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ABSTRACT

This chapter reviews indirect estimators of intergenerational mobility, focusing on ap-
proaches that infer parent–child or other family associations when direct income data are
incomplete or unavailable. We synthesize methods based on instrumental variables, impu-
tation using observable characteristics such as education and occupation, surname-based
estimators, and multigenerational linkages. To unify these approaches, we introduce a
stylized framework in which socioeconomic status is transmitted through multiple path-
ways with heterogeneous persistence rates. Within this framework, both direct and indirect
estimators can be interpreted as weighted averages of these underlying transmission chan-
nels. A central insight is that the choice of instrument or imputation strategy determines
these weights, leading different methods to capture distinct aspects of the transmission pro-
cess. We highlight implications for interpretation, showing that indirect estimators need
not recover conventional parent–child correlations but can instead provide complementary
evidence on long-run persistence and the mechanisms underlying persistent inequalities.
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1 INTRODUCTION

To assess the strength of intergenerational transmission, researchers typically relate parents’
socioeconomic status to that of their children. But rather than directly linking parent to child
outcomes, a growing literature adopts indirect methods. These approaches are often motivated
by data limitations, but increasingly also by the aim to gain deeper insights into mobility pro-
cesses that may not be apparent from direct estimates alone. A common approach is to impute
parental income using other parental characteristics, such as education or occupation, in an in-
strumental variable (IV) design. More recently, some studies have used names as proxies for
parental status, or have drawn on more distant relatives, either to instrument parental status or
to study how socioeconomic correlations vary across kinship distance.

This chapter reviews such indirect estimators of intergenerational mobility. We describe
each approach and highlight key studies that have developed or applied them, though our pri-
mary focus is on how these estimators should be interpreted. To guide our discussion, we intro-
duce a simple statistical framework capturing two essential features of transmission processes:
(i) socioeconomic status is transmitted through multiple pathways or mediators (such as skills,
inheritances, neighborhood characteristics, or social networks), and (ii) the rate of transmission
may vary across pathways. Although simple, these assumptions have fundamental implications
for the interpretation of mobility estimates.

Our key argument is that different estimators should be interpreted as differently weighted
combinations of the underlying transmission pathways. This argument applies to both direct
and indirect estimators of intergenerational mobility. For indirect estimators, however, the
weights depend crucially on the choice of instrument and can be heavily concentrated on cer-
tain pathways. Name-based estimators place greater weight on pathways with high persistence,
especially when applied to larger name groups. A similar argument can be made for multigen-
erational approaches that use the status of more distant family members as instruments. We
illustrate these points using linked U.S. Census data and register data from Sweden.

Before describing the different estimators, Section 2 introduces a stylized framework that
allows for multiple, potentially latent, transmission channels with heterogeneous rates of persis-
tence (“multiplicity”). The simple latent factor model, which motivated some recent name-based
and multigenerational studies, is a special case of our framework.

Section 3 reviews conventional IV approaches, used in situations in which the standard
parent-child correlation is the explicit target parameter, but the information on parental earn-
ings or income is incomplete. When parental income is poorly measured, measurement error
can be corrected for using other determinants of income, such as education or occupation, as
instruments (Zimmerman, 1992; Solon, 1992). When parental income is missing entirely in the
linked sample, a two-sample approach can be used to predict parental income with the help of
an auxiliary dataset (Björklund and Jäntti, 1997). As comparative cross-country studies rely
heavily on this two-sample approach (Narayan et al. 2018; Muñoz and van der Weide 2025),
particularly in settings such as developing countries where direct estimation is often not feasi-
ble, it is important to understand what these estimators identify and how they relate to direct
estimates.

As we argue, the estimands identified by such IV approaches depend critically on the choice
of instrument—specifically, on how instruments correlate with different pathways of transmis-
sion and on the persistence of those pathways. We confirm this argument in Swedish register
data, where we can compare direct estimates of income persistence with IV estimates based on
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different instruments. Among other things, this helps explain the common finding that indirect
IV estimates exceed direct estimates: observable characteristics typically used as instruments,
such as education, tend to be more persistent than unobservable determinants of income, such
as market luck. Yet, even across typically available observables, IV estimates vary widely with
the choice of instrument and its persistence. In our data, for example, the IV estimate is twice
as large as the direct estimate when using region of residence but only 25% higher when using
occupation. These findings are consistent with recent work showing that appropriate instrument
choice can yield estimates closer to the direct estimate (Bloise et al. 2021).

Section 4 examines name-based approaches, where researchers use surnames—or, in some
cases, first names (Olivetti and Paserman 2015)—to predict individuals’ socioeconomic status
(Clark, 2014; Güell et al., 2015). While methods vary, the most common one involves estimat-
ing persistence at the surname level, an approach that can be interpreted as an IV estimator,
where surnames serve as predictors for parental income or status. Our argument that IV estima-
tors weight transmission pathways differently extends to this context. As shown in Del Pizzo
and Stuhler (2025), name-based estimators implicitly place greater weight on more persistent
transmission channels, as surnames capture similarities between distant relatives, which are
driven by highly persistent traits. Such traits may include those related to geography (see Clark
et al. 2015; Güell et al. 2018; Longley et al. 2021) or race (Mazumder 2021; Jácome et al. 2025;
Ward et al. 2025).

Our framework thus delivers a simple explanation for two common findings in this liter-
ature: name-based estimates can be much larger than direct estimates (Clark 2014), and tend
to increase in the size of surname groups (Chetty et al. 2014). We document both patterns in
U.S. Census data (Ruggles et al., 2024). However, sampling properties also matter, especially
to understand why name-based estimates differ so much across studies (Santavirta and Stuhler
2024). A key distinction lies in whether surname averages for parents and children are con-
structed from the same families (overlapping samples, as in full-count census data) or from
different families (e.g., when using subsamples from the census). The logic can be understood
by drawing on the weak instruments literature: overlapping samples resemble 2SLS, with es-
timates biased towards OLS, while in independent samples the estimates are biased towards
zero. This distinction is especially relevant in name-based research, as name instruments are
weak but numerous.

Section 5 reviews “extended-kin” or “dynastic” approaches to intergenerational mobility.
While the previous two strands emerged in response to data limitations, this line of research
is driven by growing data availability that allows researchers to link family members across
more than two generations, to deepen our understanding of mobility processes. A fast-growing
body of multigenerational evidence shows that simple extrapolations from conventional two-
generation measures tend to understate the extent of status persistence across multiple gener-
ations (Lindahl et al., 2015; Braun and Stuhler, 2018). Recent work extends this literature by
linking across more generations (Hällsten and Kolk, 2023; Shiue, 2025), or by incorporating
assortative mating and horizontal family ties (Adermon et al., 2021; Collado et al., 2023; Clark,
2023; Bingley et al., 2023; Espı́n-Sánchez et al., 2025).

While this dynastic information is used in different ways, the key idea is that a compari-
son of close and distant kin can be indirectly informative about properties of the transmission
process that are not observable from parent-child correlations alone. In this sense, the extended-
kin approach shares important commonalities with the indirect IV and name-based approaches
reviewed in earlier sections. In particular, we argue that each approach should be viewed as
producing differently weighted combinations of the underlying transmission mechanisms. The
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key distinction lies in motivation: in conventional IV and name-based studies, such reweighting
typically arises as an unintended byproduct, whereas in multigenerational and dynastic settings
it is more often a deliberate and explicit feature of the research design.

We conclude by highlighting a set of implications. First, for all indirect estimators, the
choice of instrument, or mode of imputation, is crucial. Some instruments place greater weight
on highly persistent transmission pathways, others on less persistent channels. As we argue,
there is a logic to why different instruments used in the literature can yield quite different esti-
mates. Second, indirect approaches are unlikely to recover the parent-child income correlation.
If such direct mobility measures are indeed the target parameter, certain instruments may be
more appropriate than others.

For some questions, however, indirect estimators can be more informative than direct ones.
For example, surname-based estimators may be particularly informative about the rate at which
socioeconomic differences decay in the very long run. Moreover, the interpretive challenges that
apply to indirect estimators also affect direct ones, as conventional parent-child correlations too
reflect only a particular weighted combination of underlying transmission mechanisms. While
appropriate for describing the similarity of parents and children in a given outcome such as in-
come, direct estimates may provide limited insight into the strength of underlying transmission
processes, broader socioeconomic persistence, or the dynamics of income advantages beyond
two generations. The indirect methods reviewed in this chapter can thus offer additional insights
into how status advantages are transmitted across generations.

2 CONCEPTUAL FRAMEWORK

We use a stylized model of intergenerational transmission to shed light on the interpretation of
various indirect estimators from the literature. While our arguments could be applied to other
socioeconomic characteristics, such as education or occupation, we use income as our running
example throughout the chapter.

First, assume the income of individual i in generation t, denoted yit, depends on a set of
underlying characteristics Xj

it, such as education, different types of abilities, and geographical
location,

yit = β0 +
J∑

j=0

ρjX
j
it + uit (1)

In principle, Xj
it will represent any characteristic that influences income (or whatever outcome

is considered), whether observed (e.g., location) or unobserved (e.g., latent ability), and where
the error term uit represents random deviations from the expected income based on these char-
acteristics.

Second, each characteristic Xj
it is transmitted from parents to children at a specific rate λj ,

which may differ across characteristics,

Xj
it = λjX

j
it−1 + ϵjit (2)

where ϵjit captures stochastic deviations in the relation between child and parent characteristics.
The characteristics Xj

it, together with their returns ρj and transmission rates λj , thus constitute
the pathways or channels through which intergenerational persistence in a given outcome (e.g.,
income) arises.
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Obviously, this model is stylized and restrictive in various respects. For example, equation
(1) does not allow for a direct causal effect of parent on child income, and equation (2) assumes
that each child characteristic depends only on the corresponding parent characteristic, while
one would expect important cross-effects (e.g., parents’ income or their choice of location may
shape their child’s educational attainment, Durlauf 1996; Blanden et al. 2023). However, plau-
sible extensions such as mediating or cross-effects can be easily integrated and would have few
implications for our core arguments.1 These arguments rest on two key assumptions, which
we refer to as “multiplicity” (Stuhler 2012): (i) intergenerational transmission operates through
multiple pathways and (ii) these pathways differ in their rates of transmission.2

The need for such a model, rather than simpler processes linking parental income to child
income, such as an AR(1), stems from a well-established empirical regularity: the rate at which
kinship correlations decay slows with genealogical distance (Lindahl et al., 2015). Let βg denote
the intergenerational correlation at genealogical distance g. Empirically, iterating the parent-
child β1 forward systematically understates persistence across multiple generations, in the sense
that βg > βg

1 for all g > 1 (and assuming for simplicity that the parent-child correlation is
stable across generations). This pattern motivates a distinction between short-run persistence,
summarized by β1, and long-run persistence, captured by βg for g > 1.

This gap between short- and long-run persistence can be rationalized using a latent factor
model: if observed outcomes are imperfect proxies of an underlying persistent endowment
or status component (Clark, 2014; Braun and Stuhler, 2018), then parent-child correlations
are attenuated measures of the persistence of the latent trait driving long-run outcomes.3 This
single-factor latent model is a special case of the framework discussed above, corresponding to
the restriction

λj = λk = λ ∀j ̸= k. (3)

under which all underlying characteristics share a common transmission rate.

Both the single-factor model and our multiplicity framework imply that knowledge of the
parent-child correlation (β1) offers only limited insight about long-run persistence (βg). How-
ever, they differ in how βg evolves with genealogical distance g. In a single-factor setting, the
rate of decay defined as βg/βg−1 is constant for g ≥ 2 and equal to λ, so that a single parameter
fully determines the evolution of βg beyond β1 (as βg =

∏g
k=1

βk

βk−1
). This parameter is thus key

to understand long-run persistence. It might also be the key parameter to understand parent-
child mobility, depending on how we interpret the structural model and the outcome variable.
For example, if the observed outcome is a noisy proxy for the actual outcome of interest, β1

1For example, the parameter ρj in eq. (1) can be defined to include not only the direct effect of characteristic
Xj

it but also its indirect effects that operate through potential mediators. Similarly, the transmission rate λj in
eq. (2) can be thought of as a reduced-form parameter that also reflects the strength of assortative mating. See
Collado et al. (2023) for a latent factor model that accounts for direct effects, assortative mating, and shared sibling
influences.

2The idea that intergenerational transmission occurs via multiple pathways is also emphasized in standard
economic models, such as Becker and Tomes (1979). While Becker and Tomes summarize these pathways in a one-
dimensional “endowment” with a single persistence parameter, we emphasize that different pathways may exhibit
distinct transmission rates (see also, e.g., Blanden et al. 2007; Bjorklund et al. 2017), and that such heterogeneity
has important implications for the interpretation of intergenerational estimators. See Section 3.2 for supporting
evidence.

3The latent-factor model is not the only possible interpretation to explain why persistence increases with ge-
nealogical distance. Other potential interpretations include non-Markovian and non-linear transmission processes
(Stuhler 2024; Blume et al. 2025). In particular, a strand of the literature has explored whether grandparents have
an independent effect on their grandchildren (“grandparent effects”, Chan and Boliver 2013; Hertel and Groh-
Samberg 2014; Long and Ferrie 2018).
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is attenuated by measurement error and λ may be a more meaningful measure of parent-child
mobility.4

By contrast, under multiplicity, long-run persistence is no longer governed by a single pa-
rameter, as the decay rate βg/βg−1 varies with genealogical distance. While formally derived
below, the intuition is straightforward. When characteristics differ in how strongly they persist
across generations, weakly transmitted traits fade rapidly, while more persistent traits decline
much more slowly. As genealogical distance increases, intergenerational correlations therefore
become increasingly driven by highly persistent characteristics, even if these account for only
a modest share of parent-child transmission. These compositional shifts imply a progressive
slowing of convergence to the mean, rather than decay at a constant rate.

As a result, in a model with multiplicity, no single parameter can summarize how persis-
tence evolves in the long run. Instead, the rate at which kinship correlations decay is inherently
distance-dependent, and this has important implications for how persistence can be summarized
and estimated. Direct estimators linking parents to their children provide only limited informa-
tion about multigenerational dynamics in βg. Conversely, estimators capturing decay at higher
genealogical distance g may overstate the rate of decay at shorter distances. A comprehensive
understanding of multigenerational dynamics therefore requires evidence from multiple empir-
ical designs, as different approaches capture different aspects of persistence—an idea that will
be central to what follows.

2.1 DIRECT INTERGENERATIONAL ESTIMATORS UNDER MULTIPLICITY

What do intergenerational estimators capture if transmission operates through multiple and het-
erogeneous transmission channels? While our framework can be applied to intergenerational
persistence in any outcome, we keep with our main example of income persistence. We begin
by considering the conventional (“direct”) intergenerational income estimate, as is estimable if
incomes are observed and linked for two generations:

βdirect =
Cov(yit; yit−1)

V (yit−1)
=

∑J
j=0 λjωj∑J

j=0 ωj + ωu

(4)

where

ωj = ρ2jV (Xj
it−1) + ρj

J∑
k ̸=j

ρkCov(Xj
it−1;X

k
it−1) (5)

Viewed through our framework, the parent-child income correlation reflects a weighted average
of the persistence rates λj of all relevant factors affecting one’s income. The weights ωj are
determined by each factor’s contribution to the variance of parental income, accounting for

4For illustration, suppose observed income depends on two orthogonal components: a persistent component A,
which explains 50% of the variance and is perfectly transmitted across generations, and a transitory component
B, which explains the remaining 50% and is not transmitted. Then the intergenerational correlation equals 0.5
at all genealogical distances (β1 = βg = 0.5), while the rate of decay equals one. Whether the correlations or
their rate of decay are a more meaningful measure of mobility depends on structural assumptions. If the transitory
component reflects measurement error, βg overstates income mobility while the rate of decay captures “true”
persistence; if instead it reflects market luck, βg accurately captures income persistence while the decay rate
provides complementary information on long-run dynamics.
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both its own effect and its covariance with other characteristics.

Implicitly, this framework allows intergenerational mobility to differ across families or
groups, as differences in the composition—and thus persistence—of underlying characteristics
mechanically generate heterogeneous mobility rates.5 While deliberately simple, this decom-
position provides a useful benchmark for the indirect estimators analyzed in the next sections.

2.2 INDIRECT ESTIMATORS UNDER MULTIPLICITY

In many settings, a lack of direct parental income data leads researchers to rely on indirect
methods to measure intergenerational persistence. We explore the identification properties of
these indirect approaches and show how different types of imputation (or “instruments”) yield
different estimates of intergenerational income persistence. Our arguments mirror the broader
insight that when treatment effects vary, different instruments identify different local average
treatment effects, or LATEs (Imbens and Angrist, 1994). Indeed, most of the indirect estimators
we discuss are explicit or implicit variations of standard instrumental variables techniques, and
can be analyzed within the two-stage least squares (TSLS) framework.

As shown in eq. (4), when intergenerational transmission operates through multiple path-
ways, the parent-child correlation βdirect captures a weighted average of the persistence rate
of each pathway. However, when indirect methods such as IV-based imputation are used, the
weighting structure adjusts based on the chosen instrument. Consequently, different instruments
capture distinct transmission channels, leading to variation in estimated persistence, similar to
the logic of the LATE theorem.

For instance, consider a source of variation in parental income that is orthogonal to other
forms of human capital, such as a lottery win. The evidence suggests that such shocks have
modest effects on children’s long-term outcomes.6 By contrast, increases in parental income
driven by factors like educational attainment or cognitive and noncognitive skills are more likely
to produce enduring effects across generations, operating through multiple channels. More
generally, different mechanisms contribute to intergenerational income transmission, each with
varying degrees of persistence. As a result, any given instrument identifies the persistence
associated with the specific mechanisms it captures.

To formalize this intuition, we derive the model-implied formula for the TSLS estimator
when applied to a general instrument Zit−1 used to impute yit−1 (e.g., income) in the parental
generation. In a standard TSLS framework, the intergenerational estimator can be written as:

βTSLS =
Cov(yit;E[yit−1|Zit−1])

V (E[yit−1|Zit−1])
=

∑J
j=0 λjω

Z
j∑J

j=0 ω
Z
j

(6)

5The persistence of group-level differences has been emphasized in both economics (e.g., Borjas 1992;
Mazumder 2014; Solon 2018; Chetty et al. 2020; Ward 2020; Mazumder 2021; Boustan et al. 2025) and sociology
(Torche and Corvalan 2018; Karlson and In 2025). A related literature considers heterogeneity in transmission
rates across families (Bingley and Cappellari 2019; Puerta-Cuartas 2025; Chang et al. 2025; Hörl 2026) or across
the socioeconomic distribution (Colagrossi et al. 2024; Hjorth-Trolle and Landersø 2025).

6Lottery wins appear to have limited intergenerational effects, while the literature on cash transfers documents
more positive impacts; see the chapter by Nybom et al. (2026) in this volume.
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where each weight takes the following form:

ωZ
j = ρ2jV (E[Xj

it−1|Zit−1]) + ρj

J∑
k ̸=j

ρkCov(E[Xj
it−1|Zit−1], E[Xk

it−1|Zit−1]) (7)

Ignoring cross-factor covariances for the moment (i.e. the second term above), the implicit
TSLS weighting (the first term) consists of (i) an instrument-invariant component and (ii) an
instrument-specific component. The first component, ρ2j , reflects the relevance of each charac-
teristic. For example, if education is the primary determinant of income, its associated coeffi-
cient ρedu will be large and its contribution will dominate those of other factors. This parameter
is fixed by the data-generating process and does not depend on the choice of instrument.

The second component, Var
(
E[Xj

it−1 | Zit−1]
)
, depends instead on the instrument, measur-

ing how strongly the instrument shifts factor j (i.e., its predictive content for Xj). For example,
if Z is parental education, then Var

(
E[Xedu | Zedu]

)
= Var

(
Xedu

)
, so the weight ω edu

edu is large.
By contrast, if Z refers to geography and education does not vary systematically across regions,
then Var

(
E[Xedu | Zgeo]

)
= 0 and ω geo

edu = 0. In short, TSLS identifies persistence along the
dimensions the instrument actually moves (e.g., human capital under an education instrument),
not along dimensions it leaves unchanged.

This mechanism explains why the TSLS estimator is bound to differ with the choice of in-
struments: the more closely a given income-determining characteristic is correlated with the
chosen instrument, the more its persistence rate contributes to the estimated parent-child cor-
relation. While this observation implies that indirect methods are not necessarily resulting in
accurate approximations of such correlation, they may capture properties of the transmission
process that are interesting in their own right. For example, in Section 4 we argue that name-
based estimators might be particularly informative about long-run persistence.

3 IV APPROACHES WITH INCOMPLETE INCOME DATA

In many settings, estimating direct measures of income mobility, such as the IGE, is complicated
by missing or incomplete information on either parental or child income (for recent reviews, see
Nybom 2024; Deutscher and Mazumder 2023).7 To address such limitations, researchers have
developed alternative approaches. When parental income is poorly measured (relative to life-
time incomes), a common strategy to correct for errors-in-variables bias is to instrument noisy
income measures with more stable determinants of lifetime income, such as education or occu-
pation (Zimmerman, 1992; Solon, 1992). In other cases, the intergenerational sample (“main
sample”) may lack information on parental income altogether. A popular workaround in such
contexts is to use two-sample two-stage least squares (TSTSLS), where parental characteristics,
such as occupation, education, or even surnames (see next section), are used as instruments to
predict parental income with the help of an auxiliary dataset (Björklund and Jäntti, 1997).8

This section reviews such “conventional” IV strategies for incomplete or missing parental

7Among earlier reviews of the intergenerational mobility literature, see (Solon, 1999; Black and Devereux,
2011).

8A related approach is sometimes used in the literature on the assimilation of immigrants over generations,
relying on a grouping estimation strategy using the mean earnings levels of immigrants, e.g., by cohort and country
of origin, rather than intergenerationally linked individual data (Borjas, 1993; Card et al., 2000). This approach
also shares similarities with grouping approaches based on name groups; see Section 4.
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income data. Our focus here is on the long-standing approach of using Mincer-style parental
characteristics, such as education or occupation, as instruments, an approach popularized in the
1990s. We first address the identification of the estimators within our transmission framework.
Our arguments apply equally to both TSLS and two-sample TSLS (TSTSLS), and they are
hence discussed jointly. We then discuss some methodological concerns that are specific to the
two-sample case. Lastly, we review classic and recent applications, with particular emphasis
on two-sample implementations. Name-based studies can be interpreted as a special case of the
same IV approach, and we treat them separately in the next section.

3.1 THE INTERPRETATION OF CONVENTIONAL TSLS ESTIMATORS

Prior research has emphasized that TSLS yields biased estimates of the true parent-child corre-
lation βdirect, due to the non-excludability of commonly used instruments (Solon 1992; Dearden
et al. 1997). Since instruments like parental education or occupation likely have positive inde-
pendent impacts on children, TSLS estimates have generally been seen as providing an upper
bound for the direct estimate. Empirical evidence has supported this view. We revisit this ar-
gument by interpreting TSLS estimation within our framework. Our key observation is that
different types of IV estimators, as formalized in Section 2.2, can be understood as identifying
different intergenerational parameters, characterized by alternative weighting structures.

Specifically, the difference between the TSLS estimate and the direct parent-child estima-
tor arises from two main factors. First, the IV approach abstracts from random influences on
parental income, such as those arising from market luck or measurement error (e.g., Mazumder
2016), because the conditional expectation of these random influences, given the instrument,
is zero. Formally, ωZ

u is absent in the denominator of eq. (6) because V (E[uit−1|Zit−1]) = 0,
leading to an upward adjustment of the estimate. This feature was noted already by Solon
(1992). The resulting upward adjustment can be interpreted in two ways: either positively, as
a correction for measurement error or transitory variation in income, or negatively, as a fail-
ure to account for the impact of idiosyncratic market shocks that are persistent within but not
necessarily across generations, which effectively reduce the intergenerational transmission of
income.

Second, mirroring the logic of the LATE theorem and our framework in Section 2, a given
IV estimator captures only the persistence linked to the variation in parental income induced
by the chosen instrument(s). Since many individual characteristics that are commonly used
as instruments, such as education, occupation, race, region, or combinations of these, tend to
exhibit higher persistence across generations than income itself, TSLS estimates are typically
biased upward relative to the true direct estimate.

However, this second factor can, in principle, also lead to a downward bias relative to the
direct parent-child IGE, such that IV estimates are not necessarily larger than OLS estimates.
From eq. (6), if the chosen instrument happens to be a determinant of income with compara-
tively low intergenerational persistence, then the resulting IV estimate will be smaller than the
direct estimate, as we illustrate below (and show formally in Appendix A.2.2).9 Our framework
thus generalizes the earlier view that TSLS estimates provide an upper bound for the direct
estimate, clarifying the conditions under which they overstate or understate the direct estimate.

To illustrate our arguments empirically, we use Swedish administrative data that contain
9Moreover, Bloise et al. (2021) and Cortes Orihuela et al. (2025) show that in the case of two-sample IV, the

bias could also be negative due to out-of-sample prediction error (“overfitting”).
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detailed information on labor incomes and other characteristics of parents and children. Ap-
pendix A.1.1 describes our sample selection and variables. We compare direct OLS estimates
of the IGE and rank slopes using observed incomes with IV estimates using different parental
characteristics as instruments. These IV estimates are estimated within the same sample, so we
abstract from the additional issues that can arise in two-sample IV settings, as discussed in the
next section.

Table 1 reports our results. Column (1) of the upper panel (”Men”) shows that the direct OLS
estimate is about 0.2, or slightly higher for the rank slope. Consistent with the prior literature,
commonly used instruments such as education (col. 2) or occupation (col. 3) result in IV
estimates that are higher than the direct estimates, though not dramatically so. However, using
region of residence (col. 4) or country of birth (proxy for immigrant/ethnic background; col. 5)
as instruments yields substantially higher estimates. In light of our theoretical arguments, this
pattern is unsurprising, since region of residence and ethnicity are characteristics that tend to be
more persistent across generations than education or the choice of occupation.

A related observation is the markedly lower first-stage R2 seen in Columns (4) and (5).
Naturally, instruments with low predictive power in the first stage can deviate more from the
direct estimator. Conversely, as the R2 approaches one, the (one-sample) IV estimate must
eventually approach the weighted average underlying the direct estimate, as reported in Column
(1).10 Similarly, maximizing the out-of-sample predictive power of the first stage can be an
effective strategy to reduce bias in two-sample IV settings (Bloise et al. 2021). Still, the first-
stage R2 is only part of the story. With any imperfect first-stage prediction, the crucial question
is whether the instrument captures income-generating characteristics that are themselves more
or less persistent across generations compared to income itself, as given by the direct IGE.

We can exemplify by comparing the two most common IV approaches in the prior litera-
ture, using either education (col. 2) or occupation (col. 3) as instruments. While both are highly
imperfect predictors of income, with R2 lower than 0.3, using education results in a higher IV
estimate. From the perspective of our model, the likely explanation is that education is more
intergenerationally persistent than occupation. We cannot directly estimate the persistence of
characteristics that enter non-parametrically (such as occupation dummies).11 As a workaround,
we estimate persistence in the fitted values from separate earnings regressions on each charac-
teristic. Appendix Table A.1 shows that using this approach, the earnings advantages related to
education seem indeed more persistent than those related to occupations. Consistent with Table
1, we also find strong persistence in country of birth and, in particular, region of residence.12

As a further case in point, Column (8) illustrates what happens when we use as instrument
the residual variation in parental income that is not explained by any of the characteristics in
Columns (2)-(5). Because this residual variation also reflects random determinants of earnings
(such as market luck) and transitory fluctuations, we would expect it to be less intergenera-
tionally persistent. In line with this argument, the IV estimates are now lower than the direct
estimates in Column (1): the IGE drops from 0.199 to 0.156, and the rank slope from 0.231 to
0.191.

For a subsample of fathers we also observe cognitive and non-cognitive skill scores from

10A similar argument is made by Björklund and Jäntti 1997 and Jerrim et al. 2016 in the case of two-sample IV,
though the conditions for unbiasedness are more complex in that setting.

11Moreover, some variables—most notably occupation codes—change in content and detail across generations.
12Note that this approach using fitted values is also sensitive to changes in the returns to characteristics across

generations. For example, an estimate might be low not only because the intergenerational persistence of that
characteristic is low, but also because the earnings returns to the characteristics changed between generations.
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military enlistment records.13 Reestimating the same specifications for this subsample generally
results in lower estimates, including for the direct estimates (Panel B, “IQ sample”).14 Employ-
ing these skill measures as instruments (Columns 6-7) yields estimates that are higher (cogni-
tive) or substantially higher (noncognitive) than those based on education or occupation. Thus,
we expect the intergenerational persistence of such skills (and their correlates) to be strong, and
in particular stronger than for education or occupation. Indeed, this is what we find (Appendix
Table A.1).15

TABLE 1: Illustration of TSLS Estimates with Different Instruments

OLS IV IV IV IV IV IV IV
Education Occupation Region Birth country Cognitive Noncogn. Residual

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

Panel A: Men

IGE 0.199∗∗∗ 0.288∗∗∗ 0.255∗∗∗ 0.380∗∗∗ 0.383∗∗∗ 0.156∗∗∗

(0.002) (0.004) (0.003) (0.012) (0.009) (0.002)
R2

first 0.146 0.284 0.018 0.037 0.644

Rank slope 0.231∗∗∗ 0.335∗∗∗ 0.289∗∗∗ 0.460∗∗∗ 0.381∗∗∗ 0.191∗∗∗

(0.002) (0.004) (0.003) (0.011) (0.009) (0.002)
R2

first 0.183 0.324 0.022 0.031 0.454
N 395,424 395,424 395,424 395,424 395,424 395,424

Panel B: Men, IQ sample

IGE 0.179∗∗∗ 0.257∗∗∗ 0.237∗∗∗ 0.329∗∗∗ 0.282∗∗∗ 0.326∗∗∗ 0.478∗∗∗ 0.138∗∗∗

(0.003) (0.009) (0.006) (0.022) (0.049) (0.010) (0.014) (0.004)
R2

first 0.122 0.226 0.019 0.004 0.088 0.055 0.697

Rank slope 0.209∗∗∗ 0.313∗∗∗ 0.264∗∗∗ 0.441∗∗∗ 0.292∗∗∗ 0.366∗∗∗ 0.495∗∗∗ 0.174∗∗∗

(0.003) (0.008) (0.006) (0.021) (0.055) (0.009) (0.013) (0.004)
R2

first 0.139 0.260 0.021 0.003 0.104 0.061 0.507
N 104,405 104,405 104,405 104,405 104,405 104,405 104,405 104,405

Note: OLS and IV regressions in Swedish administrative registers. Column (1) shows the “direct” OLS regression
of son’s on father’s earnings. Columns (2)-(8) show IV estimates and the R2 from the first stage using different sets
of instruments for father’s earnings: in col. (2) dummies for (father’s) education level, in (3) 3-digit occupation
dummies, in (4) region of residence dummies, in (5) dummies for country of birth, and in (6) and (7) measures of
standardized cognitive and noncognitive skill from the military draft. In Panel B, all specifications are reestimated
using the subsample with available draft data (“IQ sample”). In Column (8) we use as IV the residual from a joint
regression of father’s earnings on all instruments from Columns (2)-(7). All specifications are estimated both using
log earnings (“IGE”) and earnings ranks (“Rank slope”). See Appendix A.1.1 for details.

A framework incorporating “multiplicity” thus provides a useful lens for interpreting the
TSLS approach in the intergenerational mobility context. It helps explain key findings from the
existing literature and illustrates potential mechanisms underlying the observed biases. While
TSLS estimators tend to diverge from direct estimates, they nonetheless capture meaningful
and interpretable parameters that reflect specific aspects of the intergenerational transmission
process.

13Several prior studies use these data and provide further background, including Lindqvist and Vestman (2011)
and Nybom (2017). See Appendix A.1.1 for details.

14Note that the IV estimates using country of birth as instrument are unreliable and imprecise for this subsample,
since very few immigrant fathers are enlisted in the military.

15The implied strong persistence of non-cognitive skills may be surprising, but is broadly consistent with recent
studies that adjust for measurement error in skills, such as Grönqvist et al. (2017).
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3.2 THE TWO-SAMPLE IV APPROACH

While the previous subsection assumed a single sample containing both parent and child in-
comes, many data sources lack parental income data entirely. In such cases, researchers often
use two-sample TSLS (TSTSLS) estimators, in which the first stage—the prediction of parental
income from instruments such as education or occupation—is estimated in an auxiliary sample,
and the predicted values are then linked to the main sample of parents and children through the
shared instruments. This approach is heavily relied upon in the empirical literature, with early
examples including Björklund and Jäntti (1997) and Nicoletti and Ermisch (2008).16 Indeed,
for most countries around the world, this is the only feasible way to estimate earnings or income
mobility; accordingly, a large share of the country-specific estimates in prominent comparative
surveys are based on a two-sample IV approach (Corak, 2013; Narayan et al., 2018; Muñoz
and van der Weide, 2025). It is particularly relevant for developing countries and for historical
analyses of mobility trends (Bloise et al., 2021).

However, the two-sample approach introduces additional methodological challenges that
have sparked debate about its empirical validity. Concerns related to instrument excludabil-
ity—or, in our framing, the role of instrument-specific and heterogeneous rates of persistence—
apply equally to TSTSLS and may lead to upward-biased estimates. In addition, a concern spe-
cific to this approach is measurement error in predicted parental incomes, arising from the use
of an external sample to estimate the first stage (Inoue and Solon, 2010; Bloise et al., 2021).17

These issues are reiterated by Jácome et al. (2025), who emphasize three key challenges
relevant for TSTSLS. First, recall bias can be a particular concern when children in the esti-
mation sample provide information about their parents, such as their occupation or education,
which they remember inaccurately. Second, the first-stage estimation is conducted in finite sam-
ples, introducing noise into the prediction. Third, differences in the data-generating processes
between the first-stage and main samples might result in an incorrectly estimated conditional
expectation.

We formalize these issues by writing the conditional expectation of parental income in the
auxiliary sample as:

E2[yt−1 | Zit−1] =
J∑

j=0

ρjE2[X
j
t−1 | Zit−1] =

J∑
j=0

ρj
(
E[Xj

it−1 | Zit−1] + νj
it−1

)
(8)

where νj
it−1 = E2[X

j
t−1 | Zit−1] − E[Xj

it−1 | Zit−1] captures the discrepancy between the

16The TSTSLS estimator was originally introduced by Klevmarken (1982), as a tractable variant of the two-
sample instrumental variables (TSIV) estimator (for discussions, see Arellano and Meghir 1992 and Angrist and
Krueger 1992). TSTSLS and TSIV have the same probability limit, but can differ in small samples (Inoue and
Solon, 2010). We focus here on TSTSLS, primarily since it has been the most common approach in the mobility
literature.

17Prior work recognizes related issues. Nicoletti and Ermisch (2008) proposed criteria for selecting first-stage
predictors, and Jerrim et al. (2016) propose conditions under which TSTSLS is consistent (perfect first-stage
prediction of parental income or no instrument endogeneity). However, they also note that increasing the first-
stage predictive power (e.g., by incorporating more variables) could in principle worsen the bias if the added
instruments are particularly endogenous. This argument mirrors the implications of our framework: adding a
strongly intergenerationally persistent characteristic to the set of instruments could both raise the first-stage R2

and the upward bias of the IGE. Along similar lines, Cortes Orihuela et al. (2025) demonstrate that the TSTSLS
estimator converges to the direct estimator when the explained variance in parental income matches the explained
endogeneity in the child income equation.
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two samples, arising from recall bias, finite-sample issues, or discrepancies in the conditional
expectation between the two samples.18 Even under the assumption that the instrument perfectly
matches the weighting structure of income (i.e. ωZ

j = V (E[Xj
it−1|Zit−1]) = V (Xj

it−1) = ωj),
the presence of first-stage errors from the use of the auxiliary sample introduces an additional
term, ωZ

νj
> 0, which attenuates the estimate relative to the direct IGE.

This attenuation bias can be expressed more explicitly in the second stage as follows:

βTSTSLS =
Cov(yit;E2[yt−1|Zit−1])

V (E2[yt−1|Zit−1])
=

∑J
j=0 λjω

Z
j∑J

j=0

(
ωZ
j + ωZ

νj

) (9)

where compared to eq. (6) we now have ωZ
νj

in the denominator, which biases the estimate
towards zero. The magnitude of this attenuation bias is determined by ωZ

νj
= ρ2jV (νZ

j ) and thus
depends on the variance of the error.

Hence, the likelihood of attenuation bias increases in contexts where the child recalls the
parental characteristics less accurately or where the first-stage estimation is noisier. For ex-
ample, when using educational attainment as an instrument, the conditional expectation of in-
come based on education is relatively straightforward, corresponding to the average income
for individuals with a certain level of education. Since educational attainment is usually a
low-dimensional variable, researchers require fewer observations to accurately approximate the
conditional expectation, and differences in sampling between the estimation and main samples
are unlikely to significantly affect the conditional expectation in this case.

In contrast, when using fine-grained occupational categories as imputation variables, the
situation could become more challenging. For rare occupations, the average income may be
estimated with considerable noise in smaller samples, or the sampling differences between the
two datasets might introduce greater misspecification in the conditional expectation. Such con-
cerns may render the TSTSLS estimates more susceptible to attenuation bias. As discussed in
Section 4, this issue becomes particularly severe when using name-based instruments.

This leads to the question of how researchers should select their instruments in order to
minimize attenuation bias, and better approximate direct estimates of income mobility. Bloise
et al. (2021) provide a detailed comparison of different strategies, showing that machine learn-
ing algorithms can be used to minimize out-of-sample prediction error in the parental income
imputation, or to choose across different candidate specifications.19

3.3 LESSONS FROM THE EMPIRICAL LITERATURE

Despite these theoretical concerns, IV approaches offer practical solutions to data limitations
and remain widely used in the mobility literature. In a classic application, Solon (1992) showed
that in a one-sample U.S. setting, TSLS produces estimates that are larger than the direct IGE.
While Solon used parents’ education as instrument for their earnings, Zimmerman (1992) relied
on an index of socioeconomic status and found largely similar results. To what extent these

18We define the conditional expectation in the second sample E2[X
j
it−1|Zit−1] as the conditional expectation in

the main sample E[Xj
it−1|Zit−1] plus an error term νjit−1.

19Regularization and model selection in the first step may introduce bias in a second-step estimation, which
could be addressed using the results from the literature on debiased machine learning (Chernozhukov et al., 2022;
Escanciano and Terschuur, 2025).
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elevated estimates are due to non-excludable instruments or a reduction in measurement error is
unclear. Similarly, Björklund and Jäntti (1997) observed that while intergenerational persistence
in Sweden is lower than in the US, TSTSLS estimates for Sweden were higher than those
derived using OLS. Comparable results have been reported for the UK by Dearden et al. (1997).

Jerrim et al. (2016) document the extensive use of TSTSLS across various contexts. Be-
fore administrative data became more widely available for mobility studies, TSTSLS was com-
monly applied even in high-income countries. Early applications in the U.S. include Aaronson
and Mazumder (2008), who estimate intergenerational mobility over the second half of the
20th century by imputing parental income based on age and state of residence. In Europe, no-
table studies include those on France (Lefranc and Trannoy, 2005; Lefranc et al., 2010), the
UK (Nicoletti and Ermisch, 2008; Bidisha et al., 2013), Spain (Cervini-Plá, 2015), Switzerland
(Bauer, 2006), and Italy (Mocetti, 2007; Piraino, 2007; Barbieri et al., 2020). The method has
also been applied in Canada (Fortin and Lefebvre, 1998), Australia (Leigh, 2007), and Japan
(Ueda, 2009; Lefranc et al., 2010). The TSTSLS-based estimates tend to be higher than direct
estimates from linked administrative data that subsequently have been produced for some of
these countries, again reflecting the concern about upward bias (Björklund and Jäntti, 2009;
Chetty et al., 2014; Acciari et al., 2022). Despite the increased availability of administrative
register data, the method remains highly relevant for countries where such registers are unavail-
able or do not allow direct linking of parents and children (e.g. for France, Kenedi and Sirugue
2023).

More broadly, the TSTSLS method has become a cornerstone of large-scale cross-country
comparisons of intergenerational mobility, particularly in data-scarce environments. Despite its
well-known limitations, TSTSLS remains a valuable tool for generating suggestive evidence
in contexts lacking comprehensive panel data, especially in developing countries. Prominent
comparative studies led by international institutions, such as Narayan et al. (2018) and Muñoz
and van der Weide (2025), rely heavily on this approach, as do many country-level analyses.20

Across studies, a recurring finding is that intergenerational mobility tends to be lower in devel-
oping countries compared to developed ones, even after accounting for the upward bias inherent
in TSTSLS estimates. This finding aligns with the observation that countries with higher in-
equality tend to exhibit lower mobility (dubbed the “Great Gatsby Curve”, Hassler et al. 2007;
Blanden 2013; Corak 2013; Durlauf et al. 2022).

Imputation techniques play a critical role in quantifying mobility also beyond two-sample or
regular TSLS, in contexts where income data—for either parents or children—are inadequate
or missing.21 In historical contexts, the study of intergenerational mobility has been greatly
advanced by the ability to link individuals across U.S. censuses.22 In the absence of reliable
income data, however, researchers typically focus on occupational mobility or impute income
based on observable proxies such as occupation and race.23 For instance, Abramitzky et al.

20Examples from Asia include studies on China (Gong et al., 2012), Taiwan (Sun and Ueda, 2015), and Korea
(Ueda, 2013). In South America, researchers have applied TSTSLS to Brazil (Dunn, 2007; Ferreira and Veloso,
2006) and Chile (Nunez and Miranda, 2010) among others. For Africa, the method has been employed in South
Africa (Piraino, 2015) and more recently in Ghana (Opoku and Boahen, 2024).

21Income data may also be incomplete if child income is observed at a young age or parental income at older
ages, leading to poor approximations of lifetime income.

22The development of large-scale historical linkages (Feigenbaum, 2016; Bailey et al., 2020; Song et al., 2020;
Abramitzky et al., 2021; Helgertz et al., 2022; Buckles et al., 2023) has sparked a growing literature on intergener-
ational mobility, data quality, and demographic dynamics.

23A notable exception is Iowa, where historical income records allow for direct measurement of intergenerational
income mobility (Parman, 2011; Feigenbaum, 2018). A large body of work in both economics and sociology has
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(2021) find that second-generation migrants historically exhibited greater mobility than natives,
driven by favorable geographic selection. Collins and Wanamaker (2022) document persistent
gaps in mobility between Black and White Americans throughout the 20th century. Correcting
for measurement error and race-related sample selection bias, Ward (2023) recovers higher
historical persistence estimates than previously reported for the US.

A recent study employing a TSTSLS-like approach is Jácome et al. (2025), which investi-
gates mobility in the U.S. for cohorts born between 1910 and 1970, also including historically
underrepresented groups such as African Americans and women in their analysis. The main
finding is that mobility improved between the 1910 and 1940 cohorts, primarily due to a nar-
rowing racial gap. Their methodology departs somewhat from standard TSTSLS, as they first
impute parental income using occupation, race, and geography before applying a logarithmic
transformation. Nonetheless, they assess the robustness of their results to the typical concerns
associated with TSTSLS, such as attenuation bias from imperfect first-stage predictions and
concerns about endogeneity.

These contributions illustrate a broader and rapidly expanding research agenda on histor-
ical mobility, largely enabled by the use of imputation and instrumental-variable strategies to
overcome severe data limitations. However, as these methods continue to push the global and
temporal scope of mobility research, careful analysis of their identifying assumptions and po-
tential biases becomes increasingly important.

4 NAME-BASED ESTIMATORS

A more recent strand of research uses names to study intergenerational transmission. Motivated
by their role as probabilistic markers of family ties, names are now used in a variety of ways,
both in methods and research objectives, across studies and disciplines.

The literature can be broadly divided into two main approaches. The first approach ex-
ploits surnames in a cross-sectional setting, without explicitly linking parents and children.
The key idea is that the extent to which surnames predict socioeconomic outcomes within a
generation—what Güell et al. (2015) define the Informational Content of Surnames (ICS)—is
informative about intergenerational persistence. In a society with perfect mobility, surnames
would carry no predictive power, whereas in a fully immobile society they would be highly in-
formative.24 Hence, the R2 from a regression of incomes on surname indicators can be linked to
the intergenerational income elasticity (IGE) or correlation. Building on this idea, Güell et al.
(2018) study variation in persistence across Italian provinces and relate it to local economic
conditions.

The second approach uses names as instruments—both first names (Olivetti and Paserman
2015) and, more commonly, surnames.25 This approach is motivated by two main reasons. First,
names can be used to link individuals probabilistically across generations when direct links are

analyzed long-run trends in occupational mobility using historical data (Guest et al., 1989; Ferrie, 2005; Long and
Ferrie, 2013; Song et al., 2020).

24This predictive power of surnames may itself reinforce intergenerational inequality if decision-makers or AI
systems use them as proxies for skills (Pataranutaporn et al. 2025).

25Olivetti and Paserman (2015) estimate intergenerational elasticities between fathers and children of both sexes
in the U.S. by exploiting the socioeconomic information embedded in first names to construct pseudo-links across
generations. Olivetti et al. (2018) extend this approach to study mobility over three generations, while Olivetti
et al. (2024) apply it to analyze the role of family status in the U.S. marriage market.
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unavailable (Collado et al. 2012), or to study much more distant generations than standard data
allow. For example, Barone and Mocetti (2021) use surnames to link individuals in 15th-century
Florence to their modern-day pseudo-descendants, showing that socioeconomic advantages per-
sist over more than five centuries. More recently, studies such as Ager et al. (2021) and Althoff
and Reichardt (2024) use surname-based approaches to examine how historical events continue
to shape socioeconomic outcomes in more recent times.26

Second, surnames are deliberately used to correct for measurement error, beyond simply
overcoming data limitations. Clark (2014) and Clark and Cummins (2015) propose a latent fac-
tor model in which transmission occurs through an underlying, unobserved status component,
corresponding to the “simple” latent factor model discussed in Section 2. If income or other
observed status measures are noisy proxies for this latent status, standard estimates suffer from
attenuation bias. Studying the persistence of average status at the surname level would reduce
this bias, effectively using surnames as instruments in a TSLS approach (Santavirta and Stuhler
2024). Through this approach, Clark and co-authors find very high persistence rates, often in
the range of 0.7–0.8, well above typical parent-child estimates.27

However, long-run mobility studies and surname-based analyses may themselves suffer
from bias. First, name-based estimators may suffer from weak-instrument problems and are
highly sensitive to sampling properties (Santavirta and Stuhler, 2024); we return to these issues
in Section 4.5. Second, as emphasized by Croix and Goñi (2024), bias may also stem from
sample selection. Many applications rely on samples that are not fully representative of the un-
derlying population—for example, when focusing on specific regions and excluding migrants
(e.g., Barone and Mocetti 2021), or when using data sources that only include individuals meet-
ing certain conditions, such as probate or wills records (Clark and Cummins 2015). While we
do not address these issues in detail, they may be highly relevant in applications.

While name-based studies have been particularly popular in economics, their use extends
across the social sciences. For instance, Torche and Corvalan (2018) distinguish between indi-
vidual, within-group, and between-group mobility, and argue that the surname-based approach
used by Clark and co-authors confounds individual-level transmission with between-family het-
erogeneity. Similarly, Dalman (2025) combines surname information with observed parent-
child links to separate within-family from surname-group persistence. Using Swedish data, she
finds that surnames themselves reflect a heritable group-level status dimension, which persists
strongly across generations.

Name-based studies thus provide novel insights, but have also sparked considerable debate.
A central question is whether surname-based designs serve as substitutes for direct intergener-
ational measures or instead capture fundamentally different parameters. In this section, we use
the multiplicity framework to better understand what surname-based estimators capture. Draw-
ing on Del Pizzo and Stuhler (2025), we argue that surname-based designs identify a different
parameter than direct measures such as the IGE. While they mitigate attenuation bias, they also
place greater weight on highly persistent transmission pathways than conventional parent-child

26Several studies use names to examine intergenerational transmission of status across a range of contexts. In
historical settings, Belloc et al. (2024) analyze wealth transmission in Renaissance Florence, while Häner and
Schaltegger (2024) investigate social mobility in Switzerland. In developing countries, names often serve as a
proxy in the absence of detailed data, for example, in Colombia (Álvarez et al., 2023; Jaramillo-Echeverri and
Álvarez, 2025), in both Colombia and Chile (Jaramillo-Echeverri et al., 2021), in Korea (Paik, 2014), in Hungary
(Bukowski et al., 2022) and in Sierra Leone (Dupraz and Simson, 2024).

27From this, they formulate a provocative “Law of Social Mobility”, suggesting that socioeconomic persistence
is both high and stable across societies and time.
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correlations. Because these pathways account for the bulk of multigenerational correlations,
surname-based estimators are especially informative about long-run dynamics, but less suited
to capturing short-run (parent-child) persistence. Our discussion here complements a recent
review by Santavirta and Stuhler (2024), which focuses on the influence of weak instruments
and sampling properties on name estimators (see Section 4.5).

4.1 THE INTERPRETATION OF NAME-BASED ESTIMATORS

We begin by clarifying the parameter identified by surname-based estimators: are they sub-
stitutes for conventional parent-child estimates, or do they identify a fundamentally different
parameter?

To address this question, we analyze their theoretical properties within our framework using
a simple two-stage least squares (TSLS) specification. The use of non-overlapping samples in
a two-sample IV approach generates additional complications, which we review in Section 4.5.
In the surname context, equation (6) can be recast as follows:

βTSLS =
Cov(yit;E[yit−1|Sit−1])

V (E[yit−1|Sit−1])
=

∑J
j=0 λjω

S
j∑J

j=0 ω
S
j + ωS

u

(10)

where the weighting structure can be expressed as:

ωS
j = ρ2jV (E[Xj

it−1|Sit−1]) + ρj

J∑
k ̸=j

ρkCov(E[Xj
it−1|Sit−1], E[Xk

it−1|Sit−1]) (11)

Relative to parent-child correlations, surname-based estimators differ along two key dimen-
sions. First, surname-based estimators average out “measurement error” more than standard
parent-child estimates.28 This argument can be illustrated using our framework in Section 2.2,
with the characteristics Xj representing a person’s latent status and u the measurement error.
Averaging within surnames reduces both ωS

j and ωS
u , but when the error is classical and indepen-

dent across individuals, the reduction is stronger for the error component, since it does not share
a common component within surnames. As a result, attenuation bias is reduced, and the con-
tribution of the error term in eq. (10) is smaller than that of the corresponding individual-level
term in eq. (4).29

However, reduced measurement error is not the only difference between surname-based and
conventional parent-child correlations. A second difference, related to our discussion of tra-
ditional IV approaches above, lies in how these estimators weight underlying traits and trans-
mission pathways. As in standard TSLS, surname-based estimators place greater weight on
characteristics that are well predicted by the instrument. In this context, traits that are well pre-
dicted by surnames are precisely those that are shared within surname groups and differ across
them. We develop this argument in more detail in Del Pizzo and Stuhler (2025), but provide a
summary here.

28Here, “measurement error” is used broadly to include both misreporting of observed outcomes and the fact
that even perfectly measured variables may be imperfect proxies for an underlying “generalized social status,” as
emphasized by Clark and co-authors.

29This is analogous to the “conventional” TSLS approach with education or occupation in Section 3, where
measurement error is similarly reduced by averaging over education or occupation groups.
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To illustrate, consider a trait such as “grit”. If individuals with high and low grit are similarly
distributed across surnames, then knowing someone’s surname tells us little about that trait, and
the between-surname variance in grit is very small. As a result, surname-based estimators
would assign little weight to this trait. By contrast, traits that are strongly clustered within
surnames, such as geographical location, receive much greater weight, even if those traits play
only a limited role in intergenerational transmission. In the extreme, if all individuals sharing a
surname live in the same location, knowing the surname is equivalent to knowing their location:
the surname becomes a perfect predictor of geography.

Existing explanations for the gap between surname-based and direct estimates map naturally
into these two channels: reduced attenuation and a different weighting structure. Clark (2014)
emphasizes the first channel. He attributes this gap to measurement error in a broad sense, argu-
ing that observed outcomes are imperfect proxies for an underlying “generalized” social status,
which surname-based methods capture more accurately.30 By contrast, other authors argue
that the high persistence captured by surname-based estimators reflects group-level differences
rather than individual-level transmission (Torche and Corvalan 2018). In our framework, this
corresponds to the second channel: they place greater weight on group-level characteristics than
parent-child correlations do. For instance, Chetty et al. (2014) argue that in the U.S. this pattern
reflects the correlation between surnames and race, while Güell et al. (2018) show that in Italy
it reflects persistent regional differences.

But what determines these weights, and why do they differ from those underlying direct
parent-child correlations? The key insight is that surnames capture not just immediate family
ties (e.g., father-child), but also more distant kinship links, such as cousins or uncles. We for-
malize this in a stylized single-parent setting, assuming that each surname group descends from
one common ancestor whose characteristics are transmitted to later generations with the same
name. Thus, the correlation among surname-group members is rooted in the traits inherited
from this distant ancestor. Formally, we can express the between-surname variability of a given
characteristic Xj

it−1 as follows (see Appendix A.2.1):

V (E[Xj
it−1|Sit−1]) = E[λ

2(t−1−τs)
j ]V (Xj

iτs
). (12)

This expression can be decomposed into two components: the persistence rate for that charac-
teristic, λj , and the distance to the common ancestor (t − 1 − τs).31 First, traits with higher
parent-child persistence receive more weight in surname-based compared to direct estimates, as
long as the father is not the common ancestor himself (i.e., the exponent is greater than zero).32

For example, if a personality trait like grit is not strongly transmitted from parents to children
(small λj), surnames will offer little predictive power. In contrast, for highly persistent traits

30In contrast, Vosters and Nybom (2017) show that aggregating standard observable socioeconomic indicators
does not, by itself, reproduce the high persistence estimates reported by Clark and co-authors. This suggests that the
large estimates reported by Clark and co-authors cannot be explained solely by averaging over noisy observables,
but instead require that surnames capture more persistent underlying components of status. This divergence may
arise if important determinants of outcomes are inherently unobserved (“latent”) and are better captured by the
grouping approach.

31For simplicity, we abstract here from the covariances between different traits, although the reasoning can be
easily extended to include them (see Appendix A.2.1). Moreover, our presentation here hinges on the assumption
that the characteristics of the common ancestor Xj

iτs
are independent of the generation in which the common

ancestor lived (τs). For a more thorough discussion, see Del Pizzo and Stuhler (2025).
32This does not imply that λj is irrelevant when the father is the common ancestor; rather, in that case, the

surname-based estimate reflects the standard parent-child correlation, since the weights ωSur
j in eq. (10) are no

longer amplified by generational distance.
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like geography (high λj), surnames will remain informative.

Second, persistence compounds with genealogical distance. The further back the common
ancestor, the more weight is placed on highly persistent traits. Low-persistence traits, like grit,
may even be transmitted from parent to child, but fade quickly across generations. For instance,
if λj = 1/5, the correlation in Xj falls below 0.01 after only three generations. In contrast, for
highly persistent traits like geography, even distant ancestors may still shape your location. For
example, if λj = 4/5, the correlation in Xj falls below 0.01 only after twenty generations.

Surname-based estimates thus tend to exceed direct estimates because they place greater
weight on characteristics that persist strongly across generations.33 This is similar in spirit to
standard imputation methods, where instruments capture more persistent characteristics: in that
setting, commonly used imputing variables such as education are more persistent than income;
here, instead, the pattern follows directly from the structure of surname-based estimators.

We provide evidence on these patterns in the next two subsections: Section 4.2 documents
how surname-based estimates exceed parent–child correlations and vary with surname size,
while Section 4.3 examines the underlying weighting structure and identifies the characteristics
driving these patterns.

4.2 NAME-BASED ESTIMATES INCREASE WITH SURNAME FREQUENCY

Existing evidence on surname-based estimates is mixed. While the findings of Clark and co-
authors suggest very high levels of intergenerational persistence, other studies find more modest
estimates. One potential explanation for these differences is attenuation bias arising in settings
with non-overlapping samples, as discussed in Section 4.5. Importantly, this variation arises
not only across contexts, but also within them—across surname groups. A consistent pattern
across studies is that surname-based estimates tend to be lower for rare surnames and increase
systematically with surname frequency (Chetty et al. 2014; Güell et al. 2018).

This pattern is consistent with the two mechanisms in our model. First, averaging over
more individuals within a surname group reduces idiosyncratic noise that is not transmitted
across generations. Because this noise averages out faster than transmitted traits, attenuation
bias declines (Clark 2014). Second, under positive population growth, larger surname groups
may reflect more distant ancestry. As genealogical distance increases, less persistent traits de-
cay quickly, leaving only highly persistent traits shared among group members. By contrast,
smaller surname groups may capture closer kinship, allowing even less persistent traits to re-
main correlated.

To probe these predictions, we focus on a favorable data setting with “overlapping” sam-
ples, where attenuation bias is limited (see Del Pizzo and Stuhler 2025 for detailed evidence).
Specifically, we use data from males aged 30 to 40 in the 1940 U.S. Census linked to their
fathers in the 1920 Census, and estimate the surname-group (or “grouping”) estimator across
samples that include progressively larger surname groups. We divide relatively rare surnames
(fewer than 1,500 male working-age members) into deciles by group size. Starting with the
smallest decile (groups of up to two members), we compute both estimators and progressively
expand the sample by adding subsequent deciles.

Figure 1 plots these grouping estimates and compares them to a direct measure of persis-

33Although surname-based estimates overweight high-persistence traits, they are not always higher than direct
estimates in practice, as they may also suffer from weak-instrument bias. We return to this point in Section 4.5.
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FIGURE 1: Grouping Estimator in U.S. Census Data (Occupational Score)

Note: Surname-based grouping estimates (blue) and direct father-child estimates (red), computed on the same
sample. The x-axis reports deciles of the surname size distribution (in 1920), restricting attention to relatively
rare surnames. Each point includes surnames with size weakly below the cutoff corresponding to that decile; the
numerical labels next to each point report these cutoffs (i.e., the maximum number of observations used to compute
the surname average). The sample consists of male workers aged 30–40 in the 1940 U.S. Census linked to their
fathers. The dependent variable is the log-occupational score. The regressor in the surname-based estimator is the
surname-level average log-occupational score in 1920, computed over working-age males.

tence, the father-child estimate in occupational scores, estimated in the same samples. The
results support the predictions of the model. First, in the absence of weak-instrument bias from
non-overlapping samples (see Section 4.5), surname-based estimates exceed parent–child esti-
mates (Clark 2014). Second, grouping estimates increase with surname frequency (solid line),
consistent with Chetty et al. (2014) and Güell et al. (2018). Crucially, this gradient does not
reflect differences in family-level transmission: the parent–child estimate (dashed line) remains
essentially flat across the surname distribution.34

We can thus conclude that, in the absence of substantial measurement error, surname-based
estimators exceed parent–child correlations and increase with surname group size. However,
these patterns do not by themselves reveal the underlying mechanisms. In particular, what
is the weighting structure of surname-based estimators, and which characteristics drive these
patterns? We address these questions in the next subsection.

4.3 WHICH MECHANISMS DO SURNAME ESTIMATORS CAPTURE?

What surname-based estimators capture is subject to debate. Clark (2014) argues that surnames
proxy for a generalized notion of social status, while others emphasize that they reflect group-
level characteristics (Torche and Corvalan 2018; Dalman 2025), such as race (Chetty et al. 2014)

34Family characteristics do differ systematically with surname size, as described in Table A.2, especially with a
more urban population in rarer surnames. However, these differences are not large enough to have a meaningful
influence on the parent-child estimate.
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and geography (Güell et al. 2018). Our framework offers a unifying perspective: surnames
are more predictive of characteristics that are highly persistent across generations, and this is
reflected in the estimator’s implicit weights. Hence, examining how well surnames predict
different observable characteristics can help identify which traits they capture in practice, and
whether these align with interpretations proposed in the literature.

Moreover, we can exploit the gradient across surname group size to study the persistence of
different characteristics. Because low-persistence traits are less well predicted in larger surname
groups, smaller groups may place relatively more weight on such traits. Variation in these
weights with surname size is therefore informative: characteristics whose weight increases with
group size are more persistent, while those whose weight declines are less persistent. This
approach is formalized in Del Pizzo and Stuhler (2025).

For illustration, we measure how strongly surnames predict different observable determi-
nants of the outcome across surname size in the U.S. Census data.35 We first regress occupa-
tional scores (median income by occupation) on each characteristic separately and obtain fitted
values for individuals in the 1940 child generation.36 We then average both fitted values and
outcomes at the surname level. Next, we group surnames into size deciles (restricting to sur-
names with fewer than 1,500 members) and progressively expand the sample to include larger
bins. At each step, we compute the variance of surname-level averages of both fitted values and
the outcome across included surnames. We approximate the weight of each characteristic as
the ratio of these variances, normalized relative to the smallest size bin. Assuming each charac-
teristic’s relevance (ρj) does not vary with surname size, differences in these normalized ratios
reflect differences in persistence (λj).

As shown in Figure 2, we find that geographic location and race are among the most per-
sistent observable characteristics, as their contribution to surname-level differences increases
with surname size.37 These results support the view that name-based estimates reflect persistent
ethnic gaps (Chetty et al. 2014; Dalman 2025) and geographic differences (Güell et al. 2018).
We also find that education and urban–rural status are more persistent than occupational scores,
though less so than geography or race. By contrast, the residual component of occupational
scores—including measurement error—is much less persistent than the outcome itself. Inter-
estingly, these findings on the relative rates of persistence across traits are reminiscent of what
we found in a completely different data set—based on modern Swedish administrative regis-
ters—in Section 3, suggesting that the patterns may be generalizable across time and space.

More broadly, our findings are consistent with both leading interpretations of high name-
based estimates: surname-based estimators capture persistent environmental influences (Torche
and Corvalan, 2018; Chetty et al., 2014; Güell et al., 2018), and reduce measurement error
(Clark, 2014). Our framework, however, clarifies why this is the case: surnames place greater
weight on traits that are themselves highly persistent. For example, surnames capture racial
identity in U.S. data, and recent evidence shows that racial inequality is a key driver of long-run
persistence (Jácome et al. 2025; Ward et al. 2025). The same logic helps explain why surname-

35In the model, the weights are defined using surname-level averages of parental characteristics in 1920. Here,
instead, we use outcomes for the child generation in 1940 to construct analogous objects. The exercise is therefore
meant to illustrate the patterns in the data, rather than to recover the model-based weights.

36We also compute residuals from a joint regression of occupational score on state of residence, birthplace,
education, urban/rural status, and race.

37Our estimates regarding race should be interpreted with caution, due to the relatively small share of African-
Americans in our sample. However, our results here align with the observation of enduring racial disparities in the
U.S., and the finding that those disparities are a key contributor to high intergenerational persistence (Collins and
Wanamaker, 2022; Jácome et al., 2025).
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FIGURE 2: Weights of Different Characteristics in the Grouping Estimator

Note: The figure shows how the empirical weight assigned to each characteristic varies across surname-size deciles
(based on the 1920 distribution), focusing on relatively rare surnames. Each point corresponds to surnames with
size weakly below the cutoff for a given decile. Weights are defined as the ratio of the variance of surname-
level averages of fitted values (for a given characteristic) to the variance of surname-level averages of the overall
outcome, and are normalized relative to the first decile. The sample consists of male workers aged 30–40 in the
1940 U.S. Census, linked to their fathers (Buckles et al. 2023). The residual is obtained from a regression of
occupational score on state of residence, birthplace, education, urban/rural status, and race.

based estimates tend to decline when conditioning on location, a comparatively persistent trait
(Collado et al. 2012; Feigenbaum 2018; Santavirta and Stuhler 2024 or Häner and Schaltegger
2024).

4.4 DO SURNAME ESTIMATORS CAPTURE LONG-RUN PERSISTENCE?

Surname-based estimators thus “overweight” more persistent transmission pathways, but whether
this constitutes a limitation depends on the research objective. If the goal is to understand long-
run persistence, emphasizing these pathways may be a feature, not a flaw.

But what specific parameter do surname-based estimators capture? Our results from Sec-
tions 2 and 4.1 imply that they identify the rate of decay, βg/βg−1, at large genealogical dis-
tances g. The intuition is simple: surname-level averages reflect correlations between distant
kin, which—in models with multiplicity—are mainly driven by the most persistent traits. Con-
sequently, name-based estimators capture how these correlations decline across generations at
long horizons.38 In our framework, this object can be interpreted as a reduced-form measure
reflecting a composite of the underlying factor-specific persistence rates λj .

This object is informative in its own right, as it provides a direct measure of long-run dy-
namics. In a simple latent-factor model, where observed outcomes are imperfect proxies for an
underlying persistent trait, short-run persistence does not capture the true latent persistence pa-
rameter λ, whereas the decay rate at longer horizons may provide a closer approximation. In a
multi-factor model with varying rates of persistence, the interpretation is not as neat; rather than

38More precisely, because the distance to a common ancestor varies, surname estimators capture a weighted
average of decay rates across various generational distances.
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“true” persistence, surname-based estimates capture a weighted average of decay rates across
various generational distances. Because individuals in larger surname groups are unlikely to be
closely related, these estimates primarily capture decay rates at higher genealogical distances,
where we expect less rapid decay than at lower genealogical distances.

These arguments imply that researchers can gain a more comprehensive understanding of
mobility dynamics by combining different estimators. In particular, when long-run persistence
βg cannot be directly observed—because data do not span many generations—it can be inferred
by combining short- and long-run information. As discussed in Section 2, βg reflects the ac-
cumulation of successive decay rates, so evidence from both margins helps pin down long-run
persistence. Parent-child correlations capture short-run decay, while surname-based estima-
tors capture decay at longer distances; together, they trace the evolution of persistence across
generations.

The preceding discussion has focused on favorable data scenarios, in which the surname
averages are constructed from large samples that cover the same families across generations. In
the next section, we examine how name-based estimators behave in less favorable settings.

4.5 ATTENUATION IN SURNAME-BASED ESTIMATORS

Our discussion so far explains why surname-based estimates can exceed direct parent-child
estimates. Yet in some studies they are similar, or even smaller. Although this appears to
contradict our interpretation, such variation largely reflects differences in empirical context:
surname-based estimators are vulnerable to weak-instrument bias and highly sensitive to how
surname averages are constructed (Santavirta and Stuhler 2024).

Two distinct mechanisms generate attenuation in surname-based estimates, and in practice
they often operate jointly. The first reflects sampling noise: when surname averages are com-
puted from finite samples rather than the full population, they become noisy measures of the
underlying conditional expectation. The second reflects “lack of overlap” (Santavirta and Stuh-
ler 2024), that is, when surname averages are constructed from samples that exclude individuals’
own parents. While sampling noise is always present in sampled data, lack of overlap can arise
to different degrees depending on the empirical setting.

When only sampling noise is present—that is, with full overlap—attenuation pushes esti-
mates toward the parent-child correlation. When lack of overlap is also present, attenuation is
stronger, pushing estimates further down.

For clarity of exposition, we begin by isolating the first mechanism, although in practice it
rarely arises without the second. When surname averages are computed from finite samples,
they are noisy estimates of the conditional expectation E[Xj

it−1 | Sit−1]. Formally, let X
j

it−1

denote the estimated surname-level average. When calculated from a subsample, its variance
combines the true between-surname variance and an additional sampling-error component:

V (X
j

it−1) = V
(
E[Xj

it−1 | Sit−1]
)
+ V (νj

it−1),

where V (νj
it−1) captures the sampling noise arising from small surname groups. As the number

of observations per surname decreases, the sample mean becomes a noisier measure of the true
population mean and increasingly reflects the father’s own outcome.

This implies that sampling noise generates attenuation toward the direct parent-child corre-
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lation. To see the intuition, consider the limiting case of a single observation per surname: the
surname average coincides with the father’s outcome, and the estimator collapses exactly to the
parent-child correlation. Consistent with this intuition, Ward (2023) shows that estimates based
on a 1% Census linked sample increase substantially when instead the full census is used.

We provide empirical evidence for these mechanisms by comparing direct parent-child mo-
bility estimates to surname-based estimates constructed from subsamples of the data. Specif-
ically, we draw a random five-percent sample from our baseline dataset of males aged 30–40
in 1940 who are linked to their fathers in 1920 (with sampling performed at the level of linked
father–son pairs). Within this sample, we construct surname averages using only the fathers ob-
served in the sample. That is, for each surname, we average paternal outcomes across the subset
of fathers included in the 5% sample.39 For each individual, we therefore observe three mea-
sures: the father’s own outcome, the surname average computed within the same 5% sample,
and the surname average computed from the full census (the same measure used in Figure 1).

Table 2 reports the results: Column (1) presents the direct parent-child estimate; Column
(2) uses surname averages computed within the sample; and Column (3) uses surname aver-
ages computed across the full census. As expected, the estimates in Columns (1) and (2) are
very similar, reflecting the fact that with “full overlap” the surname-based estimator approaches
parent-child estimates in small samples. In contrast, the estimate in Column (3) is substantially
larger: because surname averages are computed from the full population, they are less affected
by sampling noise and therefore provide a cleaner measure of between-surname variation. This
pattern is consistent with the idea that surname averages constructed from the full population
place greater weight on more persistent characteristics.

A second issue—’lack of overlap’ (Santavirta and Stuhler 2024)—arises when surname av-
erages are constructed from a sample that excludes an individual’s own parent. This is common
when parent and child samples are drawn independently, such as from separate Census extracts.
In this case, the child’s outcome is no longer linked to an average over both close and distant
relatives, but only to more distant ones, as the parent’s outcome is no longer included in the
surname-level average. As a result, attenuation does not simply push the estimate toward the
parent-child correlation, but further downward, toward the correlation between the child and
more distant kin. To gain intuition, consider the extreme case in which there is only one obser-
vation per surname and it does not correspond to the child’s parent. For example, if the only
individual sharing the surname is an uncle, the surname-based estimator effectively collapses to
the correlation between the child and that relative.

We demonstrate the implications of this mechanism empirically. Starting from the 5% sam-
ple of children observed in 1940 and linked to their fathers, we construct surname-based esti-
mators using surname averages computed from an independent sample. Specifically, we draw
a random five-percent sample of working-age males in 1920 and compute surname averages
based on this sample. We then merge these surname averages to the 1940 child sample through
the surname. Because the two samples are drawn independently, the fathers of the children in
the estimation sample are unlikely to be included in the construction of the surname averages,
implying very limited overlap. As shown in Column (4) of Table 2, this results in an estimate
that falls well below the parent-child estimate in Column (1).

39Because surname averages are computed using the same fathers that appear in the estimation sample, this
setup implies full overlap between individual outcomes and surname-level averages.

23



TABLE 2: Direct and Surname-based Grouping Estimators in a 5% Sample of U.S. Census

Dependent variable: Child Occscore
Direct Name-based

(1) (2) (3) (4)
Father Occscore 0.393∗∗∗

(0.00215)

Surname Occscore 0.444∗∗∗

in 5% linked sample (full overlap) (0.00394)

Surname Occscore 0.593∗∗∗

in full census (0.00715)

Surname Occscore 0.286∗∗∗

in different 5% sample (limited overlap) (0.00740)

N 223,729 223,729 223,729 196,915
Standard errors in parentheses, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: The table compares direct and surname-based estimates of intergenerational persistence using a 5% random
sample of males aged 30-40 in the 1940 Census linked to their fathers. Column (1) reports the coefficient from
a regression of the son’s log-occupational score on the father’s log-occupational score. Columns (2)-(4) report
analogous regressions using surname-level averages as regressors. In Column (2), surname averages are computed
across fathers within the same linked 5% sample, implying full overlap between individual outcomes and surname-
level averages. In Column (3), surname averages are computed across all working-age males from the full 1920
Census. In Column (4), surname averages are computed across fathers from an independent 5% sample of working-
age males in 1920, implying limited overlap. The smaller sample size in Column (4) reflects surnames in the child
sample that are not observed in the independent 5% 1920 sample.

These results show that surname-based estimators are highly sensitive to the sampling de-
sign and, more generally, to how surname averages are constructed. Sampling noise attenuates
estimates toward the direct parent-child estimate, while lack of overlap pushes them further
down. This distinction is crucial for interpreting the empirical evidence: it helps explain why
surname-based estimates vary widely across studies, depending on data quality, sample size,
and the degree of overlap between samples.

4.6 REGIONAL INTERGENERATIONAL MOBILITY WITH SURNAMES

Even if name-based approaches identify a different estimand than traditional parent-child corre-
lations, they may still serve as substitutes for standard measures for comparative analyses. For
instance, a large literature examines regional differences in intergenerational mobility (Chetty
et al. 2014; Chetty and Hendren 2018)40, and surname-based measures may capture the relative
ranking of mobility across regions (Güell et al. 2018).

However, there are theoretical reasons why surname-based and direct estimators might not

40Examples include Heidrich (2017), who documents regional variation in income mobility within Sweden;
Fletcher and Han (2019), who examine geographic and temporal patterns in U.S. educational mobility; Connolly
et al. (2019), who compare mobility across regions in Canada and the United States; Corak (2020), who links
regional mobility in Canada to local inequality; Bütikofer et al. (2022), who show that Norway’s oil boom increased
mobility in affected regions; Acciari et al. (2022), who study direct income mobility across Italian regions; Bell
et al. (2023), who trace occupational mobility across areas in England and Wales across cohorts; Dodin et al.
(2024), who document regional variation in educational mobility in Germany; Nybom and Stuhler (2025), who
examine multigenerational mobility across Swedish municipalities; or Grebol et al. (2025), who link regional
variation in Spanish educational mobility to differences in assortative mating.
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yield the same regional rankings. In particular, two regions with identical parent-child corre-
lations may nonetheless exhibit different surname-based estimates for two reasons: differences
in surname distributions, and differences in how surname-based estimators weight persistent
transmission pathways. The first source of divergence is mechanical and does not reflect actual
differences in mobility. Because more common surnames exhibit higher persistence (Section
4.2), regions with a greater concentration of such names will mechanically appear less mo-
bile when using surname-based measures, even if underlying mobility is the same. Güell et al.
(2018) highlight this issue and propose focusing on rare surnames in regional comparisons.

The second source, by contrast, does depend on the underlying intergenerational process.
When parent-child correlations and surname distributions are similar, higher surname-based
estimates indicate that persistent traits play a larger role in one region than in another, as sur-
names act as markers for such traits (Section 4.3). In other words, regions may exhibit similar
short-run mobility but differ in how outcomes persist across more distant generations.41 For in-
stance, if racial inequality is more pronounced in one region, and surnames vary with race, then
surname-based estimates will capture this persistence even if parent-child correlations appear
similar across regions.

To illustrate these arguments, we compare direct parent-child and surname-based estimates
across geographic units of varying sizes within the United States, using the 1920 Census. For
each surname–area cell (e.g., individuals named Smith in Wisconsin), we compute the average
occupational score among working-age males, and assign these averages to children via their
linked fathers. Using the same sample of males aged 30–40 in 1940 linked to their fathers,
we then estimate the direct parent-child and surname-based measures separately within each
geographic unit. We repeat this exercise at different levels of aggregation, starting from broad
Census regions (Northeast, Midwest, South, and West), then moving to states, and finally to
counties.42

Figure 3 compares direct and surname-based estimates across geographic units. First, we
confirm a key prediction of our model: surname-based estimators systematically exceed direct
parent-child estimates, especially when considering large geographic areas such as Census re-
gions or entire states (Panel A), and less so when considering individual counties (Panel B).
This pattern is consistent with a greater reduction in idiosyncratic noise when averaging across
more individuals in larger areas, and with surname-based estimators placing substantial weight
on geographic differences. As we condition on increasingly smaller geographic units, the gaps
between the two estimators decline, by progressively removing one of the main sources of their
divergence.

Second, we evaluate the extent to which regional rankings are preserved. We find that
regional rankings are broadly consistent regardless of whether mobility is measured directly or
inferred from surnames. In line with earlier studies (Connor and Storper 2020; Tan 2023), the
Northeast emerges as the most mobile region in our early 20th century sample, while the South
exhibits the lowest mobility. Midwestern states, especially non-industrial ones, show relatively
high persistence in occupational status, a pattern that differs from more recent evidence (Chetty

41Evidence on the stability of regional rankings across different mobility measures has been limited. For Italy,
Güell et al. (2018) and Acciari et al. (2022) find broadly similar regional patterns using surname-based and direct
estimators, respectively. Using Swedish register data spanning three generations, Nybom and Stuhler (2025) show
that regional rankings are similar for parent-child and grandparent-child correlations, even though the latter tend
to exceed the square of the former in most municipalities.

42We use State Economic Areas (SEAs), which consist of single counties or groups of contiguous counties with
similar economic characteristics (Ruggles et al., 2025).
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FIGURE 3: Comparing Direct and Grouping Estimators Across U.S. Geographic Units

(A) Census and States (B) Counties

Note: This figure compares surname-based and direct estimates of intergenerational mobility across U.S. Census
regions, states, and counties. For the surname-based estimator, we compute average log-occupational scores for
each surname–area pair (e.g., all working-age males with a given surname within a given region or state) using
the 1920 Census, and assign these values to children through their linked fathers. The estimate is then obtained
by regressing the child’s log-occupational score on this surname–area average within each geographic unit. The
direct estimate is obtained by regressing the child’s log-occupational score on the father’s log-occupational score
within the same geographic unit. The sample consists of male workers aged 30–40 in the 1940 Census linked to
their fathers.

et al. 2014).

Yet, even though rankings are broadly aligned, the gap between the two estimators varies
substantially across regions. In particular, the gaps are larger in the U.S. South than in the Mid-
west. Although both regions display similar persistence using direct estimates, surname-based
measures imply higher persistence in the South. This discrepancy may reflect differences in
surname distributions or region-specific factors, such as racial inequality, that are more persis-
tent and better captured by surnames. A similar, though less pronounced, pattern appears in the
West.

Overall, although surname-based estimators identify a different parameter and tend to differ
from direct measures, regional rankings are broadly similar. At the same time, the differences
between them are informative, as they may reflect the influence of persistent local factors not
captured by conventional measures.

5 MULTIGENERATIONAL AND EXTENDED-KIN ESTIMATES

The indirect methods discussed in the previous sections are typically motivated by data limita-
tions: researchers lack data linking incomes for two generations and thus impute incomes using
other characteristics, such as occupation, education, or even surnames. In contrast, another
strand of research exploits the growing availability of data that link not only parents and chil-
dren, but track broader family trees or multiple generations. Although the motivation differs,
this literature shares commonalities with the instrumental variable (TSLS) and name-based ap-
proaches discussed earlier, both in implementation and interpretation. Through the lens of our
transmission model, each approach produces differently weighted combinations of the under-
lying transmission mechanisms. While for TSLS and name-based estimators this reweighting
arises as an unintended byproduct, it tends to be a more deliberate aspect of multigenerational
and extended-kin studies.
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Recent multigenerational studies imply that socioeconomic inequalities persist across gener-
ations to a much greater extent than previously thought. In an early contribution, Hodge (1966)
cautioned that occupational mobility might not follow a simple first-order Markov process,
in which children’s outcomes depend solely on those of their parents. However, researchers
lacked data to study this question, and the scarce evidence that was available indicated that in-
tergenerational correlations decayed quickly—consistent with the view of Becker and Tomes
(1986) that “almost all earnings advantages and disadvantages of ancestors are wiped out in
three generations”.43 However, a pivotal shift in the economics literature occurred with Lindahl
et al. (2015), who integrated survey data from Sweden’s “Malmö study” with administrative
records to examine earnings across three generations and educational attainment across four.
Their findings revealed that multigenerational persistence was far stronger than what could be
inferred by simply extrapolating two-generation regression estimates. Around the same time,
other disciplines also adopted multigenerational perspectives, including sociology (Chan and
Boliver 2013; Hällsten and Pfeffer 2017; Song 2021), demography (Mare 2011), and economic
history (Dribe and Helgertz 2016).

Since then, a growing body of research has shown that conventional models systematically
underestimate the extent of long-term socioeconomic persistence (see Anderson et al. 2018;
Stuhler 2024). If mobility followed an autoregressive AR(1) process, where each generation’s
socioeconomic position depends only on that of their parents, the correlation between grand-
parent and grandchild outcomes (G1-G3) should roughly equal the product of the underlying
parent-child correlations (G1-G2 and G2-G3). However, the evidence consistently shows that
multigenerational correlations tend to be stronger than a naive iteration of the available parent-
child evidence would suggest (the “iterated regression fallacy”, see Stuhler 2012).44 Similarly,
if mobility followed an AR(1) process, grandparental status should have little additional predic-
tive power once parental characteristics are accounted for. In practice, however, most studies
find that even after controlling for parental traits, grandparental and extended family socioe-
conomic status remain significant predictors of child outcomes (Anderson et al. 2018; Solon
2018).45

To better understand the structural processes underlying intergenerational transmission, re-
searchers increasingly incorporate additional empirical moments. Some studies extend the anal-
ysis beyond three generations—for example, Hällsten and Kolk (2023) examine persistence
across up to seven generations in Sweden, Modalsli (2023) considers five generations in Nor-
way, and Ward et al. (2025) trace four generations in U.S. historical data. Other studies trace
both vertical and horizontal links—while administrative registers rarely cover more than two
or three generations, they are well suited for identifying lateral kinship links within extended

43Most prominently, Warren and Hauser (1997) analyzed three generations in Wisconsin and found that once
parental socioeconomic characteristics were accounted for, grandparental occupational status had little predictive
power for grandchildren’s outcomes. Similarly, Erola and Moisio (2007) reported that in Finland, the effect of
grandparental social class on grandchildren’s class status was negligible when parental class was taken into ac-
count.

44This pattern applies not only to income but also to other outcomes. For example, grandparental wealth remains
a strong predictor of grandchildren’s wealth, even after controlling for parental wealth, in Sweden (Adermon et al.,
2018), Denmark (Boserup et al., 2013), and the United States (Pfeffer and Killewald, 2018). While direct bequests
that bypass the parent generation provide a plausible explanation, wealth-based advantages seem to take effect
much earlier than such delayed transfers would suggest. Most studies focus on developed countries, with some
recent exceptions (e.g., Celhay and Gallegos 2025; Cattan et al. 2026).

45Part of this pattern is due to the omission of the second parent (Breen 2018; Braun and Stuhler 2018). For
example, Engzell et al. (2020) show that in Swedish data, grandparental status is not very predictive of child status
once both maternal and paternal characteristics are accounted for.
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families. By tracing relationships through siblings-in-law, cousins, and other distant kin, re-
searchers can gain a more comprehensive picture of socioeconomic persistence. This dynastic
or extended-family approach—long used in population genetics—is now increasingly applied
in the social sciences (Adermon et al. 2021; Collado et al. 2023; Clark 2023; Hällsten and Kolk
2023; Bingley et al. 2023; Adermon et al. 2026).

In this section, we review the multigenerational and extended kin literature through the lens
of the “multiplicity” model described in Section 2. The model can serve as a useful reduced-
form framework for explaining key findings in this literature and for interpreting empirical
moments beyond traditional parent-child correlations. Of course, the observation of high multi-
generational correlations does not, in itself, point to any particular mechanism; different models,
each with distinct implications, could account for the emerging evidence on multigenerational
persistence (Stuhler 2024). Nevertheless, our framework captures two practical features of in-
tergenerational transmission that we expect to be important: that income is transmitted through
multiple pathways, or mediators, and that different pathways exhibit varying rates of persis-
tence.

5.1 MULTIGENERATIONAL CORRELATIONS

The recent literature has emphasized the importance of examining status correlations across
multiple generations to better understand intergenerational transmission processes. We can
again use the multiple latent factor model from Section 2 to understand why a comparison
of inter- and multigenerational correlations can provide useful insights about both short- and
long-term transmission.

The parent-child correlation in status y as a function of our model is given by equation (4).
The corresponding model-implied formula for the grandparent-child correlation is

βgp =
Cov(yit; yit−2)

V (yit−2)
=

∑J
j=0 λ

2
jωj∑J

j=0 ωj + ωu

(13)

where

ωj = ρ2jV (Xj
it−2) + ρj

J∑
k ̸=j

ρkCov(Xj
it−2;X

k
it−2) (14)

As for the parent-child correlation, the grandparent-child correlation corresponds to a weighted
average of multiple transmission pathways, but the contribution of each characteristic j is now
proportional to the square of its transferability λj . As a consequence, the relative importance
of different characteristics for the overall correlation shifts: characteristics that are less relevant
in the short term (low ωj) may explain a greater share of the grandparent-child correlation if
they are highly persistent (high λj). Conversely, characteristics that are highly relevant in the
short term (high ωj) but not very transmissible (low λj) will play a smaller role in long-term
correlations.

Thus, parent-child and grandparent-child correlations capture differently weighted combi-
nations of the underlying pathways of intergenerational transmission. We draw two conclusions
from this observation. First, neither set of weights is inherently superior. Although the litera-
ture has traditionally focused on parent-child correlations, it is important to note that they offer

28



only limited insight into mobility processes. Most obviously, they will provide little insight into
transmission patterns across multiple generations.46 Second, by comparing mobility measures
across close and more distant kin, researchers can gain a deeper understanding of intergenera-
tional transmission processes, as we illustrate next.

5.2 INSTRUMENTING CLOSE WITH DISTANT KIN

While any given mobility measure provides only a limited understanding of intergenerational
processes, a comparison of different measures can yield additional insights. From the perspec-
tive of the latent transmission model, an especially promising strategy is to compare correlations
between close and more distant kin—possibly using instrumental variable strategies that share
some similarity with the IV strategies discussed in previous sections.

The simple case with a single latent factor. To illustrate the basic idea, consider the simple
latent factor model with a single latent characteristic Xj

it, or alternatively, multiple characteris-
tics with the same transferability λj = λ (see restriction (3)). As noted in Braun and Stuhler
(2018), the transferability of the latent advantage(s) can then be identified by using the grand-
parental outcome as an instrument for the parental outcome,47

βIV ≡ Cov(yit; yit−2)

Cov(yit−1; yit−2)
=

λ2
∑J

j=0 ωj

λ
∑J

j=0 ωj

= λ (15)

That is, even if we cannot directly observe the latent advantages Xj
it, comparing close and

distant kin allows researchers to identify its transferability λ (and to eliminate the influence
of measurement error). This example illustrates the more general insight that the covariances
between an outcome and its lags can be a powerful source for identifying latent variable models
(Aigner et al. 1984).48

This particular way to compare parent-child and multigenerational correlations has been
adopted in several recent studies. Braun and Stuhler (2018) analyze multigenerational persis-
tence in education and occupation in German samples, estimating a parent-child correlation
in ‘latent’ advantages of about 0.6—nearly 50% higher than the observed correlation in years
of schooling. Using harmonized survey data, Neidhöfer and Stockhausen (2019) find slightly
higher latent persistence (around 0.7) for Germany and somewhat lower rates for the U.S. and
UK, while Colagrossi et al. (2020) report an average latent educational persistence of 0.66
across 28 European countries. A consistent finding across these studies is that latent persistence
substantially exceeds the conventional parent-child correlation in observed outcomes.49

46In particular, the model-implied grandparent-child correlation is generally not equal to the square of the parent-
child correlation, even if all moments are in steady state. If ωu > 0, or if the transferability λj varies across
characteristics—as is intuitive and also suggested by the surname-based evidence from Section 4—status decays
at less than a geometric rate.

47To account for changes in the variance of the outcomes across generations, Braun and Stuhler (2018) replace
covariances with correlations—which is equivalent to standardizing the outcome variable prior to applying the
instrumental variable method.

48In practice, the identifiability of intergenerational transmission models also depends on steady-state assump-
tions (Nybom and Stuhler 2019) and the available data structure. Espı́n-Sánchez et al. (2025) provide a systematic
guide to the identification of intergenerational models, showing how different combinations of kinship moments
and assumptions—including steady-state restrictions and assortative assumptions—determine which parameters
can be recovered.

49Other studies interpreting multigenerational data through the lens of a latent factor model include Lundberg
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The general case with multiplicity. The result in equation (15) hinged on the assumption
that the transferability does not vary across characteristics. In the more general case of a model
with multiple transmission pathways, the IV estimator identifies

βIV ≡ Cov(yit; yit−2)

Cov(yit−1; yit−2)
=

∑J
j=0 λ

2
jωj∑J

j=0 λjωj

(16)

where ωj is defined in (14). In this more general case, the IV approach still identifies a weighted
combination of the latent transferability parameters λj . However, the estimator tends to weight
more heavily those characteristics that are more persistent. To see this, note that expression (16)
for the multigenerational estimator differs from the corresponding expression (4) for the direct
estimator in that the contribution of each characteristic j is scaled by its transferability λj .50 As
is intuitive, characteristics shared between grandparents and grandchildren will tend to be more
persistent than those shared between parents and children.

There are thus both important parallels and differences between this IV estimator and the
TSLS and name-based estimators reviewed in earlier sections. One distinction is that in multi-
generational and extended-kin studies, researchers typically observe parental outcomes. Thus,
rather than a workaround for missing data, instrumentation is used as a deliberate strategy to
gain deeper insights into the transmission process. Nevertheless, their interpretation is subject to
similar considerations. Our key argument regarding all indirect estimators is that they should be
interpreted as differently weighted combinations of the underlying transmission mechanisms.
In the TSLS and name-based approaches, this reweighting emerges as an unintended byproduct;
in multigenerational and extended-kin studies, it tends to be more directly tied to the rationale
for adopting the approach in the first place.

More kin. More generally, transmission parameters could be recovered through a variety
of family relationships. A simple approach is to use the ratio between grandparent and parent-
child correlations, as shown above. However, this logic can be extended beyond grandparents
to encompass any distant relative, including affine kin (relatives by marriage). For instance, we
can also leverage relationships involving spouses and parents-in-law. By defining the spousal
correlation in trait j as γj and relabeling the vertical transmission parameters λj = λ̃j

(1+γj)

2
to

account for assortative mating, we can recover vertical transmission estimates through the ratio
of covariances between the individual and their parent-in-law and between the individual and
their spouse:

Cov(yi,t; ypil,t−1)

Cov(yi,t; ysp,t)
=

∑J
j=1 λjωj∑J
j=1 ωj

(17)

where

ωj = ρ2jV (xj
i,t−1)γj

(2020); Barone and Mocetti (2021); Benhabib et al. (2022); Hällsten and Kolk (2023); Colagrossi et al. (2023); Li
and Cao (2023); Belloc et al. (2024), and Croix and Goñi (2024). For example, Belloc et al. (2024) show that such
a model could account for the pattern of wealth persistence across many generations in historical data from Italy.
Croix and Goñi (2024) consider an extended latent factor model to study nepotism and human capital transmission
in academic dynasties.

50This also implies that the term ωu in the denominator of expression (4) cancels out, as the noise u is not
transferable across generations (λu = 0).
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FIGURE 4: Instrumenting Close With Distant Kin

Note: The figure compares father-child and mother-child correlations in years of schooling (“Parents”), the ra-
tio of the parent-in-law correlation to the spouse correlation (“Parents in law”, eq. (17)), and the ratio of the
uncle/aunt–nephew/niece correlation to the cousin correlation (“Uncle/Aunt”, eq. (18)). On the horizontal axis, F
and M denote father and mother. FIL/Sp and MIL/Sp denote the ratio of the father-in-law and mother-in-law
correlation to the spouse correlation, respectively. C/BF , C/SF , C/BM , and C/SM denote the ratio of the
cousin correlation to the correlation with the father’s brother, father’s sister, mother’s brother, and mother’s sister,
respectively. Source: Swedish register data (2020 extract), individuals born before 1990.

Or, defining the sibling correlation in trait j, denoted as rj , a parallel strategy can be applied
using cousins and uncles/aunts:

Cov(yi,t; ycousin,t)

Cov(yi,t; yuncle,t−1)
=

∑J
j=1 λjωj∑J
j=1 ωj

(18)

where

ωj = ρ2jV (xj
i,t−1)λjrj

In general, as we rely on increasingly distant relatives, the estimation should become pro-
gressively more weighted towards more persistent traits. We can provide empirical support for
this reasoning using Swedish register data. As shown in Figure 4, moving from direct parent-
child correlations in years of schooling (shown on the left) to alternative estimators based on the
more distant family links considered in equations (17) and (18) results in progressively higher
estimates of the underlying vertical transmission parameter.

These arguments are again closely related to our discussion of name-based estimators in
Section 4: by considering more distant relatives—either explicitly in the extended-kin approach,
or implicitly by focusing on larger name groups in name-based estimators—researchers place
more weight on the more persistent factors that shape long-run transmission. Whether this is a
flaw or a feature depends on one’s research objective. Ultimately, the observation that different
estimators identify differently weighted combinations of transmission pathways leads to the
argument that researchers should systematically compare multiple mobility measures across
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both close and distant kin.

5.3 DYNASTIC AND EXTENDED-KIN STUDIES

The previous section illustrated the potential usefulness of instrumental variable approaches
that instrument close with more distant kin. However, it also illustrated that only in the simplest
models, such estimators map directly into structural parameters; more generally, they identify a
weighted combination of different parameters, as in the case of the multiple latent factor model
in expression (16). A useful generalization of the IV approach is therefore to compare many kin-
ship moments, and to use the observed patterns to fit more general models of intergenerational
transmission.

To do so, researchers go beyond parent-child links and consider broader kinship networks.
While administrative data rarely span more than two or three generations, they are particularly
valuable for identifying lateral horizontal links across extended families. By tracing relation-
ships through siblings-in-law, cousins, and other distant relatives, researchers can construct a
richer and more nuanced picture of socioeconomic persistence. The value of systematic com-
parisons across close and distant kin has long been recognized in population and behavioral
genetics (“correlation between relatives”; see Crow and Kimura 1970; Cavalli-Sforza and Feld-
man 1981; Reynolds et al. 2000; Kemper et al. 2021). In the social sciences, however, this
approach has only recently begun to gain traction (Adermon et al., 2021; Collado et al., 2023;
Hällsten and Kolk, 2023; Clark, 2023; Bingley et al., 2023; Colagrossi et al., 2024; Adermon
et al., 2026).

A pioneering study in this area is Adermon et al. (2021), who show that “dynastic” human
capital—the socioeconomic status of parents’ siblings, cousins, and their spouses—significantly
predicts children’s socioeconomic outcomes. Consistent with findings in the multigenerational
literature, even after controlling for parental characteristics, the socioeconomic status of par-
ents’ siblings, cousins, and their spouses remains a strong predictor of child outcomes. Their
results imply that conventional parent-child regressions underestimate true long-run persistence
by at least one-third. Most of this added persistence can be captured by considering the ex-
tended family in the parental generation, without including data from the grandparent or great-
grandparent generations.51

Collado et al. (2023) interpret extended kinship data from Sweden through the lens of a
generalized latent factor model, showing that a unified model can provide a good fit—both in
and out of sample—to a set of 141 distinct kinship moments. They find strong intergenerational
persistence in the latent determinants of education and income. Moreover, their findings imply
a striking degree of sorting, as kinship correlations decay only slowly, by around one quarter,
with each additional spousal link. To explain such slow decay, spouses must share advantages
to a far greater extent than indicated by conventional measures of sorting, such as the spousal
correlation in years of schooling.

Clark (2023) uses genealogical data from England spanning 1600 to 2022 to trace status
correlations across relatives as distant as fourth cousins, finding that correlations decline only
slowly with genetic distance, consistent with strong assortative mating.52 An interesting ques-

51Adermon et al. (2026) show that extended-family influences can also account for much of what previous
research attributed to “ethnic capital”—the independent effect of origin-group status on children’s outcomes.

52Clark and Cummins (2022) estimate the underlying spousal correlation in occupational status in England from
1754 to 2021, finding a value of approximately 0.8—far higher than the conventionally measured correlation of
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tion is whether extended-kin data can discriminate between competing models of intergener-
ational transmission, as structurally different models may generate similar predictions for ob-
servable correlations. For instance, Collado et al. (2023) find that a standard additive genetic
model with phenotypic assortative mating cannot fit the Swedish data well, while Clark (2023)
argues that such a model — and assuming that mating occurs on a broader, partially observed
phenotype — can account for the kinship patterns in English data spanning four centuries.

An illustration of how incorporating extended kin can refine our understanding of under-
lying transmission mechanisms comes from Bingley et al. (2023), who reassess the assump-
tions underlying the widely used ACE model in behavioral genetics. This model decomposes
variance in outcomes such as education, earnings, or wealth into additive genetic (A), shared
environmental (C), and non-shared environmental (E) components. By incorporating extended
kin, the authors can relax some of the model’s key assumptions, which significantly reduces the
estimated genetic component (A), while increasing the estimated influence of shared environ-
mental factors—challenging earlier twin-based estimates of high heritability in socioeconomic
outcomes.

6 CONCLUDING REMARKS

In this chapter, we interpreted popular “indirect” estimators of intergenerational mobility through
a common framework that allows for multiple transmission pathways with heterogeneous trans-
mission rates. We highlighted important parallels across classic instrumental-variable, name-
based, and extended-kin approaches, arguing that each can be viewed as estimating a differently
weighted combination of the mechanisms through which socioeconomic status is transmitted.
Notably, name-based estimators give greater weight to more persistent pathways than do con-
ventional parent-child correlations. While this might constitute a drawback for some purposes,
it also makes name-based estimators informative about the long-run dynamics of intergenera-
tional transmission.

An implication is that researchers can learn more by comparing multiple mobility measures
instead of relying on a single measure. In particular, conventional parent-child correlations
may provide only limited insight into the strength of the underlying transmission processes, the
persistence of broader socioeconomic advantages, or mobility beyond two generations. Instead,
a promising direction is to systematically compare correlations across both close and distant kin,
as such comparisons can reveal the strength of latent transmission processes and help quantify
how socioeconomic inequalities persist over both the short and long run.

0.39—which they attribute to measurement error in observed status indicators.
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Croix, D. d. l. and M. Goñi (2024). Nepotism vs. Intergenerational Transmission of Human
Capital in Academia (1088–1800). Journal of Economic Growth 29(4), 469–514.

Crow, J. F. and M. Kimura (1970). An Introduction to Population Genetics Theory. New York,
Harper and Row.

Dalman, E. (2025). The Legacy of Names: Persistence in Social Status in Sweden 1865-2015.
Research in Social Stratification and Mobility 97, 101033.

Dearden, L., S. Machin, and H. Reed (1997). Intergenerational Mobility in Britain. The Eco-
nomic Journal 107(440), 47–66.

Del Pizzo, A. and J. Stuhler (2025). What’s in a Surname? Multiplicity in Intergenerational
Transmission. Working paper, Universidad Carlos III de Madrid.

Deutscher, N. and B. Mazumder (2023). Measuring Intergenerational Income Mobility: A
Synthesis of Approaches. Journal of Economic Literature 61(3), 988–1036.

Dodin, M., S. Findeisen, L. Henkel, D. Sachs, and P. Schüle (2024). Social Mobility in Ger-
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A APPENDIX

A.1 DATA

A.1.1 SWEDISH REGISTER DATA

To provide empirical illustrations of IV estimators in Section 3, we use data from Swedish
administrative registers. We link fathers born 1945-1960 to children using birth registers. We
have access to earnings data from 1968-2020, and compute long-run earnings of fathers as
the mean of annual earnings between ages 40 and 50, and for children as the mean between
ages 30 and 40. We bottom-code all non-missing annual observations at 10,000 SEK (roughly
1,000 USD) to decrease the influence of very low incomes on IGE estimates. We drop fathers
with fewer than seven annual earnings observations and children with fewer than two earnings
observations.

We then construct residualized log earnings and earnings ranks for both fathers and children.
For fathers, we take logs of the average and residualize with respect to (fathers’) year-of-birth
dummies. Alternatively, we rank earnings by year of birth. For children, we residualize or rank
incomes by child year of birth and gender.

We add to the data information on years of schooling (transformed from highest level of at-
tainment) from the Education register, and information on fathers’ occupation, municipality of
residence, and country of birth from the 1990 census. For the children, we add the correspond-
ing information from 2015, using population registers. For a subsample, we also add scores on
cognitive and non-cognitive skill tests from the military enlistment, based on separate tests taken
by men born from 1951 and until the mid 1980s. For these cohorts, the draft was mandatory for
nearly all men (exemptions were given primarily due to disabilities or other health reasons) and
featured a relatively standard but extensive written test of cognitive skill, similar to the Armed
Forces Qualification Test. Draftees were also scored on their “non-cognitive” skill, e.g., their
ability to interact with others and their leadership abilities, based on a roughly half-hour long
semi-structured interview with a certified psychologist. Both tests were scored on so-called
Standard nine scales, stretching between one and nine with mean five and standard deviation
two. We standardize each test score to have mean zero and standard deviation one by year of
enlistment.

For the illustration of extended-kin correlations in Section 5, specifically Figure 4, we use
data from the Swedish population registers for the year 2020, restricting the sample to indi-
viduals aged 30 and above. We link individuals to their parents, siblings, and cousins using
information from the birth registers. For each individual, we then again merge information on
years of schooling as derived from the Education register.

A.1.2 U.S. CENSUS DATA

In Section 4, we draw on data from the 1920 and 1940 U.S. Censuses, accessed through IPUMS.
To compute surname-based averages, used as regressors in our surname-level estimators, we
include the full working-age male population (ages 21 to 64) from the 1920 Census. Our main
sample for intergenerational analysis consists of male children who were between 10 and 20
years old in 1920 and who could be successfully linked to their 1940 Census records, where
they appear aged 30 to 40. We use links provided by the CensusTree project (Buckles et al.
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2023), achieving a match rate exceeding 50%53. We further restrict the sample to individuals
for whom both individual-level and surname-level measures of paternal outcomes are observed.
Surname-level averages are computed using the full working-age male population in the 1920
Census and are assigned to children through their linked fathers. This assignment through the
father’s observed surname also avoids measurement error from misspelling.

Because the 1920 Census lacks direct income data, we use log-occupational scores (“occ-
score”) as a proxy for socioeconomic status. This score is a constructed variable that assigns
occupational income scores to each occupation, based on the median income in each occupation
in 1950. In addition to occupational scores, our dataset includes several covariates: educational
attainment from the 1940 Census, state and county of residence in 1940, birthplace, and an
indicator for urban versus rural status.

In addition to the baseline sample, we construct two subsamples to assess the sensitivity
of surname-based estimators to sampling variation and overlap. First, we draw a random 5%
subsample of linked father–son pairs, i.e. males aged 30–40 in 1940 who can be linked to their
fathers observed in 1920. Within this subsample, surname averages are constructed using only
the fathers observed in the same sample, implying full overlap between individual outcomes
and surname-level averages. Second, we draw a separate random 5% sample of working-age
males from the 1920 Census and use this sample to construct surname averages. These av-
erages are then merged to the 5% subsample of children described above. Because the two
samples are drawn independently, this procedure implies limited overlap between the fathers of
the estimation sample and the individuals used to construct surname averages. These alternative
constructions allow us to isolate the effects of sampling noise and overlap on the properties of
surname-based estimators, as discussed in Section 4.5.

To study regional variation in intergenerational mobility, we construct surname averages
at different levels of geographic aggregation using the male working-age population in 1920.
Specifically, we interact surnames with geographic identifiers in the 1920 Census and compute
average outcomes within each surname–area cell (e.g., individuals with a given surname within
a state or county). These averages are then assigned to children through their linked fathers.

A.2 ADDITIONAL DERIVATIONS

A.2.1 DERIVATION OF EQUATION (12)

In this section, we derive equation (12). For the sake of simplicity we assume that each char-
acteristic is centered around zero. From the model equation on transmission for characteristic
k:

E[Xj
ist|sur = s] = λjE[Xj

ist−1|sur = s] + E[ϵjist|sur = s]︸ ︷︷ ︸
=0

by independence of the errors ϵjist in the relation between child and parent characteristics,
E[ϵjist|sur = s] = E[ϵjist] = 0. We iterate this procedure until we encounter the common

53During the linking process, some individuals are matched with inconsistent ages across censuses. We exclude
cases where the implied age difference exceeds five years, while retaining smaller discrepancies to account for
potential reporting errors in age.
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ancestor for surname s in generation τs, whose value for characteristic j is taken as given,

E[Xj
isτs

|sur = s] = Xj
isτs

such that

E[Xj
ist|sur = s] = λt−τs

j Xj
isτs

Now, we take the variance of this term

V (E[Xj
ist|sur]) = V (λt−τs

j Xj
isτs

)

= E[(λt−τs
j Xj

isτs
)2]− E[λt−τs

j Xj
isτs

]2

We assume independence of Xj
isτs

from τs, such that the size of a surname group is not correlated
with the characteristics of the common ancestor

E[(λt−τs
j Xj

isτs
)2]− E[λt−τs

j Xj
isτs

]2 = E[λ
2(t−τs)
j ]V (Xj

isτs
)− E[λt−τs

j ]2E[Xj
isτs

]2︸ ︷︷ ︸
=0

= E[λ
2(t−τs)
j ]V (Xj

isτs
)

Similarly, the corresponding covariances can be derived as

Cov(E[Xj
ist|sur], E[Xk

ist|sur]) = Cov(λt−τs
j Xj

isτs
, λt−τs

k Xk
isτs) = E[λt−τs

j λt−τs
k ]Cov(Xj

isτs
, Xk

isτs)

A.2.2 ALTERNATIVE EXPRESSION FOR BIAS IN TSLS ESTIMATOR

In this section, we provide intuition on how our framework relates to standard results in the
literature. For simplicity, we assume that the latent components Xj are mutually independent.

Consider the linear projection of child income on parental income, where βIGE denotes the
true intergenerational elasticity:

yit = βIGEyit−1 + ζit.

In a two-stage least squares (TSLS) setting, assuming that the fitted values converge to the true
conditional expectation ŷit−1 = E[yit−1 | Zit−1], the TSLS estimator can then be expressed as:

βTSLS =
Cov(yit, ŷit−1)

Var(ŷit−1)

= βIGE +
Cov(ζit, ŷit−1)

Var(ŷit−1)
.

As is standard, the bias depends on the sign of the covariance term. Our framework helps
clarify the conditions under which this bias is positive or negative—that is, when TSLS over-
or underestimates the true IGE.
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We can express the unexplained component of child income as:

ζit = yit − βIGEyit−1

=
∑
j∈J

ρj(λjX
j
t−1 + ϵjit)− βIGE

∑
j∈J

ρjX
j
t−1

=
∑
j∈J

ρj
[
(λj − βIGE)X

j
t−1 + ϵjit

]
.

Using this decomposition,54 the covariance term can be written as:

Cov(ζit, ŷit−1) =
∑
j∈J

ρ2j(λj − βIGE)Var
(
E[Xj

t−1 | Zit−1]
)
.

This expression directly determines the sign of the TSLS bias. If the conditional variance
Var(E[Xj

t−1 | Zit−1]) equals the true variance Var(Xj
t−1)—that is, if the instrument perfectly

replicates the composition of the latent traits underlying the IGE—the covariance term is zero,
implying no bias.

When the conditional variance is larger for traits with λj > βIGE , the covariance becomes
positive, generating an upward bias in the TSLS estimate. Conversely, when the conditional
variance is larger for traits with λj < βIGE , the covariance is negative, leading to a downward
bias.

54This step additionally assumes that the projected components are orthogonal, i.e. Cov(E[Xj
t−1 |

Zit−1], E[Xk
t−1 | Zit−1]) = 0 for j ̸= k.
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A.3 ADDITIONAL FIGURES AND TABLES

A.3.1 SWEDISH DATA (SECTION 3)

TABLE A.1: Intergenerational Persistence of Different Characteristics

yt xβ̂t xβ̂t xβ̂t xβ̂t xβ̂t xβ̂t xβ̂t

X-var.: Educ. Occup. Region Birth ctry. Cogn. Noncogn. All X Res.
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Men

yt−1 0.199
(0.002)

xβ̂t−1 0.227 0.073 0.574 0.229 0.205
(0.001) (0.001) (0.002) (0.001) (0.001)

Residual 0.111
(0.002)

R2
first 0.037 0.123 0.013 0.222 0.333 0.083 0.009

N 395,424 395,424 395,424 395,424 395,424 395,424 395,424

Panel B: Men, IQ sample

yt−1 0.172
(0.003)

xβ̂t−1 0.191 0.064 0.602 0.013 0.227 0.223 0.210
(0.002) (0.002) (0.003) (0.001) (0.002) (0.004) (0.003)

Residual 0.086
(0.004)

R2
first 0.032 0.096 0.009 0.279 0.002 0.114 0.038 0.073 0.007

N 83,255 83,255 83,255 83,255 83,255 83,255 83,255 83,255 83,255

Note: OLS regressions in Swedish administrative registers. Column (1) shows the “direct” OLS regression of
child (sons) on father’s log earnings. Columns (2)-(8) show estimates using fitted values from differents sets of
characteristics for father’s and children’s log earnings: in col. (2) dummies for education level, in (3) 3-digit
occupation dummies, in (4) region of residence dummies, in (5) dummies for country of birth, and in (6) and (7)
measures of standardized cognitive and noncognitive skill from the military draft. All specifications are reestimated
using the subsample with available draft data (“IQ sample”). Column (8) uses the fitted values from regressions
including all characteristics listed in (2)-(7). Column (9) shows estimates from using the residuals from the joint
regressions underlying col. (8). See Appendix A.1.1 for details.
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A.3.2 U.S. CENSUS DATA (SECTION 4)

TABLE A.2: Summary Statistics by Quintiles of Surname Frequency

Quintiles of Surname Frequency Total

1 2 3 4 5

Child Occupational Score 3.168 3.146 3.140 3.139 3.106 3.140
Years of Schooling 9.437 9.525 9.556 9.554 9.295 9.473
Race

White Non-Hispanic (97.4%) (96.1%) (94.9%) (93.7%) (90.4%) (94.5%)
Other (2.6%) (3.9%) (5.1%) (6.3%) (9.6%) (5.5%)

Census Division
NorthEast (32.9%) (27.6%) (24.9%) (24.3%) (20.0%) (26.0%)
MidWest (41.9%) (37.1%) (33.2%) (31.2%) (30.7%) (34.8%)
South (15.6%) (25.0%) (31.1%) (33.4%) (38.2%) (28.7%)
West (9.5%) (10.3%) (10.8%) (11.1%) (11.0%) (10.5%)

Urban/Rural Status
Rural (39.0%) (45.9%) (48.2%) (48.1%) (51.3%) (46.5%)
Urban (61.0%) (54.1%) (51.8%) (51.9%) (48.7%) (53.5%)

Family Size (1920) 4.586 4.414 4.349 4.330 4.360 4.408
N 899,350 890,930 894,589 896,679 893,058 4,474,606

Note: This table reports summary statistics for the U.S. sample described in Appendix A.1.2, by quintiles of
surname frequency. For continuous variables, the table displays mean values. For categorical variables, it reports
the share of individuals belonging to each category. Family size is measured as the number of co-resident children
in the household in 1920.
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