visible and stark u-shape over the 20th century.

To approximate the rank-rank, note that if the income distribution is normal or

lognormal then the rank-rank correlation is exactly equal to βRR = 6
πarcsin(β

IGC

2 ),

where βIGC is the estimate of the intergenerational correlation, which can also be

obtained from βlevel by multiplying the estimate by the ratio of the standard deviations

(i.e., βIGC =
√

V ar[Yp]
V ar[Yc] β̂

level). The lognormal assumption is likely close to true in

the large populations we are sampling from, even if it may not hold for the within-

county income distributions of interest to the recent literature. Figure D.5 shows the

βRR ≈ 6
πarcsin(

√
V ar[Yp]
V ar[Yc]

βlevel

2 ) approximation (standard errors calculated using the

delta-method) and that, in practice, the levels-based approximation of the IGC and

rank-rank estimates using our baseline approach are very similar both quantitatively

and qualitatively.50

To summarize, the TS2SLS and imputation-based OLS yield point estimates of

βlevel that are quantitatively identical. Further, armed only with TS2SLS estimates of

βlevel, we can recover approximations to the primary measures used in our paper (and

in the literature), without using any non-linear transformations of the data inside the

regression. These approximate estimates exhibit qualitatively very similar patterns to

their analogues in the main text. We conclude that none of our results depend on the

use of imputed incomes in OLS regressions versus TS2SLS.

Finally, we note that one key difference between the logs-based and levels-based es-

timates is that the 1940s cohort is the most mobile when considering the IGE, whereas

the 1950s cohort appears more mobile when considering levels of income, even as the

rank-rank correlation stays constant. This difference can be explained by the standard-

izations of income discussed above. In short, holding the intergenerational correlation

fixed (which appears to be approximately the case starting in the 1940s; see Appendix

Figure A.6), the IGE is equal to the IGC multiplied by the standard deviation of logged

children’s income over logged parent’s income (i.e.,
σyc

σyp
). The 1950s cohort had rela-

tively lower parental inequality and higher adult children inequality, thereby making

the IGE rise (the ratio of standard deviations increased from 1.92 to 2.36 between 1940

and 1950). Next, the levels coefficient is approximately equal to the IGE multiplied

by the mean of children’s income over parent’s income using levels of income. Given

immense growth of parental income in this time period, this ratio of E[yc]
E[yp] fell from

1.51 to 1.03, so that the levels coefficient declined between 1940 and 1950 (despite the

increase in the IGE). In sum, the rapid rate of growth in parental income during a

period of relatively lower inequality makes it so that the IGE rises, while the levels

50 A coarser approximation is to simply set βRR ≈ βIGC, since note that the first two non-zero terms of the

Taylor expansion of arcsin gives 6
πarcsin(β

IGC

2 ) ≈ 3
πβ

IGC+ 1
4π (βIGC)3. Thus the approximation βRR ≈ βIGC

is likely to be a good approximation given the coarseness of the historical data we are working with. As
the IGC can be calculated using a simple linear regression rather than non-linear transformations it is
a good measure for capturing “pure” mobility, independent of inequality, in data-constrained historical
contexts.
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coefficient continues to decline (see Appendix Figure D.6).

D.4 TS2SLS interpretations under heterogeneous treatment effects

Under the TS2SLS interpretation of our results, we have multiple instruments given

by race, region of birth, and father’s occupation, and the possibility of a non-linear

functional form. Together this could imply heterogeneity in the estimated β either due

to different compliers with the different instruments (different LATEs), different levels

of intergenerational mobility at different levels of parental income (non-linear functional

forms), and different weighting of these two sources of heterogeneity based on the

variation in the data. Considering the relevant subsets of these combinations, there

are (at least) four interpretations of what the TSIV (and the imputation approach)

yield with multiple instruments, in decreasing strength of assumptions. Following

Løken et al. (2012), suppose the data generating process with K levels of income is

yc =
∑

i βi1(Yp > Yi) and a set of first-stage relationships is given by Pr(Yp > Yi) =

γiZ for an instrument Z with exactly K different values.

First, one could assume that the structural function is linear, so that E[yc|yp] = βyp.

Then all valid instrumental variables will yield the same IV estimate of β. This as-

sumption is the simplest to impose on our regression, ruling out both any heterogeneity

in the slope of the structural function as well as any heterogeneity in the slope across

individuals, and so there is no concern about weighting. But as Løken et al. (2012)

point out, this linear assumption is highly restrictive (particularly when estimated in

levels of income, as there a strong theoretical reason to think that the relations ought

to be concave).

Second, one could assume that the structural function is non-linear, but the in-

struments have homogeneous treatment effects at each yi. Thus βi could differ across

levels of income yi but with homogeneous marginal treatment effects of each instru-

ment. Even in this case, however, the changes over time could be driven by changes

in the weights, as in the OLS case. As discussed above, Appendix Figure D.4 shows

the changing OLS weights are not driving the results, and the 2SLS weights will be

identical in our case.

Third, one could assume a non-linear structural function, and heterogeneous treat-

ment effects of each instrument, but with a monotonicity assumption as in Angrist

et al. (2000) in which case the β̂i =
∑

k ω
kβz

k,zk−1

i where ωk are all positive weights.

This assumption allows non-linear functions βi and heterogeneous LATEs across in-

struments. As shown in Angrist et al. (2000), under the monotonicity assumption the

2SLS estimate is a convex combination of a set of binary LATEs. Each LATE is in turn

a weighted average of the (possibly heterogeneous) derivative of the structural function

along the support of the independent variable affected by the instrument. Particular

LATEs could be small either because the marginal effect of father’s income is small

at that point in the parental income distribution, or because the compliers with those

particular instruments have small treatment effects.

Fourth, Mogstad et al. (2021) argue the monotonicity assumption in Angrist et al.

(2000) is too strong. It implies that all the people who take treatment at Zj also have

to take it at Zj+1. In our context, suppose two races and two occupations (worker and
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owner). Then the monotonicity assumption implies that not only would all white owner

dads be made poorer if they were counterfactually turned into Black worker dads, but

that either all Black owners would become richer if they became white workers or vice

versa. This is potentially too strong an assumption, as one might want to not order the

incomes of all Black owners and white workers. Instead, one could assume a non-linear

structural function, heterogeneous treatment effects of each instrument, and a partial

monotonicity assumption as in Mogstad et al. (2021). Mogstad et al. (2021) point out

that partial monotonicity suffices to interpret 2SLS as a weighted average of LATEs

in the binary endogenous variable case, so that β̂i =
∑

k ω
kβz

k,zk−1

i . However, the

ωk are not all positive, and so Mogstad et al. (2021) suggest diagnostics for negative

weights under this assumption. In particular, under partial monotonicity, when using

each instrument separately, controlling for the other instruments, each estimate will

be a positively weighted average of LATEs across groups of compliers, albeit at a cost

of precision. If negative weights were an issue, some of these coefficients could have

different signs than the overall IV estimates.

Our primary instrument is the fully interacted set of instruments Z, which is an

indicator variable for each race-region-occupation cell. This fully interacted instrument

is also the condition under which the TS2SLS estimator of the levels specification is

identical to the imputation approach in the main text. In order to assess the potential

for negative weighting, we use race, region, and father’s occupation as separate instru-

ments. In Appendix Figure D.7, we show robustness of our basic pattern to using each

instrumental variable separately, while controlling for the others.51

Notably, all the estimates are positive, and across each of the instruments, the

general u-shape of the pattern is visible, although the levels and precision vary consid-

erably. While it does not appear that that there is a negative weighting issue, it also

does look like the different instrumental variables generate very different estimates of

the IGE (most notably the race variable, with IGEs generally greater than 1). This is

unsurprising; while we do not think that any of our “instruments” truly satisfy the ex-

clusion restriction, race might violate it most egregiously, as race is directly transmitted

across generations, and not simply transmitted via parental income. We are conduct-

ing a descriptive exercise measuring intergenerational income mobility, and our use of

occupation, race, and region are used to improve the prediction of parental income,

not isolate a causal effect of parental income.

51 As an additional check on the possibility of negative weighting we follow Mogstad et al. (2021) and check
the correlation of predicted parental income using each of the instruments separately, and confirm that
they are always positively correlated in every cohort.
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Figure D.1: Intergenerational mobility by birth decade using imputed average incomes
and two-sample two-stage least squares

(a) Levels of income
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(b) Logged income
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Sources: Data come from 15 different surveys, described in Section 2 and in further detail in Appendix E.

Notes: The estimates are based on the baseline sample of respondents ages 30–50. The top panel considers
levels of income and the bottom panel logged household income. The first series in both panels uses the
baseline approach for predicting parental family income (i.e., calculating average household incomes at the
occupation × race × South level and in the bottom panel, subsequently applying the log transformation).
The second series in the top panel uses a two-sample two-stage least squares regression, using household
income in the Census to predict parental family income in the surveys. The third series adjusts robust
standard errors using Pacini and Windmeijer (2016). Panel (b) uses an identical approach for the last two
series, except that it uses the Census to predict logged household income. To predict parental income in
each cohort, we use family income conditional on father’s occupation, race, and region (South vs.
elsewhere) from the nearest Census to the respondent’s childhood. Specifically, for the 1920s–1930s birth
cohorts, we use the 1940 Census with farmer and self-employed income from the 1936 Expenditure Survey.
For the 1940s–1970s birth cohorts, we use the 1950–1980 Censuses, respectively.



Figure D.2: Intergenerational mobility using levels of family income, by sex

0
.2

5
.5

.7
5

1
1.

25
1.

5

C
oe

ffi
ci

en
t

 

1920s 1930s 1940s 1950s 1960s 1970s
 

Decade of respondent's birth

Men
Women

Sources: This figure combines 15 surveys, described in Section 2 and in further detail in Appendix E.

Notes: This figure uses a two-sample two-stage least squares regression, using household income in the
Census to predict parental family income in the surveys. All estimates report robust standard errors using
Pacini and Windmeijer (2016). To predict parental income in each cohort, we use family income
conditional on father’s occupation, race, and region (South vs. elsewhere) from the nearest Census to the
respondent’s childhood. Specifically, for the 1920–1930s birth cohorts, we use the 1940 Census with farmer
and self-employed income from the 1936 Expenditure Survey. For the 1940s–1970s birth cohorts, we use
the 1950–1980 Censuses, respectively. We use sample weights where provided and further re-weight each
birth cohort (i.e., decade) so that they have representative race × sex shares.
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Figure D.3: Intergenerational mobility using levels of family income and including
under-represented groups
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Sources: This figure combines 15 surveys, described in Section 2 and in further detail in Appendix E.

Notes: This figure uses a two-sample two-stage least squares regression, using household income in the
Census to predict parental family income in the surveys. All estimates report robust standard errors using
Pacini and Windmeijer (2016). To predict parental income in each cohort, we use family income
conditional on father’s occupation, race, and region (South vs. elsewhere) from the nearest Census to the
respondent’s childhood. Specifically, for the 1920–1930s birth cohorts, we use the 1940 Census with farmer
and self-employed income from the 1936 Expenditure Survey. For the 1940s–1970s birth cohorts, we use
the 1950–1980 Censuses, respectively. We use sample weights where provided and further re-weight each
birth cohort (i.e., decade) so that they have representative race × sex shares.
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Figure D.4: Income distribution and OLS weights, by cohort

(a) 1910s cohort
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(b) 1920s cohort
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(c) 1930s cohort
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(d) 1940s cohort
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(e) All cohorts: cumulative distribution
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Sources: Data come from 15 different surveys, described in Section 2 and in further detail in Appendix E.

Notes:This figure plots the predicted parental income distribution alongside the distribution of OLS weights
(following the decomposition in Løken et al. 2012) from regressions that use levels of income for both
generations. To predict parental income, we use family income conditional on father’s occupation, race, and
region (South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’
tenth birthday (see Section 3.1 for more details). The final panel combines the four cohorts, plotting the
cumulative distribution of weights against predicted parental income rank, separately for each cohort.



Figure D.5: Mobility by birth cohort, approximating IGE and rank-rank correlation with
levels specification
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Sources: This figure combines 15 different surveys, which are described in Section 2 and in further detail in
Appendix E.

Notes: All estimates are based on the baseline sample of respondents ages 30–50. The first and third series
reproduce the baseline IGE and rank-rank estimates from Figure 1. The second and fourth series come
from linear specifications using levels of income for both generations (reported in Appendix Table D.1).
The second series multiplies the levels-based estimate with the ratio of average parental income to average

adult children’s income. The fourth series transforms the levels-based estimate using βRR = 6
πarcsin(β

IGC

2 ),

where βIGC =
√

V ar[Yp]
V ar[Yc]

β̂level. To predict parental income, we use family income conditional on father’s

occupation, race, and region (South vs. elsewhere) from auxiliary data (often the Census) as close as
possible to the respondents’ tenth birthday (see Section 3.1 for more details). We use sample weights where
provided and further re-weight each birth cohort (i.e., decade) so that they have representative race × sex
shares.
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Figure D.6: Bin-scatter depictions of the change in intergenerational persistence between
1940s and 1950s cohorts

(a) Intergenerational elasticities
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(b) Levels-on-levels estimates
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Sources: Data come from 15 different surveys, described in Section 2 and in further detail in Appendix E.

Notes: The estimates are based on the baseline sample of respondents ages 30–50 in the 1940s and 1950s
cohorts. To predict parental income, we use family income conditional on father’s occupation, race, and
region (South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’
tenth birthday (see Section 3.1 for more details). We use sample weights where provided and further
re-weight each birth cohort (i.e., decade) so that they have representative race × sex shares.



Figure D.7: Intergenerational mobility using father’s occupation, race, and Southern
location as separate instruments
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Sources: Data come from 15 different surveys, described in Section 2 and in further detail in Appendix E.

Notes: The estimates are based on the baseline sample of respondents ages 30–50. Estimates come from
two-sample two-stage least squares regressions using logged household income in the Census to predict
logged parental income in the surveys. The first series uses race, Southern location, and father’s occupation
as instruments for predicting logged parental family income. The second series uses father’s occupation
(controlling for race and Southern location). The third series uses father’s race (controlling for father’s
occupation and Southern location). The fourth series uses Southern location (controlling for father’s
occupation and race). All series report robust standard errors using Pacini and Windmeijer (2016). For
each survey cohort, we predict parental income using the nearest Census to the respondent’s childhood.
Specifically, for the 1920–1930s birth cohorts, we use the 1940 Census with farmer and self-employed
income from the 1936 Expenditure Survey. For the 1940s–1970s birth cohorts, we use the 1950–1980
Censuses, respectively.
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Table D.1: Intergenerational mobility using levels of family income, by birth cohort

(1) (2) (3) (4) (5) (6) (7)
1910 1920 1930 1940 1950 1960 1970

Level coefficient 1.646 1.397 1.053 0.614 0.523 0.623 0.600
[0.093] [0.044] [0.032] [0.027] [0.024] [0.033] [0.064]

Observations 5,207 13,328 12,446 11,580 10,964 6,605 3,132

Notes: The estimates are based on the baseline sample of respondents ages 30–50 and come from an analogous specification to equation (1), but

using income levels for both generations. To predict parental income, we use family income conditional on father’s occupation, race, and region

(South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth birthday (see Section 3.1 for more details).

We use sample weights where provided and further re-weight each birth cohort (i.e., decade) so that they have representative race × sex shares.

Table D.2: Intergenerational mobility using levels of family income and quadratic specification, by birth cohort

(1) (2) (3) (4) (5) (6) (7)
1910 1920 1930 1940 1950 1960 1970

Level coefficient, linear 2.002 2.340 1.558 1.152 1.020 1.155 1.600
[0.336] [0.162] [0.109] [0.083] [0.082] [0.138] [0.221]

Level coeff., quadratic (×100) -0.007 -0.017 -0.007 -0.004 -0.003 -0.003 -0.004
[0.007] [0.003] [0.001] [0.001] [0.000] [0.001] [0.001]

Derivative at 25th percentile 1.744 1.630 1.198 0.782 0.685 0.764 0.925
Observations 5,207 13,328 12,446 11,580 10,964 6,605 3,132

Notes: The estimates are based on the baseline sample of respondents ages 30–50 and come from an analogous specification to equation (1), but

using income levels for both generations and allowing for a quadratic term in parental income. For ease of exposition, the quadratic term is divided

by 100 in the specification. “Derivative at 25th percentile” refers to the marginal effect evaluated at the income level that corresponds to the 25th

percentile of the predicted parental income distribution for the corresponding cohort. To predict parental income, we use family income conditional

on father’s occupation, race, and region (South vs. elsewhere) from auxiliary data (often the Census) as close as possible to the respondents’ tenth

birthday (see Section 3.1 for more details). We use sample weights where provided and further re-weight each birth cohort (i.e., decade) so that they

have representative race × sex shares.
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E Additional detail on data sources

E.1 Harmonizing surveys

We typically include a survey in the analysis if it meets two main conditions: First, it

must ask survey respondents about their family income. And second, it must ask re-

spondents about their fathers’ occupation while they were growing up, and the available

occupation codes must be able to be mapped to our coarsened occupations (discussed

below). The surveys that meet these conditions usually also include other useful in-

formation, including demographic characteristics of the respondent as well as those of

the father and mother.

In the end, we have fifteen harmonized surveys:

� American National Election Studies (ANES),1956–1970

� Americans View Their Mental Health (AVTMH), 1957 & 1976

� General Social Survey (GSS), 1972-2018

� National Fertility Survey (NFS), 1970

� NLS Mature Women (NLSMW), 1967

� NLS Older Men (NLSOM), 1966

� NLS of Youth, 2002 52

� NLS Young Men (NLSYM), 1981 52

� NLS Young Women (NLSYW), 1988 52

� National Survey of Black Americans (NSBA), 1979–1980

� National Survey of Families and Households (NSFH), 1987–1988

� Occupational Changes in a Generation (OCG), 1962 & 1973

� Panel Study of Income Dynamics (PSID), 1997 & 2017 53

The cohorts present in each survey and a description of each sample are displayed

in Table E.1.

To minimize life-cycle bias, we restrict the sample to U.S.-born respondents aged

30–50. We also include respondents in this age range for whom we do not know where

52 Note that the National Longitudinal Surveys can also be used as repeated cross-sections. For these three
surveys, we select the cross-section to use by first observing the median age in the earliest cross-section
of the survey. We then calculate the year in which the median age of respondents would be around
40. If the survey was not conducted in this year, we take the nearest survey year. Nevertheless, in
these three NLS surveys (similarly to in the NLSMW and NLSOM) we typically use the first wave to
collect demographic information about the respondent (e.g., sex, race, birth year, birthplace) as well as
retrospective information about the parents’ occupations and educational attainment. The one exception
is that in the NLSYW survey, we collect information about the mother’s occupation when the question
was re-asked in 1978.

53 Note that the PSID can be used as repeated cross-sections. We rely on the 1997 wave because this was
the first year in which retrospective questions about parents’ occupations were asked with sufficient detail
and in which cross-sectional individual weights were available. We also then use the 2017 survey to bring
in a new cohort of individuals ages 30–50. We intentionally exclude any 1997 respondents who appear
again in 2017. Retrospective questions were only asked to household heads and their wives; whenever we
have two respondents within a family with all of the available information for our analysis, we select a
member at random.
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they were born.54 Finally, we restrict the sample to individuals whose race is recorded

as white or Black.55

Once we identify and clean these surveys, we pool them together for the analysis. An

individual is in our baseline sample if he/she has an available family income, recorded

race, region of birthplace/childhood (South vs. non-South), and father’s occupation.

Together, these four components allow us to measure the respondent’s income level

and predict parental family income. Table E.2 shows how the sample size changes as

we sequentially impose each sample restriction. The baseline cohorts and samples in

each survey are summarized in Figure E.1 as well as Tables E.3 and E.4.

E.2 Respondent family income

In all of our harmonized surveys, respondents are asked about their family income in

that year. Some surveys provide the information in categories, while others provide

exact numerical values. To be consistent in our coding, we rely on the bin structure of

the surveys and assign respondents the midpoint of that category. The exception to this

step is that for individuals who make the least (i.e., whose income falls in the bottom

bin, including those with zero income), we assign them 0.75 × the upper boundry of

the category. For respondents who make the most (i.e., whose income falls in the top

bin), we assign them 1.25 × the lower boundry of the category.

For surveys that report exact income values, we replicate the bin structure for

assigning respondents a family income value. In particular, we first find a survey

that took place around the same time period and use that survey’s bin structure as

a template. We then assign individuals the midpoint of their corresponding bin.56

Ultimately, we want to observe a roughly equal proportion of respondents in each bin.

When the outlined procedure does not yield this result, we consider alternative bin

structures (namely, the bin structure in other surveys) until we find a template that

results in a relatively equal distribution.

Finally, for consistency, we ensure that each survey has roughly 10–12 bins for re-

spondent family income. For surveys that have significantly more bins, we combine

bins and assign respondents the midpoint of the new category (while simultaneously

ensuring that each bin has roughly the same share of respondents). Table E.5 summa-

rizes that share of the baseline sample that is top and bottom coded in each survey as

well as the number of income bins utilized.

54 We exclude foreign-born respondents because we cannot know with certainty whether they grew up in
or outside of the United States. Because we predict parental family income using U.S.-based data and
because the average income for the same occupation can differ across countries, we refrain from predicting
parental income for the fathers of these respondents and thus exclude these father-children pairs.

55 Respondents who are classified as Hispanic in surveys are re-classified as white unless there is additional
information available on race. Respondents of other races, who comprise a tiny share of survey samples,
are excluded from the analysis.

56 For instance, because NSFH interviews took place in 1987 and 1988, we use the 1988 bins from the GSS
as a template for the bin structure of family income for NSFH respondents.
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E.3 Predicting parental family income

E.3.1 Coarsened occupations

We obtain father occupation from the respondent, who typically reports his/her father’s

occupation when the respondent was growing up or around 14–16 years old. In many

of the surveys, we are also able to obtain analogous information for the mother’s

occupation.

Across all surveys, we harmonize occupations into 28 categories, corresponding to

the main occupations in the American National Election Survey. The ANES occupa-

tions we use are:

� Accountants and auditors

� Clergymen

� Teachers

� Dentists

� Physicians and surgeons

� Engineers

� Lawyers and judges

� Social and welfare workers

� Nurses

� Other professional and technical occupations

� Semi-professional occupations

� Self-employed businessmen, managers, and officials

� Businessmen, managers, and officials

� Bookkeepers

� Stenographers, typists, and secretaries

� Other clerical workers

� Higher-status sales workers in “outside” sales

� Inside sales workers (e.g., salesmen, clerks)

� Lower-status sales workers in “outside” sales (e.g., peddlers, newsboys)

� Foremen

� Skilled craftsmen and kindred workers

� Semi-skilled operatives and kindred workers

� Protective service workers

� Private household workers

� Other service workers

� Farm laborers

� Non-farm laborers

� Farm operators

E.3.2 Constructing baseline measures of parental income

In order to approximate parental family income, we use various datasets from through-

out the 20th century. In particular, we rely on data from the 1901 Cost of Living Survey

and the 1900 Census of Agriculture (which we refer to as our “1900-based” income pre-

dictions), the full-count 1940 Census and the 1936 Expenditure Survey (henceforth our
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“1940-based” income predictions), and the 1960–1990 Censuses (Ruggles et al. 2021).

We provide more details on the 1936 Expenditure Survey in Section E.3.4.

Because we want our baseline measures of parental income to approximate the in-

come of the fathers’ generation, we restrict these datasets whenever possible to individ-

uals who resemble the survey respondents’ fathers (Ruggles et al., 2021). In particular,

we restrict the samples to men who are between the ages of 30–50, whose race was

recorded as either white or Black, and who had a child younger than 18 present in the

household. We then build and use crosswalks that map the Census occupations into

our 28 coarsened occupations.

Next, we calculate the mean income in each occupation for individuals with certain

characteristics. In our baseline specification, we calculate the mean income by occupa-

tion × race × South.57 Our preferred measure of income is mean household income,

which sums the income of all family members within a household. To ensure that these

measures are comparable throughout the analysis, all predicted income is reported in

1950 dollars.

The two exceptions to this straightforward approach are our 1900- and 1940-based

income predictions. First, to construct 1900-based predicted income, we use informa-

tion on average earnings by occupation from the 1901 Cost of Living Survey (Preston

and Haines 1991) and collapse this information to our coarsened occupations. We then

use the income of fathers ages 30–50 in the 1940 full-count Census to adjust these in-

come values by race and Southern residence. For fathers who are farmers, we calculate

predicted income using the 1900 Census of Agriculture. In particular, we use infor-

mation on farm output and expenses from Merriam (1902) and follow the approach in

Goldenweiser (1916) and Abramitzky et al. (2012) to calculate farmers’ income by race

and Southern residence. We additionally adjust these values by the share of farmers

in that race and region that were owners (assuming that non-owners earn 50% of the

estimated farm income).

Second, the 1940 income variable (i.e., wage and salary income) excludes income

from self-employment and farming. We thus use an alternative data source from this

time period — the 1936 Expenditure Survey — to calculate the average family income

of farmers and of self-employed fathers separately by race and Southern residence.

After we construct these six versions of predicted income, we assign fathers an

estimate using the data sources that are closest in time to when the respondent was

10 years old. In particular, we assign cohorts born between 1910 and 1930 a weighted

average of the 1900- and 1940-based income predictions, with the weights reflecting the

number of years between when the respondent was 10 years old and 1940. For cohorts

born between 1930 and 1950, we assign a weighted average of the 1940- and 1960-based

57 For any occupation × race × South cells with no available Black fathers, we impute the average income
for that cell using the average racial income gap in that same region and the income of white fathers in
that same occupation. In particular, we first calculate the white-Black income gap within an occupation
and region, and then average these gaps across the occupations in that region, allowing occupations with
more Black fathers to get greater weight in the calculation. Finally, we use the income of white fathers
in the desired occupation and region in conjunction with the estimated average racial income gap in that
region to impute the income of the missing cell.
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income predictions, with the weights once again reflecting the number of years between

when the respondent was 10 years old and 1960. For cohorts born between 1950 and

1960, we assign a weighted average of the 1960- and 1970-based income predictions,

with the weights again reflecting the number of years between when the respondent was

10 years old and 1970. We continue this process for all respondents born in the 1960s–

1970s cohorts using the income predictions constructed with the 1970–1990 Censuses.

A couple of times throughout the paper, we calculate and use predicted income

for survey respondents, rather than using their total family income at the time of the

survey. Similar to the method utilized to predict parental income, we use Census data

as well as the 1936 Expenditure Survey to approximate respondents’ income by their

occupation, race, and Southern residence (as observed at the time of the survey). We

assign respondents a predicted income value using the data sources that are closest in

time to when the respondent is 40 years old. In practice, cohorts born between 1910 and

1920 are assigned a weighted average of the 1940- and 1960-based income predictions.

All subsequent birth cohorts are similarly assigned predicted income values that are

weighted averages constructed using the 1960–2000 Censuses as well as the 2010 and

2019 American Community Surveys.

E.3.3 Alternative ways to predict parental income

Our baseline 1940-based income predictions use the 1936 Expenditure Survey to es-

timate the average family income of farmer and self-employed fathers. However, we

also consider in the robustness checks a different approach for predicting farmer and

self-employed income for 1940. Following the approach in Collins and Wanamaker

(2017), we use fathers ages 30–50 in the 1960 Census to calculate the ratio of farmer

income to farm laborer income. We then use farm laborers’ income in 1940 as well as

these ratios to impute the 1940 income of farmers.58 Second, we adjust the income

of self-employed non-farm workers using a similar approach: we consider fathers ages

30–50 in the 1960 Census and compute ratios of mean earnings for self-employed work-

ers relative to wage-and-salary workers. We then impute the earnings of self-employed

non-farm workers in 1940 using these ratios. Throughout the analysis, we use the same

level of granularity to compute ratios as we do when predicting parental income. Our

preferred ratios therefore vary at the race × South level.59 We then use this measure

of farmer and self-employed income in the 1940-based income predictions, and blend

these measures with earlier and later data sources similarly to in the baseline approach.

Throughout the robustness checks, we sometimes estimate parental income using

fewer predictors of income than our baseline income predictions; sometimes the income

predictions only use information about a father’s occupation and other times they

incorporate information on both occupation and race. For a sub-sample of respondents,

58 Throughout these calculations, we also follow Collins and Wanamaker (2017) and adjust farmer and farm
laborer income measures upward to reflect the value of in-kind income.

59 If there were fewer than 20 individuals in the 1960 Census cell (e.g., occupation × race × South ×
education), we rely on the mean income of individuals in the broader group (occupation × race × South)
to construct ratios.
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we also predict parental family income using more predictors relative to our baseline

predictions (namely, using information about the father’s educational level as well as

more-detailed information about the region of residence). For education variations, we

use five levels of education—less than 8th grade, 8th grade, some high school, completed

high school, and at least some college—to calculate income at the occupation × race

× South ×education level.60 For occupation × race × region variations, the four

Census regions are used: Northeast, Midwest, South, and West. For both of these

more granular versions of predicted income, we use the Collins and Wanamaker (2017)

adjustment for farmers and self-employed fathers given the small sample size of the

1936 Expenditure Survey. Finally, we also calculate the mean of the 1950 occscore

variable—which reflects the median total income of all persons with that particular

three-digit occupation in that Census—for the 28 coarsened occupations (i.e., with no

additional variation at the race or region level).

Next, we predict parental family income for working mothers and for non-working

fathers. For individuals who provided information about their mothers’ occupations, we

predict income in an analogous way to our baseline approach, but utilizing the income

of mothers who were household heads and ages 30–50 in the 1940–1990 Censuses.61

Moreover, certain survey respondents had a missing father occupation not because

the respondent did not know what the occupation was, but because the respondent

reported that their father was not working (e.g., unemployed, retired). We assign a

predicted income value to these non-working fathers using information on the average

incomes of non-working fathers in the 1901 Cost of Living Survey and the 1940–1990

Censuses.

Throughout the robustness checks, we also consider other variations of the baseline

income prediction. One variation only considers the income of fathers rather than

household income. In another variation, we allow fathers with more children to get

greater weight when calculating the average income in an occupation × race × South

cell (i.e., weighting each father by the number of children younger than 18 present in

the household). Last, we construct a version that uses the closest source of microdata

relative to the survey respondents’ childhood. In practice, this means excluding the

1900-based income measures and refraining from blending the predictions. Instead,

respondents born in the 1910–1930s cohorts are assigned 1940-based income predictions

(including the 1936 adjustments); those born in the 1940s are assigned 1950-based

income predictions (incorporating the 1950 Census in this instance given that there is

no blending); and those born in the 1950s, 1960s, and 1970s cohorts are assigned 1960-,

1970- and 1980-based predicted income, respectively.

60 Similar to the baseline income predictions, we use the full-count 1940 Census to adjust 1900-based income
predictions by race, Southern residence, and education. Specifically, we calculate the ratio of income
within an occupation × race × South ×education cell relative to the income in the analogous occupation
× race × South cell. We then average these ratios across occupations (weighting by population) and use
those averages as constant factors for scaling income in an occupation for a particular education level.

61 Given that our 1900-based data sources do not include information about mothers, survey respondents
born before 1930 with working mothers are assigned 1940-based income predictions with adjustments
following Collins and Wanamaker (2017).
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A final variation adjusts our baseline income predictions for household size in both

generations. We are able to retrieve respondent household size in thirteen of our fifteen

surveys. This information is provided in one of two ways: 1) a pre-constructed survey

variable for household size, or 2) a variable that lists the number of adults living in

the respondent’s household and another variable that lists the number of children aged

0–17 living in the household. If information on household size is given in the latter

manner, we combine the two variables to obtain household size, on the condition that

both variables are available for the respondent. If not, household size is recorded as

missing. To adjust predicted parental income for household size, we use the 1910–1990

Censuses to calculate the median family size in that occupation × race × South cell

when the respondent is 10 years old and take weighted averages of the median sizes in

the two nearest Censuses.

E.3.4 1936 Expenditure Survey

The 1935–36 Study of Consumer Purchases, or “1936 Expenditure Survey”, is one

survey in the Bureau of Labor Statistics’ (BLS) Cost of Living series, a recurring

effort to estimate the cost of living for a “typical” American family (United States

Department of Labor et al., 2009). The survey consists of two data sources, an urban

expenditure study conducted by the BLS and a concurrent study of small cities, vil-

lages, and farms by the Bureau of Home Economics (BHS). The purpose of this novel

combination of urban and rural data on income, expenditures, and demographics was

to “learn how families of different incomes, occupations, and family types apportion[ed]

their expenditures among specific goods and services, in different parts of the country”

(United States Department of Labor and Bureau of Labor Statistics, 1941). Income-

related survey questions asked respondents to list all income received by each employed

member of the household, as well as income from other sources such as gifts, interests

and dividends, and pensions. Expenditure-related questions covered a wide range and

include, but were not limited to, utility costs, medical care, educational expenses, au-

tomobile expenses, personal care costs, clothing expenses, furnishing expenses, and

quantity of food items consumed in the week prior to the interview. Standard de-

mographic characteristics such as relationship to the household head, age, sex, and

occupation were recorded.

Primary sampling units were not chosen at random; rather, respondents were se-

lected from 257 cities, villages, and rural counties within six geographic regions. Several

subsequent rounds of random sampling within these geographic areas resulted in a sam-

ple of roughly 6,000 native-born families providing information on both income and

expenditures. All families resided in the U.S. at the time of the survey.

In the urban component of the survey, the sample was further limited to families in

which both husband and wife were present. The sample was almost exclusively white,

with data from Black native-born families obtained only in New York, Columbus, and

the Southeast. Families receiving welfare at any point during the year and families

with an income level below the “customary” level (United States Department of Labor

and Bureau of Labor Statistics, 1941) of non-recipient families were also excluded from

the urban sample. Other restrictions related to recent housing changes and long-term
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guests or boarders were applied.

Similar to the urban study, husband and wife, both native-born, had to be present in

the household for inclusion in the rural component of the survey. White-only families

were interviewed in all regions other than the Southeast, where a separate study of

Black families occurred. Families could not have moved during the survey year and

had to have operated their farms, whether owned or rented. An exception was made in

the Southeast, where sharecropper families were included. Selected families could not

have received welfare during the 12-month period of the survey. As observed in a 1941

report from the United States Department of Agriculture (USDA), these eligibility

requirements resulted in the omission of mostly less-advantaged groups from the rural

study (i.e., foreign-born families, non-two parent families, large families, Black families,

welfare recipients, and farm laborers) (Stiebeling et al., 1941).

Like all of our other data sources, occupations in the 1936 Expenditure survey

are mapped to our coarsened occupations. Table E.7 compares characteristics of 1936

respondents with those of fathers in the 1930 and 1940 Census, focusing on the five

occupation× race×South groups that comprise most farmer and self-employed fathers

in the early cohorts of our surveys.

As is clear from the above description, the 1936 data will not be strictly represen-

tative. However, some of its biases match the target sample (fathers with children) for

our prediction exercise. As is clear from Appendix Table E.7, the 1936 sample is almost

all married (as is the “target sample” from the 1940 Census that we use to calculate

childhood income for our earliest cohorts). In general the Census families seem to have

a somewhat greater number of children living with them than do our 1936 families.

Given its exclusion of those on welfare, we might expect the 1936 data to be some-

what positively selected.62 However, we do not see any evidence of systematic positive

selection with respect to education (which is asked in the 1936 rural, but not urban,

sample), the most important socio-economic status marker we can compare. For white,

non-Southern farmers, 83 (76) percent of our 1936 (1940 Census) sample finished 8th

grade and 15 (13) percent finished high school. The educational attainment for white

Southern farmers in the 1936 Expenditure and 1940 Census are nearly identical: 43

percent of the 1936 sample finished 8th grade, compared to 42 in the Census, and in

both datasets seven percent finished high school. Black Southern farmers report very

low levels of education in both datasets: two (seven) percent finished eighth grade in

1936 (1940) and two (one) percent finished high school.

E.3.5 Merging predicted parental income to survey respondents’ par-
ents

As previously mentioned, we harmonize fathers’ occupations (and mothers’ occupation

whenever available) into 28 coarsened categories. To do so, we construct crosswalks

62 Conversations with Bob Margo suggest that the 1936 data might be missing both the top and the bottom
parts of the distribution. As we are using the 1936 data mostly to estimate cell means, this concern is
hopefully second-order, but still worth keeping in mind.
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between the 1950 Census occupations and our coarsened occupations, as well as anal-

ogous crosswalks for the 1960, 1970, 1980, 2000, and 2010 Census occupations. If

the occupations in a survey did not match the Census list of occupations, we created

survey-specific crosswalks between the available occupation codes and our coarsened

occupations.

Once we finish coarsening occupations, we merge our predicted parental income

measures by father occupation, race, and whether the respondent grew up in the South.

While our surveys provide father occupation, they do not report information on his

race. We thus proxy father race with respondent race. Moreover, our surveys do not

report the state or region in which the respondent’s father worked when the respondent

was growing up. We can, however, observe the region in which the respondent was born

or grew up. We therefore use respondent residence in childhood/adolescence to proxy

for father residence. Whenever we have information on both birthplace and childhood

region, we use the latter to proxy for father residence.

Finally, whenever a father’s occupation is unavailable but the occupation of the

mother is provided, we merge in the corresponding measures of predicted income for

mothers, again by mother’s occupation, race, and whether the respondent grew up in

the South.

E.4 Educational attainment

Our constructed measures of educational attainment always reflect years of schooling

completed. In some surveys, respondent and father education are binned (i.e., “less than

grade school,” “grade school,” “less than high school,” etc.), while in other surveys they

are categorical (i.e., 0-20+ years of schooling). To harmonize across surveys, we create

two education variables.

The first binned variable assigns consecutive, ascending values as follows:

(0) no education (0 years)

(1) less than grade school (1-7 years)

(2) grade school (8 years)

(3) less than high school (9-11 years)

(4) high school (12 years)

(5) some college (13-15 years)

(6) college+ (16+ years)

In contrast, the second binned variable assigns years of schooling in the following

manner:

(0) no education

(6) less than grade school

(8) grade school

(10) less than high school

(12) high school

(14) some college

(16) college+
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We create these two variables for the respondent and for the respondent’s father.

Whenever available, we make similar variables for the respondents’ mothers. Finally,

we create indicator variables denoting high school and college completion for the re-

spondent, for the father, and for the mother if possible.

E.5 Weighting scheme

We begin by taking the provided weight in each survey and dividing it by its mean so

that the weight has an average of 1 within a survey. For surveys that consist of repeated

cross-sections (i.e., the ANES and GSS), we re-center the weight in each survey year.

If a survey does not have a weight, we create a weight with all values set to one. We

then combine these re-centered weights into one variable, and this weight acts as our

“survey weight” measure.

The main weight we use in the analysis builds on this centered weight, but adjusts

it further for population characteristics. In particular, because some of our surveys

are not representative by race or sex, certain cohorts in the pooled dataset will not be

nationally representative. We therefore adjust the centered weights so that the share

of white men, white women, Black men, and Black women in each cohort (i.e., decade)

coincides with the corresponding share in the Census when these respondents were

roughly 40 years old (e.g., for the 1920 cohort, we use the 1960 Census to calculate

these shares). Table E.6 shows the relative weight of each survey in each birth cohort

using this baseline, population-adjusted weight.

Throughout the analysis, we sometimes restrict the sample to certain respondents

(e.g., individuals whose fathers are not farmers, individuals with available information

on father’s education). For these secondary samples, we also adjust the centered weight

so that the share of white men, white women, Black men, and Black women in each

cohort of that sub-sample correspond to the analogous share in the Census.

The final weight that we construct goes a step further and adjusts the survey

weights not only using race and sex shares, but also the share of individuals who have

graduated high school in that cohort as well as the shares of the population present in

five-year age bins between ages 30–50. Similar to our baseline weight, we adjust the

survey weights to match the corresponding race × sex × education × age shares in

the Census when these respondents were roughly 40 years old.

E.6 Ranking respondents and their fathers

In addition to logging respondent family income and predicted parental family income,

we also rank respondents and their fathers. In particular, we rank respondents relative

to other survey respondents born in the same birth year. Similarly, we rank fathers

relative to all other fathers with children born in the same year. Notably, we rank

respondents and their fathers on the condition that we have a minimum of 100 obser-

vations in a given birth year for the relevant sample. Our baseline analysis sample ends

up including individuals born in every year between 1911 and 1979. In our baseline

approach, we use the population-adjusted weights when creating ranks.

Whenever we consider secondary samples of individuals, we re-rank respondents
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(and their fathers) so that individuals are compared to the other individuals in that

sub-sample. We use the population-adjusted weights that correspond to that sub-

sample when ranking.

Figure E.1: Survey data per birth cohort
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Sources: This figure combines the 15 surveys, showing the number of respondents in each birth cohort in
our baseline sample.
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Table E.1: Survey cohorts and samples

Survey Cohorts Sample

American National Election Survey, 1956–1970 1910–1930 Representative

Americans View Their Mental Health, 1957 1910–1920 Representative

Americans View Their Mental Health, 1976 1920–1940 Representative

General Social Surveys, 1977–2018 1920–1970 Representative

Occupational Changes in a Generation, 1962 1910–1930 Representative & male

Occupational Changes in a Generation, 1973 1920–1940 Representative & male

National Fertility Survey, 1970 1920–1930 Ever-married women ages 30–44

National Longitudinal Survey of Mature Women, 1967 1920–1930 Representative & female, ages 30–44

National Longitudinal Survey of Older Men, 1966 1910–1920 Representative & male, ages 45–50

National Longitudinal Survey of Young Women, 1988 1940–1950 Representative & female, ages 34–46

National Longitudinal Survey of Young Men, 1981 1940–1950 Representative & male, ages 30–40

National Longitudinal Survey of Youth, 2002 1950–1960 Representative, ages 37–45

National Survey of Black Americans 1979–1980 1920–1950 Representative & Black Americans

National Survey of Families and Households 1987–1988 1930–1950 Representative

Panel Study of Income Dynamics, 1997 & 2017 1940–1970 Representative

Notes: This table reports the cohorts and sample for each of the 15 surveys in our baseline sample. “Representative & male” and “Representative
& female” refers to having representative samples by race within an all-male or all-female survey, respectively. “Representative & Black Americans”
refers to representative samples (e.g., in terms of age groups) within the Black-American population.
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Table E.2: Sample size across successive restrictions, by survey

(1) (2) (3)

Surveys
Ages 30–50
& U.S.-born

+Available weight
& relevant cohort

+Non-missing income
& father occupation

American National Election Survey, 1956–1970 3,781 3,625 3,218

Americans View Their Mental Health, 1957 1,049 930 782

Americans View Their Mental Health, 1976 804 799 665

General Social Surveys, 1977–2018 20,909 19,338 14,432

National Fertility Study, 1970 3,502 3,449 3,137

National Longitudinal Survey of Mature Women, 1967 4,846 4,782 4,090

National Longitudinal Survey of Older Men, 1966 2,115 2,088 1,630

National Longitudinal Survey of Youth, 2002 4,604 4,298 2,880

National Longitudinal Survey of Young Men, 1981 3,162 3,144 2,622

National Longitudinal Survey of Young Women, 1988 3,451 3,421 2,964

National Survey of Black Americans, 1979–1980 732 732 439

National Survey of Families & Households, 1987–1988 5,103 5,062 3,639

Occupational Changes in a Generation, 1962 10,341 10,260 6,780

Occupational Changes in a Generation, 1973 14,975 14,858 10,913

Panel Study of Income Dynamics, 1997 & 2017 7,853 5,755 5,071

Notes: The first column lists the original number of respondents ages 30–50 and U.S.-born in each survey. For the PSID, this column also imposes
the restriction of keeping one member per household. Columns 2–3 show the change in sample size as we implement several restrictions. Column 2
restricts the sample to those born in the 1910–1979 birth cohorts as well as those who had a non-missing survey weight. Column 3 shows the number
of respondents that meet the restriction of being in the baseline sample (i.e., having non-missing family income, race, region, and father occupation).
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Table E.3: Number of observations, by cohort and survey

Surveys 1910 1920 1930 1940 1950 1960 1970

American National Election Survey, 1956–1970 754 1,632 832 — — — —

Americans View Their Mental Health, 1957 392 390 — — — — —

Americans View Their Mental Health, 1976 — 117 288 260 — — —

General Social Surveys, 1977–2018 — 140 1,184 3,554 4,659 3,231 1,664

National Fertility Study, 1970 — 904 2,233 — — — —

National Longitudinal Survey of Mature Women, 1967 — 2,249 1,841 — — — —

National Longitudinal Survey of Older Men, 1966 1,267 363 — — — — —

National Longitudinal Survey of Youth, 2002 — — — — 952 1,928 —

National Longitudinal Survey of Young Men, 1981 — — — 1,967 655 — —

National Longitudinal Survey of Young Women, 1988 — — — 1,773 1,191 — —

National Survey of Black Americans, 1979–1980 — 10 166 241 22 — —

National Survey of Families & Households, 1987–1988 — — 326 1,485 1,828 — —

Occupational Changes in a Generation, 1962 2,794 3,338 648 — — — —

Occupational Changes in a Generation, 1973 — 4,185 4,928 1,800 — — —

Panel Study of Income Dynamics, 1997 & 2017 — — — 500 1,657 1,446 1,468

Notes: This table lists the number of respondents in each survey and birth cohort in our baseline sample of respondents (analogous to Appendix
Figure E.1). A dash indicates that zero survey respondents were born in that decade.
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Table E.4: Additional details about sampling, weights, & available variables

Surveys
Sampling

level
Racial

oversampling
Weights
available

Father edu.
available

Childhood region
available

Household
size available

American National Election Survey, 1956–1970 HH X X X X
Americans View Their Mental Health, 1957 HH X X
Americans View Their Mental Health, 1976 HH X X X
General Social Surveys, 1977–2018 HH X X X X X
National Fertility Study, 1970 HH X X
National Longitudinal Survey of Mature Women, 1967 Ind. X X X X
National Longitudinal Survey of Older Men, 1966 Ind. X X X X
National Longitudinal Survey of Youth, 2002 Ind. X X X X
National Longitudinal Survey of Young Men, 1981 Ind. X X X X
National Longitudinal Survey of Young Women, 1988 Ind. X X X X
National Survey of Black Americans, 1979–1980 HH X X X X
National Survey of Families & Households, 1987–1988 Ind. X X X X X
Occupational Changes in a Generation, 1962 HH X X X
Occupational Changes in a Generation, 1973 HH X X X X X
Panel Study of Income Dynamics, 1997 & 2017 Ind. X X X X X

Notes: In the column denoting sampling level,“HH” signifies the selection of one person per household and “Ind.” indicates that multiple household
members were eligible for selection into the survey. In the case of the NLS surveys, it is also possible that several household members were interviewed
across surveys (e.g., a mother and daughter were interviewed for the NLSMW and NLSYW surveys, respectively). In the third column, “racial
sampling” refers to the oversampling of Black respondents. Oversampling occurs in 3 ANES cross sections and in 2 GSS cross sections. Weights are
only available in five out of seven ANES cross sections. A survey receives a checkmark in the “childhood region available” column if it asks respondents
where they were born and/or where they grew up with sufficient detail to identify the four Census regions. A survey receives a checkmark in the
“household size available” column if it includes sufficient information to calculate the number of individuals living in the respondent’s household.
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Table E.5: Summary statistics of respondent family income, by survey

(1) (2) (3)

Surveys
Share

bottom coded
Share

top coded
Number of bins,
family income

American National Election Survey, 1956–1970 0.02 0.06 10

Americans View Their Mental Health, 1957 0.04 0.03 11

Americans View Their Mental Health, 1976 0.04 0.09 11

General Social Surveys, 1977–2018 0.03 0.11 10

National Fertility Study, 1970 0.02 0.23 12

National Longitudinal Survey of Mature Women, 1967 0.09 0.02 11

National Longitudinal Survey of Older Men, 1966 0.04 0.12 11

National Longitudinal Survey of Youth, 2002 0.04 0.09 12

National Longitudinal Survey of Young Men, 1981 0.03 0.08 11

National Longitudinal Survey of Young Women, 1988 0.03 0.27 11

National Survey of Black Americans, 1979–1980 0.06 0.10 10

National Survey of Families & Households, 1987–1988 0.05 0.16 10

Occupational Changes in a Generation, 1962 0.10 0.04 10

Occupational Changes in a Generation, 1973 0.01 0.06 10

Panel Study of Income Dynamics, 1997 0.07 0.09 11

Panel Study of Income Dynamics, 2017 0.07 0.09 12

Notes: Columns 1 and 2 list the share of respondents whose total family income is in the bottom and top bin, respectively, in that survey. All shares
are based on the baseline sample and are unweighted. Column 3 lists the number of bins for respondent family income in each survey. For the ANES
and GSS, we report the median number of bins across survey years.
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Table E.6: Relative weight of each survey, by birth cohort

Surveys 1910 1920 1930 1940 1950 1960 1970

American National Election Survey, 1956–1970 0.38 0.14 0.07 — — — —

Americans View Their Mental Health, 1957 0.18 0.04 — — — — —

Americans View Their Mental Health, 1976 — 0.01 0.02 0.02 — — —

General Social Surveys, 1977–2018 — 0.01 0.10 0.31 0.43 0.49 0.53

National Fertility Study, 1970 — 0.11 0.20 — — — —

National Longitudinal Survey of Mature Women, 1967 — 0.26 0.17 — — — —

National Longitudinal Survey of Older Men, 1966 0.14 0.02 — — — — —

National Longitudinal Survey of Youth, 2002 — — — — 0.10 0.27 —

National Longitudinal Survey of Young Men, 1981 — — — 0.15 0.06 — —

National Longitudinal Survey of Young Women, 1988 — — — 0.18 0.10 — —

National Survey of Black Americans, 1979–1980 — 0.00 0.01 0.02 0.00 — —

National Survey of Families & Households, 1987–1988 — — 0.03 0.13 0.16 — —

Occupational Changes in a Generation, 1962 0.31 0.19 0.05 — — — —

Occupational Changes in a Generation, 1973 — 0.22 0.34 0.13 — — —

Panel Study of Income Dynamics, 1997 & 2017 — — — 0.06 0.15 0.24 0.47

Notes: This table shows the relative weight of each survey in each birth cohort using the baseline sample of respondents and population-adjusted
weights. Each cell of the table divides total weight for a survey in a given birth decade by total weight for the entire birth decade. A dash indicates
that 0 survey respondents were born in that decade. “0.00” corresponds to observations that are given extremely low weights in that cohort (i.e.,
due to small numbers of respondents born in that decade).
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Table E.7: Summary statistics, comparing 1936 survey fathers to Census fathers

1930 Census 1936 Survey 1940 Census

Self-employed × white × non-South
Age 40.31 40.95 40.68
Lives in Northeast 0.46 0.13 0.44
Lives in Midwest 0.39 0.57 0.41
Lives in West 0.14 0.31 0.16
Married 0.99 1.00 0.99
# of kids <18 in household 2.29 2.04 1.94
Owns his home 0.59 0.48 0.52
Family income, 1936$ — 2,369 —
Share in Census 0.05 — 0.04

Observations 5,161 166 4,439

Self-employed × white × South
Age 40.19 42.14 40.06
Married 0.98 1.00 0.99
# of kids <18 in household 2.44 1.66 2.03
Owns his home 0.64 0.66 0.65
Family income, 1936$ — 2,298 —
Share in Census 0.01 — 0.01

Observations 1,419 35 1,539

Farmer × white × non-South
Age 40.31 41.44 40.59
Completed 8th grade — 0.83 0.76
Completed HS — 0.15 0.13
Lives in Northeast 0.13 0.26 0.11
Lives in Midwest 0.72 0.54 0.75
Lives in West 0.15 0.20 0.14
Married 0.98 1.00 0.98
# of kids <18 in household 2.99 2.22 2.70
Owns his home 0.57 0.65 0.52
Family income, 1936$ — 1,365 —
Share in Census 0.10 — 0.07

Observations 10,186 316 7,791

Farmer × white × South
Age 40.03 40.46 40.02
Completed 8th grade — 0.43 0.42
Completed HS — 0.07 0.07
Married 0.98 1.00 0.99
# of kids <18 in household 3.54 2.80 3.03
Owns his home 0.46 0.53 0.47
Family income, 1936$ — 1,118 —
Share in Census 0.08 — 0.06

Observations 8,266 205 6,904

Farmer × Black × South
Age 40.52 41.44 39.75
Completed 8th grade — 0.02 0.07
Completed HS — 0.02 0.01
Married 0.96 1.00 0.98
# of kids <18 in household 3.89 3.02 3.85
Owns his home 0.19 0.06 0.18
Family income, 1936$ — 474 —
Share in Census 0.03 — 0.02

Observations 2,626 57 2,187

Notes: The sample in the table consists of white and Black men ages 30–50 with at least one child living in the household. All
estimates are weighted. Census fathers come from 1% Census samples from Ruggles et al. (2021). In the 1936 survey, “Owns
his home” refers to owning his own dwelling for self-employed fathers and owning any amount of acreage for farmer fathers.
For all fathers in the Census, “owns his home” refers to owning his own dwelling. “Share in Census” refers to the share of
fathers ages 30–50 with that occupation, race, and region.


