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Abstract

The strong evidence in support of the Great Gatsby Curve (i.e. the negative cross-
sectional relationship between intergenerational mobility and inequality) seems to be
at odds with the fact that large increases in inequality in the US have not resulted in
decreases in mobility. We solve this puzzle by measuring, for the first time, a dynamic
version of the “Great Gatsby Curve” that relates changes in inequality to changes in
intergenerational income mobility. We find that across US counties and during the
last century the relationship is weak and unstable over relatively short intervals of
two decades, but negative and significant over a longer period of almost a century.
The historical record suggests that if the large increase of inequality observed in the
US does not reverse, this may result in substantially lower socioeconomic mobility in
the long term, even if mobility has not decreased yet. We complement our analysis
with a study of the relationship between income inequality and the intergenerational
mobility of education finding a stable dynamic correlation over the short run, suggesting
that the process of human capital accumulation is a significant driver of the empirical
relationship between inequality and intergenerational income mobility.
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1 Introduction

This paper aims to resolve the apparent contradiction between two salient stylized facts doc-

umented by the literature on intergenerational mobility. On the one hand intergenerational

mobility correlates negatively with inequality, a fact that has been called the “Great Gatsby

Curve”(GGC for short)1. On the other hand, the significant increase in inequality observed

in the US during the last few decades seems not to have been accompanied by a significant

drop in intergenerational mobility. To resolve this puzzle we build a very long panel (over 120

years) of intergenerational mobility and inequality at the level of US counties and study the

comovement of these variables. We show that increases in inequality are not systematically

related to decreases in socioeconomic mobility over relatively short intervals of two decades,

but they do lead to reductions in intergenerational mobility in the very long run. Thus, in

light of history, one can worry that the current upsurge of inequality might be foretelling a

more stratified society.

The relationship between inequality and intergenerational socioeconomic mobility has

been the object of a sizable academic literature2. The presence of a strong negative relation-

ship between inequality and mobility, captured by the GGC, is perhaps the most salient and

robust finding in this literature. This negative relationship has been documented not only

across countries, but also across regions or geographic units wherever it has been measured.

The GGC has naturally attracted a great deal of attention even beyond the academic

debate, as it has been interpreted to have troubling implications.3 Specifically, given the

fact that more unequal societies tend to display a greater degree of socioeconomic persis-

tence, it may be natural to expect that the large increase in income inequality over the last

decades (particularly in the US) may be heralding future decreases in mobility. The mere

fact that society becomes more unequal may anticipate that inheritance will become more

prominent, reducing the “prospect of upward mobility” and producing a more sclerotic soci-

ety where differences in wellbeing are not only more salient, but also more inheritable across

generations.

We may call this the “naive” dynamic prediction of the GGC. “Naive” because it relies on

an extrapolation that is met with both empirical and theoretical counterarguments. On the

1Alan Krueger was the first to refer to the empirical association between inequality and intergenerational
income persistence as the “Great Gatsby Curve” referring to the work of Corak.

2See for instance, Hassler et al. (2007); Andrews and Leigh (2009); Bjorklund and Jäntti (2012); Blanden
(2013), Corak (2006), Corak (2013); Ermisch et al. (2012); Durlauf and Seshadri (2018); Fan et al. (2021);
Güell et al. (2018); DiPrete (2020); Nybom and Stuhler (2024). A great survey of the literature is Durlauf
et al. (2022)

3See Council of Economic Advisers (2012), Krueger (2012)
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empirical side, at least 40 years have passed since inequality started its signi�cant upward

surge in the US,4 and yet we have not observed the expected decrease in mobility. Albeit

measuringchangesin mobility is notoriously di�cult, the existing evidence points towards

at most small decreases in mobility in the US during the last decades (see Aaronson and

Mazumder (2008), Lee and Solon (2009), and Chetty et al. (2014a)).5 Given the large scale

of the increase in inequality, the slope of the GGC curve would have suggested that a large

decrease in mobility should have materialized, and this has not been observed.

Moreover, on the theoretical side, Becker et al. (2018) have pointed out that a correlation

of inequality and mobility in levels does not necessarily imply thatchangesin inequality will

correlate with changesin intergenerational mobility. Whether such a correlation arises will

critically depend on the causes of the increases in inequality. They present a model that

reproduces the existing evidence on mobility (including the GGC) but where a dynamic form

of the GGC (correlating changes in inequality with changes in intergenerational mobility)

fails to materialize for speci�c (and reasonable) drivers of increases in inequality. Thus,

putting both things together, they conclude that the predicted decrease in mobility may fail

to materialize.

However, to the best of our knowledge, the relationship betweenchangesin inequality and

changesin socioeconomic mobility, something that henceforth we call the \dynamic GGC",

has not been directly studied in the existing literature. This is likely due to signi�cant

empirical barriers: to perform such an exercise one requires consistent measures of changes

in mobility and changes in inequality across meaningful economic units not only over one or

two generations, but also over very long periods of time covering several generations. This

is because the dynamics of intergenerational mobility are complex and take shape over very

long periods of time (see Nybom and Stuhler (2024)). To assemble a panel dataset suitable

for this type of analysis requires the linking of earnings information across a minimum of

three generations, and preferably more for longer-run study. This has been impractical to

do for most countries until very recently.

The key contribution of this paper, thus, is the direct measurement of the dynamic

relationship between inequality and socioeconomic mobility. We provide what is, to the best

of our knowledge, the �rst systematic empirical study of thedynamic relationship between

inequality and socioeconomic mobility. We directly measure the dynamic GGC across US

4For a documentation of this rise in inequality, see for example Piketty and Saez (2003), Autor et al.
(2008) and Acemoglu and Autor (2011)

5There is more evidence of a decline inabsolute income mobility (see Chetty et al. (2017)), but this
is a consequence of the decline of growth and the documented decrease in lifetime income by the median
American during the last cohorts (see Guvenen et al. (2022)) and it is beyond the scope of our paper.
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counties at both \short" intervals of two decades, and over a longer period of over a century.

We overcome the barriers that have precluded the study of the dynamic GGC in the

past by making use of recently made available linked historical censuses for the US. We

link the 1880-1900, 1900-1920, and 1920-1940 censuses and locate pairs of fathers and sons,

observing outcomes of the parents in the older census and that of the sons in the newer

census.6 For each individual, we impute historical income based on occupation, race, age,

and residence and use this to calculate inequality and intergenerational mobility at the level

of US counties for a period spanning the years 1880 to 1940.7 We also measure educational

achievement as reported in the 1940 census. Our unit of observation is the county8, and

we compute county-level measures of intergenerational persistence as the average correlation

of father-son outcomes at the county level, both for income and for education. We further

measure county-level inequality as the dispersion in individual incomes as re
ected by each

county's Gini coe�cient.

This allows us to perform the exercise in the 1880-1940 period, but in order to evaluate the

dynamics of the GGC over the long run we need to merge our panel with contemporaneous

data, at least at the county level. To this aim we make two additional contributions to the

existing literature. Firstly, we develop a methodology that allows us to study the dynamic

GGC over the long-run. In particular, we develop new unit-less measures of inequality

and socioeconomic mobility that allow us to align historical census data with the modern

county level mobility and inequality data assembled by Chetty et al. (2014b). Given that

the inequality and mobility measures we are able to construct with our historical data are

di�erent than those constructed by Chetty et al. (2014b) with modern data, we propose

to use county-level ranks within the US for both inequality and socioeconomic mobility as

alternative measures of county-level inequality and socioeconomic mobility,9 allowing us to

extend our analysis from 1880 to 2010. We validate these alternative measures against more

traditional measures by using them to study the static and short-run dynamic GGC, and

then employ them to study the long-run dynamic GGC.

Secondly, to shed some light on the drivers of our results concerning the relationship

between inequality and intergenerational mobility, we also study the relationship between

6For other recent contributions on within-country intergenerational mobility, see Dodin et al. (2024),
Berger et al. (2023), Buckles et al. (2023), Tan (2023), Ward (2023), J�acome et al. (2022), and Feigenbaum
(2015).

7Had the Great Gatsby been a real-life person, instead of a �ctional one, he would be part of our micro-
data.

8Speci�cally, the county where the son grew up, i.e. the one where we observe both father and son in the
earlier census.

9Thus, when we use the rank-rank correlation as the measure of mobility at county level, our unit-less
measure of mobility for the county is the rank-rank rank.
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income inequality andeducational intergenerational mobility. This presents fewer estimation

di�culties than our measurement of the intergenerational mobility of income, as the censuses

contain information on the number of years of schooling. We estimate the intergenerational

mobility of education at the county level as the average father-son correlation of years of

schooling, and relate it to income inequality at the county level.

Our �ndings paint a subtle picture of the relationship between inequality and socioe-

conomic mobility. We show that across the universe of US counties, changes in inequality

over 20 years donot correlate in a systematic way with changes in intergenerational in-

come mobility, which aligns with the current US experience and the explanation by Becker

et al. (2018). Over the long run, however, (changes over a period of up to a century), we

document a signi�cant negative relationship between changes of inequality and changes of

socioeconomic mobility, which is reminiscent of the static GGC. This would seem to provide

additional support to the naive and pessimistic interpretation of the GGC: over the broad

historical record, increases in inequality do tend to predict future decreases in mobility, al-

beit only in the very long run. Moreover, our results suggest that the mechanism hinges

on the manner in which human capital is accumulated: although the relationship between

changes in inequality and changes in intergenerational income mobility is 
at in the short

run, the relationship between changes in inequality and changes in intergenerational educa-

tional mobility is negative. More inequality translates to higher intergenerational persistence

of educational achievement over the span of a single generation. The overall picture is, thus,

pessimistic: the fact that mobility has not fallenyet is perfectly consistent with the histori-

cal record, but this record suggests that the rise of inequality may already be a�ecting the

dynamics of human capital accumulation, and its e�ects are likely to eventually materialize

in lower intergenerational income mobility unless the increase of inequality is reversed.

The rest of the paper is organized as follows. In section 2 we present our data sources,

while in section 3 we describe our methodology and the construction of our novel unit-less

measures of inequality and intergenerational mobility. In section 4 we outline our main

results, while in section 5 we discuss their implications. Section 6 concludes.

2 Data

To measure our key variables of interest, income inequality and intergenerational socioeco-

nomic mobility, we link men across censuses using the full count censuses available for the

late 19th and early 20th centuries from IPUMS (Ruggles et al. (2021)). We draw on two

di�erent methods for linking people across censuses developed in the literature. The �rst,
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developed by Abramitzky et al. (2020) uses a fully automated approach that creates links

based on standardized �rst and last names, as well as age.10 The second method, developed

by Helgertz et al. (2023) uses a probabilistic approach that employs machine learning tech-

niques and also incorporates information on birthplace and family/household characteristics.

Perhaps surprisingly, the overlap between the links identi�ed by the two approaches is not

large. Because of this, using matches created via both procedures results in a much larger

sample size.11 It should also be noted that both linking approaches that we employ use the

last name as key information. Because of this, we omit females from our analysis as their

surnames typically changed upon marriage, making it di�cult to link them across censuses.

A recent paper by Buckles et al. (2023) manages to link also women and �nds that mobility

patterns for married men and married women are very similar.

We create links across three 20-year intervals: 1880 to 1900, 1900 to 1920, and 1920

to 1940. In each interval, we link sons to their fathers, obtaining a dataset capturing the

outcomes of fathers in the earlier census period and the corresponding outcomes of their sons

20 years later. We always restrict the sample to parents and children aged 25-50 in their

respective adult census observations.

A key challenge we face in conducting our analysis is that US censuses before 1940 do

not report any information on income, with the 1940 census being the only one in our data

for which wage income information is available. To overcome this challenge, we employ

an imputation procedure developed by Collins and Wanamaker (2022)12, to construct an

individual-level income measure. We regress 1940 (log-) wage income on dummies that

interact occupation with state of residence, race13 and age (measured in 5-year bins), and

use the estimated relationship to predict wages for our whole sample based on their state

of residence, race, occupation, and age. This gives us a granular measure of predicted wage

income for most of our sample. However, this approach of predicting wage income is not a

good income measure for farmers, who derive most of their income from non-wage sources

and also represent a substantial fraction of our sample. We address this concern by following

an imputation procedure for farmers' incomes that also draws on Collins and Wanamaker

(2022) and Abramitzky et al. (2021). We use data on the total income of farmers and farm

10Speci�cally, we use less conservativeabenysiis standard matching procedure that merges based on
NYSIIS-standardized names.

11However, we drop cases where the Abramitzky et al. (2020) and Helgertz et al. (2023) approaches have
di�erent linking results for the same individuals.

12Similar imputations based on occupation and other variables have also been used by Abramitzky et al.
(2021) and Tan (2023). Authors sometimes also adjust income for self-employment in a way similar to our
farmer adjustment. We do not do this, as data on self-employment is only available from the 1920 census
onward.

13Black, White, and Other
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laborers for the year 1960 and calculate the average ratio of farmers' total income to farm

laborers' total income within every product of age-bin, race, and census region cell.14 We

then predict farmer total income by multiplying farm laborers' predicted wage income as

calculated above by their cell-speci�c total income ratio. In the Appendix , we show that

our results are robust to also including farm ownership or industry in our wage predictions.

Ward (2023) points out that historical estimates of intergenerational mobility in the US can

be severely a�ected by measurement error and not accounting for race. In the Appendix ,

we therefore also show that we get the same qualitative results when restricting the analysis

to whites and when addressing measurement error in a strategy similar to Solon (1992).

For education, the 1940 census contains an almost ideal measure: years of schooling. We

use this to create a restricted sample of father-son-pairs for the intervals 1900 to 1920, and

1920 to 1940, where both the father and son are matched to their 1940 outcome. For a

1920-1940 matched pair, this requires that the father is still alive and matched to the 1940

census. For a 1900-1920 pair, it requires that both father and son are still alive and matched

in 1940.15 Additionally, we need to assume that schooling does not change anymore after

men enter the labor market. We �nd this a plausible assumption in our period of analysis.

For modern outcomes, we draw on measures of intergenerational persistence and inequal-

ity calculated by Chetty et al. (2014b). Using federal income tax data of parents over the

years 1996-2002 and their children in 2011 and 2012, Chetty et al. (2014b) compute county-

speci�c rank-rank correlations between father and sons, as well as Gini coe�cients for the

fathers.

3 Methods

3.1 Measuring county mobility and inequality.

Using the measures of income and education described above we proceed to construct mea-

sures of intergenerational socioeconomic mobility at the county� interval level (where inter-

vals represent the 1880-1900, 1900-1920 and 1920-1940 periods for income mobility, and the

1900-1920 and 1920-1940 periods for educational mobility). When constructing our measures

of intergenerational mobility we assign each father-son pair to the county where they were

initially observed sharing the same household (i.e. the county where the sons \grew up").

14We use census regions here, since for 1960 we only have a 5% of the sample and want to avoid having
many small cells. Full count data for 1950 would be available, but only in a preliminary form, for which
IPUMS cautions that personal income and education is still often erroneous. We therefore do not use it.

15We do not extend this to the 1880-1900 period, as it would give us only those few fathers who were
adults in 1880 and still alive in 1940.
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We then compute our county-level measures of socioeconomic mobility by correlating, for

each county, fathers' outcomes in the early year of each interval with sons' outcomes in the

late year, separately for income and education.

ys
ict = � c + � IGE

ct � yf
ic;t � 20 + � ict (1)

where i denotes the father-son pair,ys
ict is the log of income of the son, andyf

ic;t � 20 is

the log of the income of the father twenty years before (in the previous census).� ct is the

intergenerational elasticity of income of countyc at time t 2 f 1900; 1920; 1940g. In addition,

following Chetty et al. (2014b), we also estimate rank-rank correlations. We calculate the

father's rank in the national income distribution in his cohort, do the same for the son in

his cohort and then correlate the ranks of sons and fathers within a country. Akin to the

county-time speci�c intergenerational elasticity of income, this approach produces a county-

time speci�c rank-rank correlation � RR
ct . For education, we compute the correlation between

the education of parents and sons. In the Appendix, we show that our results are robust

to controlling for fathers' and sons' ages in the regressions that produce the county-level

persistence measures.

To construct our novel county-level measures of intergenerational mobility, that are suit-

able for long-run analysis, we note that any periodt can be characterized by a distribution

of the persistence coe�cients� across counties. We rank counties by their persistence coef-

�cients for each time period to construct a unitless and time-varying index of socioeconomic

persistence. We denote byrank� ct 2 [0; 100] the county-rank of countyc by each of the

measures of persistence (� ct) at time t. This county-ranking procedure is applied to the

intergenerational correlation of income, the intergenerational elasticity of education, and the

rank-rank correlation.

To measure inequality, we calculate the (income) Gini coe�cient among fathers for each

county c and each timet.16 We also calculate an analogous unitless measure of inequality for

the purposes of long-run analysis: the rank of counties by inequality at each point in time.

16Given that we impute earnings based on the procedure discussed above, one can worry how much
inequality in imputed earnings re
ects actual earnings inequality. We can assess this for 1940, when we
observe wage income. To do so, we calculate the gini of wage income among sons and correlate it with the
gini coe�cient of the sons' imputed income. We �nd a correlation coe�cient of 0.82, indicating a very close
relationship between the two measures. In addition, we use data from Goldin and Katz (2010) that allow
us to calculate Gini coe�cients based on actual income for 13 counties in Iowa in 1915. We do so for males
aged 25-50 and compare the resulting Gini coe�cients to a similar measure based on earnings imputed via
our procedure for males aged 25-50 in the same counties in the 1920 census. In spite of the low number of
observations, we again �nd a sizeable correlation coe�cient of 0.55.
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Mean Standard dev Obs

IGE 1900 0.397 0.152 2,272
Gini fathers 1900 0.240 0.077 2,272
IGE 1920 0.396 0.154 2,661
Intergeneration correl educ 1920 0.289 0.230 2,421
Gini fathers 1920 0.249 0.070 2,661
IGE 1940 0.365 0.125 3,008
Intergenerational correl educ 1940 0.377 0.115 3,054
Gini fathers 1940 0.271 0.071 3,008
� IGE 1920-1900 0.014 0.115 2,268
� Gini Fathers 1920-1900 0.014 0.047 2,268
� IGE 1940-1920 -0.026 0.098 2,655
� Gini Fathers 1940-1920 0.026 0.040 2,655
� Interg correl educ 1940-1920 0.088 0.228 2,418

Table 1: Summary statistics

We denote this inequality measurerankI ct 2 [0; 100]. In the Appendix, we show robustness

to using other measures of inequality such as the variance of log income or the di�erence

between the log of the 90th percentile and the log of the 10th percentile.

Table 1 shows summary statistics for our key variables. In Figures 1 - 3, we use shape �les

from Manson et al. (2023) to show the geographic distribution of social mobility (as measured

via the IGE) and inequality (measured via the gini coe�cient in the father's generation 20

years earlier) for 1900, 1920, and 1940. Notice the stark geographical variation of both

variables, and the similarity with maps drawn using modern data.

3.2 Measures of the GGC

We empirically verify the presence of the GGC by measuring the cross-county correlation

between measures of intergenerational persistence at timet and measures of inequality twenty

years prior, i.e. among the fathers. We denote the regression coe�cient between these

moments
 t . The GGC relationship is then estimated via

� ct = � + 
 t � I c;t� 20 + � ct (2)

We run this regression for three di�erent measures of� : The intergenerational correla-

tion in earnings, the rank-rank coe�cient in earnings, and the intergenerational correlation
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Figure 1: Geographical distribution of social mobility (measured via the IGE between
fathers in 1880 and sons in 1900) inequality (measured via the gini coe�cients of fathers in
1880). County borders are from Manson et al. (2023) and based on 1880 boundaries.

Figure 2: Geographical distribution of social mobility (measured via the IGE between
fathers in 1900 and sons in 1920) inequality (measured via the gini coe�cients of fathers in
1900). County borders are from Manson et al. (2023) and based on 1900 boundaries.

Figure 3: Geographical distribution of social mobility (measured via the IGE between
fathers in 1920 and sons in 1940) and inequality (measured via the gini coe�cients of fathers
in 1920). County borders are from Manson et al. (2023) and based on 1920 boundaries.
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in education. Additionally, we estimate the same equation using county-rank measures of

persistencerank� ct and inequality rankI c;t� 20 instead of their levels. We run all these re-

gressions separately for each interval.17

3.3 Dynamic GGC

To study how the relationship between inequality and socioeconomic mobility evolves over

time we calculate the changes in inequality and persistence for each county at each point in

time, as well as the correlation between these changes (which we call the Dynamic GGC):

We de�ne the change in intergenerational persistence and inequality in countyc as � � ct =

� ct � � c;t� 20 and � I ct = I ct � I c;t� 20 respectively; and we run:

� � ct = � t + � t � I c;t� 20 + � ct (3)

where the variable of interest is� t , capturing the dynamic relationship between inequality

and intergenerational persistence. Figures 4 and 5 show the geographic distribution of 20-

year changes in inequality and mobility. It is apparent that the distributions ofchangesof

both variables have noticeably smaller geographical variation than their levels counterparts,

presented above.

Notice that 3 does not allow us to measure the correlation between changes in inequality

and changes in persistence if we have di�erent measures of inequality and persistence for the

two periods under consideration. This is a problem for our long-run analysis, in which we

want to combine our measures for the 1900-1940 period with modern measures of inequality

and mobility provided by Chetty et al. (2014b): While the data by Chetty et al. (2014b)

contain actual income from tax returns, the wage predictions for the period 1900-1940 are

only based on occupation, age, race, and state of residence and thus disregard any income

variation within these cells. We therefore employ an alternative methodology to study the

long-run relationship between changes in inequality and changes in intergenerational mobility

that makes use of our novel county-rank-based measures of inequality and mobility.

This methodology is described formally below:

17For some counties, we only have few observations to estimate county-level measures of intergenerational
persistence and inequality, leading to imprecise and sometimes extremes values. We therefore drop the
lowest 5% of counties in terms of the number of observations used to construct these variables. For income,
this removes counties with fewer than 74 observations. For education, the cut-o� at the 5th percentile is 9
observations.
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