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Abstract

The sibling correlation (SC) estimates the total effect of family back-

ground, or ‘social origins,’ and may be interpreted as measuring a society’s

inequality of opportunity. Its sensitivity to both observed and unobserved

factors makes it an all-encompassing measure and an attractive choice for

comparative research. We gather and summarise all available estimates

of SCs in educational attainment (M = .46, SD = .09), before employ-

ing meta-regression to explore variability in these estimates. First, we

find significantly lower SCs in Sweden, Norway, Finland, and Denmark

than the US, with US correlations on the order of 0.1—or 25%—higher.

Most of the other (primarily European) countries for which we find esti-

mates fall in between. Second, we find a novel Great Gatsby Curve-type

positive association between income inequality in childhood and the SC,

both cross-nationally and within countries over time. This supports the-

oretical accounts of the Great Gatsby Curve that emphasize the role of

educational inequality as a link between economic inequality and social

*This manuscript is forthcoming at Demography. Author affiliations on the last page.
Previous versions of this study were presented at the 2019 Annual Meeting of the Popula-

tion Association of America in Austin, the 2019 RC28 Spring Meeting in Frankfurt, the 2024
GEOM conference in Bari, and a workshop at Nuffield College in 2019 as well as seminars at
Trinity College Dublin, University College London, University of Oslo, and University of Ox-
ford. We thank discussants at these meetings as well as Andreas Haupt, Bastian Betthäuser,
Betsy Becker, Brian Nolan, Elizabeth Tipton, John Ermisch, John Goldthorpe, Kristian Bernt
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immobility, and implies that greater equality of educational opportunity

likely requires a reduction in economic inequality. Additionally, we find

that correlations between sisters are modestly higher on average, and we

find no overall differences between cohorts.

Introduction

Equality of opportunity is a widely-held ideal and an explicit goal of much pol-

icymaking. Comparing societies to better understand the factors that facilitate

or hinder this has long been a major research area for social scientists. To

measure equality of opportunity, researchers mostly estimate some form of as-

sociation between parent and child socio-economic position in terms of a single

indicator (Breen and Müller, 2020; Chetty et al., 2017; Hout, 2018; Sorokin,

1927). However, operationalizing family background in this way underestimates

its effects. Not only do multiple dimensions of parental socio-economic posi-

tion play a role in the intergenerational transmission of advantage (Bukodi and

Goldthorpe, 2013), but so too do a plethora of other difficult-to-observe parental

characteristics (Lareau, 2011; Putnam, 2015).

This study focuses on an alternative measure, namely the sibling correla-

tion (SC)—the degree of similarity between siblings on a given outcome. The

SC corresponds to the proportion of variance attributable to factors that in-

crease sibling resemblance. The major dimensions of parental socio-economic

position—income, wealth, occupation, and education—all act in this way and

their effects are thus captured without needing to be measured, as too are the

effects of other family-level factors such as ethnicity, and important unobserv-

ables such as parental motivation. Accordingly, the SC estimates the total effect

of social origins. This makes it a valuable measure of a society’s inequality of

opportunity, albeit the theoretical correspondence is more nuanced than is typi-

cally appreciated. We provide a reinterpretation of the link between the SC and

inequality of opportunity, and compare this measure’s strengths and limitations

to alternatives.

We focus on the SC in education, a highly important pathway in the trans-

mission of advantage from one generation to the next and a key predictor of

children’s life chances. In our study, we compare SCs in education across coun-

tries and birth cohorts. We report the results of a systematic literature search for

all published SCs in educational attainment. Next, we employ meta-regression

Karlson, Noel Card, Per Engzell, Richard Breen, Thees Spreckelsen, Tobias Rüttenauer, and
the four anonymous reviewers at Demography.

Replication materials for this study are available on-line (Anderson et al., 2024).
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European Union’s Horizon 2020 research and innovation program under grant agreement
no. 681546 (FAMSIZEMATTERS) and grant agreement no. 856455 (DINA). Patrick Präg’s
work is supported by a grant of the French National Research Agency ANR, ‘Investissements
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to describe cross-national and temporal variation, and then to test whether

equality of opportunity systematically differs across contexts characterised by

different levels of income inequality.

Bringing together SCs from the broadest possible range of country–cohort

contexts allows us to contribute new insights to current debates on cross-national

differences in inequality of educational opportunity (Grätz et al., 2021; Hertz

et al., 2008) and the idea that more economically unequal societies exhibit

greater intergenerational persistence (Blanden, 2013; Corak, 2013; Jerrim and

Macmillan, 2015)—the so-called ‘Great Gatsby Curve.’ Prior research using

SCs in education mostly comprises single-country studies. A few studies have

compared SCs in education across countries (Grätz et al., 2021; Sieben et al.,

2001; Sieben and de Graaf, 2001, 2003; Sirniö et al., 2020), but these investi-

gations have not yet succeeded in ‘replacing the notion that “nations differ”

by statements formulated in terms of specific variables’ (Przeworski and Teune,

1970, p. 29–30). By investigating the role of income inequality, we build upon

this prior work to enhance our understanding of the correlates of a society’s

opportunity structure.

We proceed by first discussing SCs in detail. Next, we elaborate on the

relevance of income inequality. Then we present our empirical analysis.

Sibling correlations

This section aims to clarify what SCs measure, in what sense this corresponds to

inequality of opportunity, and how this complements two alternative measures of

(in)equality of opportunity, genetically-sensitive variance decompositions, and

parent–child associations.

What sibling correlations measure

Most straightforwardly, SCs measure how strongly siblings in a population re-

semble one another on an outcome. A value of zero means that siblings are as

similar as randomly-chosen individuals of the same birth cohort, in expectation;

one means that siblings in a family all share the same outcome—from which it

is easy to intuit that family background likely plays an important role.

SCs are usually estimated in one of two ways. The first is simply the Pearson

correlation between the outcomes for two randomly-selected siblings within each

family. For intuition, imagine plotting sibling A’s outcome on one axis and

sibling B’s on the other for a sample of families. An extension yielding the same

d’Avenir’ (LabEx Ecodec/ANR-11-LABX-0047). Evelina Akimova’s work is supported by a
grant of the Leverhulme Trust (no. RC-2018-003) for the Leverhulme Center for Demographic
Science and the European Research Council (ERC) no. 835079 (CHRONO).
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expected value is to include all sibling pairs and weight each family equally to

account for differences in sibship size.

Second, SCs may be estimated within a variance-components framework.

The outcome Y for individual i is decomposed into an individual-specific com-

ponent Sif and a family component Cf common to siblings in the same family

f :

Yif = Sif + Cf (1)

Sif and Cf are thus assumed uncorrelated (Conley and Glauber, 2005; Lund-

berg, 2020). Variance in the outcome is decomposed into a between-family com-

ponent σ2
C and a within-family component σ2

S . The SC is given by the intraclass

correlation coefficient
σ2
C

σ2
S+σ2

C
, i.e. the proportion of the variance that is between

rather than within families.

SCs, then, measure the proportion of the variance in an outcome attributable

to factors whose effect is to increase similarity among siblings (on that out-

come).1 Insofar as they increase sibling similarity, then, influences captured

by the SC include all relevant parental characteristics and behaviours, and a

family’s economic, social, and cultural resources. They further include school,

community, and neighbourhood factors as well as extra-nuclear kin. The SC

also captures the effect of the, on average, 50 % of genes that siblings share.

Together we term these factors a sibling set’s ‘common inheritance,’ to empha-

size both that environmental and genetic factors are included, and that the

remaining variance is explained by individual-specific factors, albeit these may

be rooted in the family. For consistency with the wider literature, we use the

terms ‘social origins’ and ‘family background’ interchangeably with ‘common

inheritance’, albeit we argue the latter provides a more precise descriptor.

Correspondingly, one minus the sibling correlation (1− SC) gives the vari-

ance explained by factors that generate differences between siblings and thereby

bring their similarity closer to that between random individuals. These ‘individ-

ualizing factors,’ as we term them, arise from the corresponding non-shared 50 %

of genes and from non-shared environmental effects (Plomin, 2011). Sources of

the latter include birth order and spacing (Barclay and Smith, 2022; Black et al.,

2005; Chan et al., 2019), maternal age (Grätz and Wiborg, 2024), sex (Breen

et al., 2010; Buchmann et al., 2008), and non-systematic sibling-specific experi-

ences such as random allocation to a particular schoolteacher. Importantly, sib-

ling differences are also rooted in differential experience of what might normally

be understood as the shared environment (Conley, 2008; Grätz, 2018). Families,

schools, and communities may change over time, varying the age-specific expo-

sures of different siblings. As discussed further below, siblings may be treated

1Note that this differs from the formulation ‘factors shared by siblings.’ Siblings may be
affected differently by factors they share (Maccoby, 2000), as we discuss below.
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differently by parents and teachers, and fall into different peer groups.2

Siblings are not just the passive recipients of differences in their individual-

specific environments, but also generate these differences in a process of dynamic

interplay. Parents respond to initial differences in early temperament with dif-

ferential parenting (Bates et al., 2012; Hernández-Alava and Popli, 2017; Huh

et al., 2006; Kiff et al., 2011). Children’s genetic propensity to educational

attainment elicits more of some forms of cognitively-stimulating parenting in

early childhood (Breinholt and Conley, 2023). Siblings actively seek to dif-

ferentiate themselves from one another and occupy a unique niche, consistent

with evolutionary theory’s prediction that this strategy increases parental in-

vestment (Healey and Ellis, 2007; Sulloway, 1996). In this light, some sources

of within-family inequality can be viewed not as inexorable forces but as cir-

cumstances to which children respond as individual agents, shaping their own

micro-environment.

Sibling correlations and inequality of opportunity

How does the foregoing relate to inequality of opportunity? We first critique

the conventional answer before providing our own.

Both answers share the point of departure that the SC captures the effect

of social origins, and one’s social origins are beyond one’s control, meaning

(following, among others, Roemer, 1998) that one cannot be held accountable

for their effects, whether positive or negative. Inequality of opportunity in this

context refers to the extent to which individuals’ outcomes are determined by

factors beyond their control. However, invoking equality of opportunity requires

an account of what constitutes merit, the set of characteristics for which one can

be held accountable, and which determine success under a regime of equality of

opportunity.

The SC is conventionally characterized as a lower-bound estimate of the

total effect of social origins (Björklund and Jäntti, 2012; Schnitzlein, 2014).

‘Lower-bound’ because factors such as birth order and sibling-specific parent-

ing that increase sibling differences are explicitly framed as family background

effects which are however missed (Bredtmann and Smith, 2018; Halliday and

Mazumder, 2017; Karhula et al., 2019; Lillehagen and Isungset, 2020).

As a link between the SC and inequality of opportunity, this account is

unsatisfactory because it leaves unclear what falls outside the scope of social

origins and thus remains as a basis for merit. The SC literature rarely offers

2Siblings’ influence on one another may either increase or decrease similarity through pro-
cesses such as role modeling and emulation on the one hand, and deidentification and niche-
picking on the other (Jenkins and Dunn, 2009). Beenstock (2008, p. 325) claims that sibling
interaction accounts for ‘most of’ the sibling correlation in an Israeli sample. The role of sib-
ling interactions has been little studied in this literature, in part due to the inherent difficulties
of identifying inter-sibling effects (Conley, 2008).
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a direct answer. Rather, it is usually noted as a limitation that the SC does

not fully capture the effects of family background. Discussing how to move

from this lower bound towards a more complete measure, Björklund and Jäntti

(2012, p. 468) survey the factors that ideally would be included. Among these

are ‘all [one’s] (initial) genes’ and ‘all family and environmental influences.’ But

what else is there? This account leaves no conceptual room for the individual

as distinct from their family background, and thus no basis for merit. Equality

of opportunity is valorized for describing a world in which, for example, a hard-

working individual can overcome the constraints imposed by family background.

But the concept becomes incoherent if the characteristic of being hard-working

itself necessarily falls within the all-consuming scope of ‘family background.’

We argue instead that SCs make sense as a measure of inequality of op-

portunity only under an understanding of social origins as limited to common

inheritance. Thus, there is conceptual room for merit, and merit on this ac-

count has its origins in individualizing factors. If individualizing factors have

a relatively strong influence, the sibling correlation is relatively low and equal-

ity of opportunity relatively high. And vice versa where common inheritance

plays the greater role. We do not propose that the SC is thereby a perfect mea-

sure of inequality of opportunity, but this perspective helps clarify its strengths

and limitations. It is attractive because it expunges from merit all differences

between families of origin, yet allows that individual differences in merit exist.

This raises the question of how far the division between common inheritance

and individualising factors corresponds to that between (non-meritocratic) as-

cription and (meritocratic) achievement. The previous section makes clear that

the correspondence is imperfect. We lack the space for a full discussion, but

in the next section touch on the issue as it relates to genetics, and here briefly

address one source of sibling differences that may appear non-meritocratic: dif-

ferential parental investment. Insofar as this occurs in response to differences

in ability between siblings rather than being idiosyncratic, it is consistent with

SCs measuring inequality of opportunity. A rich literature studies whether—and

which groups of—parents compensate for or instead reinforce sibling differences

in ability (Fan and Porter, 2020; Frijters et al., 2013; Grätz and Torche, 2016;

Hsin, 2012). However it is agreed that differential investment occurs in response

to observed signals. Reinforcement, which decreases sibling similarity, is the effi-

cient strategy to enable the maximal realisation of potential (Becker and Tomes,

1976). By contrast, compensation (Behrman et al., 1982), or equalization, in-

creases sibling similarity and in doing so constrains the expression of innate

potential, albeit equalising outcomes within families.

Differential investment by birth order or sex, however, would be a non-

meritocratic source of sibling differences. More generally, this discussion high-

lights the value of sex-specific SCs. When brothers and sisters are both included,
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sex is treated as an individualizing factor: to the extent that it explains variation

in the outcome, it will reduce the SC. Sex-specific SCs are thus more appropriate

for measuring of inequality of opportunity, and indeed allow comparison across

sexes.

Sibling correlations and genetically-sensitive variance de-

composition

Genetically-informed designs such as the classical twin study allow a decompo-

sition of variance into additive genetic (A), common environmental (C), and

non-shared environmental (E) factors (Knopik et al., 2016). This can inform

debates on inequality of opportunity under the view that genetic differences

represent differences in innate ability and thus merit or potential, whereas the

common environment stands for ascribed factors such as parental wealth (En-

gzell and Tropf, 2019; Guo and Stearns, 2002; Nielsen, 2006). The literature

linking behavioural genetics to social stratification has so far had relatively lit-

tle to say about the interpretation of the non-shared environmental component,

despite its large share in many contexts (Branigan et al., 2013; Erola et al.,

2022).

The sibling correlation approach, by contrast, decomposes variance into two

parts, C + 0.5A (i.e. SC) and E + 0.5A (i.e. 1 − SC).3 It is therefore an

important limitation of the SC that it does not distinguish between genetic and

environmental channels of transmission. Indeed, at the extremes, a given sibling

correlation might be due entirely to C or entirely to A.

Nonetheless, we believe the two approaches are complementary. SC data is

more easily collected and is available for a wider range of contexts (cf. Branigan

et al., 2013). Heritability as a measure of a context’s equality of opportunity is

not without limitations: in particular, the inherited traits that influence attain-

ment may extend beyond ability and effort to non-merit characteristics such as

skin color (Diewald et al., 2015). Most importantly, behavioural genetics de-

signs involve several much-debated assumptions that SCs do not (Felson, 2014;

Fishkin, 2014; Wolfram and Morris, 2023).

How can the foregoing be reconciled with an interpretation of the SC as a

measure of inequality of opportunity for outcomes subject to substantial genetic

effects? Under the view that one’s genome is simply who one is and is thus

a legitimate basis for merit, the SC is limited as a measure of inequality of

opportunity by the fact that it picks up the effect of the on average 50 per cent

of genes shared with siblings. It follows from our account in the previous section

that to interpret the SC as a measure of inequality of opportunity is instead

3In behavioural genetics, the sibling correlation is expected to be equivalent to the dizygotic
twin correlation. Wolfram and Morris (2023) document divergence between the two and give
an informative discussion.
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to view that shared genetic component as a non-meritocratic factor, another

(dis)advantage to happening to be born in a particular family—and to view the

individual-specific genetic component as part of what makes one an individual

distinct from one’s family background, and thus a basis for merit. A corollary

of this interpretation is that ‘merit’ (with respect to a particular outcome) is

relative to one’s siblings.

Sibling correlations and parent–child associations

Parent–child associations are very widely available and offer easily interpretable

measures of intergenerational persistence. SCs however have important com-

parative advantages insofar as inequality of opportunity is at issue. Whereas

parent–child associations describe the strength of association between child ed-

ucation and parent education, SCs describe the strength of association between

child education and a much wider range of social origin factors. If we are

interested in the extent to which one’s background as a whole constrains or en-

ables educational success, the more expansive concept is desirable (Hout, 2015).

Parent–child associations in education mask variation in the outcome according

to income, wealth, and myriad other parental factors, even among those with

the same level of parental education. ‘Parent’–child associations are also often

father–child associations in practice, ignoring the role of maternal characteris-

tics.

How much of the influence of social origins is missed by parent–child associ-

ations is made explicit by comparing the SC to the variance in child education

accounted for by parental education. The SC can be decomposed into the sum

of two components: the squared intergenerational correlation and other factors

generating sibling similarity but uncorrelated with parental education (Solon,

1999).4 Björklund and Jäntti (2020, p. 5) find that squared intergenerational

correlations in education for Sweden and the US (.09 and .21) fall far below SCs

from the same countries (.43 and .60 respectively), and adding further observ-

ables to the model does little to close the gap: “‘other factors” are the most

important ones that siblings share.’

SCs may also be more suited to comparative research than parent–child as-

sociations. The correlation between parental education and other family back-

ground characteristics that affect education is likely to exhibit substantial vari-

ation across time and place. One source of such variation would be the ‘great

deal of heterogeneity . . . across countries’ in the wage returns to schooling (Tros-

tel et al., 2002, p. 2); that is, the link between parental education and parental

earnings. This means that the extent to which parent–child associations capture

the influence of social origins may vary considerably and in unclear ways across

contexts, as suggested by the figures for Sweden and the US.

4The intergenerational correlation is the correlation between parent and child education.
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Additionally, since the SC depends upon the educational distribution within

one generation rather than two, it is without difficulties of interpretation that

arise from mapping persistence over two generations, across which the meaning

and distribution of education may change (and in different ways in different

countries). For example, Hertz et al. (2008) reach differing conclusions about

global change in educational persistence depending on whether the intergen-

erational coefficient or correlation is used.5 The choice between the two also

strikingly changes the rank order of countries. Our meta-analysis can therefore

further contribute to a picture of country rankings of intergenerational persis-

tence, where currently there is considerable uncertainty (Strömberg and Engzell,

2023).

Educational inequality of opportunity in compar-

ative perspective and the role of income inequal-

ity

Comparative social mobility research has shed a great deal of light on fac-

tors underlying variation across time and space in the educational and occupa-

tional opportunity structure of societies (Breen and Müller, 2020; Bukodi and

Goldthorpe, 2021; Smeeding et al., 2011). At the same time, most of this work

is based on intergenerational associations and thus paints a potentially incom-

plete picture. Comparative research into inequality of educational opportunity

using SCs has been sparse so far. One study compared SCs among recent co-

horts from across Europe and the US (Grätz et al., 2021). Though the authors

describe potentially relevant ways in which the countries under study differ, in-

cluding their educational institutions and level of income inequality, with only

six cases they do not attempt to link measured contextual factors to the size

of the SC. Nonetheless they interpret certain results as running ‘contrary to

the Great Gatsby Curve hypothesis’ (Grätz et al., 2021, p. 1027). Sieben and

de Graaf (2001, 2003) tested whether SCs varied systematically with indicators

of modernisation (energy consumption per capita), individualization (divorce

rate), and socialism (seats in parliament held by leftist parties). Whereas the

effect of measured family background variables was negatively related to all

these indicators, the total effect of social origins was not significantly related to

any, raising the possibility that social origins taken as a whole exhibit a more

invariant association with education than observables-based approaches would

lead us to believe.

The Great Gatsby Curve (GGC) refers to the positive cross-national associ-

ation between income inequality and intergenerational persistence, usually put

5Azam and Bhatt (2015) provide another illustration, in the context of India.
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in terms of income or earnings. Theoretical accounts of the mechanisms un-

derlying this relationship focus almost exclusively on how economic inequality

creates educational inequality (Durlauf et al., 2022; Ermisch et al., 2012). How-

ever we are aware of only a few studies testing whether income inequality is

cross-nationally associated with greater intergenerational persistence in educa-

tion, none of which employ SCs (Blanden, 2013; Jerrim and Macmillan, 2015;

Neidhöfer et al., 2018). As Blanden (2013, p. 58) argues, evidence of an associ-

ation between income inequality in childhood and educational persistence is in

line with a causal interpretation of the GGC, since it is inconsistent with the

idea that inequality and immobility ‘tend to be generated by the same factors’

(that is, are confounded) and therefore only correlate ‘at the end of the process,’

when the child generation are adults.

Income inequality’s relation to the SC is likely to depend on the extent to

which financial resources determine educational attainment. In terms of educa-

tional performance, or ‘primary effects’ (Boudon, 1974), greater income secures

better health and nutrition and a home environment more conducive to learning

(Breen et al., 2009). As for educational decision-making conditional on perfor-

mance, or ‘secondary effects,’ financial resources affect the perceived costs and

benefits of continuing in education (Breen and Goldthorpe, 1997). Income is

thus relevant to both primary and secondary effects, and higher income inequal-

ity indicates that it is more unevenly distributed. Under such circumstances

we would expect a stronger effect of social origins on educational attainment

(DiPrete, 2020; Durlauf et al., 2022). Moreover, in high-inequality contexts the

relative risk aversion mechanism of secondary effects (Breen and Goldthorpe,

1997) may be stronger, as the steeper income distribution implies a greater

absolute loss from downward mobility.

On the other hand, for many of the cohorts in our study secondary edu-

cation was free and tertiary education either free or subsidised to the point of

widespread affordability, potentially nullifying the importance of income differ-

ences. Another possibility, since the SC captures influences beyond income, is

that where incomes are relatively equal, high-status families develop and make

greater use of cultural resources, social connections, and other substitutes for

high income. The SC may then remain stable if advantaged parents are able

to draw on alternative mechanisms through which to reproduce their position

(Sieben and de Graaf, 2003).

The reduction of economic inequality may then be one policy option for

weakening the link between origins and education. We aim to inform this de-

bate by testing whether SCs correlate with cohort-specific indicators of income

inequality at the national level. In common with other comparative macro-level

research, this is necessarily a descriptive exercise. Rather than providing causal

evidence, the benefits of our analysis lie in testing whether the hypothesized

10



association is evident across a wide range of contexts, and in identifying where

and when deviations appear.

Data and method

Our analysis has three main stages. The first comprises a systematic review.

We undertook a literature search with the aim of identifying all studies which

report at least one estimate of an SC in educational attainment. We extracted

these estimates and other estimate-level information (e.g. sample size, dataset,

model), constructing thereby a dataset of SC estimates nested in studies. The

Supplementary Materials contain a list of the included studies and a repro-

duction package including the dataset of estimates we have assembled. Our

descriptive statistics characterise this raw dataset, giving an overview of the

literature.

Second, we use meta-regression to explore variation in the SC by country

and (decadal) birth cohort.6 We use random-effects models in all cases. In

a preliminary step, because multiple estimates are often based on the same

sample, we save one predicted estimate per sample. These predicted estimates

come from a meta-regression of estimates on sibship type, model type, and

sample fixed effects. At this stage we also exclude estimates from non-nationally

representative samples, and those with a range of birth years so wide they cannot

be assigned to a particular birth cohort.

Third, after using meta-analysis to pool estimates from different samples of

the same country and cohort, we examine associations between these country-

cohort estimates and indicators of income inequality.

The remainder of this section provides further detail underlying our analysis.

Figure 1 provides a roadmap of our approach.

Literature search and inclusion criteria

Full details of our literature search and inclusion criteria are given in the Sup-

plementary Materials. Here we state the main points. We included estimates

of sibling correlations in educational attainment (not similar concepts such as

test scores or enrolment), measured either in years of completed education or

year-equivalents based on the usual time taken to attain a stated level. We only

included estimates that refer to brothers, sisters, or to all siblings regardless of

sex. We excluded estimates based on samples of individuals who either had not

completed their education, or for whom being observed depended on residing in

6We focus on these results rather than meta-analysis per se because there is no meaningful
‘one true’ value (or distribution of values) to home in on; rather, sources of variation in the
SC are of primary interest. For this reason, we do not report all the analyses and statistics
one might typically see in a meta-analysis—but see Figure S2 in the Supplementary Materials
for a (symmetrical) funnel plot and a brief discussion of publication bias.
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12

Unit of analysis and procedure Results

Literature search → Figure S1∗ Flowchart

↓
All sibling correlation estimates meeting inclusion criteria (N = 300) → Figure S2∗ Funnel plot

↓ Table 1 Descriptives

↓ Exclude if non-nationally representative or sample cohort

spans > 20 birth years

Figure 2 Descriptives

↓ Figure S3∗ Descriptives

Sibling correlation estimates (N = 253), including multiple estimates per sample

↓
↓ RE meta-regression on sample (i.e. dataset–cohort), sibship

type, and model type.

→ Table 2 Regression output

↓ Table S1∗ Estimate coverage

by sibship type

↓ Save predicted values for each sample, holding sibship type

constant at All siblings and model type constant at Pear-

son’s r

↓
One estimate per (dataset–cohort) sample (N = 94) → Figure S4∗ Forest plot

↓ ↓
↓ ↓ RE meta-regression on country and cohort → Figure S5∗ Coefficient plot

↓ ↓
↓ Predicted sibling correlations by country, holding cohort at

1960

→ Figure 3 Bar chart

↓ Figure S6∗ Bar chart

↓ Figure S7∗ Coefficient plot

↓ RE meta-analysis within each country–cohort

↓
Country–cohort predicted sibling correlations (N = 80) → Table 3 SCs by country

and cohort

↓ Table S2∗ SCs and income

inequality data

↓
↓ RE meta-regressions on income inequality → Figure 4 Bubble plot

Table 4 Regression output

Table 5 Margins on

correlation scale

Figure 1: An overview of the analysis

Notes: ∗in Supplementary Materials. RE: Random effects. SC: Sibling correlation.



the parental home. From each study, we took the estimates that were the most

disaggregated in terms of birth cohort.

Data extraction

For each estimate within a study, we extracted the following further informa-

tion: country, dataset, sibship type, sample size, birth years, model, nationally

representative sample, singletons included, and adjusted for family size. Here we

provide a brief discussion of the listed factors which are not self-explanatory.

Model distinguishes different approaches to estimation of the sibling cor-

relation: Pearson correlations, intraclass correlation coefficients (ICCs) from

variance decomposition models, and (rarely) path coefficients from structural

equation models. We collect information further distinguishing whether Pear-

son correlation estimates are adjusted for family size, and whether ICC estimates

include or exclude singletons (only-children).7 Sample size refers to the number

of families within which the siblings are nested. This is to ensure comparability

across SCs calculated from different approaches.

Data preparation

After describing the full set of SCs, we use meta-regression to explore variation

in these estimates. To facilitate this, we make some adjustments to the data.

First, because we aim to make cross-national and cross-cohort comparisons,

we exclude estimates from samples that are not nationally representative or

whose birth years span more than 20 years. We assign estimates to decadal

birth cohorts (e.g. 1950s) according to the midpoint of the birth years of the

sample. Including such a cohort variable allows us to test for a cross-national

time trend in the sibling correlation, as well as to purge our country coefficients

of any confounding arising from such a trend.

Data preparation

After describing the full set of sibling correlations, we use meta-regression to ex-

plore variation in these estimates. To facilitate this, we make some adjustments

to the data.

First, because we aim to make cross-national and cross-cohort comparisons,

we exclude estimates from samples that are not nationally representative or

whose birth years span more than 20 years. We assign estimates to decadal

birth cohorts (e.g. 1950s) according to the midpoint of the birth years of the

sample. Including such a cohort variable allows us to test for a cross-national

7When sibling pairs are weighted equally regardless of family size, large families are over-
represented. Most studies recognize the issue and adjust so that each family is weighted
equally. The implications of including singletons are discussed below.
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time trend in the sibling correlation, as well as to purge our country coefficients

of any confounding arising from such a trend.

Second, we follow established meta-analytic procedure (Borenstein et al.,

2009; Card, 2012) and apply the Fisher’s z transformation (inverse hyperbolic

tangent) to the extracted correlation coefficients r:

z = 0.5× ln(
1 + r

1− r
) (2)

Whereas the variance of r depends on the value of r itself, this is not true

of z. The standard error of z is simply a function of sample size n:

SEz =
1√
n− 3

(3)

Meta-analytic techniques aggregate evidence, but it is important to ensure

that evidence is not double-counted. This could happen if multiple studies

estimate the same parameter for the same sample. Meta-analysis has its origins

in the context of medical trials, where this appears not to be a widespread

problem. In quantitative social science however, different studies inevitably

draw on the same datasets.

Third, then, in order to yield a single comparable SC estimate for each sam-

ple of siblings, we run a meta-regression of estimates on sibship type, model type,

and sample. We define samples as distinct combinations of dataset and decadal

birth cohort. We save predicted values from this meta-regression, holding sib-

ship type and model type constant at All siblings and Pearson’s r respectively.

This step also allows us to examine whether estimates systematically vary in

magnitude by sibship or model type, net of sample fixed effects.

Above, we highlighted the value of sex-specific sibling correlations for mea-

suring inequality of opportunity. Ideally our analysis would have focused on

these. However, our aim is comparison across contexts, and we found all-siblings

estimates for a far wider range of countries and cohorts, and sister correlations

for particularly few (see Table S1 in the Supplementary Materials).

Meta-analysis and meta-regression

Meta-analysis is a technique for synthesizing existing evidence, allowing re-

searchers to estimate a single overall effect size based on multiple studies esti-

mating the same quantity (Borenstein et al., 2009). Conceptually, our starting

point is a random-effects meta-analysis, which assumes a normal distribution of

true effect sizes around a grand mean µ. The deviation of each estimate zi from

µ has two components, ζi and εi:

zi = µ+ ζi + εi ζi ∼ N(0, τ2) and εi ∼ N(0, σ2
i ) (4)
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τ2 is between-study variance in the true effect size (for exposition we here

assume one estimate per study), while σ2
i is within-study variance arising from

sampling error. The standard deviation σi equals SEz as shown above. Meta-

analysis calculates a weighted mean of the observed effect sizes, yielding an

estimate of µ. For our purposes this overall mean is of only secondary interest.

A meta-regression is a regression of effect sizes on study-level covariates.

Meta-regression is used to model variation in the true effect size due to differ-

ences between studies, net of differences due to sampling variation:

zi = β0 + β1x1 + ζi + εi (5)

β0 is an intercept, x1 a vector of study characteristics, and β1 a vector of

coefficients. Weighted least squares is used to estimate the coefficients. Meta-

regression is often an extension to a study presenting a meta-analysis. In our

case we focus on the results of our meta-regressions.

Details of further data and methods will be introduced below as they become

relevant.

Results

Description of the sibling correlation literature

Table 1: Sibling correlations from the literature: basic descriptive information

N Min. Mean (SD) Max.

Studies 63

Estimates 300 .13 .46 (.09) .75

All siblings 124 .13 .45 (.10) .69

Brothers 115 .24 .47 (.09) .73

Sisters 61 .35 .48 (.06) .75

Countries 23

Datasets 59

Note: Counts Germany, East Germany, West Germany, England, Scotland, and the United

Kingdom as separate countries. For the meta-regressions, Germany and West Germany are

combined, as are England and the United Kingdom. The title of this study refers to the

18 countries included in the meta-regressions.

We begin by characterizing the SCs identified in our search. As Table 1

shows, 300 estimates from 63 studies met our inclusion criteria. All-siblings,

brother, and sister correlations were present in a ratio of approximately 2:2:1.

We found estimates for 23 countries, based on 59 distinct datasets ranging from

national registers to primary data from small surveys. Estimates range from
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.13 (Czechoslovakia) to .75 (US), though these values are based on rather small

samples (34 and 200 families respectively). The mean is .45 for all-siblings

correlations, and slightly higher for brother (.47) and sister correlations (.48).

Figure 2 provides further detail. Panel A shows a steady growth in the

number of SC studies over time. Panel B shows that early studies focused on

brothers, but the number of all-siblings estimates has since caught up. There are

still relatively few estimates of sister correlations, and in fact 33 of these 61 come

from a single study (Wiborg and Hansen, 2018) and refer to Norway. Though

the majority (63 %) of studies report just one or two estimates, a small group

contain a large number. Panel C identifies six studies that together contain

157 estimates. These six include two which present estimates from Norwegian

register data for many distinct cohorts, and four of the five previous studies to

compare SCs cross-nationally.

Panels D and E of Figure 2 show which countries and datasets, respectively,

are most represented in the literature. 31 studies have estimated SCs for US

samples, by far the most. Next are the Nordic countries and Europe more widely.

Apart from Australia, the non-European countries represented in the literature

each appear in only one study. Notably, these are all (Indonesia, Israel, and

Japan) excluded from our meta-regressions because the samples they refer to

span a wide range of birth years. Besides register data, the PSID stands out as

much-used. More recently-initiated household panel studies from other countries

may be an untapped source of new SC data, since they largely adhere to the

PSID’s design. Panel F of Figure 2 shows the distribution of SCs: approximately

normal, with 94 % of estimates falling within two standard deviations of the

mean.

Figure S3 in the Supplementary Materials plots some additional descriptive

information. As Panel A of Figure S3 shows, the sample sizes behind these

estimates span several orders of magnitude, and are concentrated among the

small and the very large. Panel B gives the distribution of the first year of

birth for each estimate’s sample. Coverage spans the late 19th century and

most of the 20th, with younger cohorts yet to complete their education. The

distribution of samples peaks in the 1950s and early 1960s. Panel C gives the

length of these cohorts, that is, how long a span of birth years is included in each

sample. This exhibits a long tail of studies in which nationally representative

samples of adults were asked about their siblings’ education. Usually however

the estimates refer to more specific birth cohorts spanning under ten years.

Meta-analytic and meta-regression results

Before making comparisons across countries and cohorts, we regress estimates

on sibship type, model type, and sample fixed effects. Using this model, we

predict a single, comparable SC estimate for each sample. This also constitutes
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Table 2: Random-effects meta-regression of sibling correlation estimates on sib-
ship type, model type, and sample

Coefficient (Fisher’s z scale) SE

Sibship type (ref. Brothers)

All siblings −0.014 0.009

Sisters 0.031∗∗∗ 0.006

Model type (ref. Pearson’s r)

Pearson’s r, no adjustment for family size −0.006 0.023

Variance decomposition, only-children excluded 0.014 0.013

Variance decomposition, only-children included 0.029 0.016

Structural equation model −0.017 0.043

Model unclear −0.007 0.017

Sample (dataset–cohort) fixed effects included

Observations (sibling correlation estimates) 253

Note: ∗∗∗p < .001.

a test of whether SC estimates vary systematically by sibship and model type.

Coefficients from this model are shown in Table 2. Sister correlations are larger

than those among brothers (b = 0.031) and those among all siblings (b = 0.045).

The coefficients must be interpreted carefully, as they are on the Fisher’s z scale

and so vary across the range of correlation values; z is almost equivalent to r in

the range 0 to .5, but notably diverges from r at r ≥ .5. For the median estimate

recorded in our literature review, .46, an increase of 0.031 would represent an

increase of 0.024 on the correlation scale.

The three predominant approaches to estimation (model type in Table 2)

are variance decomposition models either including (N = 85) or excluding (61)

only-children, and Pearson correlations with adjustment for family size if appli-

cable (68). Variance decompositions including only-children are expected to be

larger, since only-children add between- but not within-family variance. This is

reflected in their positive coefficient. Nonetheless, there are no significant differ-

ences among these three main approaches or the few estimates from structural

equation models (5), but contrasts were significant between variance decompo-

sitions including only-children and both the 26 estimates whose model type we

could not discern, and Pearson correlations without the family size adjustment

(10).

We conclude that estimates are somewhat larger among sisters, estimates

for all siblings are not significantly different from those among brothers, and

the way in which a sibling correlation is estimated generally makes little differ-

ence. This is a reassuring note on which to predict a single estimate for each

sample, holding sibship type at all siblings and model type at Pearson’s r, while

acknowledging that for many samples we in fact only observe correlations for

brothers or sisters only, or estimated from other types of model. This yields
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estimates for 94 distinct samples. A forest plot in the Supplementary Materials

(Figure S4) shows each estimate with a confidence interval and relative weight,

plus the overall meta-analytic average of .46 (95 % CI .44, .47). The I2 statistic

of 90 % indicates that variation between these estimates is almost entirely due

to between-estimate variance in the true effect size, rather than variance arising

from sampling error.

Our focus is on modeling variation in these estimates rather than estimating

an overall average which has no clear interpretation in this context. Figure S5 in

the Supplementary Materials presents coefficients from a random-effects meta-

regression of the 94 predicted correlations on country and birth cohort. The

R-squared statistic indicates that these covariates explain 54.3 % of the varia-

tion between estimates. Estimates do not differ significantly according to birth

cohort and thus produce no evidence of a cross-national time trend in the size

of the SC.

The SC does however exhibit significant cross-national variation. The coef-

ficients shown in Figure S5 are again on the Fisher’s z scale; we first therefore

discuss the rank ordering of countries and the significance of differences between

them, rather than magnitude: Bulgaria and Spain exhibit the largest correla-

tions, followed by France and then the US. The coefficient for the US does

not differ significantly from that of the next few countries: Czechoslovakia, the

Netherlands, Germany, Australia, Poland, Russia, and the United Kingdom.

Continuing in descending order, Sweden, Hungary, Scotland, Norway, Finland,

Denmark, and finally the former East Germany all exhibit significantly lower

sibling correlations than the US (at the .05 level).

The random-effects model conservatively assumes that the true effect may

vary even across different nationally representative samples of a given country

and cohort, for instance due to subtle unmeasured differences in survey design

and data quality. Under the alternative fixed-effects meta-regression, with its

assumption that sampling error is the only source of differences between different

estimates within each country and cohort, contrasts between the US on the one

hand and the Netherlands, Germany, Australia, and the UK are all statistically

significant at p < .001.

Though the US differs significantly from the Nordic countries under the

random-effects assumption, it is worth emphasising that the random-effects

model produces especially conservative standard errors in the case of the Nordic

countries, where estimates are based exclusively on register data. The availabil-

ity of such comprehensive and high-quality data makes the collection of further

samples redundant. From the perspective of the random-effects model however,

this is equivalent to sampling just one estimate from a normal distribution of

true effects.

To give an indication of the magnitude of the differences between countries
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on the correlation scale, we plot in Figure 3 predicted sibling correlations for

each country, holding birth cohort at 1960. This yields predictions mostly in

the range .4 to .5, with only Bulgaria, Spain, and France higher, and Finland,

Denmark, and East Germany lower.

Income inequality

We next present meta-regressions of SCs on two different measures of income in-

equality. Each SC estimate in this case represents a single ‘context,’ or country–

cohort combination, such as those born in France in the 1970s. To arrive at these

country–cohort estimates (N = 80), we take, separately for each context, the

weighted mean from a random-effects meta-analysis of all available samples of

that context. These country–cohort estimates are shown in Table 3, which also

indicates for which contexts each measure of income inequality is available. Ta-

ble S2 in the Supplementary Materials additionally shows each context’s value

for each income inequality measure.

Table 3: Country–cohort meta-analytic sibling correlation estimates

1900 1910 1920 1930 1940 1950 1960 1970 1980

Australia 0.57 0.50 0.48 0.46 0.33 0.35

Bulgaria 0.44 0.59 0.67

Czechoslovakia 0.12 0.52 0.49 0.52

Denmark 0.29 0.35

East Germany 0.26 0.29 0.30 0.28 0.26

Finland 0.38 0.33 0.36

France 0.51 0.53

Germany 0.44 0.48 0.47 0.42 0.50 0.54 0.49

Hungary 0.41 0.16 0.34 0.40 0.51 0.49 0.54

Netherlands 0.51 0.44 0.54 0.46 0.41

Norway 0.40 0.42 0.42 0.41 0.40 0.39

Poland 0.41 0.47

Russia 0.49 0.39

Scotland 0.55 0.39 0.39 0.42

Spain 0.38 0.64 0.63 0.57 0.68

Sweden 0.45 0.45 0.41 0.40 0.44

United Kingdom 0.48 0.52 0.44 0.35

United States 0.58 0.57 0.56 0.49 0.47 0.48 0.51 0.40

Note: italics indicates the top decile share measure is available, bold indicates the Gini mea-

sure of income inequality is available. Bold and italic indicates both measures are available.

To measure income inequality, we first use Gini coefficients from the World

Income Inequality Database (WIID) Companion dataset (Grad́ın, 2021a,b; UNU-
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WIDER, 2022a).8 In most cases this measure is only available from the 1960s

onward. Second, we use top decile shares of pre-tax national income from the

World Inequality Database (wid.world). This measure is available for more of

our contexts and extends back to the early 20th century in some cases. In

each case, we average all available values for the decade following the cohort’s

decade of birth, to capture conditions prevailing while sample members were in

education.

Including all available country–cohort contexts, the association is weak and

non-significant when using the Gini (p = .564, Figure 4). Driven by the early

20th century US, the association is significant when using top decile shares

(p = .002). A cluster of high sibling correlation-low inequality points from

Eastern Bloc countries raises the question of whether the hypothesis of a Great

Gatsby Curve (GGC)-type association meaningfully applies in these contexts.

Previous studies of the GGC which identified useable data for these countries

have nevertheless excluded them, arguing that theorized GGC mechanisms de-

pend upon democracy and a market economy (Andrews and Leigh, 2009; Jerrim

and Macmillan, 2015).

Might it be possible to argue that the Eastern Bloc cases in fact represent

a cluster of low-inequality countries which are within the scope of the GGC

hypothesis but fail to support it? This argument does not seem strong. The

literature attests a number of mechanisms specific to the state-socialist context

by which advantaged parents were able to secure educational success for their

children even under conditions of relative income inequality, Communist Party

membership being an important example (Hanley, 2001; Hanley and McKeever,

1997; Shavit and Blossfeld, 1993).9 Studies of inequality in postsocialist transi-

tional societies emphasize the role of long-standing networks of clientelism (Nee

and Cao, 2002). We therefore present results excluding these state-socialist

contexts.

Results shown in Tables 4 and 5 extend our analysis and enhance its inter-

pretability. Table 4 shows additional specifications including cohort and country

fixed effects. For both measures, associations are similar albeit somewhat atten-

uated when analysing within-cohort cross-national variation. When analyzing

within-country variation across cohorts, results diverge and the association re-

mains evident with the top share measure—whether including or excluding the

early 20th century US observations—but not with the Gini. This divergence

would appear to result from the narrower range of cohorts and lower number

8The target income concept is net income per capita. Especially for richer countries, series
gathered in the construction of the dataset mostly conform to this. Others ‘have been adjusted
to be consistent over time and across countries’ (UNU-WIDER, 2022b, p. 3).

9Henderson et al. (2005) question the validity of the nominally low income inequality in
the Eastern Bloc and, with respect to education, write that ‘Communist decorations, parents’
party membership, and references from the secretary of the local section of communist youth
organizations all played a part in the entry process into higher education’ (p. 402)
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Figure 4: Country–cohort predicted sibling correlations and two measures of
income inequality, with meta-regression lines and 95 % confidence intervals.

Note: The area of each observation’s bubble is proportional to its weight in the meta-

regression.
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Table 4: Meta-regressions of country–cohort sibling correlation estimates on
income inequality

N No Cohort Country Cohort and

Obs. Cohorts Countries controls FE FE country FE

Gini

full sample 30 6 11 0.945∗∗ 0.914∗ −0.256 −0.704

(0.295) (0.383) (0.306) (0.358)

both measures available 26 6 10 0.762∗∗ 0.649 −0.463 −0.900

(0.258) (0.323) (0.357) (0.371)

Top decile share

full sample 45 9 10 1.07∗∗∗ 0.734∗∗ 0.874∗∗∗ 0.336

(0.168) (0.267) (0.209) (0.430)

excluding US 1900-1920 42 8 10 0.956∗∗ 0.724∗ 0.655∗ 0.288

(0.254) (0.342) (0.242) (0.466)

both measures available 26 6 10 1.173∗∗ 1.146∗ 0.377 −0.769

(0.330) (0.481) (0.378) (0.932)

Notes: ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001. FE: fixed effects. Coefficients are on the Fisher’s

z scale; see text.

Table 5: Meta-regressions of country–cohort sibling correlation estimates on
income inequality: predictive margins on the correlation scale at selected values

Predicted sibling

correlation at Gini/top

decile share of

∆ for .1

change from

.25 to .35

N .25 (A) .35 (B) (B)− (A) SE of ∆

Gini

no controls 30 0.390 0.467 0.077∗∗ 0.024

cohort FE 30 0.391 0.466 0.075∗∗ 0.031

country FE 30 0.420 0.399 −0.021 0.025

Top decile share

no controls 45 0.382 0.469 0.087∗∗ 0.014

cohort FE 45 0.402 0.462 0.060∗∗ 0.022

country FE 45 0.391 0.462 0.071∗∗ 0.017

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. FE: fixed effects.



of observations overall for which the Gini measure is available. There are more

than three observations for only Norway and the US, which each exhibit little

change in the Gini across the period covered. The top decile share result is

similarly non-significant and imprecisely estimated when restricting analysis to

the Gini sample. Estimates become highly imprecise when including both co-

hort and country fixed effects. We thus find qualified support for an association

between income inequality and the SC both cross-nationally within cohorts, and

within countries across cohorts.

Because the meta-regressions are run on estimates transformed to the Fisher’s

z scale (as is the norm in meta-analysis), the slopes of the meta-regressions are

slightly nonlinear on the original correlation scale. Figure 4 and Table 4 should

therefore be interpreted in conjunction with Table 5, in which we present change

in the predicted SC across a relevant .1 contrast in our contextual indicators.

Focusing on the results shown in Figure 4, a .1 increase in the Gini from .25

to .35 is associated with a .077 increase in the SC. Moving from a top decile

share of 25 % of pre-tax income to 35 % is associated with a .087 increase in

the SC—comparable to the difference between the US and Norway presented in

Figure 3.

Existing estimates of GGCs take countries as the unit of analysis and focus

on a single birth cohort. Cohort fixed-effects are one way of accounting for

dependence between multiple cohorts from the same country. As a robustness

check we additionally re-run the meta-regressions from Figure 4 with the ro-

bust variance estimator of Hedges et al. (2010), using the user-written Stata

command robumeta (Hedberg, 2014). The associations are almost identical in

magnitude and remain statistically significant with both the Gini (p = .024)

and top decile share measures (p = .006; p = .014 excluding the three early US

cohorts).10

Discussion

The sibling correlation (SC) represents an estimate of the total effect of social

origins, capturing the influence of all factors that increase sibling resemblance

on an outcome. We have termed such factors, which include ethnicity and all as-

pects of parental socio-economic position, a sibling set’s ‘common inheritance,’

and contrasted it with the ‘individualizing factors’ that generate sibling dif-

ferences. The SC thus measures inequality of opportunity insofar as common

inheritance corresponds to ascription and individualising factors to achievement.

SCs in education have been much-studied, but only rarely used in compar-

10For the p = .006 result (only), robumeta returns a warning that the p-value is untrustwor-
thy due to low degrees of freedom (Tipton, 2015). This is due to the early US cohorts being
outliers in terms of top decile share and reflects the relative paucity of observations at such
high top decile share values.
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ative research despite their attractive properties for this purpose. We aimed to

exploit this opportunity by systematically searching the literature and collating

all available estimates of SCs in educational attainment, using meta-regression

to explore variability in the estimates, and examining how they vary across con-

texts marked by different levels of income inequality. Existing accounts of the

link between economic inequality and intergenerational persistence have sug-

gested educational inequality of opportunity plays an important intermediating

role, but prior research has not explored whether the total effect of social origins

on educational attainment systematically varies with income inequality.

Our two most important findings concern country differences in SCs and the

strong positive association between the SC and income inequality.

The SC exhibits substantial cross-national variation. Of the (primarily Eu-

ropean) countries for which we find estimates, Spain and Bulgaria stand out as

having the largest correlations (.60; see Figure 3), while the former East Ger-

many is at the lower extreme (.28), echoing the findings of Betthäuser’s (2019)

study of German reunification. Within the narrower range spanned by the ma-

jority of countries, France (.54) and the US (.50) are at the top end, and Norway

(.41), Finland (.37), and Denmark (.34) at the lower end. It is important to

understand the strengths and limitations of producing a single number for each

country. These should be interpreted as reflecting average differences between

countries, for cohorts born across the early to late-middle 20th century. This is

necessarily an exercise in data smoothing.

These results nonetheless make an informative contribution to the compara-

tive study of educational inequality. Prior country rankings have all been based

on associations between parental education or occupation, and children’s edu-

cation (Beller and Hout, 2006; Hertz et al., 2008; Jerrim and Macmillan, 2015;

Pfeffer, 2008). They capture only part of the effect of social background on

education—a part whose size as a portion of the total effect may vary cross-

nationally. A point of wide interest as regards such rankings, and a popular

topic more generally, is the position of the US relative to the Nordic coun-

tries (Andrade and Thomsen, 2021; Heckman and Landersø, 2022; Karlson and

Birkelund, 2024). We find significantly lower SCs in Sweden, Norway, Finland,

and Denmark than the US, with US sibling correlations on the order of .1—or

25 %—higher.1112 In terms of the rank ordering of this subset of countries, our

results are thus broadly in agreement with Jerrim and Macmillan (2015) and the

intergenerational correlation results of Hertz et al. (2008), but not—particularly

11This is also true when excluding SCs for cohorts born in the 1920s and earlier—cohorts for
which we lack data on the Nordic countries, and for which the US sibling correlations are large.
The only exception is that the difference with Sweden becomes non-significant (p = .072).
Overall, this exclusion mainly affects Hungary, whose predicted correlation increases from .42
to .48. See Figure S6 in the Supplementary Materials.

12.1 and 25 % refer to .4 as an approximate average for the Nordic countries, and the US
estimate of .5.
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as regards Sweden and Norway—with those of Beller and Hout (2006), Pfeffer

(2008), or Hertz et al.’s (2008) intergenerational coefficient results. It is beyond

the scope of this study to explain differences among these other rankings, but

future research should do so in the context of our results and, further, try to

identify and comparatively study the unobserved factors captured in the sibling

correlation that are masked in measures based on intergenerational associations.

More data collection and analysis inclusive of all of the ‘big four’ dimensions of

socio-economic status would be an important step in this direction, as would

work using genetically-sensitive designs (Hällsten and Thaning, 2022).

We find larger SCs in educational attainment among cohorts growing up

under conditions of greater income inequality. We are aware of no prior tests

of this relationship, and the results provide support for theoretical accounts

of the Great Gatsby Curve that emphasize education as a mediating pathway

in the link between economic inequality and social immobility (DiPrete, 2020;

Durlauf et al., 2022). The mechanisms implied by these accounts are varied and

multi-sited, from constraints on family investment, to neighborhood and school

segregation, to the effects of inequality on the political process and support for

public education. The policy implication of our finding is that greater equality

of educational opportunity likely requires a reduction in economic inequality.

Great Gatsby Curve-type findings typically present a cross-sectional asso-

ciation. We harness observations of multiple cohorts to also test for a within-

country association, and find qualified support for this. The finding is sensitive

to the measure of income inequality used, though primarily because one is avail-

able for a wider range of contexts. Behind this overall finding, the data we have

collated show that the US descends in both income inequality and the SC in

three fairly distinct steps (1900–20, 1930, 1940–70), and Australia follows a sim-

ilar trend.13 Albeit somewhat noisily, the Netherlands, Sweden, and UK also

tend in this direction across cohorts. Norway’s SC is stable in the face of a

declining top share of income, while Germany’s exhibits trendless fluctuation

against a stable top share. The association between income inequality and the

SC is complex and contingent, but our results show a correlation between the

two in aggregate.

We have three other noteworthy results. First, despite seeking all available

SC estimates, in the end our sample is one of mostly mid-20th century cohorts

from the Global North—specifically Europe, the US, and Australia. The main

barrier to including existing estimates from Global South countries was sample

inclusion depending on co-residence; education is likely to influence co-residence

patterns among adult siblings.14 The addition to existing surveys of questions

13Table 3 in the Supplementary Materials enables inspection of within-country change over
time and with respect to the contextual measures.

14See Ahsan et al. (2022) for a study of sibling correlations in 53 developing countries.
These estimates do not meet our inclusion criteria both because of the selection on coresident
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asking about family members outside the household would be valuable.

Our income inequality results are particularly striking in this light: for the

most part we are looking through a narrow window offering a view dominated

by low-inequality contexts. We miss many high-inequality contexts from the

early 20th century, whole other regions in the mid-to-late 20th century, and the

widespread increase in income inequality from the 1980s onward. We would

expect at least as strong an association to be evident if we had more estimates

from these three broad sets of contexts.

Second, SCs between sisters are modestly higher on average than between

brothers and between all siblings regardless of sex. This implies that even in the

mid-to-late 20th century Global North where our estimates are concentrated,

women’s educational opportunities have tended to be more strongly constrained

by social origin factors than men’s. Since sex is a source of inter-sibling dif-

ference, sex-specific SCs are a preferable measure of inequality of opportunity.

Figure S7 in the Supplementary Materials shows that the pattern of country dif-

ferences changes little when brother-only and sister-only correlations are used.

However, we found sister correlations for a relatively narrow range of contexts

and therefore used (modelled) all-siblings correlations to accomplish our aim

of comparison across a wide range of contexts. Future studies should report

sex-specific SCs in addition to all-siblings ones.

Third, we find no overall differences between cohorts in the size of the SC.

While this result is based on a meta-regression including country as a covariate,

one should interpret it whilst keeping in mind the unbalanced nature of our panel

(see Table 3). Data on earlier cohorts from more countries may have yielded a

different conclusion with respect to the overall pattern of temporal change. We

have used our limited space to focus on other questions, but this result and the

data we have collated may be of interest to scholars of temporal change in the

origins–education link. Further research should compare our estimates to those

from in-depth country-specific studies based on intergenerational associations,

which have reached conflicting conclusions (Breen et al., 2009; Breen and Müller,

2020; Shavit and Blossfeld, 1993).

An important limitation is that the estimates we analyze refer to years of

educational attainment and thus assume that all years of education are of equal

standing. However, advantaged families seek qualitative as well as quantitative

differentiation in their children’s educational credentials (effectively maintained

inequality, Lucas, 2001). Our analysis is blind to such qualitative inequality,

though we would expect it to play the most pronounced role in countries with

an elite stratum of higher education, such as the US, UK, and France. Nordic

higher education is less stratified, suggesting that our main conclusion contrast-

ing the latter with the US is only reinforced by this consideration. We also

status and because ‘the sample consists of children of age 16–28’ (M.S. Emran, personal
communication, 5 July 2022). See also Emran et al. (2018).
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note cautiously that that Pfeffer (2008, p. 549) undertakes a stability analysis

incorporating differentiation into academic and vocational streams, and reports

that ‘These atalyses do not yield any evidence of systematic bias arising from

the exclusive focus on the vertical dimension of the educational hierarchy.’

We have already discussed the nature of SCs at some length. Briefly, how-

ever, some further limitations should be noted. First, SCs are restricted to

families with two or more children in most cases, albeit only-children can be

included in a variance decomposition approach. Across the 20th century, only-

children have tended to comprise no more than 12.5 % of each birth cohort in the

countries we examine, Russia being an exception (Präg et al., 2020). Differences

between only-children and others in terms of social background and educational

outcomes vary across contexts, but we are aware of no reason to believe the

explanatory power of family background varies systematically between the two

groups (Choi and Monden, 2024; Grätz et al., 2021). Further, we have shown

above that conditional on sibship type and dataset–cohort, estimates including

only-children are not significantly different from those that exclude them, in the

set of estimates we find. Nonetheless, this is a substantial subpopulation that

most of our estimates exclude.

Second, as regards comparability, the need for data on multiple siblings

entails a risk of studies diverging in their sample construction in potentially

consequential ways. Our inclusion criteria help to mitigate this risk, and our

meta-regression results suggest that the most prominent differences of approach

are not systematically related to the size of the estimated correlation. Some

studies imposed further restrictions which we did not measure and include, as

most studies did not describe their sample construction to that level of detail.

The main such concern surrounds restrictions on the age spacing of siblings, as

siblings closer in age are likely to experience a more similar environment. How-

ever, an explicit comparison of results for closely- and widely-spaced siblings in

Norway and the US ‘does not find any substantial differences’ (Björklund and

Salvanes, 2011, p. 208). Another such concern is that differences may arise be-

tween designs where a parent reports their children’s education and those where

an individual reports their siblings’ education. Sieben (2001) tests this possi-

bility on a wide range of datasets and finds no significant differences. Finally,

studies usually did not clarify whether half- or step-siblings were included. This

likely reflects relatively low levels of family complexity across the contexts under

study. However, family complexity has grown across societies in recent decades

(Van Winkle, 2018; Van Winkle and Fasang, 2021), so future studies of younger

cohorts will need to attend to this distinction.

Above, we compared SCs with heritability as a measure of equality of op-

portunity. One attraction of heritability is that, unlike the SC, it isolates the

explanatory power of genes—within a given environmental context, it must be
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emphasized. This is an important consideration for educational attainment

since heritability may widely exceed 50 % when assortative mating is taken into

account (Wolfram and Morris, 2023). On the other hand, current molecular

genetics estimates suggest far lower heritabilities (Fletcher et al., 2023; Howe

et al., 2022), albeit methodological advances may in future reduce this missing

heritability (Tropf et al., 2017). We would sound a note of caution, however,

as to the further claim that by disentangling common environment and genes,

heritability automatically points to clear policy implications. ‘Heritability does

not imply immutability’ (Plomin et al., 2016, p. 4). It is by no means clear that

genetic differences either cannot or should not be attenuated by educational

policy (Engzell and Tropf, 2019; Fishkin, 2014; Manski, 2011).

We hope that the results reported here act as a spur for further research. A

similar review of SCs in other stratification outcomes would be illuminating. We

found comparisons of correlations for different outcomes within a given sample

(Conley and Glauber, 2008) and tabulations of selected estimates of correlations

in long-run earnings (Björklund and Jäntti, 2020; Schnitzlein, 2014), but no

comprehensive account. Our dataset of SC estimates is available for others

to use. We have also identified many contexts of interest for which we do

not currently have such estimates. Estimates for cohorts that have recently

completed their education will shed further light on the role of (recent increases

in) income inequality. The more we can expand coverage beyond the contexts

examined here, the richer will be our picture of the broad-scale institutional

determinants of equality of opportunity.
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A Link to reproduction package

Anderson et al. (2024) provides access to materials to reproduce our analysis:

� Stata code.

� Our dataset of estimates collected from the literature.

� Secondary datasets containing measures of income inequality.

B Details of literature search and full inclusion criteria

Figure S1: Flow diagram detailing the literature search and inclusion and ex-
clusion of studies

We first searched the Web of Science and Sociological Abstracts databases.

The only restriction imposed at this stage was that implied by only using
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English-language search terms.15 Our searches took the form ‘E and SC ’, in-

cluding every combination of the following for E, S, and C respectively:

� educational attainment, education, educational achievement, income, oc-

cupation, social class, socio-economic status;

� sibling, brother, sister, fraternal, sororal;

� correlation, similarity, dissimilarity, resemblance.

Figure S1 details the steps of our search. We used several additional strate-

gies to identify potentially relevant studies that our initial search may have

missed.16

We included all estimates of sibling correlations in educational attainment,

subject to the following conditions. We excluded:

� Twin samples. Twins differ systematically from other siblings (Smits and

15This search nonetheless yielded some studies not written in English, and of these we re-
viewed the studies in languages spoken by the research team (Dutch, English, French, German,
Latvian, Russian, and Uzbek).

16We searched Google Scholar, the Education Resources Information Center, and EconLit,
using a less comprehensive set of terms. We conducted a backward search, following up
references in relevant studies and existing narrative reviews of related topics (Björklund and
Salvanes, 2011; Black and Devereux, 2011; Griliches, 1979). We conducted a forward search
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Monden, 2011).17

� Samples in which a non-negligible proportion of children had not yet com-

pleted their education.18

� Samples limited to children living in the parental home. Household for-

mation or migration (and thus missingness) are likely to correlate with

education.

� Estimates based on educational achievement (e.g. test scores), cognitive

ability, enrolment, or other related constructs but not actual attainment.

� Categorical measures of attainment that aggregate substantively distinct

levels.19

� Categorical measures of attainment for which estimates are calculated

as intraclass correlation coefficients. ‘ICCs are often compared between

groups to show the degree to which sibling differences vary between groups:

we show that when the outcome is categorical these comparisons are in-

valid.’ (Breen and Ermisch, 2021, p. 497).

� Estimates based on pooled samples from multiple countries.

� Estimates specific to any subgroup other than brothers or sisters. For

example we excluded estimates:

– based solely on brother–sister pairs;

– disaggregated by sibship size;

– only reported separately across subgroups such as short birth-spacing/long

birth-spacing, or respondents and their older brothers/respondents

by using Google Scholar to identify studies citing studies we had already included. We also
contacted selected authors in the field to obtain any unpublished studies.

17For a meta-analysis of twin studies on educational attainment see Branigan et al. (2013).
18Whether this is explicitly stated in or deducible from the study, or would be expected

based on the age of the sample.
19This means we exclude, for instance, binary measures of tertiary attainment. Almost all

of our estimates measure attainment in years or year-equivalents. We include six estimates
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and their younger brothers.20

� Estimates for overlapping birth cohorts within the same study. For ex-

ample if a study presented estimates for three birth cohorts 1980–1989,

1985–1994, and 1990–1999, we excluded the middle one.

� Estimates that aggregated over multiple birth cohorts, where disaggregated

estimates were also available in the same study.

� Estimates from models including any covariates beyond sex, age, birth

year, and birth order. In practice it was rare for any covariates to be

included.

� Studies exactly restating estimates originally reported elsewhere in the

literature.

� Earlier versions of studies of which we found published or updated ver-

sions.

To be clear, note that this implies that we included :

� Separate brother, sister, and all siblings (i.e. non gender-specific) estimates

for the same sample.

� Estimates from different studies using the same sample (as long as one is

not simply a restatement of another, such as in a handbook chapter or

review).

� The most disaggregated estimates in terms of birth cohort, among those

presented in a study.

C List of included studies
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based on categorical measures, which all distinguish at least seven levels.
20We made exceptions for two cases: Duncan et al. (1972) only present estimates disaggre-

gated by race, and we included estimates for both Black and White samples, recording them
as de facto different datasets; Wells (1995) only presents estimates separately for one- and two-
parent families and we included the latter, which represented over 80% of the sample. None of
these estimates are nationally representative, so they are excluded from our meta-regression
analyses.
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D Data extraction notes

This section is intended to clarify the choices we made when confronted with

difficulties or ambiguities in the data extraction process. It is not exhaustive,

and mainly focuses on our decisions in cases where we found an apparently
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includable sibling correlation estimate, but were unable to straightforwardly

find details such as sample size or the birth years of the sample. Except for

minor details, we attempted to contact the author(s) for clarification in these

cases. We note cases in which information was given to us by authors.

In some instances our attempts to contact the author(s) for clarification were

unsuccessful. Therefore, as we also record here, some estimates were coded as

‘Model unclear’, and in some cases we imputed the sample size. These imputa-

tions were based on information such as sample sizes reported in other sibling

correlation studies using the same dataset, our attempts to replicate the pub-

lished correlations using the original data, and (because our sample sizes were

the number of families) the number of individuals (i.e. siblings) in the sample,

which usually was reported if the number of families was not. Similarly we

sometimes had to make a reasonable estimate of other details such as the span

of sample birth years. In all cases we were able to estimate imputed sample

size with a high degree of confidence; it is also worth noting that given our

use of random-effects models, only extremely large errors could be expected to

noticeably change our results.

East Germany, West Germany, Germany The classification of German

samples is complicated by history. Different individuals grew up and completed

their education in the former East Germany, the former West Germany, and

unified Germany; some were partway through their educational careers when

unification occurred. Further, some samples are of adults in (unified) Germany

and therefore represent a mix of people who grew up under different systems.

In our dataset of estimates we distinguish a) East Germany (estimates from

the East German Surveys of the German Life History Study (Mayer, 2015)), b)

West Germany (estimates from the West German Surveys of the German Life

History Study and the Konstanz sample from Müller (1972)), and c) Germany

(estimates from the German Socio-Economic Panel). a) and b) refer exclusively

to cohorts that grew up in the former East and West Germany respectively.

Note that c) includes both cohorts that grew up wholly or partially in a unified

Germany and cohorts that comprise a mix of individuals who grew up in the

East and West (more in the West, by about four to one) and now represent the

middle-aged and older population of Germany.

In our meta-regression analyses we combine b) and c) and categorize these

estimates as referring to Germany. We thereby contrast the particularly dis-

tinctive East German experience with the other types of sample mentioned.

The dtfl variable in our dataset of estimates A value of 1 on the variable

dtfl (dataset flag) indicates that the dataset a sample comes from overlaps with

the dataset of another estimate (i.e. includes some of the same individuals), and

specifically, unlike in most cases, that this is not captured by their having the
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same value of the variable dataset. To illustrate: two samples (with identical

or overlapping birth years) from e.g. the PSID would normally be identified

as containing at least some of the same individuals by virtue of (the variables

indicating the cohort birth year span and) the variable dataset. This would

straightforwardly be ‘Panel Study of Income Dynamics’ in both cases. However,

some estimates are for samples drawn from a combination of datasets. The

dataset variable may therefore fail to identify overlap between samples in such

cases. For example: ‘Social Mobility Study Hungary 1983’ and ‘Social Mobility

Study Hungary 1983 and Hungarian Social Mobility and Life History Survey

1992’ are different. dtfl flags estimates where the sample overlaps with the

sample for another estimate, but this overlap cannot be identified based on

identical values of dataset.

dtfl is useful because it identifies where, in writing our data preparation code,

we cannot simply rely on the variable dataset to distinguish separate datasets,

and instead have to deal with the estimates case-by-case.

Most dtfl = 1 cases come from studies by Sieben (2001); Sieben and de Graaf

(2003) because these authors produce many estimates from pooled datasets. An-

other instance is that the International Social Science Survey Australia 1984-

2001 Pooled File used by Marks and Mooi-Reci (2016) contains within it the

Australian National Social Science Survey 1989/1990 used by Sieben and de Graaf

(2003). dtfl = 1 cases arise with respect to four countries: Australia, Hungary,

the Netherlands, and the US.

Adermon (2013) The author kindly provided access to the full text of this

study, which is chapter 2 of his doctoral dissertation.

Björklund and Salvanes (2011) Model unclear—no information given about

how the estimates were arrived at. Sample sizes imputed.

Björklund et al. (2009) Sample sizes imputed.

Bredtmann and Smith (2018) Sample sizes for the brother and sister cor-

relations from register data are unclear. For these two estimates, we impute

the number of families as half the (reported) number of families for the all sib-

lings correlation. Since singletons are included in the samples, this represents a

conservative estimate.

Cawley et al. (2020) has in the meantime been published as Cawley et al.

(2023).

Chamberlain and Griliches (1975) The estimate from this study is re-

ported in Table 1 of Griliches (1979).
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Conley and Glauber (2007) Beginning of sample birth year range unclear.

‘We select adult respondents aged twenty-five and older who were head of their

household or married to the head of household in any (or all) years between

1983 and 2001.’ Table 1 gives mean age as ca. 36 with SD ca. 7, suggesting a

plausible maximum age of ca. 50; this also fits with the presentation of results

in later tables separately for those aged 30 and under, 31–40, and over 40. So

we have coded coh start as 1983−−50 = 1933.

Conley and Glauber (2008) Sample description is almost identical to Con-

ley and Glauber (2007), so we have coded coh start as 1933 for this study too.

Grätz et al. (2021) The German sample (from the SOEP) were born 1976–

1989. We have recorded the country as ‘Germany’ rather than ‘East Germany’

or ‘West Germany,’ since most of this cohort will have undertaken most of their

education in a unified Germany.

Hällsten and Thaning (2022) The authors kindly provided us with sample

size in terms of numbers of families.

Hauser and Featherman (1976) Sample sizes imputed.

Hauser and Sewell (1986) Unclear whether the sibling correlations are

based on the ‘pooled sample of complete and incomplete data’ (532+928 = 1,460

brother pairs) or the ‘complete’ sample (‘532 pairs meet our criteria for inclu-

sion in the analysis; hereafter, we refer to this as the complete sample’). We

conservatively assume N = 532.

Jæger (2012) Sample size for the NLSY79-CYA imputed. Both the number

of individuals and the number of families in the WLS sample are stated. Only

the number of individuals in the NLSY79-CYA sample is stated. We impute

number of families by assuming the same average family size in the two samples.

Sample birth year ranges unclear.

� WLS sample: beginning of range (coh start) unclear. Table 1 gives age

in 2004 as mean 38.2, SD 5.4. We have taken mean + 2SD as an approx-

imation of the maximum age. This yields 1955 for coh start. (Note this

also makes sense in light of the fact that these are the children of WLS

respondents, ‘born in or around 1939’, and of their siblings.)

� NLSY79-CYA sample: ‘The NLSY-CYA includes all children born to

women who participated in the National Longitudinal Survey of Youth

1979.’ Sparsely described. Citations are to 2006 editions of user guides;

data collected every two years from 1986–2018, so seems fair to assume
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they are using 2006 data. Given sample restriction to those aged at least

25, we estimate coh end is 2006 − 25 = 1981. NLSY79 respondents were

14–21 at end of 1978, therefore born 1957–1964. NLS website says: ‘Age

of the NLSY79 Child & Young Adult cohorts: Born between 1970 and

2014. At the time of the first interview in 1986, child ages ranged from 0–

23 years [sic].’ For coh start, we take the website’s most direct statement

and say 1970.

Lecavelier des Etangs-Levallois and Lefranc (2017) Sample sizes for the

estimates (from Table 8) are not given in the manuscript, but they are reported

in Table 9 of an earlier version (Lecavelier des Etangs-Levallois and Lefranc,

2015).

Levine and Mazumder (2007) Sample size unclear from the article itself:

on the one hand, the text (p. 18) makes clear that the sample for the NLS66

estimate is 341 pairs of brothers (but does not state a sample size for the NLSY79

estimate), while on the other hand, the note to Table 5 says that the samples

used are the same as reported in Table 3—where, however, education is not

one of the outcomes (and the sample sizes given are much larger). An earlier

version of the article resolves the ambiguity (Mazumder and Levine, 2004).

Table 6 in the working paper version reports the same estimates with sample

sizes—including 341 for the NLS66 sample.

Mazumder (2008) Specifically for the education outcome, numbers of fam-

ilies are not stated. We impute the numbers of families given in descriptions of

samples for other outcomes (the corresponding number of individuals in each

case is very similar to the education sample’s number of individuals, which is

reported).

Mazumder (2011) Sample size imputed. Only the number of individuals

underlying the specific estimates is reported. We impute number of families

based on the family size implied by the statement ‘The full adult sample includes

3,265 individuals from 1,355 families’ (p. 6).

Müller (1972) Sample size (N = 200) imputed. The number of families in

the sample as a whole is given as 398 (p. 224) (assuming each male ‘born in

1936 or in the first three months of 1937’ comes from a different family); but

the ICC is calculated for ‘all families of the sample having at least two sons’ (p.

241).

Nybom and Stuhler (2019) The authors kindly provided us with the sam-

ple size in terms of number of families. They also clarified that singletons were
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excluded and that they calculated a Pearson correlation weighting each family

equally regardless of the number of siblings.

Raaum et al. (2006) The authors kindly provided us with sample sizes in

terms of numbers of families.

Sacerdote (2007) We include the estimate for biological siblings and exclude

the estimate referring to adoptive siblings.

Schnitzlein (2014) This German sample is from the SOEP and appears to

span the birth years 1953–1983 (see below). Although it therefore includes a

minority who grew up and completed most of their education in the former East

Germany, we record the country as ‘Germany.’

Sample birth year range not totally clear. The study uses SOEP 2002–2008;

minimum age is 25 (both stated under Table 6; see also footnote 27). Table 2

(descriptives) says ‘Individuals are between 31 and 49 years of age’ with mean

ca. 35–38. So coh end is 2008− 25 = 1983; for coh start it seems reasonable to

say 2002− 49 = 1953 based on the Table 2 note.

Sieben and de Graaf (2001) Unlike most other studies (including by the

same authors), the cohorts given in the text are labor market cohorts: ‘we

constructed labor market cohorts with a range of 15 years (1916–1930, 1931–

1945, 1946–1960, 1961–1975, and 1976–1990). These labor market cohorts are

based on the year in which the brothers made the transition into the labor

market . . . The starting year in the occupational career is defined as the birth

year added by the school leaving age plus two.’ No further information is given

within the study about school leaving ages or birth years/birth cohorts. We

have approximated birth year by assuming a school-leaving age of 13 across

all countries and periods, i.e. we have assumed birth year is the given labour

market cohort year minus 15.

Sieben et al. (2001) Note that we have taken the ‘Duration’ correlations,

as these are based on transforming education into year-equivalents.

Sieben and de Graaf (2003) We used the WebPlotDigitizer tool to extract

sibling correlations from Figure 1. We identified country–cohorts by matching

values of per capita energy use from the figure to those listed in Appendix B.

Note that unlike most other studies, many estimates combine data from

multiple datasets (see their Appendix A). For this reason our dataset of esti-

mates contains two variables describing the dataset(s) on which each estimate

is based: dataset infull, and dataset. The two are identical except in the case

of estimates from Sieben and de Graaf (2003) for Czechoslovakia and Hungary.
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dataset abbreviates some very long strings, so that it is slightly easier to work

with. For example:

dataset : SMS HUN83; TARKI-I86; HUN SMLHS92; SMOC HUN73; SSEE

GPS93 HUN

dataset infull : Social Mobility Study Hungary 1983; TARKI-I 1986; Hun-

garian Social Mobility and Life History Survey 1992; Social Mobility and Oc-

cupational Changes in Hungary 1973; Social Stratification in Eastern Europe

after 1989: General Population Survey 1993 Hungary

Sirniö et al. (2020) Model unclear—unclear whether singletons were in-

cluded or not.

Sample sizes imputed.

Estimates are reported for overlapping cohorts: sibling correlations are given

for 31–39-year-olds at (mostly) five-year intervals (e.g. 1990, 1995, 2000, 2005).

So that individuals were not all included in samples for two different estimates,

we included every other estimate, i.e. estimates at ten-year intervals. We (ar-

bitrarily) kept estimates from 1990, 2000, and 2010, since this more neatly fits

the way we assign estimates to decadal birth cohorts (e.g. the 1990 sample are

born 1951–1959 and may be coded as a 1950s cohort, whereas the 1995 sample

are born 1956–1964).

The sample for Germany is from the SOEP and includes cohorts born in the

1960s and 1970s. Although this therefore includes a minority who grew up and

completed most of their education in the former East Germany, we record the

country as ‘Germany.’

Solon et al. (2000) This study presents four estimates differentiated only by

the weighting scheme used. We included the estimate which gives equal weight

to each family regardless of sibship size.

Sweetser (1973) Sample birth year range unclear. ‘[S]ample of 500 urban

Norwegians, over 19 years of age’ from a ‘1967 master sample’; but ‘interviews

were carried out [in] 1970’. So coh end is 1970 − 20 = 1950. Table 1-1 on p. 5

breaks the sample down by age categories with the oldest being ‘70 and over’.

We take 80 as a plausible maximum age. So coh start is 1970− 80 = 1890.

Thaning and Hällsten (2020) The authors kindly provided us with sample

sizes in terms of numbers of families.

Toka and Dronkers (1996) A sample size of 831 families is given for the

sample as a whole. However this sample is disaggregated into five cohorts and

correlations are reported only for the oldest three. Because the cohorts are of

similar length (i.e. range of birth years) and no further information is given
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about the distribution of the overall sample between these cohorts, we impute

sample size for each of these three cohorts as 831/5.

Torvik et al. (2022) Sample birth year range unclear. We estimate 1959–

1978 based on the following: education is measured at age 30, and age is mean

ca. 30 with SD ca. 5 for both men and women. Data collection appears to have

been continuous over 1999–2008.

Wiborg and Hansen (2018) The authors kindly provided us with sample

sizes in terms of numbers of families.

Wong (2019) Age range (and thus sample birth year range) unclear. Survey

conducted in 2016, minimum age 18, maximum unclear but 50th percentile is

49, 75th percentile is 58. We impute 65 for maximum age and hence record

birth year range as 1951–1998.

E Publication bias
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Figure S2: Funnel plot of all sibling correlation estimates meeting inclusion
criteria (N = 300) against the square root of the standard error, as a measure
of study precision.

The funnel plot in Figure S2 is approximately symmetrical in appearance,

which gives no indication of likely publication bias. This is in line with our
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expectation that such bias is unlikely in this context, which we hold for two

main reasons.

First, sibling correlations are invariably statistically significant—or to be

more specific, across our literature search we have come across none that were

not statistically significant. Second, sibling correlations are often not the focus

or main result of a study. Rather one usually finds them reported as descriptive

or supplementary information. Thus it seems unlikely that researchers would fail

to publish—or fear failing to publish and therefore consciously or unconsciously

manipulate—a study because of an unexpectedly low or non-significant sibling

correlation.

These considerations illustrate how our case differs from more common sce-

narios in meta-analysis in which publication bias is a major concern. That is,

where the estimate of interest is the outcome of, for instance, a randomised con-

trolled trial, and researchers and publishers may have incentives to not publish

results that are non-significant, or are of an unexpected or unusual magnitude.
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F Further overview of the sibling correlations literature
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Figure S3: An overview of the sibling correlations literature (further detail).
Panel A: distribution of sample sizes. Panel B: distribution of birth cohorts,
as indicated by first year of birth among the sample. Panel C: distribution of
cohort length, meaning number of birth years spanned by individuals in the
sample.

Note to Panel A: sample size refers to the number of families in each case. Note to Panel B: for

clarity, this excludes an outlier: the Gorseline Brothers sample (US; individuals born 1855–

1908), for which an estimate of .24 based on 156 families is reported in Chamberlain and

Griliches (1975).

G Forest plot of single estimated sibling correlations per

sample, by country

Figure S4 shows predicted values based on a meta-regression of 253 sibling cor-

relation estimates from the literature on sample, sibship type, and model type.

The forest plot shows the predicted correlation for each sample (i.e. dataset–
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cohort combination), holding sibship type at All siblings and model type at

Pearson’s r.

Figure S4: Forest plot of single estimated sibling correlations per sample, by
country (continued overleaf)
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Figure S4: Forest plot of single estimated sibling correlations per sample, by
country (continued)
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Figure S4: Forest plot of single estimated sibling correlations per sample, by
country (continued)



65

Figure S4: Forest plot of single estimated sibling correlations per sample, by
country (continued)



H Coefficients from meta-regression of single estimated

sibling correlations per sample on country and cohort
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Figure S5: Coefficients from meta-regression of single estimated sibling correla-
tions per sample on country and cohort
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I Predicted sibling correlations by country, excluding co-

horts born 1920 and earlier
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Figure S6: Predicted sibling correlations by country as in Figure 3, but excluding
cohorts born 1920 and earlier
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J Predicted sibling correlations by country, based only on

brother and sister correlations

Spain
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Brother correlations
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Figure S7: Predicted sibling correlations by country as in Figure 3, but based
only on brother and sister correlations.

Notes: The differences from Figure 3 are 1) the estimated correlations shown are based only

on observed brother correlations and sister correlations, respectively; 2) only correlations from

1930s to 1960s birth cohorts are used in the estimation, since these comprise the region of

common support between the US and Nordic countries (cf. Table S1); 3) model is set to

variance decomposition including singletons rather than Pearson’s r because our data include

Pearson’s r sister correlations for Germany only, meaning that with model set to Pearson’s r,

a sister correlation could only be estimated for Germany.
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K Coverage of all-siblings, brother, and sister correlations

across country–cohort contexts

Table S1: Availability of all-siblings (A), brother (B), and sister (S) correlations
across country–cohort contexts

Country 1900 1910 1920 1930 1940 1950 1960 1970 1980

Australia A A A A A A

Bulgaria A A A

Czechoslovakia A A A A

Denmark B, S A, B, S

East Germany A A A A A

Finland A A A

France A A

Germany A A, B, S A, B, S A, B, S A A A

Hungary B A A, B A, B A A, B A, B

Netherlands A A, B A A, B A, B

Norway A, B, S A, B, S A, B, S A, B, S A, B, S B, S

Poland A A

Russia A A

Scotland B B B B

Spain B A, B A A, B A

Sweden B A, B A, B, S A, B, S A

United Kingdom B B B A

United States B B B A, B A, B, S A, B, S A, B, S A

L Country–cohort meta-analytic estimates and indicators

of income inequality

Table S2: Country–cohort meta-analytic estimates and indicators of income
inequality

Income inequality

Country Birth cohort Sibling corr. Gini Top 10 % share

Australia 1920 0.57 . 0.34

Australia 1930 0.50 . 0.34

Australia 1940 0.48 . 0.28

Australia 1950 0.46 0.26 0.28

Australia 1960 0.33 0.30 0.25

Australia 1970 0.35 0.32 0.26

Bulgaria 1940 0.44 . .

Bulgaria 1950 0.59 0.25 .

Bulgaria 1960 0.67 0.25 .

Continued on next page
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Continued from previous page

Country Birth cohort Sibling corr. Gini Top 10 % share

Czechoslovakia 1930 0.12 . .

Czechoslovakia 1940 0.52 0.27 .

Czechoslovakia 1950 0.49 0.23 .

Czechoslovakia 1960 0.52 0.21 .

Denmark 1970 0.29 0.26 0.27

Denmark 1980 0.35 0.24 0.28

East Germany 1920 0.26 . .

East Germany 1930 0.29 . .

East Germany 1940 0.30 . .

East Germany 1950 0.28 . .

East Germany 1960 0.26 . .

Finland 1950 0.38 0.33 .

Finland 1960 0.33 0.27 .

Finland 1970 0.36 0.23 0.26

France 1950 0.51 0.42 0.37

France 1970 0.53 0.34 0.32

Germany 1920 0.44 . 0.33

Germany 1930 0.48 . .

Germany 1940 0.47 . 0.31

Germany 1950 0.42 . 0.28

Germany 1960 0.50 0.29 0.28

Germany 1970 0.54 0.28 0.29

Germany 1980 0.49 0.29 0.31

Hungary 1900 0.41 . .

Hungary 1910 0.16 . .

Hungary 1920 0.34 . .

Hungary 1930 0.40 . .

Hungary 1940 0.51 . 0.22

Hungary 1950 0.49 0.21 0.19

Hungary 1960 0.54 0.19 0.19

Netherlands 1920 0.51 . 0.38

Netherlands 1930 0.44 . 0.39

Netherlands 1940 0.54 . 0.32

Netherlands 1950 0.46 0.32 0.30

Netherlands 1960 0.41 0.28 0.26

Norway 1930 0.40 . 0.36

Norway 1940 0.42 . 0.35

Norway 1950 0.42 0.24 0.33

Continued on next page

70



Continued from previous page

Country Birth cohort Sibling corr. Gini Top 10 % share

Norway 1960 0.41 0.28 0.30

Norway 1970 0.40 0.25 0.25

Norway 1980 0.39 0.26 0.27

Poland 1950 0.41 0.26 .

Poland 1960 0.47 0.25 .

Russia 1950 0.49 . 0.24

Russia 1960 0.39 . 0.22

Scotland 1900 0.55 . .

Scotland 1920 0.39 . .

Scotland 1930 0.39 . .

Scotland 1950 0.42 . .

Spain 1920 0.38 . .

Spain 1930 0.64 . .

Spain 1940 0.63 . .

Spain 1950 0.57 0.37 .

Spain 1960 0.68 0.35 .

Sweden 1930 0.45 . 0.37

Sweden 1940 0.45 . 0.32

Sweden 1950 0.41 0.31 0.33

Sweden 1960 0.40 0.24 0.29

Sweden 1970 0.44 0.23 0.27

UK 1900 0.48 . 0.35

UK 1920 0.52 . 0.35

UK 1930 0.44 . 0.30

UK 1970 0.35 0.33 0.30

US 1900 0.58 . 0.44

US 1910 0.57 . 0.46

US 1920 0.56 . 0.48

US 1930 0.49 0.37 0.40

US 1940 0.47 0.36 0.36

US 1950 0.48 0.36 0.36

US 1960 0.51 0.36 0.34

US 1970 0.40 0.36 0.36
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