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This paper introduces a new global database with estimates 
of intergenerational income mobility for 87 countries, cov-
ering 84 percent of the world’s population. This marks a 
notable expansion of the cross-country evidence base on 
income mobility, particularly among low- and middle-in-
come countries. The estimates indicate that the negative 

association between income mobility and inequality (known 
as the Great Gatsby Curve) continues to hold across this 
wider range of countries. The database also reveals a positive 
association between income mobility and national income 
per capita, suggesting that countries achieve higher levels of 
intergenerational mobility as they grow richer.
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1 Introduction

Intergenerational income mobility measures the extent to which a child’s income depends

on his or her parents’ income. Higher mobility is often associated with greater “equality of

opportunity” (see, e.g., Corak, 2013; Chetty et al., 2014; Cholli and Durlauf, 2022). The

primary contribution of this study is the compilation of a global database with estimates

of income mobility for 87 countries, collectively covering 84 percent of the world’s popula-

tion. This is achieved by processing individual data from at least 156 surveys and employing

the Two-Sample Two-Stage Least Squares (TSTSLS) approach proposed by Bjorklund and

Jantti (1997). TSTSLS makes the estimation of the intergenerational income elasticity possi-

ble when long-running panel surveys are not available. It uses parental education and, where

available, occupation as predictors for parental income. As retrospective data on parental ed-

ucation and occupation are more widely available than long-running panels are, this greatly

expands the country coverage that can be achieved (without it, our global database of income

mobility would include only a handful of countries). We next describe key features of the

cross-country variation in intergenerational income mobility and verify whether empirical

regularities that have been established using data for high-income and emerging economies

carry over to developing countries (and the world at large).

Theory predicts that the intergenerational income elasticity (IGE) varies with structural

parameters, including the efficacy of private and public investments in generating human

capital, returns to education, and the progressivity of public investments (see, e.g., Becker

and Tomes, 1979; 1986; Becker et al., 2018; Solon, 2004; 2014). In these models, parents

with more human capital and higher income have a higher capacity and more resources to

invest in the education of their children; moreover, they have greater incentives to do so (see

the excellent discussion in Corak, 2013).

In turn, this predicts a negative relationship between intergenerational income mobility

and income inequality. Naturally, this relationship is endogenously determined (see, e.g.,

Corak, 2013; Durlauf et al., 2022); the factors described above simultaneously drive both
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income mobility and income inequality in the direction that produces a negative correla-

tion between the two.1 All else being equal, higher returns to schooling increase the inter-

generational persistence in income (lower income mobility) and increase income inequality.

Similarly, more progressivity of public investments reduces both intergenerational income

persistence and income inequality.

Theory also offers predictions regarding the relationship between intergenerational income

mobility and national income. Naturally, this relationship is also endogenously determined,

and the sign of this relationship may vary. Under certain conditions, public redistributive

policies may be growth enhancing (see, e.g., Benabou, 2000), while growth and higher na-

tional income create more fiscal space for redistributive public policies (which in turn can

increase mobility). Examples of such public policies include progressive taxes and trans-

fers, public education, and policies that encourage residential integration. In the model

put forward by Benabou (2000), redistributive policies achieve increased growth through a

more efficient allocation of investment resources (particularly for education) to more credit-

constrained households. However, redistribution also introduces tax distortions to effort,

such that the net effect of redistribution can go either way (and, by extension, the correla-

tion between income mobility and national income can, in theory, go either way).

There is extensive empirical evidence confirming the negative relationship between mo-

bility and inequality, which has become known as the Great Gatsby Curve (GGC).2 In one of

the earliest and most cited studies, it was established using data for 13 high-income countries

and emerging economies (see Corak, 2013).3 The GGC has arguably become the most well-

known stylized fact in the empirical literature on intergenerational mobility (for a synthesis

of theoretical and empirical work on it, see Durlauf et al., 2022). There are fewer empirical

investigations of the relationship between intergenerational income mobility and national

1See Durlauf and Seshadri (2017) for a discussion about the intertemporal correlation between mobility
and inequality derived from a theoretical model that has socioeconomic segregation as the main mechanism.

2This relationship was given this name after a speech by Alan Krueger (Krueger, 2012).
3Other early studies recognizing this empirical relationship include Hassler (2007) and Andrews and

Leight (2009).
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income, and they mostly exploit within-country variability (e.g., Guell et al., 2018).4

Empirical studies of the largest cross-sectional number of income mobility observations

are arguably within-country studies that estimate mobility at the district level.5 Promi-

nent examples are empirical applications to the United States and Canada by Chetty et

al. (2014), Corak (2020), and Connolly et al. (2019).6 Districts with comparatively high

rates of mobility are found to have lower inequality, better public-school systems and are

less residentially segregated.7

While the number of empirical studies conducting cross-country comparisons of intergen-

erational income mobility is large, the number of countries in these studies tends to be small.8

For reviews of this body of work, see e.g., Solon (2002), Corak (2013), Blanden (2013), Jantti

and Jenkins (2015), Mazumder (2015), and Mogstad and Torsvik (2023).9 Since the seminal

study by Bjorklund and Jantti (1997), which compares estimates of income mobility be-

tween Sweden and the United States, the empirical question of how the United States (and

the United Kingdom) compares to the Nordic countries in terms of intergenertional income

mobility has received much attention (e.g., Bratsberg et al., 2007; Jantti et al., 2006; Corak

et al., 2014; Landerso and Heckman, 2017; Helsø, 2021).10 The majority of the empirical

literature, however, provides estimates of income mobility for a single country and borrows

estimates for other countries from the existing literature to put the country in question in

context (e.g., Rohenkohl, 2023; Kenedi and Sirugue, 2023) or uses earlier findings for the

same country to reconcile divergences (e.g., Mazumder, 2005; Aaronson and Mazumder,

4Other studies examine educational mobility and national income or growth, e.g., Neidhöfer (2019),
Neidhöfer et al. (2024) and van der Weide et al. (2024). Similarly, Marrero and Rodriguez (2013) and
Ferreira et al. (2018) study the relationship between inequality of opportunity and growth.

5Recent work on intergenerational educational mobility also includes district level estimates (e.g., Alesina
et al., 2021; Card et al., 2022; Dodin et al., 2024 Asher et al., 2024; Munoz, 2024).

6Similar research for countries outside North America include Acciari et al. (2022), Britto et al. (2022),
Cortes et al. (2022), and Deutscher (2020), among others.

7Recent work has emphasized the role of social capital in explaining the relationship between upward
mobility and other correlates (Chetty et al., 2022).

8Some attempts to conduct cross-country analysis at a larger scale include OECD (2018) and Narayan
et al. (2018).

9Torche (2014) provides a review including the literature in sociology with a focus on Latin America.
10Other examples of two-country comparisons include Blanden et al. (2014) and Stockhausen (2021).
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2008).

To the best of our knowledge, the largest cross-country income mobility database to date

was recently compiled by Genicot r○ al. (2024), using an alternative measure of mobility.

Their indicator of upward mobility does not require panel data (or retrospective data on

parental education and occupation) for estimation, which expands the number of countries

for which this measure of mobility can be obtained. Their database contains estimates for

122 countries. When the data are used to reproduce the GGC, the negative relationship

between income mobility and inequality does not appear to hold across the large cross-

section of countries (and for their measure of mobility). The authors attribute this result

to the inclusion of countries from the developing world (which were excluded in earlier

empirical studies that established the GGC). This suggests that stylized facts established for

the developed world might not carry over to the developing world (or the world at large).

“It is entirely possible that the Gatsby curve as measured by IGE will look different in the

expanded set of countries. (There are no data to examine this possibility.),” Ray r○ Genicot

(2023).

Now that we have compiled these data, we can revisit these stylized facts using the

measure of income mobility with which they were first established. We find the following.

First, income mobility is seen to vary significantly between countries; the IGE can be as low

as 0.14 (for Sweden) and as high as 0.96 (for Madagascar). On average, income mobility is

found to be lower in the developing world. Second, the GGC holds across the 87 countries

in our database (including 44 developing countries) when evaluated using the IGE. Third,

we observe a positive relationship between intergenerational income mobility and national

income; the relationship is somewhat weaker for the developing world. Fourth, consistent

with predictions from theory, we observe a positive correlation between income mobility

and the progressivity of public spending and a negative correlation between income mobility

and the returns to education. It should be noted that these results do not establish causal

mechanisms. However, our global database on intergenerational income mobility can assist
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with further investigations into such mechanisms.

RG’s upward mobility shows a negative correlation with national income. In summary,

upward mobility and mobility measured through the IGE have contrasting relationships with

both inequality and national income. The correlations observed for RG’s upward mobility

measure sit well with the interpretation of upward mobility as a measure of growth (at

lower percentiles of the income distribution). There is a large empirical literature on the

relationship between inequality and growth, and it finds that the results on this relation-

ship are inconclusive (consistent with the flat relationship between upward mobility and

inequality) (see, e.g., Banerjee and Duflo, 2003). Similarly, the convergence effect implies

a negative relationship between growth and national income (as low-income countries have

greater scope for catch-up growth), which is consistent with the negative correlation between

upward mobility and national income.

The discussion above highlights the fact that RG’s upward mobility and the IGE de-

scribe different features of the intergenerational transmission process—and that the two

corresponding global databases complement each other.

The remainder of the paper is organized as follows. Section 2 describes our methodology,

data sources, and global coverage. Section 3 describes the database of intergenerational

mobility and a set of stylized facts. Section 4 compares this database with RG’s global

mobility database. Section 5 concludes.

2 Data and methodology

2.1 Estimation of intergenerational mobility

Consider the following standard intergenerational regression specification:

yi,t = c+ βyi,t−1 + εi,t, (1)
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where yi,t measures the log income earnings of individual i from generation t (where t refers

to the child’s generation and t − 1 refers to the parent’s generation) and εi,t is a random

error term with mean zero and variance σ2
ε . The coefficient of interest is β, which measures

the IGE. Higher values of β indicate greater intergenerational persistence and are thereby

associated with lower levels of intergenerational mobility. For reviews of the literature, see,

e.g., Solon (1999), Bjorklund and Jantti (1997), Black and Devereux (2011), and Jantti and

Jenkins (2015).

Ideally, yi,t and yi,t−1 measure (log) permanent incomes (i.e., lifetime earnings). Unfor-

tunately, data on lifetime earnings are rarely available (Jenkins, 1987; Grawe, 2006).11 A

commonly adopted alternative is to evaluate wage earnings around the age of 40, which is

found to provide a reasonable approximation of permanent income (see, e.g., Haider and

Solon, 2006; Lee and Solon, 2009).12 Age-adjusted (log) incomes are obtained by regressing

individual (log) income on a polynomial of age minus 40:

yi,t = γ0 + γ1(Ai,t − 40) + γ2(Ai,t − 40)2 + ui,t, (2)

where Ai,t equals the age of individual i from generation t at the time the individual’s

income is measured. This regression is estimated for each generation separately by means of

Ordinary Least Squares (OLS). The residual from this regression offers an estimate of the

individual’s income at the age of 40 (ignoring the intercept), and will be used as age-adjusted

income data (henceforth denoted as ȳi,t). The quadratic specification, when evaluated over

a suitable age range (the sample used typically includes individuals between the age of 30

and 55), is found to fit the data well (see, e.g., Chadwick and Solon, 2002; Osterberg, 2000;

Peters, 1992).13

The next challenge is that surveys generally do not collect data on parental income.

11Surveys typically collect data on current income earned over a given reference period.
12A small number of papers have also used consumption (e.g., Bruze, 2018; Waldkirch et al., 2004).
13The use of third- or fourth-order polynomials instead does not qualitatively alter our results. Nybom

and Stuhler (2016) provide an examination of the biases introduced by the use of proxies for permanent
income using high-quality administrative data.
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While in some cases data on parental earnings can be retrieved from long-running panel

surveys, these are rare exceptions. If we were to restrict ourselves to countries for which

long-running panels are available, the database with estimates of intergenerational income

mobility would include only a handful of countries.

Retrospective data on parental education, age, and occupation are more common. These

parental characteristics can be used to predict parental income earnings. The resulting

predicted incomes can then be used as an instrument in the intergenerational income re-

gression (see the seminal paper by Bjorklund and Jantti, 1997). This approach, referred to

as TSTSLS, requires two independent survey samples. The first survey corresponds to the

generation of children and contains data on their income earnings as well as data on their

parents’ socioeconomic background (e.g., highest educational attainment, main occupation).

The second survey corresponds to the parents’ generation (typically predating the offspring

survey by about 15 to 20 years) and contains data on the income earnings, education, and

main occupation of “pseudo-parents”.

The estimation of β proceeds in three steps. First, estimate a Mincer-type income equa-

tion using the older survey that is deemed representative of the current population of par-

ents. Second, use the estimated model coefficients (i.e., return to education and experience)

to predict parental income earnings given the retrospective data on parental education and

occupation in the new offspring survey. Third, regress child (log) income (age adjusted) on

predicted parental (log) income (also age adjusted).

Our estimates of the IGE are potentially subject to several sources of bias.14 Let us

highlight two sources that are arguably most relevant. The first is sample selection bias.

We measure the intergenerational transmission of labor earnings, but not all working-age

individuals earn labor income. And selection into waged employment is not random. As the

share of waged employment varies between countries, the magnitude of this selection bias is

also subject to variation.

14See Nybom and Stuhler (2017) for biases on other dependence measures.
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The second bias is characteristic of the TSTSLS estimator. This bias is introduced when

parental education has a direct positive effect on child income beyond the indirect effect

through parental income. In this case, TSTSLS estimates are subject to upward bias. The

stronger the instrument, i.e., the stronger the correlation between parental education and

parental income (leaving less variation in income that is not captured by paternal education),

the smaller will be the upward bias. The magnitude of the bias is estimated to be in the

range of 10–15 percent, which is small relative to between-countries differences (Bjorklund

and Jantti, 1997).

On the upside, TSTSLS helps protect against another source of bias. Parental income

based on incomplete earnings histories may introduce measurement error. As a result, OLS

estimates will be subject to attenuation bias (Solon, 1992). TSTSLS addresses this bias by

using an instrument for parental income in the form of parental education and occupation.

Applying the same method of estimation across all countries hopefully helps mitigate the

impact of bias on cross-country comparisons.

Since the original empirical application by Björklund and Jäntti (1997), which obtains

(and compares) estimates of income mobility for the United States and Sweden, TSTSLS

has been replicated across a wide range of contexts and has been established as the standard

method of estimation in cases where direct information on parental income is not available.

Importantly, it allows us to significantly expand the coverage of the developing world, as the

existing evidence base is heavily biased toward the high-income world.

2.2 Data sources

To construct a global database of intergenerational income mobility, we identify two rounds of

nationally representative survey data, approximately 15 years apart, covering 78 economies.

On average, the newer survey collected data around 2015 (most between 2010 and 2019),

while the older survey collected data around 2001 (most between 1993 and 2007).

These surveys collected the following information: (1) in the newer survey round, in-
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come, labor force status, type of employment, and (usually through retrospective questions)

parental characteristics such as educational attainment and, where available, occupation;

(2) in the older survey round, income, labor force status, type of employment, educational

attainment, and occupation.

When multiple options for a given country are available, we select the survey based on

the quality of information, particularly with respect to income variables and labor market

information. Furthermore, for countries for which there is an empirical literature on intergen-

erational income mobility, we use the same surveys when possible (e.g., Adli and Sahadewo,

2023; Daza, 2021; Piraino, 2015; Stockhausen, 2021; Yan Deng, 2022). Table A1 in the

Appendix provides details on the surveys identified and the years of the survey rounds being

used.

We use several types of surveys. For most developing countries, we use cross-sectional

household income or expenditure surveys. For most countries in Europe, we use EU Statis-

tics on Income and Living Conditions (EU-SILC) and the intergenerational transmission

of disadvantages module (collected in 2011, 2019, and 2023), which asks about parental

background when respondents were 14 years old. For an additional number of countries

in Europe, we use the Life in Transition Survey (LITS). We also use longitudinal surveys

(treating two rounds of the survey as cross-sectional surveys) in a small number of countries

such as Australia (Household, Income and Labour Dynamics in Australia; HILDA), Ger-

many (Socio-Economic Panel; SOEP), Indonesia (Indonesia Family Life Survey; IFLS), the

Republic of Korea (Korean Labor and Income Panel Study; KLIPS), the Russian Federation

(Russian Longitudinal Monitoring Survey; RLMS), and the United States (Panel Study of

Income Dynamics; PSID).

We include estimates from the literature for nine additional countries for which we were

unable to obtain access to the necessary survey data.15 For Argentina, the Netherlands,

and Uruguay, the estimates employ the TSTSLS method with two rounds of nationally

15The sources and methods are detailed in Table A2 of the Appendix.
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representative data (see Jimenez, 2011; EqualChances, 2018; Araya, 2019). Estimates for

Malaysia, Nepal, New Zealand, Pakistan, the Philippines, and Singapore use a variety of

methods that, in general, employ an instrumental variable strategy or OLS on high-quality

linked data (see Grawe, 2001; Greenaway-Mcgrevy, 2024; Javed and Irfan, 2014; Dacuycuy,

2018; Ng, 2013).16

Our estimates of income mobility are merged with cross-country data on selected cor-

relates. We use GDP data from the World Development Indicators (WDI) database of the

World Bank, which is completed with estimates from the Maddison Project Database (Bolt

and van Zanden 2025) in cases where GDP data from the WDI are missing. Country and

regional classifications are also obtained from the World Bank.17 Data on income inequal-

ity, as measured by the Gini index, come from the World Bank’s Poverty and Inequality

Platform (PIP). In the select few cases where PIP data are missing, we obtain estimates of

the Gini index from the “All the Ginis” database.18 For each country, linear interpolation

is used to impute Gini values for between-survey years (where survey-based estimates of

the Gini index are not available). An indicator of tax-and-transfer progressivity constructed

using income inequality pre- and post-fiscal system is obtained from Fisher-Post and Gethin

(2023).19 Finally, returns to education are obtained from Montenegro and Patrinos (2023),

and missing years are completed by means of interpolation. In cases where the time coverage

of the correlates does not line up, we use the closest year available.

For IGE estimation, it is not required that the income variables are expressed in real

terms. This is a requirement, however, when estimating the upward mobility measures pro-

posed by RG (Ray r○ Genicot, 2023). Accordingly, we use consumer price indices obtained

from the World Bank’s WDI and the October 2024 World Economic Outlook database of the

16Two rely on coresident samples, which may generate bias (see, Emran et al., 2018; Francesconi and
Nicoletti, 2006). A number of articles also study mobility by caste or for the rural sector (e.g., Asadullah,
2012; Bevis and Barrett, 2015; Hnatkovska et al., 2013).

17See the latest classification available at https://datahelpdesk.worldbank.org/knowledgebase/articles/906519-
world-bank-country-and-lending-groups.

18Available at https://stonecenter.gc.cuny.edu/research/all-the-ginis-alg-dataset-version-february-2019/.
19Available at https://amory-gethin.fr/data.html.
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International Monetary Fund to express income in currency from 2011. In some cases, coun-

tries also implemented currency changes between survey rounds; thus, we use the exchange

rates at the time of those changes.

2.3 Sample definitions

Our samples of interest are defined as follows.

Sample of sons. This sample consists of male individuals between 30 and 54 years of

age who report positive earnings and are paid employees. In a number of countries where

the sample is relatively small, we expand this sample to include individuals between 25 and

60 years of age (or relax the constraint of using only paid employees). We exclude indi-

viduals with missing information on the education and/or occupation (when the respective

survey collects such information) of their fathers. Outliers, defined as observations with a

studentized residual in absolute value equal to or greater than 5, are excluded when the

intergenerational income regression is estimated. For each sample, information about the

exact age range, restriction based on type of employment, and the availability of occupation

can be found in Table A3 of the Appendix.

Sample of synthetic parents. This sample consists of male individuals between 30

and 54 years of age who report positive earnings and are paid employees. In countries where

the sample of sons includes individuals between 25 and 60 years of age, we similarly expand

the sample age range of synthetic fathers. We exclude individuals with missing information

about their educational attainment and/or occupation (when the respective survey collects

such information). Outliers, defined as observations with a studentized residual in absolute

value equal to or greater than 5, are excluded when the Mincer-type regression used to

predict parental income is estimated. For each sample, information about the exact age

range, restriction based on type of employment, and the availability of occupation can be

found in the Appendix (Table A3).
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2.4 Variable construction

The variables that we use are constructed as follows.

Child income. We construct daily labor earnings for all individuals active in the labor

market. We use information about the reference or recall period (e.g., per day, week, month)

to express earnings for a given period in daily terms. The precise definition of earnings

in terms of the different components included (e.g., cash, in-kind, bonuses) and whether

the earnings are gross or net of paid taxes varies by survey wave. In most cases, we use

local currency units.20 We express income in real terms when replicating RG’s indicators of

upward mobility with our micro data.

Paternal income. We construct the daily labor earnings of the father as the predicted

age-adjusted daily labor earnings. These earnings are predicted according to the method-

ology described in section 2.1 using retrospective information about parents’ education and

occupation, when available. For the synthetic parents, we construct daily labor earnings in

the same way as we do with child income.

Education. We use educational attainment as an instrumental variable for paternal

income in our TSTSLS application. For each individual in the newer survey, we construct

the educational attainment of the father using retrospective information or the panel struc-

ture, when feasible. In the older survey, we work with the educational attainment of the

respondents (i.e., “synthetic parents”). Different surveys measure education outcomes differ-

ently, ranging from years of schooling to a set of categories that are not homogeneous across

countries or, sometimes, within countries (i.e., to describe paternal educational attainment,

the newer survey contains a set of educational categories that differ from those available

for synthetic parents in the older survey). We harmonize the data on a case-by-case basis

to make the information in the newer survey comparable with that in the older survey. In

some cases, doing so requires constructing years of schooling from categorical variables. For

this purpose, a repository of country-level International Standard Classification of Educa-

20The EU-SILC data are an important exception, as they come with earnings expressed in euros.
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tion (ISCED) mappings over time (starting in 1970) is available to facilitate conversion from

categories to years by the year of schooling to which the individual’s schooling tenure corre-

sponds. If information is missing in the ISCED sources for the mapping exercise, additional

economy-specific information is used, or the following rules of thumb for converting ISCED

categories to completed years of schooling are applied: ISCED 1: 0 years; ISCED 1: 6 years;

ISCED 2: 9 years; ISCED 3: 12 years; ISCED 4: 13 years; ISCED 5: 15 years; ISCED 6: 16

years; ISCED 7: 18 years; and ISCED 8: 21 years.21 In other cases, aggregating categories

is required to obtain a common minimum.

Occupation. When possible, we use occupation as an additional instrumental variable

for paternal income. For each individual in the newer survey, data on paternal occupation is

obtained from the retrospective module or by means of the panel structure when feasible. In

the older survey, we work with the occupation data for the respondents (that is, “synthetic

parents”). The way in which occupation data are collected may vary between and within

countries (i.e., to describe paternal occupation, the newer survey contains a set of occupa-

tional categories that differs from those available for synthetic parents in the older survey).

We harmonize the data on a case-by-case basis to make the information in the newer survey

comparable with that in the older survey.

2.5 Country coverage

Our database includes estimates for 87 countries that account for 84 percent of the world

population (Table 1). These countries account for 94 percent of the population in high-

income economies and 81 percent of the population in developing countries. Within the

latter, in all regions except the Middle East and North Africa region, the population coverage

is more than 60 percent. For the Middle East and North Africa, the coverage is 40 percent.

21To construct educational variables, this approach is adopted by Van der Weide (2024).
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Table 1: Coverage

Income group/region Number of economies Population (%)

High-income economies 43 94.48
Developing economies 44 81.20
East Asia and the Pacific 6 91.22
Europe and Central Asia 9 63.40
Latin America and the Caribbean 8 83.02
Middle East and North Africa 4 40.35
South Asia 4 89.14
Sub-Saharan Africa 13 65.59

World 87 83.63

Notes: The table shows the number of countries our database covers, and the
population share (using UN population estimates for 2015) that these countries
account for.

3 Income mobility around the world

3.1 A first look at the database

Income mobility shows large cross-country variation, with lower levels of mobility concen-

trated in the developing world (similar to the patterns for intergenerational mobility in

education observed by Van der Weide et al., 2024) (see Figure 1). Our estimates of income

mobility indicate that 11 of the 15 least mobile countries are in Africa, Latin America, and

South Asia, with income persistence coefficients in excess of 0.64. African countries with

low levels of income mobility are not limited to the continent’s poorest countries, such as

the Democratic Republic of Congo, Niger, and Madagascar. They also include large emerg-

ing economies such as Nigeria and South Africa. In Latin America, low-mobility countries

include Colombia, Guatemala, and Mexico. In South Asia, India records the lowest level of

income mobility in our database.

In contrast, among the 15 countries with the highest estimates of income mobility (with

income persistence coefficients below 0.28), 12 are high-income countries, and 11 are in

Europe and Central Asia. The three most mobile countries in our database are all Nordic

countries (Sweden, Norway, and Finland, with Denmark not far behind).
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To illustrate the magnitude of cross-country variation in income mobility levels across

countries, consider two fathers, one earning twice the income of the other father. All else

being equal, the son of the higher-income father can expect to earn 50–70 percent more

than the son of the lower-income father in Brazil, Argentina, Peru, Indonesia, China, and

the United States. This income divergence increases to more than 80 percent in the Arab

Republic of Egypt, Tunisia, and Guatemala. By comparison, the son of the higher-income

father can expect to earn less than 25 percent more in Sweden, Finland, Norway, Denmark,

and Canada.

Figure 1: Intergenerational income elasticity around the world

Notes: The map shows country-level estimates of the intergenerational income elasticity. Coun-
tries are classified into quintiles based on the mobility measure. A higher value indicates lower
intergenerational income mobility.

Unlike educational mobility, income mobility is also a function of the functioning of the

labor market. Countries may achieve a high level of educational mobility (i.e., provide a

level playing field in regard to the accumulation of human capital) but fail to achieve a high

level of income mobility (i.e., are unable to provide a level playing field in regard to the labor

market). Think of countries where good jobs are in short supply and tend to be reserved for

individuals from privileged and well-connected backgrounds.

Figure 2 plots our estimates of intergenerational persistence in income against estimates
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of persistence in education from Van der Weide et al. (2024). As expected, the two measures

are highly correlated. However, there are several countries for which a notable divergence

is observed. Egypt and Tunisia stand out with levels of income mobility that are low given

their levels of educational mobility.22 The reverse can also be observed. Countries where

income mobility is higher than what might be expected based on their levels of educational

mobility include Serbia and Turkey. Note that the Nordic countries rank at the top in terms

of income mobility but are on par with other high-income countries in terms of educational

mobility.

Figure 2: Intergenerational mobility in income and education
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Notes: Estimates of educational persistence for father and sons are obtained from Van der Weide
et al. (2024). Data for Luxembourg, Malta, New Zealand, and Singapore are missing. We match
our database with the educational mobility of the cohort born in the 1980s.

3.2 Correlates predicted by theory

Theory predicts that the IGE varies with structural parameters that include the efficacy

of private and public investments in generating human capital, the returns to education,

and the progressivity of public investments (Becker and Tomes, 1979; 1986; Becker et al.,

2018; Solon, 2004; 2014). In these stylized models, the resulting IGE increases with the

22Other countries with significantly higher persistence in income than in education include South Africa,
Madagascar, and Guatemala.

17



returns to education (and with efficacy of investments into human capital) and decreases

with the progressivity of public investments. Higher returns to education in the parents’

generation mean that parents with more human capital earn higher incomes and thus have

more resources to invest in the education of their children. Higher returns to education

in the child’s generation mean that parents with the necessary resources furthermore have

greater incentives to invest in the human capital of their offspring. More progressive public

investments partially compensate for the inequalities in private investments, which helps

level the playing field and lower the intergenerational persistence in income.

There is good cross-country data on returns to education (by Montenegro and Patrinos,

2023) and the progressivity of public spending (by Fisher-Post and Gethin, 2023), both

compiled in recent years.23 Progressivity is measured by the change in inequality (evaluated

as the ratio of the average income of the top 10% to that of the bottom 50%) between pre-

and post-tax and transfers (Fisher-Post and Gethin, 2023). Merging these data with our

database on income mobility allows us to verify whether the IGEs respect these theoretical

predictions.24

The empirically observed correlations between the IGE and the selected correlates are

seen to conform with theory, see Figure 3. Income mobility (evaluated by 1 − IGE) is

observed to be positively correlated with progressivity (left panel), and negatively correlated

with returns to schooling (right panel).

3.3 The Great Gatsby Curve revisited

Arguably the most famous stylized fact established in the empirical literature on intergener-

ational mobility is the Great Gatsby Curve (GGC), which captures the empirical observation

that low (high) levels of intergenerational mobility often coincide with high (low) levels of

income inequality (measured in the parents’ generation). The GGC was first established us-

23Data on the parameters of the human capital production function is unfortunately not available at this
point.

24Holter (2015) uses data from 11 countries to document a strong negative cross-country correlation
between IGE and measures of tax progressivity.
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Figure 3: Intergenerational mobility vs. progressivity and returns to education
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(a) Progressivity of tax and transfers
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(b) Returns to education

Notes: Progressivity of tax and transfers is measured as the change in inequality (average income
ratio of the top 10% to the bottom 50%) between pre- and post-tax-and-transfers national income
using data from Fisher-Post and Gethin (2023). Data for New Zealand, Singapore, Taiwan, and
Malaysia are missing. Returns to education are obtained from Montenegro and Patrinos (2023)
and are estimated using the “Mincerian” method with data from household surveys. Data for
Cyprus, Kazakhstan, Kosovo, Montenegro, New Zealand, Taiwan, and Uzbekistan are missing. We
match our mobility estimates with data from 20 years earlier, using the year in which income was
collected in the newer survey as our reference point. For example, for an estimate that uses income
for children collected in 2015, we match with data on progressivity and returns to education from
1995.

ing data for 13 countries (mostly high-income and emerging economies) compiled by Corak

(2013).

Reproducing the GGC using our global database with estimates of income mobility for

87 countries shows that this stylized fact continues to hold across this wider range of coun-

tries covering both the developed and developing world. The positive correlation coefficient

equals 0.435 and is statistically significant at the 1 percent level. The Nordic countries (i.e.,

Denmark, Norway, Sweden, and Finland) stand out as countries with some of the highest

levels of income mobility and low levels of inequality. Examples of countries occupying the

other corner of the GGC, with low levels of mobility and high levels of income inequality,

include South Africa and Guatemala, among others.
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Figure 4: Intergenerational mobility and income inequality
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Notes: Income inequality is measured with the Gini index obtained from World Bank’s Poverty
and Inequality Platform (PIP) supplemented with data from “All the Ginis” database. We match
our mobility estimates with inequality data from 20 years earlier, using the year in which income
was collected in the newer survey (circa 2015) as our reference point. For example, for an estimate
that uses income for children collected in 2015, we match with data on inequality from 1995.

3.4 Intergenerational mobility versus national income

A lesser-known stylized fact describes the relationship between intergenerational mobility

and national income. Van der Weide et al. (2024) observe that intergenerational mobility

in education increases with GDP per capita. Figure 5 revisits this stylized fact with our

estimates of income mobility. National income per capita is measured 20 years prior to the

year in which income data for children are collected (i.e., the same lag that is used in the

GGC). This confirms that the empirical observation that countries achieve higher rates of

intergenerational mobility as they grow richer holds for both education and income mobility.

Should intergenerational mobility be expected to increase with national income? While

we can only speculate at this point, theory offers some guidance. Different channels can, in

theory, pull mobility in different directions as countries develop. In the models developed

by, e.g., Becker and Tomes (1979; 1986) and Solon (2004), increases in returns to education

will lead to higher levels of intergenerational income persistence. All else being equal, this

would predict a negative relationship between income mobility and national income.
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Candidate channels that could rationalize a positive relationship are progressive public

transfers and investments (including public education) and improvements in credit markets.

As countries develop, the effect of credit constraints arguably declines as credit markets

become more efficient and poorer households are able to secure the necessary resources to

invest in their children, which would reduce intergenerational persistence (see, e.g., Maoz

and Moav, 1999; Owen and Weil, 1998). Public interventions that partially compensate for

inequalities in private investments constitute another plausible channel through which higher

levels of income mobility could be realized as countries develop (see, e.g., Benabou, 2000).

Richer countries will have more fiscal space available to finance and implement such public

policies.25 It is well documented that public spending (on, e.g., public education, healthcare,

childcare) increases with national income, not only in absolute value but also as a share of

national income, which is known as Wagner’s law (Wagner, 1890).

Figure 5: Intergenerational mobility and GDP per capita
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Notes: GDP data is from the World Development Indicators supplemented with data from the
Maddison project where necessary. We match our mobility estimates with GDP data from 20
years earlier, using the year in which income was collected in the newer survey (circa 2015) as our
reference point. For example, for an estimate that uses income for children collected in 2015, we
match with GDP data from 1995.

25Mayer and Lopoo (2008) use state-level data in the US to show that government spending increases
mobility.
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4 Comparison with RG’s global mobility database

4.1 RG’s measures of upward mobility

Ray r○ Genicot (2023) put forward measures of upward mobility that have attractive ax-

iomatic properties. A practical advantage of their mobility measures is that they can be

estimated using repeated cross-sectional surveys (i.e., no panel data are required). This fea-

ture greatly expands the number of countries for which upward mobility can be evaluated.

Utilizing this property, RG compiled a companion global database of upward mobility that

includes 122 countries covering a large share of the world’s population.26 As upward mobility

and the IGE capture distinct aspects of the intergenerational transmission process, the two

global databases complement each other.

RG distinguish between absolute and relative upward mobility, which we will denote by

M and R, respectively:

M = −
(
1

α

)
log

(
E[y−α

it ]

E[y−α
it−1]

)
(3)

R = −
(
1

α

)
log

(
E[y−α

it ]

E[yit]−α

)
+
(
1

α

)
log

(
E[y−α

it−1]

E[yit−1]−α

)
, (4)

for α > 0, where yit measures income for individual i from generation t. The parameter α

governs the degree of growth progressivity; with higher values of α, the measures of upward

mobility will attach greater weight to growth of the poor.

The estimates of M and R compiled by RG are based on percentiles of the income

distributions coming from the World Inequality Database (WID) database. We obtain a

companion set of estimates of RG’s upward mobility measures using the same micro data

used to estimate the IGE coefficients in our database to verify whether the stylized facts

established with the measures of upward mobility are robust to the source of data used.27

26A smaller database with 71 countries was used in Ray r○ Genicot (2023).
27Figure A1 of the Appendix plots estimates of RG’s mobility indicators using our microdata versus those

estimated in Ray r○ Genicot (2023) using WID. Estimates with these different data sources show important
differences, especially for relative mobility.
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To understand how RG’s measures of intergenerational upward mobility relate to the IGE

and the levels of income inequality across generations, it may be helpful to evaluate analytical

expressions for the upward mobility measures under the assumed linear intergenerational

transmission regression with normally distributed errors:28

log yit = c+ β log yit−1 + σuuit, (5)

where uit is normally distributed with mean zero and unit variance. Let µt and σ2
t measure the

unconditional mean and variance of log income for generation t. Under these assumptions,

it follows that:

E[y−α
it ] = exp (−αµt + α2σ2

t /2) (6)

E[yit]
−α = exp (−αµt − ασ2

t /2). (7)

Similarly substituting these moments into the expression for M yields:

M = −
(
1

α

)
log

(
exp

(
−αµt + α2σ2

t /2− (−αµt−1 + α2σ2
t−1/2)

))
(8)

= −
(
1

α

) [
−α(µt − µt−1) +

1

2
α2(σ2

t − σ2
t−1)

]
(9)

= (µt − µt−1)−
1

2
α(σ2

t − σ2
t−1). (10)

Similarly substituting these moments into the expression for R, we obtain:

R = −
(
1

α

)
log

(
exp

(
−αµt + α2σ2

t /2− (−αµt − ασ2
t /2)

))
+
(
1

α

)
log

(
exp

(
−αµt−1 + α2σ2

t−1/2− (−αµt−1 − ασ2
t−1/2)

))
= −

(
1

α

)
log

(
exp

(
1

2
(α2 + α)σ2

t

))
+
(
1

α

)
log

(
exp

(
1

2
(α2 + α)σ2

t−1

))
= −1

2
(1 + α)

(
σ2
t − σ2

t−1

)
.

28This makes the relationship between upward mobility, the IGE, and inequality explicit.
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Equation (10) confirms that the upward mobility measure M aligns well with the income

growth rates of the poor. Using a first-order Taylor expansion for σ2
t around σ̄2, i.e., σ2

t ≈

σ̄2 + 2σ̄(σt − σ̄), eq. (10) is seen to approximate:

M ≈ (µt − µt−1)− ασ̄(σt − σt−1). (11)

Under the assumption of log-normally distributed income, it can be verified that this approx-

imation to M equals the income growth rate at percentile pα = Φ(−ασ̄) between generations

t and t− 1:

M ≈ log yt(pα)− log yt−1(pα), (12)

where Φ() is the quantile function of the standard normal distribution, and where we used

the fact that log income at percentile p in generation t satisfies: log yt(p) = µt + σtΦ
−1(p).

α > 0 implies that pα < 0.5, i.e., M measures growth below the median. By increasing the

value of α, one lowers the income percentile pα along which growth is measured.

To see how M and R relate to the IGE coefficient β, consider a re-parameterization in

terms of implied steady-state values. The steady-state mean and variance of log income are

seen to satisfy:

µ̄ =
c

1− β
(13)

σ̄2 =
σ2
u

1− β2
. (14)

Accordingly, (µt − µt−1) and (σ2
t − σ2

t−1) may be written as:

µt − µt−1 = (1− β)(µ̄− µt−1) (15)

σ2
t − σ2

t−1 = (1− β2)(σ̄2 − σ2
t−1). (16)
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By substituting these into the expressions for M and R, we obtain:

M = (1− β)
[
(µ̄− µt−1)−

α

2
(1 + β)(σ̄2 − σ2

t−1)
]

(17)

R = −1

2
(1 + α)(1− β2)

(
σ̄2 − σ2

t−1

)
. (18)

It follows that the upward mobility measuresM and R are reduced to zero when the moments

µ and σ2 are in steady state. By extension, M and R exhibit a stronger (weaker) relationship

with the IGE β when the income distribution is further away from (closer to) steady state.

Figure 6 empirically illustrates how RG’s absolute upward mobility is closely related

to annualized growth at the bottom of the income distribution (first graph) and that the

strength of this association decreases when considering average growth (second graph) or

growth at the top of the distribution (third graph).29

Figure 6: Growth rates versus Ray and Genicot’s indicators
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Notes: This figure plots the indicator of absolute mobility proposed by Ray r○ Genicot (2023)
against growth rates at different percentiles of the income distribution. The graph includes 75
countries. The indicators of mobility are computed in Ray r○ Genicot (2023) while the growth
rates are estimated by the authors using the same underlying data.

29Figure A2 in the Appendix replicates this figure using relative mobility showing that the same pattern
does not hold in this case. Qualitatively similar patterns are found using our data (see Figures A3 and A4).
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4.2 The IGE versus RG

Given that RG’s measure of upward mobility does not require panel data, the authors are able

to obtain estimates for 122 countries. Our estimates of the IGE show a weak correlation with

our estimates of RG’s absolute mobility measure (Figure 7).30 This observation suggests that

these two indicators capture different aspects of the intergenerational transmission process

(and that their lack of a strong association is not due to differences in data sources).

Figure 7: Intergenerational elasticity of income vs. Ray and Genicot’s indicators
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Notes: This figure plots the intergenerational income elasticity against the indicator of absolute
mobility proposed by Ray r○ Genicot (2023). The graph includes 73 countries. RG indicators of
mobility are estimated with the same sample used by the authors to estimate the IGE.

4.3 RG’s upward mobility versus inequality and national income

When the estimates of upward mobility are plotted against lagged income inequality, to

verify whether the GGC applies when intergenerational mobility is measured using RG’s

measure of upward mobility, the estimated relationship is found to be flat (or even slope in

the opposite direction) for our sample of countries (Figure 8a). In the cross-section of 122

countries studied in Ray r○ Genicot (2023) and Genicot r○ al. (2024), a stronger positive

30Relative mobility is also weakly correlated, see Figure A7 in the Appendix. Our IGE estimates are also
weakly correlated with those in Ray r○ Genicot (2023), which use data from WID (Figure A5).
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relationship between upward mobility and inequality is observed. Mayoral r○ al. (2025) find

that this positive association also holds within-country across time.

Ray r○ Genicot (2023) and Genicot r○ al. (2024) attribute the change in the GGC to the

inclusion of countries from the developing world (which were not included when the original

version of the GGC was established; see, e.g., Corak, 2013). The GGC is observed to hold

for the 84 countries included in our database when mobility is measured using the IGE

(compare Figures 4 and 8a). Half of the countries in our database are from the developing

world (covering about 81 percent of the developing world’s population).

That suggests that there are other reasons why the GGC does not hold for the upward

mobility measure. One candidate reason is that RG’s upward mobility measure captures a

different feature of the intergenerational transmission process. As highlighted in Section 4.1

and noted by Ray r○ Genicot (2023), the upward mobility measure is closely aligned with

growth (at lower percentiles of the income distribution). This may help explain the weaker

relationship with income inequality. There is a large empirical literature on the relationship

between inequality and growth which by and large finds that this relationship is weak (see,

e.g., Brueckner and Lederman, 2018; Van der Weide and Milanovic, 2018; Banerjee and

Duflo, 2003; Baselgia and Foellmi, 2023).

Plotting the estimates of upward mobility against national income similarly shows that

the empirical relationship changes sign when compared to the relationship observed for the

IGE (compare Figure 5 to Figure 8b).31 The negative correlation between upward mobility

and national income sits well with the interpretation of upward mobility as a measure of

growth. The negative association in this case describes a convergence effect (or regression

to the mean), i.e., lower-income countries have greater scope for catch-up growth.

31Figure A6 in the Appendix replicates the figure using RG’s relative mobility showing a different pattern.
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Figure 8: Absolute mobility vs. national income and inequality
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Notes: This figure plots the indicator of absolute mobility proposed by Ray r○ Genicot (2023)
against the Gini index and GDP. The graph includes 73 countries. RG indicators of mobility
are estimated using the same sample as the authors to estimate the IGE. Income inequality is
measured with the Gini index obtained from World Bank’s Poverty and Inequality Platform (PIP)
supplemented with data from “All the Ginis” database. GDP data is from the World Development
Indicators supplemented with data from the Maddison project where necessary. We match our
mobility estimates with GDP and inequality data from 20 years earlier, using the year in which
income was collected in the newer survey as our reference point. For example, for an estimate that
uses income for children collected in 2015, we match with data on inequality from 1995.

5 Concluding remarks

This study builds the largest cross-country database on intergenerational income mobility to

date, with estimates of the IGE for 87 countries covering 84 percent of the world’s population.

This marks a significant expansion of the existing cross-country evidence base on income

mobility, particularly among low- and middle-income countries. The most comprehensive

cross-country studies prior to ours include estimates for 21 to 29 countries (Durlauf, 2022;

Mogstad and Torsvik, 2023).

An inspection of the variation in income mobility across the 87 countries yields several

empirical observations. First, the IGE is seen to vary significantly, ranging from levels near

0.1 for the Nordic countries to values near 1 in parts of the developing world. Second,

in line with predictions from theory, intergenerational mobility is found to be negatively

correlated with returns to education and positively correlated with the progressivity of the

fiscal system. Third, the negative association between income mobility and inequality that
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was first established for 13 mostly high-income countries (known as the Great Gatsby Curve)

also holds across this wider range of countries that includes 44 countries from the developing

world. Fourth, income mobility is found to have a positive association with national income

per capita.

Future research could expand this work in several directions. First, given the differences

in labor markets between developed and developing countries and the fact that we estimate

the intergenerational transmission in labor earnings, the extent to which sample selection

shapes our findings is an open question. Second, it would be insightful to establish empirically

through what channels countries achieve higher levels of intergenerational mobility as they

grow richer (and evaluate the relative importance of these channels). Third, our study

focuses on father-son pairings. While this is a standard choice in the literature, further

research could expand it to include mothers and daughters.
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Appendices

Table A1 details the list of countries and the surveys used for our estimates.

Table A2 details the sources and method of estimation for IGE estimates drawn from previ-

ous literature.

Table A3 provide details about specification choices used in our TSTSLS estimation.

Figure A1 plots indicators of mobility proposed by Ray and Genicot (2023) estimated using

WID data to estimates using the same sample that the authors used to estimate IGE.

Figure A2 plots the indicator of relative mobility proposed by Ray and Genicot (2023)

against growth rates at different percentiles of the income distribution. Mobility indicator

is computed in Ray and Genicot (2023) while the growth rates are estimated by the authors

using the same underlying data.

Figure A3 plots the indicator of absolute mobility proposed by Ray and Genicot (2023)

against growth rates at different percentiles of the income distribution, both estimated using

the same sample that the authors use to estimate the IGE.

Figure A4 plots the indicator of relative mobility proposed by Ray and Genicot (2023)

against growth rates at different percentiles of the income distribution, both estimated using

the same sample that the authors use to estimate the IGE.

Figure A5 plots IGE against the indicators of mobility proposed by Ray and Genicot (2023)

computed using data from WID.

Figure A6 plots the indicator of relative mobility proposed by Ray and Genicot (2023) against

the Gini index and GDP with RG indicators of mobility estimated using the same sample

as the authors to estimate the IGE.

Figure A7 plots the intergenerational income elasticity against the indicator of relative mo-

bility proposed by Ray and Genicot (2023), both estimated using the same sample that the

authors used to estimate the IGE.
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Table A1: List of surveys used

Economy Newer survey Year Older survey Year

AUS HILDA 2015 HILDA 2001

AUT EU-SILC 2019 EU-SILC 2004

BEL EU-SILC 2019 EU-SILC 2004

BGR EU-SILC 2011 EU-SILC 2007

BIH LITS 2016 LSMS 2001

BOL EH 2008 EIH 1992

BRA PNAD 2014 PNAD 1996

CAN CGSS 2014 CGSS 1999

CHE EU-SILC 2011 EU-SILC 2007

CHL CASEN 2013 CASEN 1998

CHN CFPS 2012 CHIP 2002

COD E123 2012 E123 2004

COL ENCV 2013 ECH 2001

CYP EU-SILC 2023 EU-SILC 2005

CZE EU-SILC 2019 EU-SILC 2005

DEU SOEP 2017 SOEP 2002

DNK EU-SILC 2019 EU-SILC 2004

ECU ECV 2013 ECV 1999

EGY ELMPS 2012 ELMPS 1998

ESP EU-SILC 2011 EU-SILC 2004

EST EU-SILC 2019 EU-SILC 2004

ETH LSMS-ISA 2013 HICES 2000

FIN EU-SILC 2019 EU-SILC 2004

FRA EU-SILC 2019 EU-SILC 2004

GBR EU-SILC 2011 EU-SILC 2005

GHA GLSS 2012 GLSS-IV 1998

GRC EU-SILC 2019 EU-SILC 2004

GTM ENCOVI 2014 ENCOVI 2000

HRV LITS 2016 HBS 2004

HUN EU-SILC 2011 EU-SILC 2005

IDN IFLS 2014 IFLS 2000

IND IHDS 2011 NSS50-SCH10 1993
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Table A1 continued from previous page

Economy Newer survey Year Older survey Year

IRL EU-SILC 2019 EU-SILC 2004

ISL EU-SILC 2019 EU-SILC 2004

ITA EU-SILC 2019 EU-SILC 2004

JOR JLMPS 2010 HIES 2002

JPN JGSS 2012 JGSS 2000

KAZ LITS 2016 HBS 2001

KEN STEP 2013 ILFS 1998

KOR KLIPS 2014 KLIPS 1998

LBR HIES 2014 CWIQ 2007

LKA STEP 2012 HIES 2002

LTU EU-SILC 2019 EU-SILC 2005

LUX EU-SILC 2019 EU-SILC 2004

LVA EU-SILC 2019 EU-SILC 2005

MAR ENNVM 2006 ENNVM 1991

MDA LITS 2016 HBS 2001

MDG ENEMPSI 2012 EPM 1999

MEX EMOVI 2011 ENEU 1991

MLT EU-SILC 2011 EU-SILC 2007

MNE LITS 2016 HHS 2004

MNG LITS 2016 HIES 2002

MWI LSMS-ISA 2013 IHS-I 1997

NER LSMS-ISA 2014 LFS 2002

NGA LSMS-ISA 2012 GHS 1997

NOR EU-SILC 2023 EU-SILC 2004

PAN ENV 2008 EH 1995

PER ENAHO 2014 ENAHO 1999

POL EU-SILC 2019 EU-SILC 2005

PRT EU-SILC 2019 EU-SILC 2004

ROU EU-SILC 2023 EU-SILC 2007

RUS RLMS 2011 RLMS 1996

SRB LITS 2016 HBS 2003

SVK EU-SILC 2019 EU-SILC 2005

SVN EU-SILC 2019 EU-SILC 2005
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Table A1 continued from previous page

Economy Newer survey Year Older survey Year

SWE EU-SILC 2019 EU-SILC 2004

TGO QUIBB 2015 QUIBB 2006

TJK LITS 2016 LSMS 1999

TUN TLMPS 2014 ENE 2000

TUR LITS 2016 HICES 2002

TWN TSCS 2015 TSCS 2000

TZA LSMS-ISA 2012 HBS 2000

UGA LSMS-ISA 2014 UNHS 1999

USA PSID 2015 PSID 1999

UZB LITS 2016 HBS 2000

VNM STEP 2012 VHLSS 2002

XKX LITS 2016 HBS 2003

ZAF NIDS 2012 PSLSD 1993
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Table A2: List of sources from the literature

Economy IGE Year Source Method

ARG 0.642 2006 Jimenez (2011) TSTSLS
MYS 0.537 1989 Grawe (2001) TSTSLS
NLD 0.304 2010 Equalchances (2018) TSTSLS
NZL 0.296 2015 Greenaway-Mcgrevy and So (2024) OLS
NPL 0.436 1995 Grawe (2001) TSTSLS (one cross-section split by age)
PAK 0.438 2010 Javed and Irfan (2014) Coresident children using IV
PHL 0.432 2006 Dacuycuy (2018) Coresident children using OLS
SGP 0.260 2010 Ng (2013) Interval regression with IV
URY 0.429 2013 Araya (2019) TSTSLS
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Table A3: Specification and data details

Code O W Age P Income Notes

AUS N Y 30-54 Y gross earnings

AUT Y Y 30-54 Y gross earnings

BEL Y Y 30-54 Y gross earnings

BGR Y Y 30-54 Y gross earnings

BIH N Y 30-54 Y earnings

BOL N Y 30-54 Y earnings

BRA N Y 30-54 Y earnings

CAN N Y 30-54 Y earnings

CHE Y Y 30-54 N gross earnings

CHL N Y 30-54 Y earnings

CHN N Y 30-54 N average earnings in 5 years; earnings Income per capita in old survey for rural sector

COD N Y 30-54 Y earnings Excluded values lower than 2.5 in older survey

COL N Y 30-54 Y earnings; gross earnings

CYP Y Y 30-54 Y gross earnings

CZE Y Y 30-54 Y gross earnings

DEU Y Y 25-60 N net earnings

DNK Y Y 25-60 N gross earnings

ECU N Y 30-54 Y earnings; gross earnings

EGY N Y 30-54 Y earnings

ESP Y Y 25-60 N net earnings

EST Y Y 30-54 Y gross earnings

ETH N Y 25-60 Y household income per worker; earnings Income per worker in old survey.
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Table A3 continued from previous page

Code O W Age P Income Notes

FIN Y Y 30-54 N gross earnings

FRA Y Y 30-54 Y gross earnings

GBR Y Y 30-54 Y gross earnings

GHA N Y 30-54 Y earnings

GRC Y Y 30-54 Y net earnings

GTM N Y 30-54 Y earnings

HRV N Y 25-60 Y earnings

HUN Y Y 30-54 Y gross earnings

IDN N Y 30-54 Y net earnings

IND N Y 30-54 Y earnings

IRL Y Y 25-60 Y gross earnings

ISL Y Y 30-54 Y gross earnings

ITA Y Y 30-54 Y net earnings

JOR N Y 30-54 Y earnings

JPN N N 30-54 N earnings

KAZ N N 30-54 Y earnings

KEN N Y 25-60 Y gross earnings; earnings

KOR N Y 30-54 Y earnings

LBR N N 30-54 N household income per worker; earnings Income per worker in old survey

LKA N N 30-54 N earnings; net earnings

LTU Y Y 30-54 Y gross earnings

LUX Y Y 30-54 Y gross earnings

LVA Y Y 30-54 Y net earnings
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Table A3 continued from previous page

Code O W Age P Income Notes

MAR N Y 30-54 Y earnings

MDA N N 30-54 N earnings

MDG N Y 30-54 Y earnings

MEX Y Y 25-60 N earnings

MLT Y Y 30-54 Y gross earnings

MNE N Y 25-60 Y earnings

MNG N Y 30-54 Y earnings

MWI N Y 30-54 Y earnings

NER N Y 30-54 Y earnings

NGA N Y 30-54 N earnings

NOR Y Y 30-54 Y gross earnings

PAN N Y 30-54 Y earnings; gross earnings

PER N Y 30-54 Y earnings

POL Y Y 30-54 Y gross earnings

PRT Y Y 30-54 Y net earnings

ROU Y Y 30-54 Y gross earnings

RUS N Y 30-54 N earnings

SRB N N 30-54 N earnings

SVK Y Y 30-54 Y gross earnings

SVN Y Y 30-54 Y gross earnings

SWE Y Y 30-54 Y gross earnings

TGO N Y 25-60 Y earnings

TJK N N 25-60 Y earnings
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Table A3 continued from previous page

Code O W Age P Income Notes

TUN N Y 25-60 Y earnings

TUR N N 30-54 Y net earnings; earnings

TWN N Y 30-54 Y earnings

TZA N Y 30-54 Y earnings

UGA N Y 30-54 Y earnings

USA Y Y 30-54 Y earnings

UZB N Y 30-54 N earnings

VNM N Y 30-54 Y earnings

XKX N N 25-60 Y net earnings; earnings

ZAF Y Y 30-54 N gross earnings

Notes: This table provides information about data and specification choices that vary between countries. Y refers to Yes and N refers to No.

Columns “O” details whether the estimates use occupation to predict parental income.

Columns “W” details whether the estimates use survey weights.

Columns “P” details whether the estimates only use paid employees in the estimation sample.
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Figure A1: RG’s indicators using our data versus WID
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Notes: This figure plots indicators of mobility proposed by Ray r○ Genicot (2023) estimated using
WID data to estimates using the same sample that the authors used to estimate IGE. The graph
includes 47 countries.
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Figure A2: Growth rates versus RG’s indicators
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Notes: This figure plots the indicator of relative mobility proposed by Ray r○ Genicot (2023)
against growth rates at different percentiles of the income distribution. The graph includes 75
countries. The indicator of mobility is computed in Ray r○ Genicot (2023) while the growth rates
are estimated by the authors using the same underlying data.
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Figure A3: Growth rates versus RG’s (absolute) indicators using authors’ data
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Notes: This figure plots the indicator of absolute mobility proposed by Ray r○ Genicot (2023)
against growth rates at different percentiles of the income distribution. The graph includes 73
countries. RG indicators and the growth rates are estimated using the same sample as the authors
to estimate the IGE.
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Figure A4: Growth rates versus RG’s (relative) indicators using authors’ data
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Notes: This figure plots the indicator of relative mobility proposed by Ray r○ Genicot (2023)
against growth rates at different percentiles of the income distribution. The graph includes 73
countries. RG indicators and the growth rates are estimated using the same sample as the authors
to estimate the IGE.
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Figure A5: Intergenerational income elasticity versus RG’s indicators
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(b) Relative mobility

Notes: This figure plots the intergenerational income elasticity against the indicators of mobility
proposed by Ray r○ Genicot (2023). The graph includes 47 countries. The indicators of mobility
are computed in Ray and Genicot (2023) using data from WID.
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Figure A6: Relative mobility vs national income and inequality
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Notes: This figure plots the indicator of relative mobility proposed by Ray r○ Genicot (2023)
against the Gini index and GDP. The graph includes 73 countries. RG indicators of mobility
are estimated using the same sample as the authors to estimate the IGE. Income inequality is
measured with the Gini index obtained from World Bank’s Poverty and Inequality Platform (PIP)
supplemented with data from “All the Ginis” database. GDP data is from the World Development
Indicators supplemented with data from the Maddison project where necessary. We match our
mobility estimates with GDP and inequality data from 20 years earlier, using the year in which
income was collected in the newer survey as our reference point. For example, for an estimate that
uses income for children collected in 2015, we match with data on inequality from 1995.
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Figure A7: Intergenerational elasticity of income vs. RG’s indicators
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Notes: This figure plots the intergenerational income elasticity against the indicator of relative
mobility proposed by Ray r○ Genicot (2023). The graph includes 73 countries. RG indicators of
mobility are estimated using the same sample that the authors used to estimate the IGE.
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