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Abstract
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examine regional correlates of mobility, using split-sample techniques. A
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1 Introduction

A key distributional characteristic is the extent of intergenerational mobility in a society, but evidence on

how and why it varies over time or space remains limited, as many countries lack suitable data. Intergenera-

tional studies require family data over two generations, but comparisons over time also require observing

di�erent cohorts, while regional comparisons need detailed geographic identi�ers and large samples.

In this paper, we study spatial and temporal trends in intergenerational mobility and related distributional

characteristics in Spain. Combining several data sets, we �rst document long-term trends in educational

inequality, mobility, and assortative mating for cohorts born from the mid-1920s through recent cohorts. To

better understand these national patterns, we study \regional correlates" of mobility in the second part of

the paper. We highlight two main �ndings. First, educational mobility has increased markedly in Spain. The

intergenerational correlation in education has fallen by one third over the past four decades, and these gains

in mobility coincided with reductions in inequality and assortative mating among the same cohorts. Second,

much of the variation in intergenerational correlations { both nationally and regionally, in the cross-section

and over time { can be accounted for by variation in assortative mating. Our contribution is thus twofold: we

provide new evidence on long-run distributional trends in Spain, but also contribute to the broader debate of

what factors drive variation in intergenerational mobility.

The main theme in both national and regional analyses is the strong association between intergenerational

mobility and assortative mating. Conceptually, this link is intuitive: if children’s outcomes are in
uenced by

both parents, mobility will be lower in societies with less socio-economic mixing among spouses (e.g., Blinder

1973; Kremer 1997; Ermisch et al. 2006). However, the strength of this relationship in our data is striking:

nearly half of the variation in intergenerational correlations across regions can be explained by di�erences in

spousal sorting. In addition, assortative mating appears to be a key mediator of the negative association

between cross-sectional inequality and intergenerational mobility, documented across countries (Blanden 2013,

Corak 2013) and across regions within a country (Chetty et al. 2014; Durlauf et al. 2022; Battiston et al.

2025).

To ensure broad coverage over both time and regions, we combine six data sets. Earlier birth cohorts are

covered by the Encuesta Sociodemogr�a�ca (ESD), conducted in 1991. The ESD provides detailed retrospective

information on respondents’ life courses and family backgrounds, and with 157,100 respondents, it o�ers an

unusually large sample. For cohorts born between the early 1950s and the mid-1990s, we use all available waves

(1977-2023) of the Spanish Labor Force Survey (Encuesta de Poblaci�on Activa, EPA). We also incorporate

data from the 2001, 2011, and 2021 Censuses to complement the time analysis and study regional variations.

Finally, we use the Encuesta de Caracter��sticas Esenciales de la Poblaci�on y las Viviendas (ECEPOV) to
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study mobility among the most recent cohorts. Importantly, both the ESD and ECEPOV report parental

education regardless of whether children reside with their parents, allowing us to account for coresidence bias,

a central concern in the related literature (Hilger 2017).

In the �rst part of the paper, we study how (relative) educational mobility and related distributional

characteristics evolved in Spain over the past 70 years. During this period, educational attainment expanded

faster in Spain than in the US or in many other developed countries, as the country underwent major

economic and political transformations. We document that these structural changes were accompanied by

(i) a decrease in educational inequality ; (ii) a strong increase in intergenerational mobility ; (iii) a decrease

in assortative mating. We highlight the potential role of educational reforms in this process, especially the

1970 comprehensive school reform (General Education Law), which coincided with the shifts in sorting and

mobility documented in this study. The intergenerational correlation in schooling was nearly 0.5 in earlier

cohorts, but declined by one-third for cohorts born after 1960, who attended school after the reform.

The assortative patterns are particularly interesting. Consistent with earlier work (Fern�andez et al. 2005),

we con�rm that assortative mating was much stronger in Spain than in other developed countries, with the

spousal correlation in schooling reaching 0.7 for some cohorts. But we also �nd that the degree of sorting

has changed considerably over time { and that spousal sorting decreased in cohorts a�ected by the 1970

comprehensive school reform, who also experienced increasing intergenerational mobility. These �ndings

align with theoretical work that highlights a causal link between assortative and intergenerational mobility.

However, while standard models imply a causal e�ect of assortative mating in the parent generation on

intergenerational mobility of their children (Blinder 1973; Kremer 1997; Ermisch et al. 2006; Nybom et al.

2023), we �nd that the shifts towards greater mobility and less assortative mating occur in the same cohorts.

In the second part of our paper, we study \regional correlates" of mobility. Similar to Chetty et al. (2014),

we divide the data into subprovincial units and major cities to analyze regional disparities in mobility and

investigate the regional factors associated with low or high mobility levels. We �nd large regional di�erences,

with the intergenerational correlation in schooling being 60% larger among cities with low social mobility, such

as C�adiz or Toledo, as compared to cities with high mobility, such as Vigo or San Sebasti�an. Moreover, we

�nd that such regional di�erences are highly persistent over time, not only in terms of the level of schooling,

but also in its distributional properties as captured by the standard deviation, intergenerational correlation,

and spousal correlation in schooling.

However, an explicit treatment of sampling error is crucial to arrive at this conclusion. While simpler

statistics (such as mean schooling) are less sensitive, bivariate associations between \complex" regional

statistics (such as intergenerational correlations) are heavily attenuated by sampling error. Moreover, in

multivariate regressions, sampling error in one variable can contaminate the coe�cients on others. These
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�ndings suggest that the recent literature on regional correlates is biased toward detecting simple correlates

and may miss associations between mobility and more complex regional characteristics. We address this

problem using a split-sample IV estimator and show that it greatly a�ects our �ndings. For example, the

estimated persistence of regional di�erences in assortative mating more than triples when switching from

OLS to a split-sample IV estimator.

We then study the relation between educational expansions and intergenerational mobility. Changes in

the level of schooling are not systematically linked to changes in mobility. However, educational expansions

often coincide with changes in thedispersion of schooling, and we �nd a strong negative correlation between

inequality and intergenerational mobility. This evidence is in line with other recent studies documenting

a negative association between inequality and mobility (dubbed the \Great Gatsby Curve", see Blanden

2013, Corak 2013, Chetty et al. 2014, and Durlauf et al. 2022) across countries, and across regions within a

country (Battiston et al. 2025). Adding to this literature, we show that this relationship holds not only across

cross-sectional snapshots but also over time: conditional on region �xed e�ects, an increase in inequality is

associated with a decrease in intergenerational mobility.

Finally, corroborating the �ndings of our national analysis, we �nd a robust statistical association between

the strength of assortative mating in a region and its intergenerational mobility rate. This relationship is

strong: across regions, nearly half of the variation in intergenerational correlations can be explained by

di�erences in spousal sorting. After correcting for sampling error, a 0.1 increase in the spousal correlation in

schooling among parents is associated with a 0.08 increase in the intergenerational correlation. Variation in

assortative mating, therefore, appears to be a key factor both for understanding changes in mobility over

time (national-level analysis) and di�erences and changes in mobility across regions (regional-level analysis).

It also appears to be a key mediator in the negative association between inequality and mobility (the Great

Gatsby Curve), accounting for half of the strong association between inequality and immobility. Linking

our regional measures to newly released Bayesian estimates of regionalincome mobility (Soria and Medina,

2025), we further show that the same regional patterns hold for income outcomes.

Overall, our evidence is consistent with a vicious cycle in which high inequality, strong assortative mating,

and low mobility reinforce one another. In particular, it suggests that assortative patterns are key to

understanding di�erences in intergenerational mobility across populations; it also implies that assortative

mating and inequality are linked within, not just across generations. These �ndings are relevant for policy, as

assortative mating is potentially malleable by institutional settings; for example, Holmlund (2022b) shows

that a comprehensive school reform reduced assortative mating in Sweden. More generally, our arguments

relate to recent work identifying socioeconomic segregation as a fundamental mechanism underlying the

Gatsby Curve (Durlauf et al. 2022). If segregation fosters assortative matching (Schwartz 2013; Mare 2016),
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policies aimed at reducing segregation should, through their e�ect on spousal sorting, also reduce inequality

and increase mobility.

Related literature. Our results contribute to four distinct literatures. First, studies that track the

long-run trends in intergenerational mobility, such as Hilger (2017), Bailey et al. (2025), and J�acome et al.

(2025) for the US, or Karlson and Landers� (2025) for Denmark. These studies are data-intensive, requiring

researchers to combine estimates from multiple data sets in a consistent manner. To provide such evidence for

Spain, we need to address the potential issue of coresidence bias, which is also an important methodological

concern in Hilger (2017). We discuss the optimal age to measure child education and the trade-o� between

selection and censoring bias that researchers face in this choice. In line with Hilger (2017) and Karlson

and Landers� (2025), we highlight the in
uence of educational reforms on long-run trends in educational

inequality and mobility, but we also emphasize the potential role of assortative mating in both national and

region-level distributional trends.

Second, we contribute to the literature on intergenerational mobility in Spain. Prior research, mainly in

sociology, has focused on trends in occupational or social class mobility over time.1 Evidence oneducational

mobility remains more limited. Major cross-country studies on mobility trends by Hertz et al. (2008) and

Breen et al. (2009) did not include Spain. However, De Pablos-Escobar and Gil-Izquierdo (2016) document

rising educational mobility for cohorts born after 1965, a �nding corroborated by a new Global Database on

Intergenerational Mobility (Van der Weide et al. 2024).2 Our analysis extends this literature in three ways.

First, by combining multiple datasets, we trace mobility trends over a uniquely long horizon, covering cohorts

born from the mid-1920s to the present. Second, large sample sizes allow us to describe regional di�erences

and to pinpoint the magnitude and timing of shifts, especially the strong gains in educational mobility after

the 1970 comprehensive school reform. Third, by tracking the co-movement between mobility and other

distributional trends, on both national and regional levels, we can link rising mobility to a concurrent decline

in assortative mating.3

Third, we contribute to the literature on regional di�erences in intergenerational mobility. Following

Chetty et al. (2014), numerous studies have explored whether such di�erences correlate with other local

characteristics (see Blanden et al. 2023). We add to this literature in three ways. First, using a regional design,

1 Earlier work found no systematic trend for men (Caraba~na-Morales 1999), whereas more recent studies covering a longer
time span �nd an increase in \social 
uidity", the weakening association between parents' and children's social class, particularly
among women (Fachelli and L�opez-Rold�an 2015; Gil-Hern�andez et al. 2017).

2 More generally, most sociological research points to a weakening link between parental background and child education in
Spain (Ballarino et al. 2009; Esping-Andersen and Wagner 2012; Di Paolo 2012; Gil-Hern�andez et al. 2017; Barone and Ruggera
2018; Gil-Hern�andez et al. 2020), although some studies argue that \inequality of educational opportunities" remained fairly
constant (Caraba~na-Morales 2004; Mellizo-Soto 2022).

3 Economic research on Spanish mobility trends is limited. A notable exception is G•uell et al. (2015), whose innovative
surname-based estimator points to declining educational mobility in Catalonia . While seemingly at odds with the �nding of
rising mobility in other studies, we show that part of the increase in mobility { and most of the decline in assortative mating {
occurred in later cohorts not yet covered by the 2001 Census used in G•uell et al. (2015).
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we document a strong link between intergenerational mobility and assortative mating. Di�erences in the latter

can explain much of the variation in mobility, and also account for half of the association between inequality

and mobility across regions. Second, leveraging the long coverage of our data, we show that the negative

relationship between inequality and mobility (the \Gatsby Curve") holds not only in the cross-section but also

when examining changes over time. Third, we make a methodological point, demonstrating that sampling

error distorts the search for regional correlates by biasing di�erent correlates very di�erently, and creating

both attenuation and contamination biases. We address this problem using split-sample IV techniques.

Fourth, we contribute to the literature on assortative mating and its relation to intergenerational mobility.

Standard models imply that spousal sorting reduces mobility and increases inequality in the next generation

(Blinder 1973; Kremer 1997; Fern�andez and Rogerson 2001). However, causal evidence on this question

remains limited due to the lack of exogenous variation in assortative mating.4 We document a strong

co-movement of spousal sorting, educational inequality, and intergenerational mobility in Spain, consistent

with a causal feedback loop between them. The near-simultaneous shifts in assortative mating and inequality

suggest that the causal link may not run solely from spousal sorting to inequality in thenext generation,

as standard models imply, but also from rising inequality to increased sorting within thesame generation

(Fern�andez et al. 2005; Mare 2016). While co-movements on the national level might be a coincidence, we

show that di�erences in spousal sorting also explain much of the regional variation { and regional changes {

in intergenerational mobility. Overall, assortative mating emerges as a key factor in understanding variation

in intergenerational mobility, and the recent rise in educational mobility in Spain appears partly driven by a

marked decline in spousal sorting.

2 A simple model of assortative mating, inequality, and mobility

To help interpret our empirical results, we �rst provide a simple model that links inequality, assortative

mating, and intergenerational mobility. Under standard assumptions, assortative mating increases inequality

and reduces mobility (e.g., Kremer 1997; Nybom et al. 2023). Perhaps less obvious is the possibility of a

reciprocal e�ect of inequality on assortative mating { and therefore mobility. While such a reciprocal e�ect

follows less mechanically, it is also intuitive. Economic considerations may become more salient in spousal

search when inequality is higher (Fern�andez et al. 2005), or inequality may increase segregation (Durlauf and

Seshadri 2018) and reduce the likelihood that individuals with di�erent educational backgrounds meet (Mare

4 As an interesting exception, see Go~ni (2022). Other work decomposes the contribution of spousal sorting to intergenerational
persistence in Germany, the United Kingdom, Denmark, and Sweden (Ermisch et al. 2006; Bingley et al. 2022; Holmlund 2022a);
documents parallel trends in assortative mating and inequality in the United States (Mare 2016); and quanti�es the role of
educational assortative mating in household income inequality in the United States (Breen and Salazar 2011; Greenwood et al.
2014) and across countries (Eika et al. 2019).
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2016).5

To illustrate these ideas, consider an overlapping-generations economy in which individuals form households,

produce children, and transmit human capital to the next generation. Each individual i is endowed with a

scalar trait ei , which corresponds to educational attainment in our application. Education in generationt is

distributed according to ei � Ft (e), with mean � t and variance � 2
t .

Individuals form couples through assortative matching one. Let the degree of assortative mating in

generation t be summarized by a parameter� t 2 [0; 1], where � t = 0 corresponds to random mating and

� t = 1 to perfect assortative mating, such that the expected education of spousej of individual i satis�es

E[ej jei ] = � t + � t (ei � � t ): (1)

Finally, children's education depends on the average of their parents' education and an idiosyncratic

shock:

e0
i = � t

ei + ej

2
+ " i ; (2)

where � t 2 (0; 1) captures the strength of intergenerational transmission in generationt and " i is i.i.d. with

mean zero and variance� 2
" .

The e�ect of assortative mating on inequality and mobility. Under this structure, the variance

of children's education in the next generation is

� 2
t +1 = � 2

t Var
�

ei + ej

2

�
+ � 2

" =
� 2

t (1 + � t )
2

� 2
t + � 2

" ; (3)

and the intergenerational correlation in education between one parent and their child equals

Cov(ei ; e0
i )

Var( ei )
=

� t (1 + � t )
2

: (4)

An increase in assortative mating� therefore increases the intergenerational correlation (i.e., reduces mobility)

and raises inequality in the next generation. These implications follow directly from the assumption that a

child's education depends on the endowment or education of both parents.6

A reciprocal e�ect of inequality on assortative mating. Moreover, there might also be a reciprocal

e�ect from inequality on assortative mating within the same generation. To understand why, suppose

5 As noted by Mare (2016), \ ... inequality has potentially profound e�ects on social organization, lowering the chances that
persons from di�erent socioeconomic strata come in contact with one another, raising the stakes for choosing to associate with
some kinds of people relative to others, and altering the kinds of social arrangements that result ".

6 The implications of human-capital-based assortative matching for income mobility are more nuanced and depend critically
on patterns of labor force participation between spouses, which vary substantially across countries (Holmlund 2022a; Brand�en
et al. 2026).
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that partners derive utility from the sum of their education as well as from an idiosyncratic match-speci�c

component:

Uij = ei + ej + ` ij ; (5)

where ` ij captures non-educational aspects of match quality such as preferences or compatibility (\love").

When educational inequality � t is low, di�erences in years of schooling across potential partners are small.

As a result, idiosyncratic match quality dominates mate choice, and matching by education is relatively weak.

By contrast, when educational inequality is high, di�erences in schooling between potential partners are large,

making partner education a more salient attribute in the marriage market. Individuals then become less

willing to marry partners whose schooling is substantially below their own { assortative mating � t increases.

Fern�andez et al. (2005) develop an equilibrium model of marital sorting that formalizes this mechanism and

generates a positive correlation between sorting and wage inequality.

Alternatively, rather than operating through match utilities, inequality may increase segregation and

reduce the likelihood that individuals with di�erent educational backgrounds meet in the �rst place, increasing

sorting (Mare 2016). Segregation is also shaped by the educational system. For example, rising university

attendance { particularly among women { may increase the probability that university-educated men and

women meet, reinforcing skill sorting (Nybom et al. 2023), while comprehensive school reforms that reduce

educational segregation may weaken assortative mating (Holmlund 2022b).

Dynamics. Together, these mechanisms generate a feedback loop between inequality and assortative

mating, 8
>>><

>>>:

� 2
t +1 = f (� t ; � 2

t );

� t = g(� 2
t );

with f � > 0; g� > 0:

which in turn a�ects mobility. The model thus admits a vicious cycle in which high inequality, strong

assortative mating, and low intergenerational mobility reinforce one another. However, it also implies that

policies a�ecting any of these margins may spill over to the others; for example, a school reform that reduces

educational inequality may, indirectly, weaken assortative mating and increase mobility.

3 Institutional context and data

3.1 Spain's educational system in the 20th Century

The Spanish educational system underwent major transformations in the 20th century, shaped by three

key legislative acts: the Public Instruction Law in 1857 (Ley de Instrucci�on P�ublica ), the General Education
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Law in 1970 (Ley General de Educaci�on, LGE), and the General Organic Law of the Educational System

in 1990 (Ley Org�anica General del Sistema Educativo, LOGSE).7 Preceding our study period, the Public

Instruction Law was introduced to address high illiteracy rates by creating a uniform education system that

made primary education tuition-free and compulsory for children aged 6 to 9. Later reforms introduced a

two-track compulsory school system and raised the compulsory schooling age to 12. A major overhaul came

with the 1970 LGE, which extended compulsory education to age 14 and replaced the two-track system with

a uniform eight-year comprehensive school (Educaci�on General B�asica, EGB ), postponing the choice between

vocational and academic tracks from age 10 to 14. This reform was part of a broader set of comprehensive

school reforms throughout Europe in the 1960s aimed at broadening educational access and promoting

economic growth.8 Finally, the 1990 LOGSE extended compulsory schooling to age 16 and established

a uni�ed structure for compulsory secondary education (Educaci�on Secundaria Obligatoria, ESO). After

completing ESO, students could pursue an academic track (Bachillerato) leading to university or a vocational

track ( Formaci�on Profesional, FP ) providing professional quali�cations. Additional institutional details are

provided in Appendix D.

3.2 Data sources

To provide a comprehensive analysis of educational inequality, mobility, and assortative mating across both

time and regions, we combine six data sources. These data sources have distinct strengths and weaknesses,

allowing us to address potential biases and test the robustness of our results.

First, we use the Encuesta Sociodemogr�a�ca (ESD, Sociodemographic Survey), conducted in 1991 by the

Spanish Statistical O�ce (Instituto Nacional de Estad��stica 1991). We use this retrospective survey to cover

cohorts born between the mid-1920s and early 1960s, and to address key methodological issues that arise in

mobility studies. The ESD o�ers three main advantages. (1) It is representative of the Spanish population

and unusually large for such a detailed survey, with 157,100 individuals (excluding 1,166 foreign-born). (2)

Its retrospective design provides rich life-course data on residential moves, employment histories, and key life

events, such as the age of leaving the parental home or the start and completion dates of each educational

quali�cation. (3) It includes extensive information on family members { parents, siblings, spouses, and

children { independently of the respondent's household composition at the time of the interview. Crucially, it

reports parental education even when respondents no longer lived with their parents, avoiding the coresidence

biases that a�ect many mobility studies (Hilger 2017; Emran et al. 2018; Munoz and Siravegna 2021). This

7 For further information on the legal framework of the Spanish educational system, see \Ley de Instrucci�on P�ublica" , \Ley
General de Educaci�on" (LGE) , and \Ley Org�anica General del Sistema Educativo", LOGSE (in Spanish).

8 For example, see Meghir and Palme 2005 for Sweden, Pekkarinen et al. 2009 for Finland, Aakvik et al. 2010 for Norway, or
Pischke and Manning 2006 for England and Wales.
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makes the ESD a valuable benchmark for assessing such biases in other datasets (see Section 3.4).

Second, we use theEncuesta de Poblaci�on Activa (EPA, Labor Force Survey), a quarterly labor force

survey conducted by the Spanish Statistical O�ce (Instituto Nacional de Estad��stica 2021b). Combining

waves from 1977 to 2023, we can use these data to study cohorts born from the early 1950s to the mid-1990s,

and to cross-check estimates that overlap with the ESD. Unlike the ESD, the EPA is a household survey and

records parental education only for children still living with their parents. A key methodological issue we

address below is whether these co-resident samples are representative of the wider population.

Third, we draw on microdata from the Spanish Population and Housing Censuses for 2001 (5% sample),

2011 (10% sample), and 2021 (10% sample), respectively. We use these data to verify recent trends in

educational inequality, as estimated in the EPA. Moreover, owing to their large size and detailed geographic

coverage, these datasets are ideal for studying regional correlates of inequality and mobility among recent

birth cohorts. Like the EPA, the Census records parental education only for coresident children.

Finally, we use the Encuesta de Caracter��sticas Esenciales de la Poblaci�on y las Viviendas(ECEPOV,

Population and Household Essential Characteristics Survey), a survey that is complementary to the 2021

Census (Instituto Nacional de Estad��stica 2021a). Its main advantage is that it reports parental education

information regardless of the child's coresidence status, allowing us to assess whether our estimates for recent

cohorts are sensitive to coresidence bias. Its main limitations are a smaller sample size and limited information

on respondents' partners' education.

3.3 Variable de�nitions and comparability of sources

Our primary outcome of interest is educational attainment, which o�ers several advantages. It is an

important outcome in its own right and a central mediator of socioeconomic status in standard theories

of intergenerational transmission (Goldthorpe 2014). Moreover, because log earnings are approximately

linear in years of schooling, education-based distributional statistics tend to be a good proxy for those in log

permanent earnings (Kremer 1997).9 Education is typically completed at a young age, reducing exposure to

life-cycle biases. And unlike tax data, it is not a�ected by reporting thresholds or misreporting, and can be

tracked over longer periods. Still, our results regarding educational mobility may di�er from broader trends

in socioeconomic mobility.

In all datasets, the term spouserefers to both marital and cohabiting unions, regardless of whether the

relationship is legally formalized. We measureeducation as the number of years of schooling completed. The

level of detail varies across datasets: the ESD reports speci�c degrees, while the EPA, ECEPOV, and Census

9 In line with this hypothesis, measures of educational and income mobility are closely related; for example, the correlation
between estimates of income mobility and educational mobility is around 0.7 across developed countries (Stuhler 2018).
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provide broader categories that group multiple quali�cations. To ensure comparability across surveys and

cohorts, we adapt the classi�cation scheme of Mart��nez Garc��a (1999) into seven broad education categories

(with assigned years of schooling): Illiterate (1), Literate (3), Primary Schooling (5), Secondary School (8),

Academic high school and professional studies (11), Short college degree (15), and Long college degree (18).

Details are provided in Appendix A.1.

For our regional analysis, we disaggregate our samples using a subprovincial de�nition that separates

all municipalities with at least 100,000 inhabitants in 1991 and aggregates the remaining observations from

each province. For example, in C�adiz province, we distinguish Algeciras, C�adiz, and Jerez de la Frontera,

as well as the rest of the province. This approach allows us to track educational mobility and its regional

correlates consistently for 107 provinces and cities, across our main sources, and covering cohorts born from

the 1930s to the mid-1990s. See Appendix A.2 for a list of included municipalities. In Section 6, we compare

our measures of educational mobility to estimates of income mobility from the \Atlas de Oportunidades"

(Llaneras et al. 2020; Soria and Medina 2025), for 98 provinces and cities that appear in both sources.

3.4 Methodological issues

Our estimates are subject to two key methodological issues: (i) potential \coresidence bias" in the EPA

or the censuses, and (ii) attenuation bias from sampling error when partitioning samples to study regional

correlates. We outline these issues here and provide detailed evidence in the following sections.

Coresidence bias.Many countries lack suitable data sets that track family linkages and socioeconomic

information across generations, complicating the analysis of long-term mobility trends. Instead, researchers

often rely on censuses or household surveys that capture parent-child links only when children still live at

home.10 Examples include Card et al. (2022) on intergenerational mobility in the early 20th-century US

and Derenoncourt (2022) on Black educational mobility between 1940 and 2015. Alesina et al. (2021) and

Mu~noz Saavedra (2021) study mobility trends in Africa and Latin America using harmonized Census data,

while Van der Weide et al. (2024) compile a global mobility database by combining retrospective survey data

on parental education with household surveys of coresident children.

Coresidence restrictions may introduce bias if the mobility patterns of coresident children di�er from

those who have left the parental household. In particular, researchers face a trade-o� between two sources of

bias. Measuring education too early may inducecensoring bias, as some children have not yet completed

schooling, while measuring it later increasesselection bias, since older coresident children constitute a smaller

and potentially more selected group. The direction and magnitude of these biases depend on the age at

10 An alternative strategy is to use names to track intergenerational mobility on the name rather than the individual level;
see Clark (2014); G•uell et al. (2015); Olivetti and Paserman (2015) and Barone and Mocetti (2021) for prominent examples, and
Santavirta and Stuhler (2024) for a survey of the recent literature.
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measurement, context, and the mobility measure used (Emran et al. 2018; Munoz and Siravegna 2021).11

However, coresidence bias is less of an issue in the Spanish context. First, children tend to co-reside

with their parents for longer: 55% of those born in the 1960s and 75% of those born in the 1990s were still

coresident at age 27, compared with only 23% of U.S. children born in 1985 (Lau� and Ingels, 2013). Second,

education in Spain is typically completed earlier: by age 27, 95% of the 1960 cohort and 86% of the 1980

cohort had �nished schooling.12 Moreover, the ESD and ECEPOV record parental education regardless

of household composition, allowing us to assess coresidence bias directly. Using the ESD, we show that

measuring education around age 27 minimizes the combined impact of censoring and selection bias (Appendix

B). Consistent with this claim, ECEPOV estimates are similar whether or not we restrict the sample to

coresident households, and results are robust to applying the bias-correction method of Hilger (2017).

Sampling error. A second methodological issue arises when studying mobility at the regional level.

Although our data sources are large, sampling error becomes a concern when disaggregating data into many

regions. While not biasing the mobility statistics themselves, sampling error attenuates the associations

between mobility and other regional statistics (\regional correlates"). In Section 5, we show that this bias

can be sizable, even in large data sources such as the Census. More critically, its magnitude varies depending

on the correlate of interest: the bias is much larger for \complex" measures, such as spousal correlations,

than for simpler ones, such as mean schooling. Moreover, in multivariate regressions, sampling error can

introduce \contamination bias" that in
ates some coe�cients (van Huizen et al. 2024). To remove bias from

sampling error and provide reliable evidence on regional correlates, we employ a two-sample IV strategy.

4 National level and trends

In this section, we analyze the evolution of educational inequality in Spain over the past 70 years. Our

analysis covers cohorts born in the mid-1920s, who attended primary school during the Second Spanish

Republic (1931-1939), through those born in the mid-1990s, who completed their education in recent years.

We study educational mobility, measured by the intergenerational correlation (IGC) and regression coe�cient

(IGR) in years of schooling, but also educational inequality and spousal sorting. We show that trends

in inequality, sorting, and mobility are closely linked, consistent with the idea that the former are key

determinants of the latter { a hypothesis explored further in Section 5.

11 The literature on long-run income mobility faces similar methodological challenges, including linking errors, representative-
ness concerns, and comparability across time; see Abramitzky et al. (2025) for a review.

12 Author's calculations from the EPA.
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4.1 Trends in educational attainment and inequality

Spain experienced a steady rise in educational attainment throughout the 20th century, mirroring trends

in other advanced economies. Figure 1a shows the average years of schooling at age 27 for cohorts born

between 1925 and 1996. The 1925 cohort averaged only 4.5 years of education, less than a completed primary

education. Although the reorganization of the education system under Franco's regime following the Spanish

Civil War (1936-1939) delayed improvements that would otherwise have occurred earlier (Grebol and Navarro

2025)13, educational attainment increased gradually for cohorts born from the 1940s onward. By the 1975

cohort, average schooling exceeded 11 years, corresponding to upper-secondary education. Attainment stalled

for cohorts born in the late 1970s and early 1980s before resuming its upward trajectory, with early 1990s

cohorts attaining an average of 13 years of schooling.14

To assess changes in education inequality over time, we use the coe�cient of variation (CV, Atkinson

1970) as our main measure of dispersion. Figure 1b shows that the CV remained relatively stable for cohorts

born before 1960, educated under the two-track school system.15 Inequality then fell sharply for cohorts born

after 1960, who were subject to the comprehensive school reform of 1970. Rising attainment coincided with a

more compressed distribution of outcomes, leading to a marked decline in educational inequality.

These �ndings are robust across our (harmonized) data sources. The ESD and EPA report similar levels

and trends for cohorts born in the 1950s, with relatively stable CV levels (Figure 1b) and rising standard

deviations (Figure C2a) until the 1960 cohort, followed by a decline in educational inequality. The ESD

shows a sharper drop, likely due to its more detailed reporting of educational categories around the 1970

educational reform (see Section 3.1). A similar di�erence is apparent in other mobility measures discussed

below. For later cohorts, estimates align closely across sources.

While other countries also saw rising attainment, Spain's progress was especially pronounced. Using

data from Barro and Lee (2013) to compare the evolution of schooling in Spain and the United States, US

attainment was much higher for cohorts born between 1925 and 1950, but the gap narrowed considerably

for later cohorts (see Figure C3). A key driver was rising female attainment (Figure C4a). Women, who

averaged half a year less schooling than men in the early 20th century, overtook men in the 1960s cohorts,

with the gap exceeding one year for recent cohorts.16

13 Following the Spanish Civil War, the regime dismissed about 10% of primary teachers as part of an ideological purge,
reversing education e�orts undertaken by the Second Spanish Republic (1931-1939). Dismissal rates were even higher at upper
levels of the education system (e.g., 23% for full professors). Although the consolidation of the regime delayed progress for nearly
a decade, legal changes in 1945 extending compulsory schooling to age 12 eventually raised attainment levels.

14 Throughout this period, \dependent" children residing in the parental household at age 27 had higher average schooling
than \independent" children living outside (Figure C1).

15 During this period, the standard deviation of schooling increased proportionally with average attainment (Figure C2a),
such that the CV remained stable.

16 Educational inequality, as measured by the CV, follows similar trends for both genders (Figures C4b), though the post-1970
reform decline is slightly more pronounced for women. Trends in the standard deviation of schooling by gender are reported in
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Figure 1. Trends in educational attainment in Spain

(a) Average years of schooling

(b) Coe�cient of variation in years of schooling

Notes: Average years of schooling and coe�cient of variation (CV) at age 27 for cohorts born 1925-1996. Years of schooling are
harmonized across six data sources (ESD, EPA, ECEPOV, and the 2001, 2011, and 2021 Censuses), see Appendix A.1. For
ECEPOV, separate measures are shown for dependent children living with their parents ( dep) and for the full sample ( all ).

Figure C2b.
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4.2 Trends in intergenerational mobility

Our main measure of relative mobility is the intergenerational correlation (IGC) between children's and

fathers' years of schooling,yi and yp
i .17 We also report the intergenerational regression coe�cient (IGR),

estimated as the slope coe�cient in a regression of child schooling on paternal schooling. The two measures

are thus related by:

IGR = IGC �
SD(yi )
SD(yp

i )
; (6)

where SD(yi ) and SD(yp
i ) are the standard deviations of child and father schooling, respectively. The IGC

and IGR are the most popular measures to study educational mobility in the economic literature. They can

be interpreted as linear approximations to the conditional expectation of children's with respect to parental

education, which is indeed approximately linear in Spain (see Figure C5).18 Although both measures are

complementary, we prefer the IGC for studying long-run trends since it tends to be less volatile and depends

less mechanically on changes in dispersion during periods of educational expansion (Hertz et al. 2008). We

minimize coresidence bias by measuring children's education at age 27 (see Section 6.1 and Appendix B)

and show that estimates from co-resident samples (e.g., Census) closely match those obtained from sources

covering all children (e.g., ECEPOV).

Figure 2a shows the time trend in the IGC from cohorts born in 1925 until cohorts that recently completed

education. Educational mobility remained relatively stable during the �rst half of the analysis period: the

IGC hovered between 0.45 and 0.50 for cohorts born between 1925 and 1960, with minor 
uctuations that also

re
ect sampling error. The IGR (Figure 2b) rose slightly over the same period, from 0.50 for the 1925 cohort

to 0.60 for late-1950s cohorts, consistent with the rising dispersion of schooling (Figure C2a). Compared to

other Western European countries, Spain thus had low educational mobility; for instance, Hertz et al. (2008)

report an average IGC of 0.39 for 1950s cohorts in Western European countries, while Van der Weide et al.

(2024) report an average IGR of 0.37 in high-income countries.

However, from around the 1961 cohort onward { the �rst a�ected by the 1970 comprehensive school reform

{ mobility increased markedly. The IGC declined from 0.47 for the 1960 cohort to 0.35 for the 1995 cohort;

the IGR dropped even more sharply, from 0.57 to 0.33. Notably, this large gain in educational mobility

(reduced persistence) unfolded over nearly four decades, spanning the �nal years of Franco's regime, Spain's

democratic transition, and its admission to the European Union in 1986, and into the present.

17 We focus on fathers' rather than the mothers' or average parental education because mothers' educational attainment was
low among earlier cohorts. This choice has limited consequences: Bingley et al. 2022 �nd that father-child and mother-child
correlations are empirically similar because the parent-speci�c contributions to intergenerational transmission are small and
symmetric. Consistent with De Pablos-Escobar and Gil-Izquierdo (2016), we �nd that mother-child correlations are smaller than
father-child correlations in Spain but follow similar trends.

18 An alternative approach is to focus on speci�c educational thresholds, but this is less appropriate for analyses covering
long time spans, as completion rates increase markedly over time.
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Figure 2. Trends in intergenerational educational mobility in Spain

(a) IGC in education

(b) IGR in education

Notes: Three-year moving average of the intergenerational correlation (IGC) and regression coe�cient (IGR) in years of schooling,
measured at child age 27. Years of schooling are harmonized across six data sources (ESD, EPA, ECEPOV, and the 2001, 2011,
and 2021 Censuses). For ECEPOV, separate estimates are shown for dependent children living with their parents ( dep) and for
the full sample ( all ).
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Our �nding of increasing educational mobility is consistent across data sources and alternative mobility

measures. ESD and EPA track similar declines, though EPA levels are slightly higher. EPA estimates align

closely with the point estimates from the Censuses and ECEPOV, reinforcing the conclusion that coresidence

bias is limited. Mobility trends are also robust to the age at measurement (trends at ages 24 and 30 are

similar, see Figures C6 and C7), to the coding of parental education, and to the use of alternative mobility

measures.19

Our �nding of a decline in educational persistence for cohorts a�ected by the 1970 LGE reform may be

surprising, as the reform's e�ect on inequality and mobility has been contested. Recently, Espadafor and

Garc��a-Sierra (2025) found no signi�cant di�erences in the extent to which children from high- and low-SES

families bene�ted from the reform. One potential explanation for the divergence from our results is the larger

sample sizes in our data sources, which allow us to trace mobility trends with greater precision.20 Another is

the longer time horizon of our analysis, which can reveal more gradual changes in persistence.

The decline in educational persistence in Spain mirrors, but exceeds, global trends. Van der Weide et al.

(2024) report that persistence fell only modestly in high-income countries { on average, the IGR fell from 0.37

for cohorts born in the 1950s to 0.33 for those born in the 1980s. And while comprehensive school reforms

have reduced persistence in other countries (e.g., Holmlund 2008; Meghir and Palme 2005), the magnitude

of change in Spain is striking: between the 1950s and 1980s cohorts, the IGR fell by 0.24 points, about six

times the 0.04-point decline observed in the high-income countries considered by Van der Weide et al. (2024),

aligning Spain's mobility levels closer to those observed in other European countries.21

We thus �nd that both educational inequality (Figure 1b) and persistence (Figure 2a) fell for cohorts

a�ected by the 1970 comprehensive school reform, and continued to improve in subsequent decades. A similar

association between inequality and mobility trends (\Great Gatsby Curve over time") has been found in

other contexts, including the US (Battiston et al. 2025) and historical China (Shiue 2025). In Section 5.2, we

show that it holds across Spanish regions as well, both in levels and changes, consistent with the theoretical

link between inequality and mobility (Section 2).

Figure 3 shows that while the pre-reform levels were similar, the subsequent decline in educational

persistence was more pronounced for women than men. Among recent cohorts, women's mobility exceeds

19 In our baseline speci�cation, we focus on the father's education, as the mother's education was very low in earlier cohorts.
If we use the highest parental education instead, the IGC remains the same for earlier cohorts (when the maximum is typically
the fathers' education) but exhibits a 
atter post-1960 decline (Figure C8a). The time trend remains very similar when using
Spearman's rank rather than Pearson's correlation coe�cient (Figure C8): while the rank correlation is slightly lower, it closely
tracks the IGC over time, suggesting that the observed trend is not driven solely by changes in marginal distributions.

20 Based on data from the Survey of Health, Ageing and Retirement in Europe , the analysis sample in Espadafor and
Garc��a-Sierra (2025) includes 2,072 observations for cohorts 1953-1963, compared with 29,849 observations in the ESD and
35,375 in the EPA for the same cohorts.

21 Karlson and Landers� (2025) document a similarly strong increase in educational mobility in Denmark, where major
school reforms bene�ted children from disadvantaged backgrounds. They further show that college expansions reduced mobility,
a pattern not { at least so far { evident in Spain.
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Figure 3. Trends in the intergenerational correlation in education in Spain by gender

Notes: Three-year moving average of the intergenerational correlation (IGC) for male (black) and female children (orange),
based on child schooling at age 27 and father's schooling for the parent generation. Years of schooling are harmonized across six
data sources (ESD, EPA, ECEPOV, and the 2001, 2011, and 2021 Censuses). For ECEPOV, separate estimates are shown for
dependent children living with their parents ( dep) and for the full sample ( all ).

men's by about 0.05. The IGR exhibits a similar post-reform pattern.22 This gender divergence is consistent

with prior sociological evidence documenting larger mobility gains for Spanish women born after 1970 and a

weakening of the link between social background and educational attainment (Gil-Hern�andez et al., 2017).23

4.3 Trends in assortative mating

A key factor in
uencing intergenerational mobility is assortative mating. When spouses sort on education,

children are exposed to the combined advantages or disadvantages of both parents rather than mixed parental

backgrounds, decreasing mobility, and increasing inequality (see Section 2). However, there exists little

systematic evidence on how assortative mating has changed over time. To provide such evidence for Spain,

we measure assortative mating as the spousal correlation in years of schooling, as is standard in the literature

(Greenwood et al., 2014; Eika et al., 2019; Gihleb and Lang, 2020).24 To ensure that most spousal links have

formed, we measure the spousal correlation when at least one partner is aged 35, but results remain similar if

22 The IGR rose strongly for women for the 1925-1960 cohorts (Figure C9), re
ecting increasing variance in women's
educational attainment (Figure C2b).

23 Gil-Hern�andez et al. (2017) apply the decomposition method proposed by Breen (2010) to quantify the contribution of
di�erent associations to observed trends in social mobility.

24 Evidence from extended kins suggests that the spousal correlation in schooling understates the strength of assortative
mating in the population (Collado et al. 2023). However, our interest here is not in levels but in changes over time.
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Figure 4. Trends in assortative mating in education in Spain

Notes: Three-year moving average of the spousal correlation in years of schooling, for pairs in which at least one partner is aged
35. Years of schooling are harmonized across �ve data sources (ESD, EPA, and the 2001, 2011, and 2021 Censuses).

measured at ages 30 or 40 (see Figure C10).

Figure 4 shows the evolution of assortative mating in Spain across cohorts. Spousal sorting was remarkably

strong for cohorts born in the 1950s and early 1960s, with correlations in years of schooling of around 0.62 in

the ESD and 0.66 in the EPA. The �nding of comparatively strong sorting aligns with previous studies. In

particular, Fern�andez et al. (2005) report a spousal correlation of 0.69 for Spain, compared to correlations

between 0.4 and 0.6 for other European countries.25

However, assortative patterns have changed signi�cantly over time. Spousal correlations were lower for

earlier cohorts, rose signi�cantly for those born in the 1930s and 1940s, and then stabilized at high levels.

After decades of strong sorting in education, the spousal correlation began to decline for cohorts born in the

early 1960s, and especially those born in the late 1960s and early 1970s.26 For the most recent cohorts, the

spousal correlation is about 0.55, closer to levels observed in other European countries.

25 Fern�andez et al. (2005) use the 1990 Expenditure and Income Survey from INE, restricting the sample to men aged
36-45 (born 1945-54). Using the 2001 Spanish Census, Esteve and Cortina (2006) also �nd high levels of assortative mating
across cohorts born between 1920 and 1969, and Tolstova (2021) con�rm that Spain had higher spousal correlations than other
developed countries.

26 The rise in assortative mating following the expansion of female education for earlier cohorts (see Figures C2b and C4a) is
consistent with models in which education expansion enlarges e�ective marriage markets and intensi�es sorting on educational
attainment (Nybom et al. 2023). For these cohorts, the relevant margin corresponds to access to secondary schooling. In
contrast, for later cohorts, the 1970 comprehensive school reform reduced educational segregation; such reforms are associated
with a weakening of assortative mating (Holmlund 2022b). In Spain, the decline of gender-segregated schools in the 1970s also
increased early-life interaction across tracks and genders, likely contributing to a shift in match formation toward non-educational
attributes such as preferences or compatibility (see Section 2).
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Interestingly, this decline in assortative mating coincides with reductions in educational inequality and

intergenerational correlations, as shown in Figures 1 and 2. While this parallel evolution of key distributional

statistics is in line with theoretical priors (Section 2), co-movements on the national level might be coincidental

rather than causal. In the next section, we study regional di�erences and changes to con�rm a robust

association between assortative mating and other distributional characteristics.

5 Regional correlates

We next examine how intergenerational mobility varies across Spanishregions. While such regional patterns

are interesting in their own right, our main goal is to show how mobility relates to other distributional

characteristics, such as the strength of assortative mating. Following an approach pioneered by Chetty et al.

(2014), we correlate our mobility measures with other local characteristics (\regional correlates"). Using the

broad time span of our data allows us to study not only cross-sectional variation but also changes over time.

Speci�cally, we estimate equations of the form

yrt = � t + �x rt + " rt (7)

where yrt and x rt are regional statistics for region of birth r and cohort t, with r de�ned at a subprovincial

level, distinguishing 107 regions and cities (see Section 3.3). To probe whether a causal interpretation is

plausible, we also estimate �rst-di�erence versions of equation (7) that abstract from persistent regional

characteristics (i.e., region �xed e�ects).

For this analysis, we use the Encuesta Sociodemogr�a�ca (ESD) and the 2001-2021 Censuses.27 The ESD

reports parents' education regardless of coresidence, and allows us to compile decadal regional statistics for

cohorts born in the 1930s-1960s (up to 1965, as we restrict the sample to individuals aged 26 or older at

the survey date). In addition, we compile regional statistics from the 2001, 2011, and 2021 Censuses, which

report parental education only for coresident children. As already mentioned (and discussed further in Section

6.1), coresidence bias can be minimized by measuring education around age 27; to increase sample size, we

include children aged 26-28. Thus, in the ESD, the indext refers to decades, while in the Census it refers to

three-year birth groups.28

We �rst study whether educational expansions { gains in the average level of schooling { are associated

with changes in intergenerational mobility. They are, but the sign of this relationship depends critically on how

educational expansions a�ect inequality: mobility tends to increase when expansions compress the schooling

27 We do not use EPA for this analysis due to its less detailed geographic information.
28 Speci�cally, we distinguish cohorts born in the 1930s, 1940s, 1950s, 1960-1965 (ESD), 1973-75 (Census 2001), 1983-85

(Census 2011), and 1993-95 (Census 2021). The intervals between each \period" t are therefore roughly one decade.
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distribution (as in comprehensive school reforms, Section 4.2) but falls when they widen inequality. This

pattern is in line with the observation that more unequal regions tend to have lower mobility, a relationship

that also holds in Spain (the \Great Gatsby Curve", Section 5.2). We add to this literature by showing that

the link between inequality and mobility holds not only in the cross-section, but also when studying changes

over time.

We then show that assortative correlations are highly predictive of intergenerational mobility (Section 5.3):

regions with stronger parental sorting exhibit lower mobility. Again, this relationship holds not only in the

cross-section, but also in changes, when abstracting from time-invariant regional di�erences. As a qualitative

�nding, this association is unsurprising given the conceptual link between parental sorting and mobility

(Section 4.3), though we are not aware of prior region-level evidence on this question. What is striking,

however, is its strength: in the 2021 Census, nearlyhalf of the variation in intergenerational correlations can

be explained by di�erences in assortative mating. For example, the average intergenerational correlation of

regions in the top decile of spousal sorting is around 0.38, compared to just 0.26 in the bottom decile { or

nearly 50% higher.

Moreover, regional di�erences in assortative mating also turn out to be a key mediator, explaining almost

half of the well-documented association between inequality and immobility (the \Great Gatsby Curve") across

regions. Taken together, our evidence points to a potential vicious cycle: higher inequality results in stronger

spousal sorting, which lowers mobility and, in turn, feeds back into higher inequality.

Before turning to these substantive questions, we show that sampling error is a key methodological

issue for studying regional correlates (Section 5.1). Previous work highlights that subnational mobility

estimates can be quite noisy (Durlauf et al. 2022, Mogstad et al. 2023). Although sampling error in the

dependent variableyrt in eq. (7) does not bias our coe�cient estimates, error in the regressorx rt introduces

attenuation bias. Crucially, sampling error a�ects di�erent regional correlates di�erently, as more \complex"

statistics (e.g., assortative mating) are measured less precisely than simpler ones (e.g., average schooling). In

multivariate regressions, sampling error can also introduce an upward \contamination" bias. To capture the

true magnitude of regional correlates, we use a split-sample instrumental variable technique (Fuller, 1987),

showing that it produces dramatically di�erent estimates.

5.1 Regional patterns and sampling error

Spain has large regional imbalances in educational attainment. Despite rapid nationwide gains in schooling

(see Figure 1a), those relative gaps have remained remarkably stable throughout the 20th century. For

illustration, Figure 5a shows that for cohorts born in the 1950s, secondary school attendance was below

20% in Andaluc��a but reached nearly 80% in Madrid and provinces in the North-East. Comparing average
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Figure 5. Regional di�erences in schooling levels and mobility

(a) Secondary school attendance (1950-59 cohorts)

(b) Intergenerational correlation in schooling (2021 Census)

Notes: Panel (a) shows the share of students born in the 1950s who attended secondary school across 107 regions and cities
(ESD). Panel (b) shows the intergenerational correlation in years of schooling for children born 1993-95 (2021 Census).

21



Table 1. Regional persistence in educational distributions

yrt = Mean(edu) yrt = SD(edu) yrt = IGC (edu) yrt = AM (edu)

(1) (2) (3) (4) (5) (6) (7) (8)

yrt � 1 0.768*** 0.822*** 0.452*** 0.618*** 0.285*** 0.705*** 0.204*** 0.725***
(0.018) (0.024) (0.029) (0.063) (0.035) (0.160) (0.041) (0.271)

Split-IV - X - X - X - X
N 637 623 636 618 631 612 626 610
R2 0.950 . 0.672 . 0.301 . 0.267 .

Notes: Coe�cient estimates from regressions of the indicated regional statistic (mean, SD=standard deviation,
IGC=intergenerational correlation, and AM=spousal correlation in years of schooling) on decadal lags and time �xed ef-
fects. ESD and 2001, 2011, and 2021 Censuses, 107 regions.

schooling for cohorts born in the mid-1990s (2021 Census) with those born in the 1950s (ESD), Figure 6a

shows that these disparities endured. Cities like M�alaga or Sevilla had consistently low levels of educational

attainment, while Barcelona or Bilbao have among the highest levels of attainment.

To study these patterns more systematically, Table 1 reports the coe�cient from a regression of the

speci�ed regional statistic yrt { the mean, standard deviation, intergenerational correlation, or spousal

correlation in years of schooling { on their lagged value from the previous decade (i.e.,x rt = yrt � 1). As

described earlier, we distinguish 107 regions (Figure 5), using the ESD for earlier cohorts and the 2001, 2011,

and 2021 Censuses for later ones. Column 1 shows that di�erences in average education are highly persistent,

with a slope coe�cient of �̂ = 0 :768 and anR2 of nearly one. In contrast, di�erences in educational inequality,

here measured as the standard deviation of years of schooling, appear far less persistent (�̂ = 0 :452; column

3). However, this partly re
ects that in small samples, the standard deviation is estimated less accurately

than the mean, leading to more substantial attenuation bias.

Put di�erently, our statistics x rt are generated regressors that capture both true regional variation and

noise from sampling variability. To isolate the former, we implement a simple split-sample procedure (e.g.,

Goldschmidt and Schmieder 2017). Speci�cally, we divide the sample into two randomly drawn groups

(strati�ed by gender, year of birth, survey, and region) and estimate x rt separately for each, labeledx rt; 1

and x rt; 2. We then regressx rt; 1 on x rt; 2 (\�rst stage"). If there were no sampling or measurement error, the

slope coe�cient �̂ �rst from this regression should be close to one; in contrast, ifx rt re
ects only noise, the

coe�cient should be near zero.

Our results con�rm substantial variation in precision across the di�erent indicators. For mean education

levels, regressingx rt; 1 on x rt; 2 yields a coe�cient close to one (�̂ �rst = 0 :96). For the standard deviation of

schooling, this �rst-stage coe�cient is much smaller ( �̂ �rst = 0 :67), re
ecting that standard deviations are less

precisely estimated in small samples than means. The in
uence of sampling error is even more pronounced for

\complex" regional statistics such as the intergenerational correlation (�̂ �rst = 0 :31) or the spousal correlation
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in years of schooling (̂� �rst = 0 :26).

Studies searching for \regional correlates" are therefore prone to attenuation bias from sampling error,

and the extent of this bias will vary across indicators and data sources. For example, �rst-stage coe�cients

are higher in the larger Census data than the ESD, and especially so for the more complex regional statistics

such as the assortative correlation (̂� �rst = 0 :39 in Census vs.�̂ �rst = 0 :02 in ESD). Unless based on very

large samples, studies may therefore miss correlational patterns in less precisely estimated indicators.29

To correct for sampling error, we use a split-sample IV estimator, regressing the statistic of interest on

x rt; 1, using x rt; 2 as an instrument. As expected, the resulting slope coe�cients� SSIV are systematically

larger than the naive OLS estimates� OLS , but the magnitude of the increase varies strongly across indicators.

Persistence rises only slightly for mean education (column 2 of Table 1), but more substantially for educational

inequality (column 4). Still, even after accounting for measurement error, we �nd that regional di�erences in

educational levels are more persistent (̂� SSIV = 0 :82) than di�erences in dispersion (�̂ SSIV = 0 :62).

Regional di�erences in intergenerational (columns 5-6) and assortative correlations (measured in the

parent generation, columns 7-8) are also quite persistent, once sampling error is taken into account. The lag

coe�cient for the intergenerational correlation increases by nearly 150%, from�̂ OLS = 0 :29 to �̂ SSIV = 0 :71.

The increase is even more dramatic for the assortative correlation, which more than triples from̂� OLS = 0 :20

to �̂ SSIV = 0 :73. Figure 6b illustrates that regional di�erences in assortative mating remain highly persistent

in recent Census data: estimated spousal correlations for each municipality in the 2011 Census align closely

with those in the 2001 Census.

Below, we show that these enduring gaps in the strength of assortative mating help explain why some

regions exhibit higher educational mobility than others.

In sum, we observe strong regional di�erences not just in the average level of education, but also in

inequality, mobility, and assortative measures. Those regional di�erences are highly stable over time. We

next explore how these regional characteristics are interrelated, highlighting the importance of accounting for

sampling error to capture those \regional correlates".

5.2 Educational expansions and the \Great Gatsby Curve"

Spain experienced rapid educational expansions during the 20th century, especially for cohorts born after

1940 (see Figure 1a). An interesting question is whether such expansions have strengthened social mobility,

possibly explaining the large drop in intergenerational correlations in Spain in recent decades (Figure 2a). To

explore this, we �rst examine whether regional di�erences in schooling levels correlate with di�erences in

29 The in
uential study by Chetty et al. (2014) is less a�ected, as their core sample contains nearly 10 million children across
741 commuting zones (though fewer than 250 children are observed in 32 commuting zones).
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Figure 6. Persistence of regional patterns

(a) Persistence of regional gaps in education (b) Persistence of assortative correlations

Notes: Panel (a) compares mean years of schooling for cohorts born in the 1950s (ESD) and those born in 1993-95 (aged 26-28
in the 2021 Census). Panel (b) compares spousal correlations in years of schooling for cohorts born 1973-77 (aged 34-38 in the
2011 Census) and 1983-87 (2021 Census) across 107 regions. The size of each circle is proportional to the number of underlying
observations in the 2021 Census (only regions with n > 50 plotted).

intergenerational mobility. We then use the long time span of our data to study whether regionalexpansions

of schooling can explain changes in mobility over time.

Table 2 summarizes our �ndings. The averagelevel of education in the parent generation has a small

positive association with the intergenerational correlation (column 1), but this association reverses sign once

we control for the parental standard deviation of schooling (column 2). By contrast, this standard deviation

shows a strong and robust positive association with intergenerational correlations. This association becomes

even more pronounced when using a split-sample estimator to address sampling error (column 3). While

Table 2 pools all cohorts, Figure 7 illustrates this pattern for more recent cohorts using the 2021 Census.

The intergenerational correlation in years of schooling is nearly 50% larger in the municipalities with the

greatest educational inequality (such as C�ordoba) compared to those with the lowest dispersion in education

(such as Legan�es). We �nd similarly strong associations in the ESD and earlier censuses.

This positive association between educational inequality and intergenerational persistence aligns with

previous research linking inequality and mobility across countries, both for income (Corak 2013) and education

(Blanden et al. 2023). Known as the \Great Gatsby Curve", this pattern has also been documented across

regions within country (e.g. Chetty et al. 2014; G•uell et al. 2018) and over time (Ward 2023; J�acome et al.

2025). Theoretically, a causal link between inequality and immobility may operate in both directions. On the
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Table 2. Educational expansion and intergenerational mobility

Dependent variable: yrt = IGC (edu)
Levels Changes

(1) (2) (3) (4) (5) (6)

Mean(edufather ) 0.020*** -0.017*** -0.034*** 0.036*** -0.006 0.049
(0.002) (0.004) (0.007) (0.009) (0.010) (0.039)

SD(edufather ) 0.081*** 0.123*** 0.067*** 0.195***
(0.006) (0.011) (0.010) (0.043)

Split-IV - - X - - X
Observations 739 739 723 631 631 615
R2 0.270 0.438 . 0.085 0.163 .

Notes: Coe�cient estimates from regressions of the intergenerational correlation (IGC) in years of schooling on the mean and
standard deviation of fathers' schooling and time �xed e�ects. Columns 1-3 are estimated in levels using decadal data, columns
4-6 are estimated in �rst (decadal) di�erences. Data sources: ESD and the 2001, 2011, and 2021 Censuses, covering 107 regions.
Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p< 0.1.

one hand, greater immobility will mechanically increase inequality in the child generation (Berman 2021;

Durlauf et al. 2022). On the other hand, greater socio-economic inequality in the parent generation may lead

to more unequal investments in child education (e.g., Blanden et al. 2023), reinforcing persistence.

Our evidence contributes to this literature in two ways. First, we con�rm that an educational Great

Gatsby Curve also holds across regions in Spain, corroborating the view that this relationship is systemic

rather than incidental. Second, and more importantly, we can use the long time span of our data to study

whether this relationship also holds when consideringchangesover time, abstracting from time-constant

di�erences between regions. We �nd that the relationship between inequality and immobility is similarly

strong in changes (columns 5-6 of Table 2) as in levels: regions experiencing rising educational inequality tend

to see an increase in the intergenerational correlation (i.e., a decline in educational mobility), and vice versa.

Comparable evidence on such \temporal Great Gatsby Curves" is still scarce, as noted by Durlauf et al.

(2022) in their comprehensive review of the literature. As important exceptions, Brand�en (2019) provides

detailed evidence on the Great Gatsby Curve in both levels and changes in Sweden, while Battiston et al.

(2025) relate changes in income inequality to changes in intergenerational income mobility across US counties.

We �nd a pronounced temporal Great Gatsby Curve in education for Spain. In addition, we highlight that

its strength { especially of its temporal version that di�erence out time-constant regional factors { becomes

much more pronounced when correcting for sampling error (see columns 3 and 6 in Table 2).

Once inequality is held constant, educational expansions { as measured by changes in the average level of

education { show no systematic relationship with changes in intergenerational mobility (columns 5 and 6).

Our �ndings thus suggest that the e�ect of educational expansions on social mobility hinges primarily on

whether they widen or narrow the dispersion in educational outcomes, which in turn depends on where in the
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Figure 7. The \Great Gatsby Curve" in education

Notes: Parent-child correlation and standard deviation of fathers' years of schooling by region, 2021 Census. The size of each
circle is proportional to sample size (only regions with n > 50 plotted). The black line is a local polynomial �t.

educational distribution the expansion occurs.30 Expansions that reduce inequality in the parent generation

tend to be followed by mobility gains.

This link between inequality and immobility may also explain the trends in intergenerational mobility in

Spain during the second half of the 20th century (Figure 2a). While average schooling increased steadily

(Figure 1a), dispersion �rst remained steady or increased, then fell sharply following the 1970 comprehensive

school reform (Section 3.1), while intergenerational mobility increased. Overall, the pattern in Spain seems

to be in line with evidence that comprehensive school reforms increased mobility in other countries (e.g.,

Meghir and Palme 2005 for Sweden or Pekkarinen et al. 2009 for Finland).

5.3 Assortative mating, inequality and mobility

Assortative mating in education has changed greatly over time in Spain. Could the decline in spousal

sorting among cohorts born after 1960 (Figure 4) explain declining educational inequality and rising mobility

among the same cohorts?31 A co-movement between these distributional characteristics at the national level

could be coincidental rather than causal. To provide more targeted evidence, we study whether regional

30 For example, Manzano et al. (2024) show that in Spain, the expansion of secondary education initially increased inequality
in tertiary attainment, but later reduced it as the expansion progressed.

31 Notably, a co-movement in the national trends of assortative mating and inequality has also been observed in the United
States (Mare 2016).
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Figure 8. Assortative mating, inequality and intergenerational mobility

(a) Assortative mating and inequality

(b) Assortative mating and intergenerational mobility

Notes: Standard deviation of fathers' years of schooling, intergenerational correlation, and assortative correlation in parents'
schooling by region, 2011 and 2021 Census. Circle size is proportional to sample size (only regions with n > 50 plotted).

di�erences in the strength of assortative mating correlate with regional di�erences in inequality and mobility,

and whether regionalchangesin sorting are linked to changes in inequality and mobility.

Figure 8 shows that assortative correlations are indeed a strong predictor of di�erences in educational

inequality and persistence across regions. Figure 8a shows a strong positive relationship between assortative
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mating in the parent generation and the standard deviation of fathers' years of schooling. We observe a

strong and highly signi�cant positive correlation ( p < 0:001) in both the 2011 and 2021 censuses. Regions

with high educational inequality, such as Sevilla or M�alaga, also tend to exhibit strong spousal sorting. Thus,

assortative matching is closely related to cross-sectional inequality.

Figure 8b illustrates that assortative mating is also closely linked to intergenerational (im-)mobility. The

strength of this relationship is striking: across regions, nearlyhalf of the variation in intergenerational

correlations can be explained by di�erences in assortative mating, even if sampling error is not yet accounted

for. In both Censuses, a 0.1 increase in the assortative correlation in parents' years of schooling is associated

with a 0.06 rise in the intergenerational correlation.

As discussed in Section 2, a causal link between inequality and assortative mating could operate in both

directions. Greater inequality may lead to stronger spousal sorting (inequality! sorting). Stronger sorting

among parents, in turn, may increase inequality among their children (sorting! inequality). This latter e�ect

of sorting on inequality follows naturally from standard models of intergenerational transmission: assortative

mating leads to a more unequal distribution of parental advantages across households, thereby increasing

inequality in the next generation (Blinder 1973; Kremer 1997; Fern�andez and Rogerson 2001; Ermisch et al.

2006).32 A reciprocal e�ect of inequality on assortative mating follows less immediately, but Durlauf and

Seshadri (2018) note that \there are good reasons to believe that greater inequality [...] increases segregation",

and segregation makes it more likely for people to marry within their \own type" (Mare 2016). The strong

empirical associations that we document here are suggestive of such mechanisms, although we do not have a

targeted causal design to isolate the impact of any single factor.

Table 3 explores this relation between assortative mating and inequality in more depth, pooling earlier

cohorts from the ESD with more recent cohorts from the Census. We �rst study whether stronger assortative

mating among parents is associated with higher inequality in the next generation (sorting! inequality).

Column 1 con�rms that this association is highly statistically signi�cant, and it becomes roughly three times

stronger when we use split-sample IV to address sampling error (column 2). The association loses signi�cance

when we considerchangesin inequality and assortative mating (columns 3). A likely interpretation is that the

signal-to-noise ratio in our regional measures of assortative mating { already modest in levels (see Table 1) {

is too low in changes. Indeed, the association between the two split-sample estimates of changes in assortative

mating (\�rst stage", see Section 5.1) is small and statistically insigni�cant. Consequently, split-sample IV

estimates in changes are too imprecise to be informative (column 4).

In the right panel of Table 3, we study the reciprocal mechanism { whether educational inequality predicts

32 Assortative mating may a�ect children's outcomes via di�erent pathways. For example, educational assortative mating
increases cross-sectional inequality in household income (Eika et al. 2019), thereby a�ecting educational investments, but it may
also a�ect intergenerational skill transfers (Nybom et al. 2023).
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Table 3. Assortative mating and inequality

Dependent variable: SD(educhild ) Dependent variable: AM (eduparent )
Levels Changes Levels Changes

(1) (2) (3) (4) (5) (6) (7) (8)

AM (eduparent ) 0.869*** 2.571*** 0.210 3.513
(0.171) (0.820) (0.130) (2.163)

SD(edufather ) 0.035*** 0.033*** 0.033*** 0.046*
(0.005) (0.007) (0.008) (0.027)

Split-IV - X - X - X - X
Observations 736 717 626 609 736 723 626 615
R2 0.592 . 0.724 . 0.294 . 0.185 .

Notes: Regressions of the standard deviation of years of schooling in the child generation on the spousal correlation in schooling
in the parent generation (columns 1-4) or regression of the spousal correlation in schooling in the parent generation on the
standard deviation of fathers' schooling (columns 5-8) and time �xed e�ects. Columns 1-2 and 5-6 are estimated in levels using
decadal data, columns 3-4 and 7-8 are estimated in �rst (decadal) di�erences. ESD and 2001, 2011, and 2021 Censuses, 107
regions. Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p< 0.1.

assortative mating (inequality ! sorting). We �nd a strong relationship both in levels (columns 5-6) and in

changes, that is, when abstracting from region �xed e�ects (columns 7-8). The association is robust to using

split-sample IV to address sampling error. Our evidence thus supports the hypothesis that greater inequality

induces stronger assortative mating. We also �nd evidence for the reverse e�ect of assortative mating on

inequality, although this analysis lacks power when studying regional changes rather than levels.

Finally, Table 4 shows how intergenerational correlations relate to both inequality and assortative mating

in the parent generation. Column 1 con�rms that higher inequality is associated with lower mobility (i.e.,

higher intergenerational correlations), as already shown in Table 2. Column 2 shows that a higher spousal

correlation in the parent generation is also associated with lower mobility; this rea�rms the evidence from

Figure 8b for the entire sample. Column 3 shows that, when included jointly, both inequality and assortative

mating remain strong predictors of regional variation in the intergenerational correlation. These associations

are robust to di�erencing out regional �xed e�ects by estimating in changes (columns 5-7).

A comparison of standardized beta coe�cients (in square brackets) in columns 3 and 7 would suggest that

inequality is a stronger predictor of mobility than assortative mating. However, when using the split-sample

IV approach to address sampling error, the coe�cient on the assortative correlation increases substantially {

by a factor of three { while the coe�cient on the standard deviation in schooling declines (compare columns

3 and 4, or columns 7 and 8). This pattern illustrates that sampling error can have complex consequences

in multivariate regressions: while it attenuates coe�cients in bivariate settings, it can cause an upward

\contamination bias" on other coe�cients (van Huizen et al. 2024). Here, because the spousal correlations are

especially noisy (see Table 1), their coe�cient is severely downward-biased, which in turn induces an upward

contamination bias in the coe�cient on the (more precisely measured) standard deviation of schooling.
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Table 4. Intergenerational mobility, assortative mating and inequality

Dependent variable: yrt = IGC (edu)
Levels Changes

(1) (2) (3) (4) (5) (6) (7) (8)

SD(edufather ) 0.060*** 0.050*** 0.037*** 0.064*** 0.057*** 0.054
(0.004) (0.004) (0.009) (0.008) (0.008) (0.044)
[0.519] [0.470] [0.347] [0.335] [0.299] [0.301]

AM (eduparent ) 0.413*** 0.278*** 0.819*** 0.250*** 0.200*** 1.311*
(0.036) (0.032) (0.202) (0.047) (0.046) (0.678)
[0.407] [0.276] [0.818] [0.255] [0.203] [1.429]

Split-IV - - - X - - - X
Observations 739 736 736 717 631 626 626 609
R2 0.418 0.336 0.473 . 0.163 0.118 0.200 .

Notes: Regression of the intergenerational correlation in years of schooling on the standard deviation of fathers' schooling and
the spousal correlation in schooling in the parent generation. Columns 1-4 are estimated in levels using decadal data, columns
5-8 are estimated in �rst (decadal) di�erences. ESD and Census 2001, 2011, and 2021, 107 regions. Robust standard errors in
parentheses, *** p < 0.01, ** p < 0.05, * p< 0.1. Standardized beta coe�cients are reported in brackets.

After correcting for sampling error, assortative mating is more than twice as important a predictor of

intergenerational correlations as inequality. A one-standard-deviation increase in the spousal correlation is

associated with a 0.82-standard-deviation rise in the intergenerational correlation, compared with 0.35 for a

one-standard-deviation increase in our measure of inequality (column 4). Moreover, once sampling error is

addressed, di�erences in assortative mating explain nearly half of the association between inequality and

immobility (the \Great Gatsby Curve", see Section 5.2) across regions. Speci�cally, applying split-sample IV

to column 1 of Table 4 yields a coe�cient of 0.065, which shrinks to 0.037 when conditioning on assortative

mating in column 4.

Assortative mating thus appears to be a key mediator of the link between inequality and intergenerational

mobility that has been documented in the recent literature. And taken together, our �ndings point to a

potential vicious cycle: higher inequality results in stronger spousal sorting, which lowers mobility and, in

turn, feeds back into higher inequality. While we observe these associations at both levels and over time, our

research design is only suggestive; more targeted designs are needed to con�rm their causal interpretation.

6 Extensions and robustness

In this section, we provide additional evidence and robustness tests. We provide additional evidence on

coresidence bias, examine gender di�erences in the distributional characteristics of interest, and compare our

measure of educational mobility with external measures of income mobility.
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6.1 Robustness to coresidence bias

A key challenge in intergenerational studies is coresidence bias in data sources such as the Census, where

parental education is observed only for children still living with their parents. As discussed in Section 3.4,

researchers face a trade-o� between measuring education at a younger age { when most children are still

coresident, but educational outcomes may be censored { or a later age, when education is completed but

coresident children represent a smaller and potentially more selective group. In our main analysis, we chose

age 27 as the optimal age to measure educational attainment. To motivate this choice, we use that the

Encuesta Sociodemogr�a�ca (ESD) reports on when children leave their parental home, how their educational

attainment changes over time, and parental education regardless of coresidence status. This allows us to

compare \true" mobility estimates with those based on coresident samples at di�erent ages, and to �nd the

optimal age at measurement. We provide a summary here and relegate details to Appendix B.

We distinguish two biases: (1) selection bias, which arises at older ages due to di�erences between

coresident and independent children, and (2)censoring bias, which occurs at younger ages when educational

attainment may not yet be complete. The overall bias can thus be minimized in the mid-20s { when most

children have completed their education, but many still live with their parents. Appendix B.1 shows that, in

the Spanish context, measuring education around age 23-27 minimizes overall bias. More importantly, the

remaining bias appears stable over cohorts.33 To bu�er against censoring bias in recent cohorts with higher

educational attainment, we select age 27 as our preferred measurement age.34

As an additional test, we implement the correction method proposed by Hilger (2017), which relies on two

assumptions: (i) \parallel trends", assuming that educational di�erences between dependent and independent

children can be captured by a constant (i.e., the CEF for independent children has a di�erent intercept but

the same slope as the CEF for dependent children), and (ii) \smooth cohorts", assuming that the share of

independent children in each parental educational group can be approximated using group shares from younger

cohorts. We assess the performance of this correction method in Spain by comparing bias-corrected estimates

of the IGR to those derived from the ESD, which includes parental education regardless of coresidence status.

Appendix B.2 provides details. While the method e�ectively reduces selection bias at younger ages, it does

not address censoring at younger or, in our data, selection at older ages.35 Our baseline estimates are thus

based on education at age 27, minimizing bias from both selection and censoring.36

33 Figures C6 and C7 con�rm that mobility trends in the IGC and IGR remain similar when measuring education at ages 24
or 30, despite di�erences in estimated mobility levels. This robustness is partly due to Spain's high coresidence rates, which
limit the potential for selection bias (see Figure B1).

34 Choosing a su�ciently high measurement age is important when studying mobility trends over long periods, as otherwise
censoring bias would tend to grow as educational attainment rises.

35 See Figure B5. The underlying \smooth cohort" assumption breaks down as parental education rises rapidly in recent
cohorts (Figure C14). Moreover, the method does not correct for censoring, the main source of bias at younger ages.

36 Figure B6 validates this approach by comparing the bias in IGR estimates from the coresident sample at ages 27 and
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6.2 Gender di�erences

In cohorts from the 1950s onwards, women's educational attainment surpassed men's (see Fig C4a). As of

the 2021 Census, women aged 26-28 had, on average, 1.3 more years of schooling than their male counterparts.

Indeed, we �nd a gender gap favoring women across all 107 regions in our sample. However, its size varies

considerably, from below ten months in Palma and the province of Huelva to around two years in the Lugo

and Albacete provinces.

Interestingly, these gender gaps in educational attainment are predictive of assortative and intergenerational

correlations. As shown in Figure 9a, regions where the gender gap is more pronounced tend to have lower

assortative correlations. Figure 9b shows that such regions also have lower intergenerational correlations (i.e.,

higher mobility). These patterns are robust to considering the ratio of women's to men's schooling rather

than the di�erence, or to controlling for other regional characteristics, such as the mean or dispersion of

schooling.

One potential interpretation of these patterns is that the same structural factors that bene�t women

relative to men's educational attainment also reduce assortative and intergenerational inequality. In this view,

the patterns in Figure 9b are just a re
ection of other structural di�erences between regions. Alternatively,

women's educational attainment might have a direct e�ect on assortative mating and mobility, perhaps

because higher relative education alters their behavior in the partner selection process. While our research

design does not allow us to distinguish between these speci�c hypotheses, our observations support the

broader conclusion that regional di�erences in intergenerational mobility can be well explained by other

regional characteristics.

6.3 Educational vs. income mobility

To study intergenerational mobility over a broad time period and across multiple data sources, our

analysis focused on mobility in education. As education is considered a key link in the transmission of

socioeconomic status from one generation to the next (Goldthorpe, 2014), one might expect that regions with

high educational mobility also exhibit high mobility in income. To provide direct evidence on this hypothesis,

we link our educational measures to external estimates of income mobility.

Due to a lack of suitable data sources, there has long been little evidence on income mobility in Spain. The

best-known national-level estimates by Cervini-Pl�a (2015) are based on an indirect, two-sample IV approach

that predicts parents' income from their education and occupation. More recently, Llaneras et al. (2020)

provided the �rst detailed regional estimates of income mobility for Spain (the \ Atlas de Oportunidades"),

30 against the benchmark IGR estimates (including both dependent and independent children) at age 30 (when education is
completed for nearly everyone).
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Figure 9. Gender gaps in education

(a) Assortative mating and gender gaps in education (b) Intergenerational mobility and gender gaps in education

Notes: Assortative correlation in parents' schooling and father-child correlation for children aged 26-28, 2021 Census. Circle size
is proportional to sample size (only regions with n > 50 plotted).

based on linked tax records for cohorts born between 1984 and 1990. The Atlas was a substantial step

forward, o�ering municipality- level estimates at a �ner spatial resolution than any prior source. However,

Polavieja (2020) questioned the reliability of these estimates, noting concerns about selection bias in the

underlying tax data and the short income windows used to construct ranks. The latter is not speci�c to the

Spanish setting: any rank-rank measure based on a single year (or a handful of years) of income is subject to

attenuation and life-cycle bias from transitory income variation and heterogeneous income pro�les (Nybom

and Stuhler, 2017). Sampling error at small geographic scales compound these measurement issues.

Soria and Medina (2025) provide updated income-mobility estimates (which they labelAtlas 2.0) that are

designed to address these concerns. Their data link parents and children continuously through the Spanish tax

records over more than 25 years. This enables several methodological improvements relative to the original

Atlas. First, parental and child income can be averaged over multi-year windows, attenuating measurement

error from transitory income shocks. Second, child income is measured between ages 36 and 42, by which

point earnings have largely stabilized, mitigating life-cycle bias. Third, to address the spatial-sparsity problem

{ many municipalities have too few observations to estimate mobility precisely { the authors apply a Bayesian

hierarchical model that \borrows strength" across geographic units, partially pooling municipality-level

estimates toward provincial and national patterns. This shrinkage approach is designed to address the same
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Table 5. Educational vs. income mobility

Dependent variable: Rank correlation in income

(1) (2) (3) (4) (5) (6)

IGC (edu) 0.277*** 0.383***
(0.032) (0.061)

SD(edufather ) 0.036*** 0.038***
(0.005) (0.005)

AM (eduparent ) 0.219*** 0.312***
(0.043) (0.078)

IV Split-IV Split-IV Split-IV
Observations 98 98 98 98 98 98
R2 0.427 . 0.495 . 0.255 .

Notes: Regression of a Bayesian municipality-level rank-rank slope (RRS) in income mobility (Soria and Medina 2025) on the
intergenerational correlation, standard deviation, and assortative correlation in years of schooling, for 98 regions and cities.
Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p< 0.1.

sampling-error bias that motivates the split-sample IV approach we use throughout this paper, applied here

on the income-mobility side. The resulting estimates remain subject to the structural limitations of the

underlying tax data, in particular limited coverage of households below the �ling threshold and outside the

general �scal regime, but should be substantially less a�ected by measurement error than the originalAtlas.

By combining municipality- and province-level estimates from Soria and Medina (2025), we can construct

a measure of intergenerational income mobility at the same level of aggregation as our educational-mobility

measures.37 Table 5 compares this measure of income mobility with our education-based measures. Column

1 shows that the intergenerational rank correlation in income is positively and statistically signi�cantly

associated with the intergenerational correlation in schooling (IGC) across regions: a 0.1 increase in the IGC

predicts a 0.028 rise in the rank-rank slope in income. This coe�cient becomes substantially larger when we

apply the split-sample IV estimator to address sampling error in the IGC (column 2). Columns 3-6 con�rm

that the income rank-rank slope is also strongly associated with the standard deviation (SD) and assortative

correlation (AM) in fathers' schooling, with both bivariate associations explaining a substantial share of the

regional variance (R2 between 0.26 and 0.50).38

This evidence con�rms a robust positive association between income and educational mobility across

Spanish regions. Regions with higher educational inequality and stronger spousal sorting also exhibit lower

intergenerational income mobility, mirroring our earlier �ndings on the educational side. The magnitudes of

these associations are sizeable, suggesting that educational and income mobility share substantial common

37 We are grateful to Javier Soria and Octavio Medina for sharing their municipality-level estimates with us, enabling this
analysis. We use their Bayesian rank-rank slope (RRS) estimates, taking the municipality-level estimate for the 100,000+ cities
in our sample and aggregating the remaining municipalities into \rest-of-province" cells via sample-size-weighted means.

38 The same qualitative pattern holds when using the original Atlas de Oportunidades estimates of Llaneras et al. (2020), as
documented in an earlier working paper version of this study (Grebol et al., 2025). However, the coe�cients in the updated
Table 5 are roughly two to three times larger in magnitude than in that earlier version, consistent with the Atlas 2.0 estimates
being less a�ected by measurement error than the original Atlas estimates.
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regional variation.39

7 Conclusions

By combining multiple sources, we traced the evolution of educational mobility and related distributional

statistics in Spain over an exceptionally long period. Our central �nding is strong co-movement among

inequality, spousal sorting, and mobility. This observation aligns with standard intergenerational models

(Blinder 1973; Kremer 1997), which predict that increased sorting in one generation reduces mobility and

raises inequality in the next generation. However, we also found that educational inequality and assortative

mating co-move within the same generation, consistent with the idea that inequality widens social distance

and lowers the likelihood of marrying outside one's own educational stratum (Mare 2016).

While a causal link between inequality, assortative mating, and mobility is theoretically plausible, their

co-movement on the national level might be a mere coincidence. To further corroborate this link, we used

the large sample size and long coverage of our samples to study associations across regions and over time.

Di�erences in spousal sorting explain nearly half of the regional variation in intergenerational correlations.

They also explain half of the association between inequality and mobility across regions. Assortative mating

thus emerges as a crucial link in understanding the \Gatsby Curve", the negative association between

inequality and mobility documented in previous research, and as a key factor underlying intergenerational

persistence.

Taken together, our evidence is consistent with a vicious cycle in which high inequality, strong assortative

mating, and low mobility reinforce one another. On a more optimistic note, this relationship implies that

policies that reduce educational inequality could, as a side e�ect, increase mobility (Berman 2021) and weaken

assortative mating. Indeed, the decline in inequality, sorting, and immobility in Spain begins with cohorts

born in the early 1960s, who were the �rst to be exposed to a major comprehensive school reform; and similar

educational reforms have been shown to have major distributional e�ects in other countries (Meghir and

Palme 2005; Holmlund 2022b). Future research could aim to provide more evidence on the speci�c causal

chain in which inequality, assortative mating, and mobility a�ect each other, with residential and educational

segregation as one potential pathway.

39 See also Fletcher and Han (2019) and Nybom and Stuhler (2025), who document associations between income and
educational mobility across regions in the US and Sweden.
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Appendix

A Variable De�nitions and Harmonization

A.1 Educational attainment

To provide comparable estimates of educational mobility across �ve decades, we harmonize education

categories across surveys and waves. This subsection describes how education is coded in each dataset and

how we harmonized these categories to create a comparable measure of educational attainment.

The ESD records education in broad categories such as illiterate, literate, and pre-school, and further

distinguishes primary, post-compulsory professional education, academic secondary, and postgraduate studies.

Notably, it disaggregates most degrees conferred in Spain during the 20th century, providing a comprehensive

overview of the country's educational system until 1991. For instance, it speci�es the speci�c type of secondary

academic education pursued by respondents, such as bachillerato, bachillerato elemental, bachillerato superior,

Preu, BUP, and COU. To align the ESD with other sources and cohorts, we follow the classi�cation scheme

proposed by Mart��nez Garc��a (1999), which maps detailed degree information into broader categories.

Moreover, ESD codi�es parental and spouse education into eight categories.40 The ESD parental and spouse

education information is given retrospectively by the surveyed individual and, therefore, unrelated to the

children's co-residence status.

The EPA also records information on the highest academic degree attained, but uses di�erent codi�cation

methods across waves. Waves from 1977 to 1986 provide eight categories41, while ten categories from 1987 to

1991, and 1992 onwards provide more detail. The main caveat is that parental education is only observed for

co-resident children.

The Censuses and ECEPOV also record information on the highest degree attained, with the same

disaggregation by children, spouses, and parents. The 2001 census aggregates educational information into

ten categories for each household member, while the 2011 census, 2021 census, and ECEPOV include twelve

categories. Censuses only provide information on parental education for co-resident children.

To harmonize across sources, we collapse categories into a seven-level scheme. This reduction is required

because the ESD and early EPA waves report fewer distinctions. Speci�cally, we merge codes for Bachillerato

Superior, BUP, FP1 (media), and FP2 (superior).

The �nal harmonized categories and the corresponding years of school assigned to them are: Illiterate (1),

40 Post-compulsory academic secondary education (Bachiller Superior and BUP) and short/long post-compulsory professional
education (Formaci�on Profesional, FP) are considered in the same broad category.

41 These waves do not distinguish short post-compulsory professional education ( Formaci�on Profesional de grado medio ), long
post-compulsory professional education ( Formaci�on Profesional de grado superior ), and post-compulsory academic secondary
education ( Bachillerato ); these education levels are therefore reported in joint categories in the early EPA waves.
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Literate (3), Primary Schooling (5), Secondary School (8), Academic high school and professional studies

(11), Short college degree (15), Long college degree (18).

A.2 Place of birth and residence

For our regional analysis, the residence and place of birth variables are disaggregated using a subprovincial

de�nition: all municipalities with at least 100,000 inhabitants in 1991 are treated separately, while the

remaining areas within each province (NUTS 3) are aggregated into a single unit. This allows us to

consistently track educational mobility and its regional correlates across sources and cohorts, yielding 107

observations: 55 large municipalities, 50 aggregated provinces, and 2 autonomous cities.

The 55 municipalities with over 100,000 in 1991 included in the regional analysis are: Alacant, Alcal�a de

Henares, Albacete, Alcorc�on, Algeciras, Almer��a, Badalona, Badajoz, Barakaldo, Barcelona, Bilbao, Burgos,

C�adiz, Cartagena, Castell�o de la Plana, C�ordoba, Coru~na (A), Donostia - San Sebasti�an, Elx, Fuenlabrada,

Getafe, Gij�on, Granada, Hospitalet de Llobregat (L'), Huelva, Ja�en, Jerez de la Frontera, Le�on, Legan�es,

Lleida, Logro~no, Madrid, M�alaga, Matar�o, M�ostoles, Murcia, Ourense, Oviedo, Palma, Palmas de Gran

Canaria (Las), Pamplona - Iru~na, Sabadell, Salamanca, San Crist�obal de La Laguna, Santa Coloma de

Gramenet, Santa Cruz de Tenerife, Santander, Sevilla, Tarragona, Terrassa, Valencia, Valladolid, Vigo,

Vitoria-Gasteiz, Zaragoza.

The 50 (rest of) provinces are: Albacete, Alacant, Almer��a, Araba - �Alava, Asturias, �Avila, Badajoz,

Balears (Illes), Barcelona, Bizkaia, Burgos, C�aceres, C�adiz, Cantabria, Castell�o, Ciudad Real, C�ordoba,

Coru~na (A), Cuenca, Girona, Gipuzkoa, Granada, Guadalajara, Huelva, Huesca, Ja�en, Le�on, Lleida, Lugo,

Madrid, M�alaga, Murcia, Navarra, Ourense, Palencia, Palmas (Las), Pontevedra, Rioja (La), Salamanca,

Santa Cruz de Tenerife, Segovia, Sevilla, Soria, Tarragona, Teruel, Toledo, Val�encia, Valladolid, Zamora,

Zaragoza.

The 2 autonomous cities are Ceuta and Melilla.
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B Coresidence bias

This Appendix discusses the \coresidence bias" in samples reporting parental education only for individuals

living with their parents. We provide evidence on the optimal age for measuring child education in coresident

samples42, test the robustness of our estimates to variations around that age, and validate our �ndings using

a correction method suggested by Hilger (2017).

B.1 The optimal age of measurement in coresident samples

We distinguish two sources of coresidence bias: (1)selection bias, arising at older ages from di�erences

between dependent and independent children, and (2)censoring bias, occurring at younger ages because early

educational attainment may not re
ect �nal achievement. In earlier cohorts, low overall educational levels

mitigate censoring bias (Figure 1a). Selection bias, however, a�ects all cohorts: as fewer children remain

coresident with age, those who do are increasingly more selected.

Coresidence rates in Spain are high throughout the analysis period, limiting the scope for selection bias.

Figure B1 shows that 35 to 75% of children still live with their parents at age 27, with males more likely

to be coresident (Figure C11). Importantly, coresidence shares are particularly high for recent cohorts, for

which we must rely on coresident samples when using EPA or Census data. Our main �gures con�rm the

limited scope for selection bias at our preferred age of measurement (27) in recent cohorts by comparing

estimates from ECEPOV for all individuals (both coresident and independent) and for coresident individuals.

In Figure B2, we show the di�erence (panel a) and absolute di�erence (panel b) between the average

years of schooling for coresident children at a speci�ed age (x-axis) and the average years of schooling for all

(coresident and independent) children measured at age 30, when education is generally completed. To study

how changes in the marginal distribution a�ect our estimates, we analyze two subgroups of \�ctitious" survey

years: 1950-1964 and 1965-197943, with the latter period characterized by signi�cantly higher educational

attainment (see Section 3.1). As expected, the increase in educational attainment in the 1965-1979 subgroup

is associated with a larger censoring bias when measuring education at younger ages, as evidenced by the

substantial gap in Figure B2. In contrast, the 1950-1964 subgroup shows a higher mean education among

coresidents at older ages, resulting in selection bias, which is less pronounced in the later 1965-1979 period.

42 We use the terms dependent and coresident interchangeably to refer to individuals residing in their parents' household.
43 We use \�ctitious" survey years instead of birth cohorts. This choice shows the implications of the interplay between

survey or census data collected in di�erent calendar years and the use of various educational measurement ages when estimating
intergenerational mobility. For instance, the combination of the survey year 1965 and age 20 corresponds to the same 1945
cohort as the combination of the survey year 1975 and age 30.

44



Figure B1. Coresidence share measured at ages 24, 27, and 30.

Notes: The percentage of children residing in their parental household ( coresident/dependent children ) is presented by cohort
and age at measurement. For the ESD dataset, coresidence shares are estimated using retrospective self-reported ages of leaving
the parental household. For the EPA, Censuses, and ECEPOV samples, the analysis is restricted to individuals observed within
the relevant cohort and age at the time of measurement.

Figure B2. Coresidence bias in education by age of measurement

(a) Di�erences (b) Absolute di�erences

Notes: Di�erences and absolute di�erences in mean education between using the education measured at a particular age (x-axis)
for individuals living at their parents' household ( coresident/dependent ) and the corresponding education at age 30 for all
individuals ( coresident and independent ). We report the averages and standard errors of the annual (absolute) di�erences,
pooled across two subperiods: 1950-1964 and 1965-1979.

Figure B3 shows the resulting bias in the parent-child correlation in years of schooling when using only the

coresident sample in the ESD. We report the di�erence (panel a) and absolute di�erence (panel b) between the

correlation when measuring child schooling at the speci�ed age (x-axis) for coresident children only and the
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\benchmark" correlation for all children (coresident and independent) measured at age 30, when education is

generally completed. We again analyze two subgroups measured in the \�ctitious" survey years 1950-1964

and 1965-1979 separately. The di�erences and absolute di�erences in the intergenerational correlation (IGC)

at a particular age of measurement for the two subgroups are estimated as follows:

8
>>>>>>><

>>>>>>>:
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where a is the age of measurement,y is the \�ctitious" survey year, dep refers to dependent children,ind

to independent children, and T1950� 1964 and T1965� 1979 denote the number of survey years available in each

subperiod.

In both subgroups, the coresidence bias is minimized between ages 23 to 27, compared to earlier or later

ages. As already explained, this pattern arises due to the interplay of two types of biases: selection bias,

which is pronounced at older ages, and censoring bias, which is highest at younger ages. Therefore, the overall

bias is minimized in the mid-20s when most children have completed their schooling, but coresidence rates

remain high. Between ages 23 and 27, the bias is low (around 0.01-0.02 in absolute size) and, importantly for

our purposes, stable across the di�erent time periods.

However, Figure B3 also highlights why censoring becomes a more severe issue when studying mobility

trends. Education becomes increasingly censored as educational attainment increases over cohorts, mechanically

decreasing the intergenerational correlation. Consequently, the censoring bias at younger ages is expected to

be more severe in recent than in earlier cohorts (i.e., the bias itself trends over birth cohorts). A comparison

of the two subgroups of \�ctitious" survey years in Figure B3 (panel a) con�rms this pattern. To provide

su�cient bu�er against this censoring issue for more recent cohorts, we choose age 27 as our preferred age of

measurement.
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Figure B3. Coresidence bias in the IGC by age of measurement

(a) Di�erences (b) Absolute di�erences

Notes: Di�erences and absolute di�erences between the intergenerational correlation (IGC) using the education measured at a
particular age for individuals living at their parents' home ( coresident/dependent ) and the corresponding correlation at age 30
for all individuals ( coresident and independent ). We report the averages and standard errors of the annual (absolute) di�erences
pooled together in two subperiods: 1950-1964 and 1965-1979.

Nevertheless, to ensure that ourmobility trends are not dependent on the selection of age 27 for

measurement, we replicate the IGC and IGR results measuring education at ages 24 and 30 in Figures C6

and C7. Level di�erences are observed depending on the chosen age, as expected due to the biases discussed,

but the overall trends remain consistent across the di�erent age speci�cations.

To conclude, in settings with low educational attainment, researchers can mitigate the coresidence bias by

measuring educational outcomes at an early age, when most children still reside with their parents (Alesina

et al. 2021; Derenoncourt 2022). As attainment rises, censoring bias becomes more relevant, requiring

older ages for measurement. Researchers should balance selection and censoring biases based on context,

particularly when analyzing mobility trends over extended periods.

B.2 Correcting for coresidence bias

We have established that coresidence bias is minimal at the selected age of 27. In this subsection, we

nevertheless evaluate whether a correction method proposed by Hilger (2017) could be an e�ective alternative

to address coresidence bias in Spain. The correction method targets what we refer to asselection biaswithout

directly addressing censoring bias. However, by mitigating selection bias, which is more pronounced at older

ages, this method might enable researchers to select a later age of measurement, thereby indirectly reducing

censoring bias as well.

The method aims to overcome the limitation that in census or survey data, parental education is

unobserved for \independent" children who moved out from the parental home, and to approximate the
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CEF E[yit j yit � 1], where yit represents the educational attainment of individual i in generation t, and yit � 1

denotes the educational attainment of the parents.

To understand the method, we �rst decompose the average years of schoolingyay t � 1 for children of a

speci�c age a and parental education groupyt � 1 as

yay t � 1 = day t � 1 yD
ay t � 1

+ (1 � day t � 1 )yI
ay t � 1

(8)

where day t � 1 =
N D

ay t � 1

N D
ay t � 1

+ N I
ay t � 1

is the dependency rate, i.e. the share of children at agea who co-reside with

their parents, yD
ay t � 1

is the average schooling for dependent children, andyI
ay t � 1

is the average schooling for

independent children.

The correction method relies on two key assumptions: (i) the \parallel trends" assumption, which assumes

that the di�erence in educational attainment between dependent and independent children is a constant

unobserved parameter� across parental educational groups,yI
ay t � 1

� yD
ay t � 1

= � 8yt � 1, and (ii) the \smooth

cohorts" assumption, to approximate the number of independent children (and therefore the dependency

rate) in each parental educational group based on the corresponding parental group shares among younger

children, who still co-reside with their parents.44

For estimating the average schooling for independent children in each parental schooling group, the

unobserved parameter� is estimated as

�̂ = yI �

0

@
GX

g=1

N̂ I
ag

N̂ I
a

yD
ag

1

A (9)

where
N̂ I

ag

N̂ I
a

represents the estimated share of independent children in parental educational attainment group

g, and yI is the overall average schooling for independent children. Using this estimate, we can estimate

the average schooling for independent children in each parental group, ^yI
ay t � 1

= yD
ay t � 1

+ �̂ , and in turn, the

overall educational attainment by parental groups ŷay t � 1 using eq. (8). This process yields non-parametric

estimates of the CEF E[yit j yit � 1], grouped into bins of parental educational attainment.

If we have data that reports parental background regardless of coresidence status, one can test the \parallel

trends" assumption by estimating the regression

yit = � + �y it � 1 + �d i + 
y it � 1di + " it (10)

44 Speci�cally, Hilger (2017) assumes that the parental group shares are identical for children aged 17 and those aged 26-29
in each observation year. Similarly, we measure parental group shares at age 16 and extrapolate these shares to our target ages
within each observation year.
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whereyit and yit � 1 are the education of the child and parent in family i , respectively, anddi is an indicator

that equals one for independent children and zero otherwise. The coe�cient� captures the impact of father's

education attainment on children's education, � captures a level shift in the CEF of independent children,

and 
 captures di�erences in the slope between independent and dependent children with respect to father's

education. The parallel trends assumption is plausible if the interaction term
 is small relative to the main

e�ect of parental background as captured by � .

Using the ESD, we estimate eq.(10) at ages 20, 23, 27, and 30 for cohorts between 1925 to 1970, and plot

estimates of� and 
 in Figure B4. Estimates of � are negative across most cohorts and ages, indicating a

negative intercept in the CEF of independent children. Notably, we observe a substantial decrease in� for

cohorts starting from the 1950s, attributable to educational expansion. With an increase in the average level

of education, the dependency rate increases (see Figure B1), and independent children become more negatively

selected in educational attainment than dependent children. The interaction term
 varies depending on the

age at which education is measured and the cohort. For example, while estimates of
 
uctuate around zero

at age 27, they tend to be positive at age 30, implying a violation of the assumption of \parallel trends".

Moreover, while 
 is close to zero for ages 20 and 23 in earlier survey years, it becomes consistently positive

for cohorts a�ected by rapid educational expansion in the 1970s and 80s. This combination of a negative,

decreasing� alongside a positive, increasing
 re
ects a widening educational attainment gap between

independent and dependent children of lower-educated parents. Conversely, this gap remains relatively narrow

for children with higher-educated parents. This pattern might re
ect di�erences in the underlying causes of

non-dependency between lower-educated and higher-educated households, such as relocating to another city

to work or to attend university.

Figure B5 illustrates the performance of the correction method at each age, comparing \raw" estimates of

the IGR from dependent (coresident) samples, bias-corrected estimates, and the benchmark estimates based

on both dependent and independent children. Moreover, Figures C12 and C13 provide additional details

on the extent of bias and bias correction across survey years. Figure C12 illustrates the \dependent bias",

calculated as the di�erence between the coresident and the benchmark estimate (dependent and independent).

Figure C13 illustrates the extent to which the correction method reduces bias.

We �nd that the bias-corrected estimates tend to be closer to the benchmark than the raw estimates,

but the method's e�ectiveness varies by child age and cohort. At ages 20 and 23, the method performs as

intended, with the bias-corrected estimates aligning more closely with the benchmark than the raw estimates

based solely on coresident children. However, at this age, the gap between raw and benchmark estimates is

small to begin with, so the bias correction makes little di�erence.45 As illustrated in the previous section,

45 This may be surprising, given that Figure B4 shows a strong level shift in education for independent children. However,
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Figure B4. Estimated parameters � and 
 by cohort and age of measurement

Notes: The left panel shows � (intercept shift), while the right panel depicts 
 (di�erential slope) from equation 10, estimated at
ages 20, 23, 27, and 30 across cohorts. Each cohort estimate is smoothed using a 3-year moving average, incorporating data from
adjacent cohorts. A negative � indicates independent children attain less schooling than dependent children, controlling for
parental education. Positive 
 re
ects a steeper schooling gradient relative to parental background among independent children.

the main source of bias at such a young age is not a selection bias from focusing on co-resident samples but

the censoring bias from measuring education before it is completed { and this bias is not addressed by the

correction method.

At our preferred age of measurement, age 27, the estimates based solely on coresident children are already

similar to the benchmark estimates (dependent and independent). This follows the pattern shown in Figure

B3, and illustrates that the coresidence issue can be e�ectively addressed by choosing an \optimal" age at

measurement, at least in our setting where coresidence shares remain relatively high. At this age, applying

the bias-correction method results in only negligible changes, and not always in the right direction. Moreover,

at age 30, the Hilger-corrected IGR estimates fail to close the gap between the estimates based on coresident

children and the benchmark IGR estimates (dependent + independent). This is partly due to the limited

magnitude of the � parameter and the lack of clear \parallel trends" as shown in Figure B4, but also due to

the violation of the \smooth cohorts" assumption.

In Figure C14, we evaluate the assumption of \smooth cohorts" by comparing fathers' educational group

shares for children of di�erent ages (16 vs. 30) in the same \�ctitious" survey year. In recent cohorts, the

method fails to correct for selection bias in Spain among older age groups (27 and 30) because it violates the

smooth-cohorts assumption. Unlike the US, Spain experienced a sharper increase in educational attainment

among post-1950 cohorts, as shown in Figure C3. Such rapid changes in the marginal distribution of education

combining equations (8) and (10) under the parallel-trends restriction ( 
 � 0) implies that the population slope satis�es
@yay t � 1 =@yt � 1 = � � � @day t � 1 =@yt � 1 , so the bias of the dependent-only slope � equals � @day t � 1 =@yt � 1 . When dependency
rates are essentially 
at across parental education groups ( @day t � 1 =@yt � 1 � 0), this bias is negligible even if j� j is sizable, as is
the case for ages 20 and 23.
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Figure B5. Hilger bias-corrected, only-dependent, and benchmark (dependent + independent) IGR estimates

Notes: Hilger bias-corrected IGR estimates (black circles), IGR estimates based solely on the dependent children subsample
(grey squares), and benchmark IGR estimates using both dependent and independent children (blue triangles) are reported for
ages of measurement of 20, 23, 27, and 30 across cohorts. Each cohort estimate is smoothed using a 3-year moving average,
incorporating data from adjacent cohorts.

may invalidate the \smooth cohorts" assumption when the distance between the target age (e.g., 27 or 30)

and the ages used for parental education group share estimation (e.g., 16) is large. The method performs well

when the age gaps are narrower (e.g., 20 vs. 16 or 23 vs. 16) as shown in Figure B5. However, at these ages,

the main concern is censoring bias, not selection bias, and the correction method is not designed to address it.

Finally, in Figure B6, we compare the absolute estimated bias when using the coresident sample at age

27 and 30 to the \true" IGR estimated at age 30 for both dependent and independent children (i.e., using

a sample that should not su�er from censoring or selection). Note that the coresident sample at age 27

combines both censoring and selection bias, whereas at age 30 it is entirely driven by selection. For cohorts

born between 1925 and 1958, the average absolute bias for age 27 is 0.015, and for age 30, it is 0.024. The

absolute bias at age 30 is 60% higher than at age 27, con�rming that age 27 is the age that minimizes the

overall bias, as already discussed in Section B.1.

Based on this evidence, we do not apply this correction method when estimating intergenerational mobility

using the EPA and censuses' coresident samples. Although the correction method reduces selection bias

when measuring education in the early 20s, the primary source of bias at those ages is censoring, which the
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Figure B6. Absolute bias in IGR estimates for dependent-only samples by cohort and age of measurement

Notes: Absolute bias di�erence between \true" IGR estimates (dependent + independent children at age 30) and IGR estimates
based on dependent children only, measured at ages 27 and 30. For comparability, we limit the analysis to cohorts born from
1925 to 1958. The average absolute bias is 0.015 at age 27 and 0.024 at age 30, suggesting age 27 is the preferred measurement
age to minimize coresidence bias.

correction method does not address. Instead, we focus on our preferred age of measurement, 27, minimizing

the overall bias (from both selection and censoring). At this age, the correction method does not yield

consistent improvements, due to violations of the underlying parallel trends and smooth cohort assumptions.

In addition, we perform robustness checks using ECEPOV, which reports parental education for all children

(coresident and independent) for the most recent birth cohorts in our sample.
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C Appendix Figures

Figure C1. Trends in educational attainment in Spain by coresidence status

Notes: The �gure shows the average years of schooling at age 27, disaggregated by coresidence status, for cohorts born between
1925 and 1996. Black lines represent independent children (living outside the parental household), while orange lines represent
dependent children (residing in the parental household at age 27). Data are harmonized across six sources: ESD, EPA, ECEPOV,
Census 2001, Census 2011, and Census 2021. See Appendix A.1 for data harmonization details.
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