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the father’s status, indicating slower convergence to the mean than predicted by two-generational
estimates. However, this excess persistence is largely driven by enduring racial inequality as
ancestor effects are small within the white population.

Acknowledgments: We thank audiences at Auburn, Baylor, Duke, Florida State, Kansas State, St Andrews, Toronto,
Vanderbilt, and the Washington-Area Economic History Seminar. Parts of this work were also presented at NYU and
the University of Southern Denmark. We received helpful feedback at the 2025 MWEA, 2020 SEA, 2021 SEHO,
2021 SOLE, and 2023 SSHA meetings. We are especially grateful to Greg Clark, James Feigenbaum, Walker Hanlon,
Jonas Helgertz, Bhash Mazumder, Santiago Perez, John Parman, Jan Stuhler, Kelly Vosters, and Ariell Zimran for their
comments, some of whom provided feedback at very early stages of this project. Thanks to Josh Reynolds for help with
compiling death dates for our sample. All errors are our own.

*Department of Economics, Hankamer School of Business, Baylor University, One Bear Place 98001, Waco, TX
76798, USA.

TDepartment of Economics, University of Notre Dame, South Bend, IN 46556, USA.

#Department of Economics, Brigham Young University. 2129 WVB Provo, UT 84602



"Equality of opportunity" is often proxied by the extent to which parental income predicts that of
their children. A strong prediction suggests that circumstances outside a child’s control, like family
background, play a major role in shaping lifetime outcomes. Researchers have studied how this link
varies across countries (Corak, 2013), within countries (Chetty et al., 2014), and over time (Davis
and Mazumder, 2024; Jicome, Kuziemko and Naidu, 2025; Ward, 2023), helping to identify when

and where opportunity is more limited.

But focusing only on parents may miss deeper patterns across multiple generations. This is
because having rich grandparents or great-grandparents, conditional on parental income, may also
predict a child’s economic status (Braun and Stuhler, 2018; Clark, 2014; Mare, 2011; Solon, 2018).
Historical studies, in particular, consistently find evidence of these “grandparent effects” (Belloc
et al., 2024; Dribe and Helgertz, 2016; Knigge, 2016; Long and Ferrie, 2018; Hillsten and Kolk,
2023; Modalsli, 2023; Olivetti, Paserman and Salisbury, 2018; Ward, 2020).1 Some studies estimate
remarkably large effects, with grandparent-to-grandchild status transmission more than double
what would be expected from parent-child estimates alone.? This suggests that even the extensive
literature on intergenerational mobility, including studies finding low relative mobility for cohorts
born before World War II (Buckles et al., 2024b; Jacome, Kuziemko and Naidu, 2025; Ward, 2023),

may understate just how limited opportunity was across generations.

In this paper, we present new estimates of multigenerational mobility between 1850 and 1940
using a novel four-generation dataset linking over 2.5 million adults to their parents, grandparents,
and great-grandparents. Four-generation samples are rare, but by linking full-count US censuses
(1850-1940) (Ruggles et al., 2024) at high match rates using recent advances in historical linking
(Buckles et al., 2024a), we create, by far, the largest four-generational sample in the literature.
Importantly, our data include both Black and white families, capturing mobility for the broader
population rather than focusing exclusively on whites. Additionally, the dataset includes multiple
observations of fathers, grandfathers, and great-grandfathers, allowing us to address measurement
error, which is particularly important in mobility studies (Modalsli and Vosters, 2024; Solon, 1992;
Mazumder, 2005).

IHistorical studies strongly support grandparent effects, while modern studies yield mixed results (Anderson, Sheppard
and Monden, 2018; Solon, 2018). Colagrossi, d’Hombres and Schnepf (2020) find consistent evidence of grandparent
effects using data from 28 EU countries. An early example, Hodge (1966), finds modest grandparent effects based on
a 1949 survey.

Long and Ferrie (2018), using U.S. census data (1850—-1910), report an occupational elasticity between grandfather
and grandchild of 0.145—164% higher than implied by multiplying the father-son coefficient twice (0.2342=0.055,
see Table 5 in Long and Ferrie (2018)).



Using this new dataset, we present four main results. First, economic status is remarkably persis-
tent across four generations. Our preferred estimate is that 33% of the differences in status across
white great-grandparents remained in their great-grandchildren. This level of persistence directly
contradicts the claim that advantages or disadvantages vanish within three generations (Becker and
Tomes, 1986). It is all the more striking given the major changes in the American economy from
the great-grandparents’ era (1850-1860) to that of their great-grandchildren (1930-1940).

Second, four-generation transmission for white families was slightly stronger than predicted
from two-generation estimates. When we predict a child’s status using their parents, grandparents,
and great-grandparents, we find a small but meaningful grandparent “effect” and zero “effect” from
great-grandparents. (While we use the term effect to be consistent with the literature, all estimates
are non-causal.) To address transitory measurement error, we use an instrumental variables approach,
instrumenting each ancestor’s status with a second observation (Modalsli and Vosters, 2024; Ward,
2023). To capture the total predictive power of ancestors, we sum the parent, grandparent, and
great-grandparent coefficients, for what we call the fotal ancestor effect. For white families, the

total ancestor effect is 9% larger than the father effect.

Our third result is that transitory measurement error, caused by short-term shocks or record-
ing/transcription error, explains why previous research found larger grandparent effects. If we ignore
these errors by relying on a single snapshot of the father, grandfather, and great-grandfather rather
than using IV, we reproduce the literature’s findings of very large ancestor effects. The total ancestor
effect is 54% larger than the father effect, suggesting a large amount of excess persistence across
multiple generations. However, once we correct for transitory measurement error using repeated
observations and IV, the grandparent and great-grandparent effects shrink substantially. These
results are consistent with measurement error driving large grandparent effects (Engzell, Mood
and Jonsson, 2020; Ferrie, Massey and Rothbaum, 2021; Modalsli and Vosters, 2024). Intuitively,
with a noisy measure of the father, distant ancestors act as proxies for the father’s true status. If we
improve the measurement of the father’s status with repeated observations, the proxies from the

grandfather and great-grandparent provide less predictive power.

We show that the small grandparent effect that remains for the white population results largely
from measurement error that repeated observations do not fully correct, rather than from a direct
causal effect. This error occurs because even a complete income or occupational history ("permanent
income") does not fully capture a person’s productive capability (Braun and Stuhler, 2018; Clark,
2014). Instead of transitory error, we call this permanent error. To gauge its importance, we assume
a latent factor model and use an approach suggested by Braun and Stuhler (2018) and Lindahl

et al. (2015), where we instrument the father’s status with the great-grandfather’s status. This



method suggests that the transmission of the latent factor is only slightly stronger than the repeated
measurement [V estimate, which corrects for transitory error. Based on the assumptions of the latent

factor model, permanent error is small compared to transitory error (about one-eighth the size).

Our fourth main finding is that including Black families in the sample raises both the total
persistence of status across four generations and the amount of excess persistence that goes beyond
what two-generation models predict. While 33% of status differences across white great-grandfathers
remained in their great-grandchildren, 51% remained when analyzing differences across Black and
white great-grandfathers. Using an AR(3) model, the total ancestor effect is 20% larger than the
father’s effect alone in the Black and white sample. In contrast, the total ancestor effect was only
9% larger in the white-only sample. The higher persistence in the full population is due to strong
between-group persistence (i.e., a barely converging Black-white gap), which causes convergence
to the mean across multiple generations to be slower for the overall population (Solon, 2018).
As a result, two-generational models underestimate long-run persistence for the Black and white

population, but they come closer to the mark for white families alone.

A key limitation of our approach is that historical data lack direct income measures, so we rely
mostly on occupation-based status. This makes our estimates less comparable to modern income
mobility studies (e.g., Chetty et al. (2014); Corak (2013)).> However, in smaller samples where
wealth proxies and wage data are available, we still find strong four-generation persistence: a
rank-rank slope of 0.23-0.35 between property wealth in the first generation and home values in the
fourth, and an rank-rank slope of 0.20 between property wealth in the first generation and wage
income in the fourth. Unfortunately, these wealth and income measures only exist for either the
great-grandparents or great-grandchildren, not the intermediate generations. We therefore cannot
directly test for excess persistence in these measures.*

This paper contributes to a growing literature on multigenerational mobility (see reviews in
Solon (2018) and Stuhler (2024)). As in previous work by others, we find that relative mobility
is lower when extended kin are included, though the amount of excess persistence we detect is
small compared to other studies (Adermon, Lindahl and Palme, 2021; Belloc et al., 2024; Celhay
and Gallegos, 2025; Collado, Ortufio-Ortin and Stuhler, 2023; Clark, 2023; Ferrie, Massey and
Rothbaum, 2021). One key contribution is separating transitory error, central in intergenerational

studies, from permanent error measuring latent advantages, central in multigenerational studies. This

30ur primary measure adjusts occupational status for differences by race and region (Ward, 2023). Without these
adjustments, four-generation persistence for white families remains high at 34% (Song et al., 2020).

4Given the occupational-based measure, it is possible that we underestimate excess persistence due to generations being
especially productive within occupation across generations (Kalsi and Ward, 2025).
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is only possible thanks to our rich dataset that has both four generations and repeated observations;
many other studies rely on recalls of grandparents’ status, and thus do not have repeated observations.
Our findings show that transitory error plays a major role. This result may be amplified by the messy
nature of historical records in our data, but the result is consistent with evidence from modern-day
Norway (Modalsli and Vosters, 2024).

This paper extends recent research on pre-World War II intergenerational mobility and assortative
mating by Buckles et al. (20245) and Ward (2023) to a multigenerational context. Their studies
highlighted the roles of measurement error, racial disparities, and strong assortative mating in
two-generational data. Using multigenerational data, we confirm these findings from a different
perspective. We show that relying on single snapshots of fathers’ status leads to implausibly high
estimates of grandparent and great-grandparent effects, reflecting significant measurement error in
historical data.’ High persistence across multiple generations, coupled with evidence that mothers
mattered for child outcomes (Althoff, Brookes Gray and Reichardt, 2025; Espin-Sanchez, Ferrie
and Vickers, 2025), implies that assortative mating was high (Braun and Stuhler, 2018; Stuhler,
2024), corroborating earlier findings from two-generational data (Buckles et al., 20245). Further
evidence for strong assortative mating comes from our finding that a great-grandfather’s status
predicts their great-grandchild’s spouse’s education (slope = 0.23) nearly as well as the own great-
grandchild’s education (slope = 0.25), indicating that people tended to marry others from similar
family backgrounds. Still, prior work has shown high turnover in the top tail of the economic
distribution, suggesting that elite status was not locked in even during this period of slow average
mean reversion (Kalsi and Ward, 2025). Overall, the evidence indicates that pre—World War II

America was far from a land of equal opportunity for the overall population.

Our paper makes a unique contribution to the multigenerational and extended kin literature by
highlighting how group effects, particularly by race, significantly impact multigenerational mobility
estimates (Solon, 2018).° One key result is that including Black families in our analysis increases
both the estimated strength of status transmission across multiple generations and the degree to
which this multigenerational persistence exceeds what would be predicted from two-generation
estimates. This finding shows how sample composition can substantially affect mobility estimates,
linking our work to broader research on racial inequality and mobility (Abramitzky et al., 2021;
Chetty et al., 2020; Collins and Wanamaker, 2022; Hertz, 2008; Jicome, Kuziemko and Naidu, 2025;
Pfeffer and Killewald, 2018; Ward, 2023). This result is especially relevant today, as economic gaps

>We also use alternative estimation methods, including rare-surname estimators (Clark, 2014) and an IV approach
where we instrument the father with the great-grandfather’s status (Braun and Stuhler, 2018; Lindahl et al., 2015), and
these also indicate low relative mobility, with persistence (AR(1)) for whites estimated around 0.63-0.70.

The transmission of group effects relates to the general idea that the transmission of multiple traits, each with a
different rate of persistence, can generate excess persistence across multiple generations (Stuhler, 2012, 2024).



between races have converged much more slowly than gaps across families within racial groups over
the past 80 years (Bayer and Charles, 2018; Chetty et al., 2020; Derenoncourt et al., 2024). This
slower between-group convergence suggests that modern national-level two-generational estimates
are likely to miss the mark on the convergence of economic gaps across multiple generations in the
United States.

1. Theory and Estimation

1.1 The statistical approach

Intergenerational relative mobility is typically measured by regressing a child’s economic status
(G2)—such as income, education, wealth, or occupation—on their parent’s status (G1). Using

demeaned variables (to omit the constant), the standard regression is:

Yig=B-1Yig-1+¢&ig (1)

The coefficient f_1 captures mobility between those one generation apart: values close to zero
indicate high mobility (parental status matters little), while values near one indicate low mobility.
With multigenerational data, researchers can run similar regressions for later generations—for
example, from G2 to G3 (grandchild), or G3 to G4 (great-grandchild).”

Alternatively, one can directly estimate transmission across multiple generations at once, such as

the direct regression between the first (G1) and fourth (G4) generation:

YiGa = B-3YiG1 + €iGa 2)

Researchers then test whether the direct four-generation effect (B _3) exceeds the product of adjacent-
generation coefficients (ﬁ‘;’ ), indicating "excess persistence" (f_3 > [33_ ,)- For instance, if each two-
generation coefficient equals 0.5, the predicted four-generation effect is 0.5° = 0.125. If the actual
four-generation coefficient is 0.20, then transmission across four generations is % = 60%

stronger than implied by two-generation estimates.

"These slopes may differ if social mobility varies over time, but we assume stable slopes here for a more straightforward
discussion. In the empirical section, we will allow the slopes to vary across generations.
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Instead of comparing coefficients from separate regressions, one can estimate an AR(3) regression

including the parent’s, grandparent’s, and great-grandparent’s status simultaneously:®

Yi,Ga = BpYi,ca + BepYic2 + BgeepVi,c1 + UiGa )

Researchers can then directly test whether earlier generations "matter" by testing if (Bgp > 0)
and (B qgp > 0). The overall predictive power of ancestors is captured by the sum of coefficients:
Ep + ng + ,/B\ggp’ which we call the fotal ancestor effect.

Positive coefficients for B¢, or Beep could reflect a direct, causal effect of grandparents or
great-grandparents on their descendants. However, there would be at least two other alternative
explanations. First, any omitted variable that is both correlated with both the ancestor’s and the
offspring’s outcome (like race or place-based effects) could create a positive coefficient. Second,

ancestor effects could reflect measurement error.

1.2 Measurement error in a latent factor model

Measurement error can create a spurious grandparent or great-grandparent effect, even when these
ancestors have no direct causal influence on their descendants. The literature highlights two main
types of measurement error. First, short-term snapshots of a parent’s income or occupation often
misrepresent their permanent income due to data error or transitory fluctuations—an issue widely
discussed in the intergenerational mobility literature (Solon, 1992; Mazumder, 2005; Ward, 2023).
Second, as shown in multigenerational studies, even precise measures of permanent income fail to
capture latent advantages that are unobservable in the data but still benefit children and grandchildren
(Stuhler, 2012; Braun and Stuhler, 2018; Clark, 2014; Clark and Cummins, 2015).

Permanent income can differ from latent ability because even lifetime outcomes are shaped by
random chance. Random events over a person’s life, like a recession, a health shock, or landing
a great job, can change their income path. A person may also be born with limited opportunities
to obtain jobs at the top of the economic ladder because they belong to a discriminated group or
live in a place with few chances to advance. Another reason permanent income can differ from the

latent factor is preferences. Some people (including, say, academics) choose lower-paying work in

8The AR(3) regression includes all three ancestor generations simultaneously, so the coefficients for great-grandparent
and grandparent status (Bgep and Bgp) represent effects conditional on the father’s status. These differ from the
coefficients in separate bivariate regressions (e.g., B_3).



nonprofits or public service because it aligns with their values.” Others might take lower-paying

jobs to live near family.

To incorporate these measurement errors into a simple model in the spirit of Braun and Stuhler
(2018) and Clark (2014), suppose you have a single observation of individual i’s income from
generation g and time period £, denoted y;o. Let this observation equal their permanent income y;kg
plus a transitory error term €igt, such that yjor = y;-kg + €jot (Solon, 1992). 10 Additionally, permanent
income y;‘g is an imperfect measure of a latent factor Xigs which differs due to a "permanent” error

term ;5. Let these errors be independent and uncorrelated with the true latent ability:

Yigt = Xig + Uig + Eigt 4)
Xig = )\xi,g—l + 0ig (5)

The latent factor is transmitted across a single generation by A, with added random noise
Uig. We emphasize that this latent "transmission” is still non-causal, like most estimates in the
intergenerational mobility literature, as it captures mechanisms due to a direct effect from the father,
but mechanisms from the environment (like place-based effects discussed before) that are correlated
with the father’s latent factor. But because it is across one generation, this model assumes that no
latent transmission occurs across multiple generations. We will later provide supporting evidence for
this claim by splitting the sample by grandparents who died before or after their grandchild’s birth.
But current evidence suggests that this is a reasonable assumption—Ager, Boustan and Eriksson
(2021) and Bleakley and Ferrie (2016) show that random shocks to grandparental wealth had little

to no impact on grandchildren’s outcomes in American history.

Based on this model, the regression slope between a child’s income and their parent’s income
measured j years earlier is:
Cov(Yigt: Yig—1,t—)
Var(yig—1,-)

where the reliability ratio 6,1 that attenuates the slope is:

2
0 . (Tx,g—l
g§—1— "3 2 2
Ux,g—l + Uu,g—l + Us,g—l

(7

9See Clark (2014, Chapter 6) for a detailed discussion of luck and preferences.
10Appendix A of Braun and Stuhler (2018) demonstrates a similar approach for including transitory error, framing it in
terms of "recall bias" since respondents report parental or grandparental education.



Here, A represents the true transmission of the latent factor across generations. If a snapshot
of income perfectly measured the latent factor (no permanent error, 02 = 0, and no transitory
error, (782 = 0), then the regression slope would equal the true transmission, A. With measurement
error (ULZ, >0 or (782 > 0), the slope is attenuated. If instead one regresses a great-grandchild’s
income on the great-grandparent’s income, the slope becomes Hg_3)\3 reflecting three generations
of transmission of the latent factor, but with attenuation due to error in the great-grandparent’s

generation (g — 3).

Substituting these slopes into the comparison between the direct three-generational slope ( B —3)
and the product of the two-generational slopes (Ei 1) shows that there is evidence of excess

persistence when:

Bs>p, ®)
061A° > 06106206373

1> QGZGGS

This result shows that excess persistence or spurious ancestor effects are due to measurement
errors in the intermediate generations—specifically, the parent’s or grandparent’s (65, < 1 or
053 < 1). Measurement error in the earliest generation (great-grandparent 651) does not bias toward
evidence of excess persistence. Instead, it attenuates estimates of the true rate of persistence across

four generations.

1.3 Repeated-measure instrumental variables estimates

One approach to addressing measurement error is a repeated-measurement instrumental variables
strategy, using a second observation of a parent’s income (yi,gfl,s) to instrument for the first
(y,-,g_llt). Since our data come from censuses conducted a decade apart, it is unlikely that transitory
components persist over such a long period (Modalsli and Vosters, 2024). However, this approach

corrects only for transitory errors, not for permanent deviations from underlying status.

To see why, recall that the IV estimate is the ratio of the reduced-form slope and the first-stage
slope. The reduced form is the regression of the offspring’s outcome on the second observation of
the ancestor, which yields the same attenuated transmission as the regression on the first observation
of the ancestor 6,1 A. The first stage is the regression of the second ancestor’s observation on the

first, which covary as the latent factor and permanent error are the same across observations, but



transitory error is not. Putting this together yields an IV slope of:!!

ﬁI_Vl _ COV(yig/yi,g—l,s) _ 20’% 2)\ )
Cov(¥ig-1tYig-1s) 0%+ 0%

This equation shows that the IV estimate will not capture the transmission of the latent factor if
lifetime income imperfectly measures the latent factor. Note that we plug the IV estimates into the
excess persistence formula (as in Equation 8), we will find excess persistence even if none exists, if

variation in permanent error 7 is large.

1.4 Group effects

So far, we have assumed a homogeneous population, but the United States has important inequalities
across various groups. This matters because if group effects are substantial and transmit differently
across generations than within-group transmission, then a grandparent effect will emerge. For
example, persistent racial inequalities can create a correlation between Black great-grandparents and
their great-grandchildren—not through direct interaction but due to limited opportunities affecting
both generations. Empirically, this takes the form of omitted variable bias from a fixed effect (Solon,
2014, 2018).

To understand this issue within the latent variable framework, suppose that permanent deviations
in income u;¢ from the latent factor x;e are no longer random but are a group fixed effect plus noise.
This fixed effect shifts the intercept in earnings up or down (uig = Ng,group + wig) Assume this
fixed effect diminishes over generations at a rate v < 1, meaning #group,g = Y"group,g—1- POssibly
due to declining discrimination over time. Under these assumptions, regressing a child’s outcome
on the outcome of an ancestor m generations ago is a weighted average of latent factor transmission

and fixed-effect transmission.

) 2

Cov (]/ig/ Yig—m ) m [ Ox m [ Thigrow
Tt = (5 ) (10)
Yig—m y y

Here, the weights reflect the share of total income variation in generation ¢ — m due to latent
2

2 0,
o . . . .
factor, o and due to between-group differences, % Total variation (75 is now the sum of

Y Y

Cov(¥ijgVig—1,5) o2

2 A
Hglv — _ “ig1)  _ odradrd” g 5
-1 Covl(yjg—1,t¥ig—1s) 02402 02402
Var(yj e_1,) 024024072
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variation in the latent factor, the group fixed effect, and the idiosyncratic errors from both the

permanent and transitory components.

In the absence of measurement error, this is the same within-group/between-group decomposition
of the slope discussed in intergenerational mobility research (Bailey, Cole and Massey, 2020; Hertz,
2008; Jacome, Kuziemko and Naidu, 2025; Ward, 2023).!2 However, because measurement error
inflates the total variance (75', the OLS estimate with group effects is still attenuated relative to the
"true" transmission with group effects. Using IV instead of OLS eliminates bias from transitory

error, but permanent error still causes the estimates to be attenuated.'>

But if we ignore measurement error to illustrate the importance of group effects alone, and plug

the slopes into the test for excess persistence,'* then the formula reduces to

3
~ 2 2 2 2
plim[Bs — p2,] = |A°% + 73—"@‘;’”"} - {A— - v—"”gf;‘“’] : (11)

%y oy oy
If group effects persisted at the same rate of transmission within group (A = ) and there is
2 op : . :
no measurement error (g—’é + % = 1), then there is no excess persistence, as expected. But if
y y
(A # 7 < 1), then by Jensen’s inequality there will be positive excess persistence.!> Therefore,
if any group effect persists, as suggested by the extensive literature on intergenerational mobility

gaps by race, ethnicity, and region, this would lead to excess persistence, even in the absence of

measurement error.

What if the group effect is not AR(1)? In American history, several group inequalities, like
those by race or place, have not followed a smooth path toward equality (Bayer and Charles, 2018;
Derenoncourt et al., 2024; Gray et al., 2024; Margo, 2016; Wanamaker, 2017). After the Civil War,

12This assumes that within-group transmission is identical across groups.
131n this setting, the two repeated measures share the permanent components Xi,g—1> group,g—1, and the idiosyncratic
component w; o1, while transitory errors are uncorrelated. The IV estimator is then given by
2
Cov(yig Yig-15) N o2 7y
C A g, g, S S [, e, g,
OV(yi,gfl,t’yi,gfl,s) Ox + 0y + 04 Oy + 0y + 04

which is larger than the OLS estimate because the transitory error is once again removed.

14 Also assume that the share of variance within- and between-group remains stable across generations. If the between-
group share gets smaller over time, as would be expected, then iterated term that is cubed would be weighted more
toward the within-group transmission A, which would also lead to evidence of excess persistence if A < .

I5Tf A # « < 1, then by the convexity of the cubic and Jensen’s inequality, A3 4 93 > A+ 7)3, leading to positive
excess persistence.

11



initial Black progress stalled with the end of Reconstruction (1877) and resumed only during the
First Great Migration (1916-1940). Regional gaps also have an uneven pattern: North-South income
and wealth gaps widened after the destruction of the Civil War, then stagnated, and began to narrow
only after the 1930s (Lindert and Williamson, 2016; Wright, 1986). If group effects do not follow
an AR(1) process but instead are AR(2) or AR(3), then grandparent and great-grandparent effects
could be positive or negative even if the within-group transmission is AR(1). It depends on the
context, as there is not a theoretical reason why all group effects behave in a specific way. In the

end, the rate of multigenerational mobility must be estimated from the data.

2. Data

2.1 Building a multigenerational sample

We use complete-count U.S. censuses from 1850 to 1940, provided by IPUMS (Ruggles et al., 2024).
Individuals are linked across censuses using the Census Tree (Price et al., 2023), described by
Buckles et al. (2024a). The Census Tree has two key advantages over other linking methods. First,
it uses genealogical records from FamilySearch.org to link women from childhood to adulthood,
allowing us to trace both maternal and paternal lines. Second, it achieves a higher linking rate than
automated methods like the Census Linking Project. This matters because our analysis requires

multiple links to observe four generations with repeated measures.

We explain the data creation process in more detail in Appendix A, but the process is shown
for an example family in Figure 1. To create the data, we start with adults from the 1930 or 1940
U.S. censuses, whom we call the fourth generation (G4). We trace each G4 individual back to their
childhood home to find their parents (G3). Then we follow those parents to their own childhood
homes, identifying their parents (G2). Finally, we repeat this step once more, tracing G2 individuals
back to their childhood homes to find their parents (G1). We can do this back to the 1850 Census,
as censuses before this one did not enumerate the entire household by name or record occupations.

To address transitory measurement error, we use a second observation of the same individual.
For each parent, grandparent, and great-grandparent, we link them not only to their child but also
to another point in their own adult life. The "main" (or endogenous) ancestor observation in our
regression is the one taken when the child is living in the same household (the bolded cases in
Figure 1). The repeated-measures IV method uses a separate adult observation of the same ancestor
as the instrument (the italicized cases in Figure 1). Once again, we emphasize that the purpose of

this IV method is to address measurement error, not to identify a treatment effect.
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We limit the sample as follows. First, we restrict the fourth generation to individuals aged 25 to
60, with an average age of 34. Modern studies often focus on mid-life outcomes to reduce life-cycle
bias (Nybom and Stuhler, 2017). However, this bias is likely less important for historical occupation
data, as occupational trajectories differ from earnings trajectories (Ward, 2023), though we will
test for life-cycle bias using a method from Modalsli and Vosters (2024). We keep only lineages
where the child co-resides with family at age 14 or younger, since older children remaining at home
may disproportionately represent farmer families. Additionally, we keep only co-residing parents
aged 20 to 60. When we use a second observation as an instrument for the first (typically from an

adjacent census), it must also fall within the 20 to 60 age range.

One challenge in building multi generational links is that descendants of enslaved individuals
cannot be traced back to the 1850 and 1860 censuses. To address this, we trace these families back
three generations, with the earliest generation appearing in the 1870 and 1880 censuses. For Black
grandfathers who lived in the South in these censuses, we impute their father’s "occupation" as
"enslaved," and assign them the lowest status measure (effectively O on a 0-100 scale, explained in
the next section). We then append these imputed records with the directly linked four-generation

samples.

However, linking Black families involves more errors than linking white families, potentially
making their estimates less accurate or representative. But including Black individuals is important
for capturing overall persistence. Mathematically, the impact of including Black families on relative
mobility estimates is driven almost entirely by between-group differences rather than within-group
variation (see Ward (2023) for more detailed discussion). This is because within-Black variation
of status was small, as almost the entire group was concentrated in the bottom percentiles, and
therefore the within-Black mobility estimates do not have a lot of variation to contribute to the
overall slope. As a result, the impact of linking errors on our overall estimates, which impact the

within-Black transmission estimates, is likely to be minor for overall mobility estimates.

After putting together our sample, we observe 2.5 million great-grandchildren to their great-
grandfathers. This is the largest four-generation sample used in AR(3) regressions to date, far
larger than any in the existing literature (see Figure 2). The large sample size is key for precisely

estimating ancestor effects.

2.2 Custom weights

To address potential bias in our sample, which includes only individuals who can be linked back

four generations, we create custom weights to make our sample more representative. Following
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Bailey, Cole and Massey (2020), we predict the probability of being included in our four-generation
sample based on the great-grandchild’s observable characteristics such as age, education/literacy,
race, marital status, urban status, gender, and region. We then create weights using these predicted
probabilities, with the most substantial adjustment being a five-fold upweighting of Black individuals
to correct for their underrepresentation in the linked sample. This weighting successfully reduces
observable differences between our linked sample and the general population in both 1930 and 1940

censuses. Further details on our weighting methodology are provided in Appendix B.

2.3 Imputing relative economic status

We estimate mobility using a 0—100 scale of economic status inferred from occupation, race, and
region of residence. Unlike traditional historical methods which base status only on occupation,
our approach captures significant inequalities within occupations, which is important for accurately
measuring mobility (Saavedra and Twinam, 2020). Our primary measure is the "adjusted Song
score," developed by Ward (2023) and built upon the method from Song et al. (2020). This measure
ranks individuals by percentile according to the mean literacy rate within their decadal birth cohort,
occupation, race, and region from the 1850-1930 Censuses. For the 1940 Census, we use mean

years of education by these same characteristics.

Measuring the relative status of occupations based on human capital levels is common in
sociology, whereas economists typically use income or wealth. However, the advantage of using
human capital over income-based measures is that human capital information is consistently
available across censuses from 1850 to 1940, while income and wealth is not. This consistency
allows for tracking changes in relative status of certain occupations, such as the declining relative
status of farmers. Income-based methods, by contrast, rely on detailed occupational income data that
first became available in 1940, making earlier projections difficult and potentially unreliable. Indeed,
estimates of intergenerational mobility depend heavily on how occupational status is imputed.
To show the robustness of our estimates to various occupational measures, we will also use the
Song score (Song et al., 2020), as well as income scores predicted from observable characteristics
(occupation, race, sex, and location) using data from the 1940 Census, the first to systematically
record wages for wage earners, as used in prior research (Collins and Wanamaker, 2022; Saavedra
and Twinam, 2020; Abramitzky et al., 2021). We are also able to estimate persistence when
using more detailed measures, such as directly comparing the fourth-generation’s education in
1940 to their ancestor’s status, or comparing home values in 1930 and 1940 to ancestor’s wealth
between 1850 and 1870. Across these various methods, we consistently find that great-grandparents’

outcomes are strongly predictive of the great-grandchild’s.
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2.4 First descriptive statistics

We provide descriptive statistics of our sample in Table 1. We have 2.5 million G4 observations,
linked to 1.6 million different fathers, 1.0 million grandfathers, and 0.7 million great-grandfathers.
The first and fourth generations are born an average of 85 years apart, with the first generation born
in 1819 on average, and the fourth generation in 1904. Our sample is 52% male, though we find
essentially no difference in the transmission of status by gender, similar to Buckles et al. (2024b).
This suggests high assortative mating as the wife’s economics status during our period was largely
determined by the occupation of her husband. Second, the Black share is 11%, which matches the
population, but this is entirely because our reweighting procedure assigns Black individuals a much

higher weight than whites.

There was a noticeable shift in the occupation distribution as the economy developed. Most
great-grandfathers were farmers (62%), with few in professional occupations (7%) or clerical/sales
roles (1%). Over time, the share of farmers fell significantly, reaching 14% by the fourth generation
(recall we use the husband’s occupation if the fourth-generation observation is female). Instead,
there was growth in low-skilled manual jobs (factory operatives) and service positions, along with
an increase in professional and clerical/sales jobs. This shift reflects broader economic changes
driven by technological advances, potentially weakening the transfer of occupation-specific human

capital across generations (for example, as farming skills valued initially became less relevant later).

3. Results for white families

3.1 Measurement error amplifies excess persistence but attenuates four-generational transmission

We first present estimates of multigenerational mobility for white families. We then add Black

families to the sample, which allows us to account for the role of racial group effects.'®

First, to mimic the results from the literature, we estimate the G4-G1 association when using
a single snapshot of the great-grandfather, despite this method suffering from measurement error
from transitory shocks. Using the adjusted Song score and a single-year snapshot, we find a slope
of 0.23, implying that roughly one-quarter of status differences across white great-grandfathers

persisted to their great-grandsons (represented by the triangle markers in the first panel of Figure 3).

16See binscatter plots between great-grandfather and great-grandchild by race in Figure Al.
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If status depended only on the prior generation, then this 0.234 G4-G1 association should be
the product of the G4-G3, G3-G2, and G2-G1 associations. We estimate each of these slopes for

adjacent generations, allowing them to vary by generation.

When multiplying them together, the predicted great-grandfather/great-grandchild association
1s 0.10 (see the circle markers in Figure 3). Because the predicted association of 0.10 is smaller
than the actual grandfather-grandson of 0.23, the difference suggests that there is significant "excess
persistence" across multiple generations. That is, convergence to the mean is slower across multiple
generation than predicted from 2-generation data. Later, we will estimate the AR(3) regression
where we directly include the father, grandfather, and great-grandfather in the same regression, and

will find positive grandparent and great-grandparent effects.

The difference between the predicted G4-G1 association (0.10) and actual one (0.23) is very
large, suggesting that 2-generational estimates badly miss the mark on long-run mobility; the results
imply that status transmission between a great-grandfather and great-grandchild is 134% stronger
than predicted from two-generational data. This finding—that there was a large amount of excess
persistence—is the essential conclusion of much of the historical research on multigenerational

mobility.

These results support the claim that great-grandparents and grandparents "mattered" in intergen-
erational transmission. However, the point estimates may be biased by significant measurement
error (Modalsli and Vosters, 2024). To address this, rather than immediately applying a repeated-
measurement [V approach, we first average the two socioeconomic status measures of fathers
with each other, the two grandfather observations with each other, and the two great-grandfather
observations with each other. Based on the statistical discussion, this averaging increases the relia-
bility ratio from — U’E > to % >, thereby reducing transitory measurement error. While this

ox+0i+0; U%_Hflz‘_i_%g
adjustment improves precision, it does not fully resolve measurement error or address permanent

mismeasurement of a latent factor. If transitory error were small, averaging should leave coefficient
estimates unchanged. Yet Figure 3 reveals that averaging the great-grandfather’s status increases the
G4-G1 transmission estimate from 0.234 to 0.274. This result aligns with prior findings in historical

data (Ward, 2020, 2023), confirming that transitory measurement error attenuates estimates.

While it is expected that the G4-G1 transmission coefficient increases from 0.23 to 0.27 after
averaging two observations, the more important finding is that the gap between the actual and
predicted G4-G1 association narrows significantly. After averaging, the G4-G1 association is only
64 percent stronger than the predicted G4-G1 slope (0.167), which is computed by multiplying

the G4-G3, G3-G2, and G2-G1 associations when two parental outcomes are averaged. This is a
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substantial reduction from the 134 percent estimate obtained without averaging. The gap between
the predicted G4-G1 transmission and actual G4-G1 transmission shrinks because measurement
error attenuates each G4-G3, G3-G2, and G2-G1 estimate, and this attenuation compounds when
their product is taken. Otherwise, if the true model was that grandparents "mattered" by having a
direct causal impact on the grandchild, then this gap should not decrease. But reducing measurement

error decreases the overall attenuation bias, as shown in Equation 8.

When using the repeated-IV measure to fully eliminate transitory error, where we instrument
the first great-grandfather observation with the second, the G4-G1 association increases further,
reaching 0.33.!7 This is 41 percent higher than the estimate from a single snapshot (0.23). This
result essentially reproduces the findings of Ward (2023), which identified measurement error in
historical census data when using two-generation data. However, the novel contribution here is new
evidence of long-run, four-generational persistence in economic status. If one-third of initial gaps
across white great-grandfathers persisted to great-grandchildren, this contradicts the assertion of
Becker and Tomes (1986) that nearly all economic differences disappear within three generations.
It also implies that assortative mating was strong throughout American history; otherwise, gaps
between families should dwindle more rapidly (Stuhler, 2024). We return to this point on assortative

mating later.

The second key result is that accounting for transitory measurement error nearly eliminates
evidence of excess persistence. We re-estimate the product of each two-generation associations
using IV in each generation. After this adjustment, the actual great-grandfather to great-grandson
association (0.331) becomes just 4% stronger than the predicted coefficient (0.317), a marginal
difference that undermines earlier claims of multigenerational influence. Importantly, this implies
that great-grandfathers and grandfathers did not “matter”” as much as previously argued, beyond
what we would expect given single-generation transmission (with the caveat that these estimates
remain noncausal). This lack of excess persistence under IV estimation contrasts starkly with the
original OLS approach. When using single-generation snapshots of fathers, grandfathers, and great-
grandfathers, OLS produced a G4-G1 transmission rate 126% stronger than predicted, dramatically

overstating multigenerational effects.

We can show that the transmission of status between great-grandparent and great-grandchild
holds when using alternative proxies for status (see Table 2). Instead of using an occupation measure
that adjusts for race and region, we can use an occupation-only measure from (Song et al., 2020).

This yields the same one-third estimate. We can also use educational attainment for all individuals

"The results are very similar if we assume that classical measurement error holds and we infer the amount of error
from the amount of variation in one snapshot relative to an average of two. See Figure A2a.
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(including women) in 1940, eliminating the need to infer status from the spouse’s occupation.
Regressing 1940 educational attainment (percentile ranked) on the adjusted Song score yields a
G4-G1 slope of 0.248, implying an AR(1) estimate of 0.63, which is less than but close to our
preferred estimate (0.69). Similarly, we can measure relative status based on neighborhood quality,
as proxied by the status of nearby neighbors (see Buckles et al. (20240)), which produces an AR(1)
estimate of 0.72.18

We can also estimate how wage income from 1940 is associated with the great-grandfather’s
adjusted Song score, which gives a slope of 0.203 (AR[1] = 0.59). This sample is a selected one,
however, as wages are only observed for wage workers, dropping farmers and business owners in
the fourth generation. If we drop this same group for our primary regression using the Adjusted
Song score, this yields a lower AR[1] slope of 0.65 than our main estimate of 0.69, suggesting that

limiting the sample to wage workers reduces persistence estimates.

Finally, we use wealth measures (real property values from 1850—1870 and home values from
1930-1940). These associations are imperfect, since many individuals did not own property or
homes, making their latent productive capability unobservable. Among those with positive wealth
in both the first and fourth generations, the rank-rank slope is 0.347 (AR[1] = 0.703). When we
include individuals with zero wealth, the slope falls to 0.234 (AR[1] = 0.616). 19 This drop occurs
because descendants of those with zero property in the 19th century have higher home values than
those whose great-grandfathers held small amounts of property. This pattern likely reflects negative
selection among those with minimal holdings. For example, descendants of small-scale farmers
had lower home values than descendants of urban workers with no real estate. A similar non-linear
pattern in wealth mobility over two generations has been documented in Sweden (Black et al., 2020).
Finally, the rank-rank slope between 1940 wage income and 1850-1870 wealth is 0.201, yielding
an AR[1] estimate of 0.59.

3.2 An AR(3) model of long-run mobility

A different way of showing excess persistence is to directly estimate the grandfather and great-
grandfather effects in an AR(3) model (Equation 3), the results of which are graphically shown in
Figure 4.

181n this measure, one’s status is the average of the adjusted Song scores of the 10 closest household heads listed either
above or below an individual on census manuscripts. Non-relatives (like domestic servants) are assigned their own
adjusted Song score.

9These are estimated using 2SLS.
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The first column (OLS) shows large effects from grandfather and great-grandfather status when
using single snapshots, which ignores transitory error. The estimated effects are 0.338 for fathers,
0.136 for grandfathers, and 0.046 for great-grandfathers, all statistically significant. This naive
approach that ignores transitory measurement error yields a "surprising" positive great-grandparent
effect: given the average 80-year gap in birth years across four generations, most great-grandfathers
had died before the birth of the great-grandchild. Summing the effects together, these coefficients
imply a total ancestral effect of 0.52. This combined estimate is 54% larger than the father effect

alone, suggesting again that two-generation models understate the amount of long-run persistence.

However, as we now know from the prior section, these grandfather and great-grandfather effects
are inflated due to transitory measurement error in historical data. As Modalsli and Vosters (2024)
explain, measurement error in the father’s status causes "spillover bias" on the grandfather effect,
inflating the coefficient. Intuitively, the grandfather and great-grandfather effects are not capturing
large direct effects on the grandchild; instead, they are simply providing additional information
about the father’s latent factor. If this is correct, reducing measurement error by averaging or
using IV should increase the father effect while decreasing the effects of the grandfather and great-
grandfather. But if these ancestor effects are real and not just artifacts of spillover bias, they should
increase when using an average of two measurements, as this reduces measurement error in their

status estimates.

After averaging two observations, the results are consistent with the transitory measurement-error
model: the father effect increases in magnitude (from 0.34 to 0.42), while the grandfather effect
decreases slightly (from 0.14 to 0.13) and the great-grandfather effect drops by almost half (from
0.05 to 0.03). The total ancestral effect (father + grandfather + great-grandfather) rises from 0.52
to 0.58. Notably, the gap between the father effect and the total ancestral effect narrows after
averaging: initially, the total effect was 54% larger than the father effect alone, but after averaging,
it is only 36% larger. This indicates that averaging observations reduces the relative influence of
older generations (grandfather and great-grandfather) compared to the father effect. Once again,

this result reflects the significant measurement error in historical data.

Finally, when applying IV to fully eliminate transitory measurement error, the father effect
increases sharply (from 0.34 to 0.60), the grandfather effect is halved (from 0.14 to 0.06), and the
great-grandfather effect shrinks further and turns negative (from 0.03 to a statistically significant
-0.005). The total ancestral effect (sum of all three) reaches 0.65, which is only 9% larger than
the father effect alone. This total is also 25% larger than the corresponding estimate from the
first column (using single snapshots), demonstrating that even with four generations of data, the

long-run ancestral effect remains underestimated unless multiple observations are used. As such,
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accurately capturing the long-run transmission of status requires both extended lineage data and

repeated measurements.

Another test for the role of measurement error is to improve only the father’s measurement,
either by averaging observations or with the repeated-measurement instrument, while leaving the
grandfather and great-grandfather measured with a single, noisy snapshot. Figure A3 shows what
happens: once the father’s measure improves, his coefficient rises, while the coefficients on the

grandfather and great-grandfather fall.

3.3  Robustness of AR(3) estimates

A standard concern in mobility studies is life-cycle bias: if generations are observed at different
ages, or not near mid-life, estimates of persistence can be biased (Haider and Solon, 2006; Nybom
and Stuhler, 2017). To check this, Modalsli and Vosters (2024) propose reversing the endogenous
and exogenous variables in the IV model. Since these are measured 10-20 years apart, any life-cycle
bias would show up as a shift in estimates. But as Figure A4 shows, the results remain steady. The

total ancestor effect stays around 0.66, suggesting that life-cycle bias is not a major concern.

Another potential issue is that our status measure, which imputes status within occupation by
region, may overstate persistence if it puts too much weight on enduring regional inequalities. To
address this, we use the occupation-only score from Song et al. (2020), which ignores regional
variation within occupations. When we estimate the AR(3) model with this score (Figure AS5), we
find broadly similar patterns. The total ancestor effect is larger than the father effect when using a
single snapshot (0.522 compared to 0.332), and it increases when using IV. Contrary to the idea
that including region inflates persistence, the total ancestor effect is actually larger (0.77) with the
occupation-only score. In contrast to our preferred measure, the occupation-only measure still has
large grandparent and great-grandparent effects when using IV, suggesting greater measurement

error in occupation-only scores compared to our more detailed status measure.

We also use log predicted wage income from the 1940 Census, similar to Collins and Wanamaker
(2022), and find a total ancestor effect of 0.73 and relatively small (but positive) grandparent and
great-grandparent effects (See Figure A6). While this score has the advantage of being based on
income, rather than human capital, it requires us to back-cast 1940 relative earnings to 1850.

Instead of relying on a univariate measure of occupational status, we test whether broad occu-
pational categories of ancestors help predict a grandchild’s occupation. In other words, does it

matter not just that your father was white-collar, but that your grandfather and great-grandfather
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were too? Figure A7 explores this using five categories: professional/managerial, clerical/sales,
farmer, semi-skilled, and unskilled. We find two main results. First, a basic OLS model shows
strong effects from both grandfathers and great-grandfathers. For professional workers, including
ancestors raises the total ancestor effect by 76% compared to using only the father’s occupation;
for unskilled workers, the increase is 60%. The gains are smaller for semi-skilled workers and
farmers, but still positive. Second, when we average across outcomes, the effects of both father and
ancestors grow larger.”’ Overall, these results suggest that long-run mobility is lower than implied
by two-generation estimates, and that single snapshots miss the underlying, unobserved, status of
fathers.

A large share of our sample is descended from farmers, so we examine how results change when
we exclude them (Figure A8). Dropping farmer ancestors reduces overall persistence: the total
ancestor effect for the white population falls from 0.65 to 0.56. At the same time, excess persistence
becomes more pronounced, with the total ancestor effect now 32% larger than the father effect,
compared to 9% in the full sample. If the latent factor model is correct, then this suggests that there
is more permanent measurement error in the non-farming population than for the full population,
leading to stronger grandparent and great-grandparent effects. We show evidence consistent with

this point later when we decompose measurement error into permanent and transitory components.

3.4 Assortative Mating

One limitation of our data is that we do not directly observe mothers’ impact on their children.
However, the strong persistence of social status across four generations suggests that if mothers
mattered for child outcomes, assortative mating had to be strong. Otherwise, marriages between
parents of different statuses would have caused rapid regression to the mean (see Appendix C for an
explanation using a latent variable model, following Stuhler (2024)). If one argues that assortative
mating was weak, then this is the same as arguing that only fathers mattered, perhaps because they
trained their children in job-specific skills or had occupation-based networks. But this view conflicts
with evidence that mothers also played an important role in shaping child’s outcomes in American
history (Althoff, Brookes Gray and Reichardt, 2025; Espin-Sanchez, Ferrie and Vickers, 2025).

Our data further show that multigenerational transmission (G4-G1) is equally strong whether
traced through paternal or maternal lines (father’s father’s father, father’s mother’s father, etc.;

Table 3). If mothers dominated transmission, we would expect stronger links through the mother’s

20We do not apply the repeated IV method here because binary 0/1 variables violate the classical measurement error
assumption, as any error is likely negatively correlated with the true value. Using IV with non-classical measurement
error in the independent variable causes upward bias. But if the dependent variable is also measured with error, the
direction of bias is ultimately unclear.
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mother’s father, but we do not see that. Rather, the slopes across four great-grandfathers are all
similar in size (ranging from 0.33 to 0.35), suggesting that mothers and fathers matter equally to

child outcomes, and assortative mating was high.

We can use our data to show that assortative mating appears to have been strong based on the
strength of "transmission" between one’s ancestors to one’s spouse, who is from a different family
background. Table 4 shows that the strength of association between first and four generations is
very similar when switching between one’s own and one’s spouse’s outcomes. First, recall that for
women we use the husband’s status as their outcome because most women did not work during this
time period; that is, we use the great-grandson-in-law. Table 4 shows that the slope coefficient for
the actual great-grandson (0.351) is nearly the same as for the great-grandson-in-law (0.342). This
result is surprising as the great-grandson-in-law did not come from the same family investments

during childhood. Rather, it suggests that spouses had very similar backgrounds.

We observe a similar pattern when using years of education in 1940, ranked by percentiles to
make a straightforward comparison across measures. The slope between G4 education rank and
G1 status is 0.251, which is close to the 0.234 slope between an individual’s great-grandparent and
their spouse’s education. Education is useful in this context because it is measured for both men
and women, so the strength of the association is not driven by proxying women’s outcomes using

the husband’s occupation.

If the rate of assortative mating was actually 0.58, as suggested by the direct regression of an
individual’s education rank on their spouse’s, most models of multigenerational mobility would
predict a much weaker association with in-laws, about 40% less than the direct association with
their own great-grandparent. However, the association in our data is not much weaker. This result
suggests that the direct assortative mating regression understates the true extent of matching on
latent characteristics, possibly due to measurement error in the 1940 education variable or match on

other unobservables.?!

3.5 Direct contact from grandparents

The additional persistence from the small grandparent effect could result from a direct causal

impact of the grandfather on the grandchild. To test this, we divide the sample into two groups:

21Using the framework in Espin-Sanchez, Ferrie and Vickers (2025) with multigenerational data, one can estimate
assortative mating. When we apply this method using Proposition 4 from that paper, we obtain implausibly high
assortative mating estimates—greater than one. This could reflect a violation of this model’s assumptions, such as the
assumption that parent-child transmission parameters are stable across generations, which does not appear to hold in
our data.
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(1) grandchildren whose grandparents were alive at their birth and (2) those whose grandparents
had already passed away. We determine grandparental death dates using data from FamilySearch,
similar to the data used by Black et al. (2023). We merge these death dates into our dataset and split
the sample accordingly.?? This split results in 9% of white sample having their grandparent die
before they were born. Others have used the same approach (Belloc et al., 2024; Braun and Stuhler,
2018; Helgertz and Dribe, 2022; Neidhofer and Stockhausen, 2019).

The results show that the grandparent effect is not weaker for grandchildren whose grandparents
had died before their birth (Figure 6). While the coefficients differ from our main analysis due
to sample changes—Iimited to cases with observable grandparental death dates—the grandparent
effect is actually larger for those whose grandparents had already passed away (0.09 vs. 0.06).
This suggests that a large causal impact from the grandparent is unlikely to drive the result. At the
same time, we do not have exogenous variation in grandparental death, and so we cannot make
definitive causal claims (Goldstein, 2025). Nevertheless, this evidence is consistent with results
using exogenous variation in grandparental wealth (Ager, Boustan and Eriksson, 2021; Bleakley
and Ferrie, 2016)

3.6 Underlying transmission coefficient for white families based on latent variable model

If the small grandparent effect is not caused by a direct impact on the grandchild, it may be due to a
group effect that spans generations, such as families living in the same high- or low- opportunity
places. We will return to the issue of group effects later. For now, we assume the observed effect
results from "permanent" measurement error that has not yet been addressed. If the latent variable

model is correct, then the repeated-measure IV still does not correct for this error, since the reliability
2

ratio 1S —*—.
o3+op

Braun and Stuhler (2018) point out that if the latent variable model holds, one can identify A
by taking the ratio of direct estimates across generations. If the G4-G1 slope is f_3 = 03A3
and the G3-G1 slope is f_» = 853A2, then their ratio is % = A. This is equivalent to using
the great-grandfather’s status as an instrument for the father’s status (Lindahl et al., 2015). The
numerator is the reduced form (G4-G1 slope), and the denominator is the first stage (G3—-G1 slope).

We refer to this as the "ratio" estimate to distinguish it from the repeated-measure IV estimate.

Table 5 shows that the ratio method estimates a transmission rate of 0.68 for the white population.

This is slightly higher than the repeated-measure IV estimate of 0.63, which instruments one father’s

22We successfully identified death dates for approximately 70% of grandfathers in our dataset. As shown later in Figure
6, this subsample with known death dates has modestly higher persistence estimates (2% increase in the total ancestor
effect) compared to the overall sample presented in Figure4.
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status with another, and much higher than the OLS estimate of 0.41. Applying the latent variable
model to decompose the estimates, these results suggest that 35% of the variation in a single
snapshot comes from transitory error, while 4.9% comes from permanent error. We find similar
patterns when standardizing the outcomes in each generation and estimate correlations instead of
covariances.?? Thus, in our data, it is transitory error, not permanent error in latent ability, that
explains much of the grandparent effect. This result aligns with evidence from Norway (Modalsli

and Vosters, 2024), where using an IV eliminates the grandparent effect.

A key advantage of the ratio estimate is that it does not require multiple observations for each
father, grandfather, and great-grandfather. This allows us to use data with just one observation
per generation, expanding the sample from 2.5 million to 4.2 million. This addresses the possible
concern that the strict sample requirements used earlier cause us to have an unrepresentative sample,
even after weighting. But the ratio estimate does not change much in the larger sample (0.683 vs.
0.701; see "Expanded Sample" row in Table 5), suggesting that the stricter requirements do not bias

the mobility estimate.

We also estimate results using only non-agricultural families and find that they have more
permanent measurement error than the full sample. In Table 5, the ratio estimate for non-farmer
descendants is nearly identical to that of the full sample (0.684 vs. 0.683). This is surprising because
both the OLS and IV estimates are lower for the non-farming group, which would suggest higher
mobility. The gap between the ratio estimate and the OLS/IV estimates points to more permanent
error in the non-agricultural sample, which pulls both the OLS and IV estimates down more than in
the full sample. One reason for this may be that in non-farm settings, latent status is less tightly
linked to observable outcomes like occupation due to the rapidly expanding set of occupations in
the service sector. If so, this implies that modern-day relative mobility estimates (at least those

based on occupational outcomes) may be more affected by measurement error than in the past.

3.7 Comparison to surname method

Clark (2014) proposes estimating intergenerational status transmission (A) using rare surnames
to reduce measurement error. Applying this method to our white-only sample (chosen to address
concerns about racial group effects and missing enslaved surnames in the first generation), we
estimate a G4-G1 slope of 0.298 (Table A3), translating to an implied AR(1) coefficient of 0.667,

which is slightly below our main model’s 0.69-0.70 range. While the surname method yields results

23The parent-child correlation is 0.38. The ratio of the parent-child correlation to the correlation between two
observations of the same parent is 0.58. The ratio of the G4-G1 and G4-G3 correlations is 0.63. Together, these
suggest that most of the noise comes from transitory error.
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consistent with our main estimates, we prefer our approach using directly linked microdata. We

discuss the surname approach in more detail in Appendix D.

4. Including Black families and group effects

We have found a small grandparent effect, or that excess persistence across four generations is
relatively small. Besides permanent error, a grandparent effect could be due to persistent group
differences, such as a slowly converging Black-white gap (Solon, 2018). However, our results so
far have only used the white population to discount such a group effect. Recall the discussion of
the latent model with group effects in Section 1.4, which shows that an AR(1) group effect will (1)
increase the slope estimates across generations (assuming the transmission of the group effect is

stronger than within-group transmission), and (2) increase excess persistence.

When we add Black families to sample, we find results consistent with strong and persistent
group effects. That is, enduring racial disparities significantly affect long-run mobility estimates.
Using the adjusted Song score, the grandfather-grandson association rises by 54%, from 0.33 to

0.51, when Black families are included (see “white” vs. “Black and white” estimates in Figure 5a).

This increase is driven by strong between-race persistence of about 1.00 throughout this period:
according to our data, the Black-white gap in ranks remains at about 40 in both the first and fourth
generations. Because the share of between-race variation was also large in the first generation
(roughly 25%), a weighted average of 1.00 between-group persistence (multiplied by 0.25) and
roughly 0.33 within-group persistence (multiplied by 0.75) yields the G4—G1 slope of 0.51. This
result is the multigenerational counterpart to prior findings that show that including Black individuals
raises two-generational persistence estimates in American history (Hertz, 2008; Jacome, Kuziemko
and Naidu, 2025; Ward, 2023).

Consistent with predictions from our latent variable model with group effects, we also observe
significantly stronger excess persistence in the pooled Black-white sample than in the white-only
sample. The estimated G4-G1 persistence coefficient of 0.510 for the pooled sample exceeds the
predicted value (multiplying each G4-G3, G3-G2 and G2-G1 coefficients) of 0.432 by 18%, a stark
contrast to the white-only sample, where the observed value exceeded the predicted value by just
3%. This pattern is consistent with the model’s result where if within-group transmission A differs
from the transmission of group effects (1), excess persistence occurs. In our data, the persistence
of group means was about 1.0 (i.e., Black-white gaps did not converge across generations), which is
a magnitude far exceeding the 0.67—0.70 transmission rate within the white population. Thus, we

find excess persistence, which confirms the importance of group effects as argued by Solon (2018).
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These dynamics become even clearer in the AR(3) model (Figure 5b). When including Black
families, we detect positive effects from both grandparents and great-grandparents—a pattern
absent in the white-only analysis. The total ancestor effect (summing father, grandfather, and
great-grandfather coefficients) rises to 0.766, exceeding the father-only effect by 21%. This result
demonstrates that conventional two-generation mobility estimates do indeed underestimate long-run
status transmission in populations with enduring group disparities.?*

Figure A8 shows results after excluding farmer descendants from the Black and white sample.
In the non-agricultural sample, the effects of grandparents and great-grandparents are stronger than
in the full sample. The total ancestor effect (0.699) is now 54% larger than the father effect (0.453).
The great-grandfather effect remains large and significant, even when using repeated measures
and IV. As discussed before, this could reflect higher measurement error in the non-agricultural
sector because a given occupation does not capture latent status well. If permanent measurement
error has increased over time as the economy shifted away from farming and racial disparities also
continue to persist, this suggests that modern-day two-generational estimates in the United States

may understate persistence across multiple generations.

5. Conclusions

In this paper, we estimate multigenerational mobility in the United States from 1850 to 1940 using a
unique four-generation dataset that links over 2.5 million individuals to their ancestors. In addition
to being orders of magnitude larger than most datasets used in previous studies, we observe multiple
status observations per generation, providing a deeper understanding of long-run persistence in

economic status while also addressing substantial measurement error in historical data.

We present four main findings. First, despite massive structural changes over this period, we
document significant persistence. We estimate that 33% of economic differences across white
great-grandparents remained in their great-grandchildren. This figure increases to 51% when Black
families are included. Similar to recent papers on multigenerational mobility (Stuhler, 2024),
these results challenge the conventional wisdom that relative advantages disappear within three

generations.

Second, two-generation estimates capture multigenerational mobility fairly well for the white
population. In the AR(3) model that includes the father, grandfather, and great-grandfather, the

grandfather and great-grandfather effects are quantitatively small. The grandparent effect is about

24See Table A4 for the results when instrumenting the father with the grandfather’s outcome. Note that this no longer
identifies the latent transmission parameter A in the presence of group effects. See Appendix E.
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9% the size of the father effect, suggesting only modest additional persistence. Using records on
grandparents who were alive or dead by the time of the grandchild’s birth, we further show that
direct contact between grandparents and grandchildren is unlikely to explain this positive effect.

Instead, the effect may reflect measurement error that repeated observations do not fully fix.

Third, naive estimates of grandparent and great-grandparent effects are substantially inflated
by transitory measurement error in historical data. When we address this error through repeated
observations and instrumental variables approaches, the apparent direct influence of distant an-
cestors diminishes significantly for the white population. Our corrected estimates suggest that
two-generational data captures long-run mobility relatively well for whites but less well for the

pooled Black and white population.

Fourth, group-level inequalities, particularly racial disparities, substantially influence multi-
generational mobility patterns. The persistent Black-white gap throughout this period creates
stronger multigenerational transmission when both groups are analyzed together, demonstrating
how structural barriers limit relative mobility across multiple generations. It also increases the
size of grandparent and great-grandparent effects in AR(3) models, indicating that for the whole
population, two-generational models do not accurately predict the convergence of gaps across

multiple generations.

The results have several important implications for mobility research. One is that strong transmis-
sion across multiple generations, coupled with evidence that maternal and paternal ancestral lines
equally predict outcomes, suggests that assortative mating was strong in American history. High
levels of marital sorting likely helped preserve status across generations, explaining why advantages
diminished slowly. Moreover, when between-group differences are large and persist at higher
rates than within-group differences, two-generational estimates will likely underestimate mobility
across multiple generations (Solon, 2018). Given the persistent lack of Black-white convergence
over the past 80 years (Bayer and Charles, 2018) and continuing wide racial disparities, modern
two-generational income mobility estimates likely understate the true persistence of longer-run

mobility patterns.
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Figures and Tables

Figure 1: Building multigenerational samples

Census year
1850 1860 1870 1880 1900 1910 1920 1930 1940

chained
Generation 1 1850 860 1870 intragenerational
Age 27 37 47 dataset
Generation 2 1830 1880 000 1910 observed
Age 2 32 532 62 in
same
Generation 3 1880 1900 1910 920 1930 household
Age 5 25 35 45 55
Generation 4 1910 1930 1940 bold- main outcome
Age 12 32 42 italic- instrument year

Notes: The figure shows the process of linking, using an example family. The links are from the Census Tree (Price
et al., 2023). The census data is from (Ruggles et al., 2024). First, we chain links from the Census Tree to build the
"chained intragenerational dataset,” which is shown with the gray box. This dataset tracks an individual over their
whole life. For individuals in this dataset, we attach parental outcomes when they are at most 14 years old (orange box).
We then merge the parent into the intragenerational sample to observe both (1) their childhood household and (2) a
second adult observation for an instrumental variables strategy. The 3-generational dataset are G3 parents who we can
additionally track back to their childhood home to attach a G2 parent. The 4-generational sample repeats this process
to find the G1 great-grandparent. When estimating mobility in a regression, we use the final generation’s outcome
when they are closest to age 40. For ancestor’s generations, we use the outcome when they are observed with the
child (bold observations). We also use an instrumental variables strategy to account for measurement error. For this
strategy, we use the nearest observation up to 20 years away (italicized years). The 1890 Census is missing because
the manuscripts were lost in a fire. While the figure shows a single parent, grandparent and great-grandparent, our
process finds all ancestors on the maternal and paternal side, causing the dataset to observe up to 8 great grandparents, 4
grandparents and 2 parents. When measuring economic status, we always use the occupational status of the male. If the
great-grandchild is a woman, we use the husband’s spouse’s occupation.
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Figure 2: Our four-generational sample is large relative to the literature
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Notes: Our sample is large relative to the literature. The papers referenced are Adermon, Lindahl and Palme (2021); Héllsten and Kolk (2023); Mare and
Song (2014); Modalsli (2023); Ferrie, Massey and Rothbaum (2016); Shiue and Keller (2024); Shiue (2019); Lindahl et al. (2015); Adermon, Lindahl and
Waldenstrém (2018); Braun and Stuhler (2018); Clark and Cummins (2015); Belloc et al. (2024). The sample sizes are based on AR(3) regressions where
each generation is included.



Figure 3: Predicted v. actual great-grandparent-great-grandchild association for white families
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Notes: Data are from a linked sample of white families (see Figure 1) (Ruggles et al., 2024; Price et al., 2023). The
status measure is the adjusted Song score, which ranks occupation, race, and region cells by their human capital (Song
et al., 2020; Ward, 2023). The “actual estimate in data” points are from regressing the great-grandson’s outcome on
the great-grandfather’s outcome. The “predicted estimate” points are the product of the associations for the great-
grandfather-grandfather, grandfather-father, and father-child, which are estimated separately. The first column shows
results when using a single observation of the father, grandfather, and great-grandfather. The second one averages two
observations. The third uses an IV estimate where the first observation is instrumented with a second. The sample is the
same across all estimates, and is weighted to be representative on observables.
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Figure 4: An AR(3) model of multigenerational mobility for white families
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Notes: Data are from a linked sample of great-grandchildren to their great-grandfathers (see Figure 1) (Ruggles et al.,
2024; Price et al., 2023). The sample includes white families. The status measure is the adjusted Song score, which
ranks occupation, race, and region cells by their human capital (Song et al., 2020; Ward, 2023). The one observation
column uses a single G1 outcome, a single G2 outcome, and a single G3 outcome. The mean of two observations uses
the mean of the two G1, G2, and G3 outcomes. The 2SLS column instruments the first G1, G2, and G3 outcome with
the second observation. The sample is the same across all estimates, and is weighted to be representative on observables.
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Figure 5: Racial disparities are important for multigenerational estimates

(a) Adding Black families increases both inter- and multi-generational transmission
estimates
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(b) Adding Black families increases evidence for excess persistence
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Notes: Panel (a) shows the great-grandparent-great-grandchild association with the white-only sample, and then after
adding in Black families. See Figure 3 for additional details. Panel (b) shows AR(3) estimates after moving from a
single observation to an average of two observations to an IV estimate. See Figure 4 for additional details.
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Figure 6: Grandfather effects (G2) are not weaker for those who died before the grandchild’s (G4)
birth
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Notes: Data are from the 1850-1940 Censuses (Ruggles et al., 2024), linked by (Price et al., 2023). This figure shows
the AR(3) estimates after splitting the sample by grandparents who died before the grandchild’s birth (“no overlap™) or
after (“overlap”). The sample is only for those who we can find death dates on FamilySearch.org, and therefore differ
from the main effects presented in Figure 4. About 9 percent of great-grandsons (G4) had their grandfathers (G2) die by

their birth. The samples are weighted to be representative on observables.
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Table 1: Descriptive statistics for the analytic sample

Mean Std. Dev. Min Max N
Age 35 6 25 52 2,547,730
Birth Year 1904 7 1888 1915 2,547,730
Male 0.52 0.50 0.00 1.00 2,547,730
Black 0.11 0.31 0.00 1.00 2,547,730
Adjusted Song score 53.08 28.96 0.01 100.00 2,547,730
Professional 0.17 0.38 0.00 1.00 2,547,730
Farmer 0.14 0.34 0.00 1.00 2,547,730
Clerical/Sales 0.14 0.35 0.00 1.00 2,547,730
Craftsmen 0.15 0.35 0.00 1.00 2,547,730
Low-skill manual/service 0.40 0.49 0.00 1.00 2,547,730
Father observables:
Age 35 8 20 60 1,653,301
Birth Year 1874 9 1817 1900 1,653,301
Adjusted Song score 47.67 27.81 0.02 100.00 1,653,301
Professional 0.10 0.31 0.00 1.00 1,653,301
Farmer 0.44 0.50 0.00 1.00 1,653,301
Clerical/Sales 0.06 0.24 0.00 1.00 1,653,301
Craftsmen 0.13 0.34 0.00 1.00 1,653,301
Low-skill manual/service 0.26 0.44 0.00 1.00 1,653,301
Grandfather observables:
Age 37 8 20 60 1,018,493
Birth Year 1845 12 1791 1880 1,018,493
Adjusted Song score 46.54 26.84 -0.06  100.00 1,018,493
Professional 0.08 0.26 0.00 1.00 1,018,493
Farmer 0.58 0.49 0.00 1.00 1,018,493
Clerical/Sales 0.02 0.15 0.00 1.00 1,018,493
Craftsmen 0.11 0.32 0.00 1.00 1,018,493
Low-skill manual/service 0.21 0.41 0.00 1.00 1,018,493
Father’s father 0.50 0.50 0.00 1.00 1,018,493
Mother’s father 0.50 0.50 0.00 1.00 1,018,493
Great-Grandfather observables:
Age 39 8 20 60 704,561
Birth Year 1819 11 1790 1860 704,561
Adjusted Song score 52.24 24.71 0.00 100.00 704,561
Professional 0.07 0.25 0.00 1.00 704,561
Farmer 0.62 0.49 0.00 1.00 704,561
Clerical/Sales 0.01 0.09 0.00 1.00 704,561
Craftsmen 0.15 0.36 0.00 1.00 704,561
Low-skill manual/service 0.15 0.36 0.00 1.00 704,561
Father’s Father’s father 0.25 0.43 0.00 1.00 704,561
Mother’s Father’s father 0.26 0.44 0.00 1.00 704,561
Father’s Mother’s father 0.23 0.42 0.00 1.00 704,561
Mother’s Mother’s father 0.27 0.44 0.00 1.00 704,561

Notes: Data are from the 1850-1940 Censuses (Ruggles et al., 2024), linked by (Price et al., 2023). The table
is split by generation, and the sample is weighted to be representative of the population on observables.
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Table 2: Four-generational transmission based on other measures of status

G4 Measure G1 Measure Actual G4-G1 estimate  Implied AR(1) N
White sample

Adj. Song Score Adj. Song Score 0.331 0.692 2,505,954
Song Score Song Score 0.335 0.695 2,505,954
Rank 1940 Years of Educ. Adj. Song Score 0.248 0.628 2,183,595
Rank Neighborhood Status Adj. Song Score 0.371 0.719 2,484,341
Rank 1940 Wage Income (>0) Adj. Song Score 0.203 0.588 1,171,662
Rank 1940 Wage Income (>0) Rank Real Property (>0) 0.201 0.585 591,733
Rank Home Value (>0) Rank Real Property (>0) 0.347 0.703 571,818
Rank Home Value Rank Real Property 0.234 0.616 1,182,191
Black and white sample

Adj. Song Score Adj. Song Score 0.510 0.799 2,547,766
Song Score Song Score 0.347 0.703 2,547,766
Rank 1940 Years of Educ. Adj. Song Score 0.333 0.693 2,216,072
Rank Neighborhood Status Adj. Song Score 0.432 0.756 2,500,853
Rank 1940 Wage Income (>0) Adj. Song Score 0.291 0.662 1,192,550
Rank 1940 Wage Income (>0) Rank Real Property (>0) 0.203 0.588 595,744
Rank Home Value (>0) Rank Real Property (>0) 0.344 0.701 573,378
Rank Home Value Rank Real Property 0.306 0.674 1,199,614

Notes: Data are from the 1850-1940 Censuses (Ruggles et al., 2024), linked by Price et al. (2023). Each row
is from a different regression of of the great-grandchild’s outcome (G4) on the great-grandfathers (G1). Each
row shows a different slope, varying depending on the measure of economic status. Adj. Song Score is our
main status measure. Rank 1940 Years of Education uses the 1940 Census variable "educational attainment"
and percentile ranks it. Neighborhood status is based on the average adjusted Song score of the 10 household
heads above and below, where non-relative receive their own score (see Buckles et al. (2024b)). 1940 Wage
income is only reported for wage workers. Home value is observed in 1930 and 1940 only for those who
owned homes. Wealth is real property wealth in 1850, and the sum of real estate and property wealth in 1860
and 1870, and then percentile ranked in the cumulative distribution. The Implied AR(1) estimate takes the
cube root of the Actual G4-G1 estimate. The samples are weighted to be representative on observables.
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Table 3: G4-G1 slope is similar regardless of which grandparent is used

Regression Coefficient Std. Error ~ Obs.

Father’s father father 0.334 0.002 840958
Father’s mother’s father 0.343 0.002 843654
Mother’s father’s father 0.340 0.002 887592
Mother’s mother’s father 0.350 0.002 910196

Notes: Data are from the 1850-1940 Censuses (Ruggles et al., 2024; Price et al., 2023). Each row uses
IV from a second observation of the specific relative. The samples are weighted to be representative on
observables.
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Table 4: Similar "transmission" for great-grandchildren and great-grandchildren-in-law suggests
strong assortative mating

Sample Coef. SE N

Direct assortative mating regression

G4 education rank on spouse’s education rank 0.577 (0.001) 1,750,395
Evidence of high assortment across four generations

G4 men (Great-Grandson Adj. Song Score) on G1 0.351 (0.002) 1,121,059
G4 women (Great-Grand-son-in-law Adj. Song Score) on G1  0.342 (0.002) 895,080
G4 education on G1 Adj. Song Score 0.251 (0.001) 1,750,395
G4 spouse’s education on G1 Adj. Song Score 0.234 (0.001) 1,750,395

Notes: Data come from the 1850-1940 Censuses (Ruggles et al., 2024), linked using (Price et al., 2023). Each
row reports a different regression. The top row is the great-grandchild’s percentile rank of years of education
regressed on their spouses. The next set of rows are regressions of a great-grandchild’s outcome (G4) on their
great-grandfather’s (G1) status. The slope varies depending on the measure of economic status and whose
status is used. The first row regresses a male G4’s own adjusted Song score on his great-grandfather’s score.
The second row regresses a married female G4’s spouse’s adjusted Song score on her great-grandfather’s score.
The third row regresses a G4’s own years of education (percentile ranked) in 1940 on their great-grandfather’s
adjusted Song Score. The fourth row regresses a married G4’s spouse’s years of education (percentile ranked)
in 1940 on their great-grandfather’s adjusted Song score. The samples are weighted to be representative
on observables. The point of these sets of analyses is that the predictive power of a great-grandparent does
not decrease by much when using the spouse’s outcome, suggesting that spouses match on similar latent
characteristics not observed in the direct regression.
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Table 5: Underlying two-generational transmission estimates from latent model, white families

OLS v Ratio  Transitory Permanent N
y} U% 2 2(7% A A o? oz
Oy +03+0;¢ oy +03 € u
Adjusted occupation score
Baseline sample 0.408 0.631 0.683 0.354 0.049 2505954
(0.001) (0.001) (0.003)
Expanded Sample 0.405 0.628 0.701 0.355 0.068 4129381
(0.001) (0.001) (0.002)
Non-agricultural families 0.304 0.489 0.684 0.378 0.178 310647

(0.002) (0.003) (0.010)

Occupation-only score

Baseline sample 0.364 0.662  0.870 0.451 0.131 2505954
(0.001) (0.002) (0.009)

Expanded Sample 0.370 0.662  0.856 0.442 0.127 4129381
(0.001) (0.001) (0.007)

Non-agricultural families 0.337 0.551 0.728 0.389 0.148 310647

(0.002) (0.003) (0.012)

Notes: Data come from the 1940 Census (Ruggles et al., 2024) and (Price et al., 2023). Each cell in the
first three columns represents a different regression. The OLS estimate comes from a regression of G4’s
status on a snapshot of G3’s status. The IV column instruments one observation of G3’s status with a second
observation. The Ratio column represents the ratio of the G4-G1 slope to the G3-G1 slope, estimated using
IV, where G3’s status is instrumented with G1’s status. The transitory column estimates the share of total
variation in the father’s outcome due to transitory error, while the permanent column estimates the share
due to permanent error. N represents the number of observations. The baseline sample requires at least
two observations for G3, G2, and G1. The expanded sample relaxes this requirement, allowing only one
observation for G2 and G1 while still requiring two for G3 (for the IV estimation). The non-agricultural
families sample excludes families in which any G1, G2, or G3 member is listed as a farmer. The samples are
weighted to be representative on observables.
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Figure Al: Black-white differences in mobility
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Notes: Data come from the 1850-1940 Censuses (Ruggles et al., 2024), linked using (Price et al., 2023). Because we
cannot show the IV relationship, we plot the binscatter relationship based on the average of two great-grandfather’s
measures. The samples are weighted to be representative on observables.
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Figure A2: Predicted 4-generational coefficients using classical measurement error
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Notes: Data come from the 1850—1940 Censuses (Ruggles et al., 2024), linked using (Price et al., 2023). These mimic
Figure 3 but also show the predictions when using the classical measurement error formula. The samples are weighted
to be representative on observables.
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Figure A3: An AR(3) model of multigenerational mobility for white families, 1V for father only
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Notes: Data are from the 1850-1940 US censuses (Ruggles et al., 2024), linked by the Census Tree (Price et al., 2023).
The samples are weighted to be representative on observables. The status measure is the adjusted Song score, which
ranks occupation, race, and region cells by their human capital (Song et al., 2020; Ward, 2023). The one observation
column uses a single G1 outcome, a single G2 outcome, and a single G3 outcome. The mean of two observations uses
the mean of the two G3 outcomes, but a single of the G2 and G1. The last column only instrumnts G3 with a second
observation.
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Figure A4: An AR(3) model of multigenerational mobility for white families, reversing the IV
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Notes: Data are from a linked sample of great-grandchildren to their great-grandfathers (see Figure 1) (Price et al.,
2023; Ruggles et al., 2024). The samples are weighted to be representative on observables. The status measure is the
adjusted Song score, which ranks occupation, race, and region cells by their human capital (Song et al., 2020; Ward,
2023). This shows what happens if you reverse the endogenous and exogenous variables in the [V method.
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Figure A5: An AR(3) model of multigenerational mobility for white families, occupation-only score

(Song et al., 2020)
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Notes: Data are from a linked sample of great-grandchildren to their great-grandfathers (see Figure 1) (Price et al., 2023;
Ruggles et al., 2024). The samples are weighted to be representative on observables. The status measure is the adjusted
Song score, which ranks occupation cells by their human capital (Song et al., 2020). The one observation column uses a
single G1 outcome, a single G2 outcome, and a single G3 outcome. The mean of two observations uses the mean of the
two G1, G2, and G3 outcomes. The 2SLS instrumnted the G1, G2 and G3 outcome with the second observations.
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Figure A6: Predicted 4-generational coefficients using predicted income from 1940 Census
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Notes: Data come from the 1850-1940 Censuses (Ruggles et al., 2024), linked using (Price et al., 2023). The samples
are weighted to be representative on observables. These mimic Figure A5 but also show the predictions when using
predicted income from the 1940 Census, similar to (Collins and Wanamaker, 2022).
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Figure A7: An AR(3) model of multigenerational mobility for white families using occupational
categories
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Notes: Data are from a linked sample of great-grandchildren to their great-grandfathers (see Figure 1) (Price et al.,
2023; Ruggles et al., 2024). The samples are weighted to be representative on observables. White collars are occupation
codes OCC1950 that start with O or 2; Clerical sales start with 3 or 4; Farmer start with 1; Semi-skilled start with 5;
Unskilled start with 6, 7, 8 or 9 (below 970).
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Figure A8: Multigenerational mobility when dropping farmers
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Notes: Data are from the 1850-1940 US censuses (Ruggles et al., 2024), linked by the Census Tree (Price et al., 2023).
The samples are weighted to be representative on observables. This figure shows the AR(3) estimates (Equation 3) for
the entire sample and when dropping farmer fathers, grandfathers and great-grandfathers. The point is that the father
effect drops, while the grandparent and great-grandparent effects increase.
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Table Al: Representativeness of 4-gen Linked Sample in 1930

Linked Sample
Full Unweighted Weighted Full=Weight

Age 33.018 35.099 33.115 0.000
Male 0.494 0.535 0.515 0.000
White 0.883 0.972 0.886 0.026
Black 0.117 0.028 0.114 0.026
Literate 0.970 0.985 0.972 0.006
Unskilled 0.237 0.217 0.263 0.000
Farmer 0.077 0.124 0.079 0.000
Skilled 0.084 0.093 0.091 0.000
Urban 0.588 0.442 0.595 0.000
Ever married 0.730 0.794 0.721 0.000
Head of household 0.376 0.430 0.380 0.000
Northeast 0.246 0.174 0.237 0.000
Midwest 0.329 0.352 0.330 0.370
South 0.328 0.373 0.331 0.002
West 0.097 0.101 0.102 0.000
Owns home 0.302 0.299 0.303 0.372
Sample size 27,687,562 331,694 331,694

Notes: Data are from the 1930 Census (Ruggles et al., 2024), linked by Price et al. (2023). The columns are
split by those linked four-generations back, as far as 1850, and the cross-sectional 1930 Census. The "full"
column is the full-count census, the "unweighted" sample are those successfully linked back four generations,
and the "weighted" applies inverse probability weights. The last column shows p-values for tests of the null
hypothesis that the means for the full and weighted samples are the same.
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Table A2: Representativeness of 4-gen Linked Sample in 1940

Linked Sample
Full Unweighted Weighted Full=Weight

Age 36.960 33.540 35.235 0.000
Male 0.496 0.579 0.516 0.000
White 0.895 0.985 0.895 0.467
Black 0.105 0.015 0.105 0.467
Educ. (years) 9.347 10.232 9.615 0.000
White Collar 0.208 0.231 0.223 0.000
Unskilled 0.270 0.280 0.290 0.000
Farmer 0.064 0.097 0.066 0.000
Skilled 0.077 0.089 0.081 0.000
Urban 0.578 0.430 0.569 0.000
Ever married 0.731 0.804 0.755 0.000
Head of household 0.409 0.452 0.406 0.000
Northeast 0.253 0.160 0.242 0.000
Midwest 0.314 0.347 0.313 0.092
South 0.327 0.377 0.336 0.000
West 0.106 0.116 0.109 0.000
Sample size 46,330,226 2,216,072 2,216,072

Notes: Data are from the 1940 Census (Ruggles et al., 2024), linked by Price et al. (2023). The columns are
split by those linked four-generations back, as far as 1850, and the cross-sectional 1940 Census. The "full"
column is the full-count census, the "unweighted" sample are those successfully linked back four generations,
and the "weighted" applies inverse probability weights.
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Table A3: Using the surname method for the white population

Regression OLS OLS v v Ratio
Sample Rare surname Rare surname Rare surname All Rare surname
G1 surname average 0.298
(0.0109)
G1 actual 0.212 0.314 0.331
(0.00525) (0.00777) (0.00131)
A 0.748
(0.0195)
Observations 66,995 66,995 66,995 2,505,954 66,995
R-squared 0.016 0.036 0.027 0.034 0.023

Notes: Data are from the 1850-1940 US censuses (Ruggles et al., 2024), linked by the Census Tree (Price
et al., 2023). See Appendix D for details on how the estimates are constructed. Column 1 regresses the
G4 Adjusted Song Score on the average score within the same rare surname. The sample includes only
surnames with fewer than 10 people ("rare" surnames). Column 2 directly regresses the G4 Adjusted Song
Score on the G1 Adjusted Song Score using OLS. Column 3 uses an IV approach for the G1 score (repeated
measures), again restricting to rare surnames. Column 4 expands the sample to include all surnames. Column
5 instruments the father’s G1 score using the great-grandfather’s score. The samples are weighted to be
representative on observables.
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Table A4: Underlying transmission estimates from latent model

OLS v Ratio N
0}% 0"% rou, % % (T% A3U7% +P 30’% rou,
A(U_f) - P(%) Aa%—w,%—km% Tt o2 +0E+05 A2U’%+ngfiroui
Baseline sample 0.518 0.722 0.826 2547730
One required 1 obs. per ancestor 0.529 0.722 0.837 4197192
Non-agriculutural families 0.431 0.618 0.827 318092

Notes: Data come from the 1940 Census (Ruggles et al., 2024) and (Buckles et al., 2024a). Each cell in the first three columns represents a different
regression. The OLS estimate comes from a regression of G4’s status on a snapshot of G3’s status. The IV column instruments one observation of
G3’s status with a second observation. The Ratio column represents the ratio of the G4-G1 slope to the G3-G1 slope, estimated using IV, where G3’s
status is instrumented with G1’s status. The transitory column estimates the share of total variation in the father’s outcome due to transitory error, while
the permanent column estimates the share due to permanent error. N represents the number of observations. The baseline sample requires at least two
observations for G3, G2, and G1. The expanded sample relaxes this requirement, allowing only one observation for G2 and G1 while still requiring two
for G3 (for the IV estimation). The non-agricultural families sample excludes families in which any G1, G2, or G3 member is listed as a farmer. The

samples are weighted to be representative on observables.



A. Data construction process

We build the data in the following steps.1 First, we "chain" all 10-, 20-, 30-, and 40-year links
from the Census Tree together in order to track an individual over their entire lifespan. This
is an intra-generational dataset. (See the gray boxes in Figure 1.) The purpose of this within-
generational dataset is twofold: first, to track an individual from their childhood home to their
adult outcome. Second, we will use this dataset to retrieve multiple occupational observations of
parents, grandparents, and great-grandparents, which we will use to address measurement error in

an instrumental variables strategy.

Second, we create an "intergenerational" dataset by simply merging in parental information when
a person in the "intragenerational” dataset is in their childhood home in the 1850 to 1920 Censuses.
(See orange boxes in Figure 1). Due to concern of selection into leaving the household at older ages,
we keep intergenerational links where a child is between ages 0 and 14 when in the household (Xie
and Killewald, 2013). After we attach a parent to a child observation, we then check whether the
parent is the intragenerational dataset such that we can track the parent over his or her own lifetime.
There are two reasons why we do this. First is to obtain multiple occupation observations of the
parent in order to address measurement error. Second is that it allows us to track the childhood
home of the G2 parents, allowing us to build a multigenerational dataset, which we describe in the

next step.

The third step is to take this intergenerational dataset and make it multigenerational. We do this
by taking fathers and mothers in the intergenerational dataset, and then checking whether they are
also children in a different row of the same dataset. For example, "Zachary Ward" may be observed
as a father of "Elliot Ward" in one row, but then "Zachary Ward" may be observed as a child to
"Jeffrey Ward" in a separate row. For this group, we can create three-generational links between
grandparents and grandchild. Recall that the Census Tree includes women, and so for some links we
can observe all four grandparents. This only occurs if both the husband and wife are successfully
linked from childhood and adulthood.

Finally, we simply iterate this process again to obtain four-generational links. Our analysis will
primarily rely on both 3-generation and 4-generational samples. Note that one only ends up in this
sample if their grandparents or great-grandparents were in the United States. The descendants of

immigrants will not be included as we cannot link outside of the United States. This will likely bias

I'See description of chaining the sample in the Appendix of Kalsi and Ward (2025) for the more information.
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us toward finding less mobility, as the descendants of immigrants were often more upwardly mobile

than their counterparts who descended from US-born parents (Abramitzky et al., 2021).
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B. Details on Sample Construction and Weighting Procedure

Our sample effectively represents individuals from 1930 and 1940 for whom we can directly observe
parents’, grandparents’, and great-grandparents’ outcomes, rather than relying on recollection.
However, this creates sample selection concerns since successful linkage across four generations

depends on factors like name uniqueness, birthplace, and age (Bailey et al., 2020).

To improve representativeness, we implement a comprehensive weighting procedure. We pool
our linked sample of fourth-generation individuals with the broader census population (either 1930
or 1940, depending on when the fourth generation is observed). We then estimate a probit model

predicting successful four-generation linkage based on:
* Age

* Education (in 1940, categorized as: 0-3 years; 4-6 years; 7-8 years; 9-11 years; 12 years; and
more than 12 years) or literacy (in 1850-1930)

* Race (binary indicator for being white)
* Marital status (based on having a spouse in the same household)
* Household relationship

* Urban status (using IPUMS-USA variable URBAN, indicating residence in incorporated

areas with more than 2,500 people)

¢ Gender

Region (defined by nine Census divisions)

We calculate weights as 1_719 * % where p is the predicted probability from the probit model,
and g is the share of linked records (Bailey, Cole and Massey, 2020). To minimize the influence
of extreme values, particularly for Black individuals who are less likely to be traced back, we
Winsorize weights at the top and bottom 1 percent. However, this adjustment reduces the weighted
Black share below the population share. Therefore, we make a final adjustment by multiplying
weights to achieve an accurate share of Black individuals, resulting in Black individuals receiving

approximately five times the weight of white individuals.
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Tables Al and A2 demonstrate the effectiveness of our weighting procedure by comparing
characteristics of our linked sample to the general population in 1930 and 1940. Without weights,
our sample overrepresents individuals who are white, live in rural areas, and reside in the South and
Midwest. In 1940, our unweighted linked sample has 0.9 more years of education on average. These
differences may partly reflect historical migration patterns rather than linking bias, as individuals
need at least one great-grandparent who lived in the United States to be included in our sample.
Applying weights substantially reduces all these observable differences, though we acknowledge
potential remaining concerns about unobservable factors. As a robustness check, we show that
using a sample with fewer required links produces similar four-generation results (see "Expanded
Sample" in Table 5).
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C. Assortative mating

To understand the importance of assortative mating in a latent variable model, following Stuhler
(2024), suppose the latent transmission from the father (one parent) is a misspecified model where
true transmission occurs from both parents. Let a child’s latent ability be a weighted average of the

parents’:

f m
EY x‘/ -1 + x’/ -1
Xig = b8 5 e (D1)

This equation assumes that the father and mother contribute equally to the child’s status. If mother’s
matter more, then one may expect that transmission from maternal ancestors is stronger than with

paternal ancestors. However, we find that they are similar in magnitude (Table 4).

Based on this model, the slope coefficient f_1 across two generations based on the father’s

observed outcome ;o1 is

COV 1 7 f — 3

f 2
Var(yl./g_lls)

where 0,1 is attenuation bias from measurement error in the father’s generation, and m is
the slope coefficient from regressing the mother’s latent factor on the father’s latent factor. This

parameter m captures the degree of assortative mating. .

When estimating transmission across three generations, the slope coefficient is:

C iotr Vi o ~ 3
OV(yzgt Yig 3,5) _ 9g—3/\3 <1 + m) (D3)

Var (y z',g—3,S) 2

This equation shows that when assortative mating is weak, outcomes fade quickly across genera-
tions. For example, if the assortative mating coefficient is 0.5, status gaps should shrink fast. In
that case, the impact of assortative mating would be (%) ’ = (0.42. Combining this with a high
transmission estimate of 0.75 gives a four-generation association of (.22 (assuming no measurement
error). If assortative mating is stronger, say, 0.85, and the transmission coefficient is 0.75, then

four-generation slope would be about 0.34, which is close to what we find for white families.
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D. Surname estimates

We can compare our estimates to the method where surnames are used to estimate mobility. Clark
(2014) argues that one can estimate multigenerational persistence using a grouping estimator based
on rare surnames. Essentially, instead of using the great-grandfather’s status measure on the right-
hand side, you replace it with the average status of those with the same surnames. This grouping
estimator has been strongly criticized by several scholars, as the surname estimator may capture
some group-level persistence (vy) that differs from the parent-child transmission (A) (Chetty et al.,
2014; Torche and Corvalan, 2018; Vosters and Nybom, 2017). Indeed, the surname estimator has
unique statistical properties that make it difficult to compare to directly linked data, including the
possibility that surnames have informational content beyond the ancestor’s status that positively

biases transmission estimates (Santavirta and Stuhler, 2024).

Because we have names in our data, we can estimate the association between the first and fourth
generations where, instead of using the direct observation of the grandparent’s status, we use the
average of surnames in the dataset. Because the data is directly linked, not surname-linked, there is
100 percent overlap between children’s and parents’ outcomes, an issue that attenuates surname
estimates when comparing cross-sections generations apart (Santavirta and Stuhler, 2024). We
calculate the surname average only for rare surnames (those with fewer than 10 observations per
surname), following the methodology of Gregory Clark. Because others have raised concerns over
group effects, and in particular, racial group effects (Chetty et al., 2014), we limit the sample to

white families.

Specifically, we take out four-generational linked sample and then merge in last names for
each generation using the restricted-access names from IPUMS-USA (Ruggles et al., 2024). We
then clean the surnames using the NYSIIS algorithm to address potential phonetic mistakes when
enumerators wrote names. We then take the average of all great-grandfathers with the same
surname.> We then count how many unique great-grandfathers we have int he first generation,

limiting the sample of rare surnames to those with fewer than 10 observations.

Our surname-based regression is then:

Vi surname, G4 = ﬁO + ﬁ1}75umame,c;1 + €i G4 (D4)

2Qur data structure observes the same grandfather multiple times because we can trace out to second cousins. Although
the same great-grandfather is in different "rows" of the dataset based on the G4 observation, when taking the average,
we use only one observation per great-grandfather.
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where we take the G4 outcome and regress is on the surname-average outcome of the first generation.
We only do this for G4 and G1 with the same (NYSIIS-cleaned) surnames, as they otherwise would
not be matched in Clark’s method.

The results are in Table A3. The first column shows that the surname average in the first
generation has a 0.298 predicted slope for the great-grandchild’s outcome. If we assume this is the
direct transmission parameter to the third power (A3), this backs out to a 0.668 slope. This number
is surprisingly close to the estimate using the ratio method in Table 5, where it was 0.684. However,
there is a difference across these samples, as the rare-surname sample is limited to individuals
with fewer than 10 occurrences in the dataset, which amounts to only about 67,000 in our data.
If we use the ratio method to estimate A in this sample, it is 0.748 (see last column of Table A3),
which is higher than the backed-out surname estimate. The magnitude of the surname estimate is
also similar to the I'V estimate between the first and fourth generations, when we instrument one
great-grandfather observation with a second, which is 0.314. Overall, it does not appear that the

surname method overstates persistence, at least for our sample, and it produces similar results.
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E. Ratio estimate, or great-grandfather IV, with group effects

In this section, we demonstrate that the "ratio method" can produce biased estimates of the intergen-
erational transmission of the latent factor. This method, which uses great-grandfather’s outcome
as an instrument for the father’s outcome, may incorrectly account for both within-group mobility
patterns and between-group differences. This occurs because the ratio method incorrectly combines

and weights the separate transmission mechanisms that operate within groups and between groups.

The ratio estimate can be rewritten as the G4-G1 slope over the G3-G1 slope. After cancelling

out the variance of the G1 coefficient, this can be written as:

3,2 3,2
,8—3 . A Ux,Gl + r Uﬂgroup,Gl

T oA22 252
‘3_2 A Ux,Gl + i Uﬂgroup,Gl

ratio __

(D5)

This ratio may either overstate or understate the "true" weighted transmission across generations,
depending on the relative magnitudes of A and <. If within-group transmission is weaker than
between-group transmission (A < 7)—which was almost certainly the case for Black-white differ-
ences before World War II—then the ratio is below the true weighted average. At the same time,
if the variance of the group effect shrinks over time (e.g., as Black-white distributions converge),
then the ratio estimate could overstate the true transmission because the numerator over-weights
group effect transmission 7y. Either way, since the ratio method relies on data spanning multiple

generations to estimate transmission across two, it cannot be used to test for excess persistence.

To see this more clearly, one can rewrite the ratio estimate as a weighted average of the within-
group transmission A and the between-group transmission <. If we factor out /\2(73% + ’)/2(7,% in both

numerator and denominator (variances for the G1 generation), then this yields

IBratio — /\2 U)% ¥ r)/z 0—% )
- a2 +y207 " A2+ 9207
If we define the "weight" to be
A2 g2

W=,
A2og + 2 og

then the ratio estimate is a weighted average of the within-group and between-group effects

ﬁrfiio =wA+ (1—w)7y.
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However, the true weighted average is

2 2
* Uy U’?
1=A + 7 .
P oz4oz o+ o}

In this expression, the weight on A is 02/ (02 + (7%), but in the ratio formula, the weight is
A202/(A%02 + ’yza,%). If A < 7, the ratio method puts too much emphasis on .

If we define the ratio r = %, then we can rewrite the weight on the within-group effect as

r2o?2
W= —5—"—
r’og +op

Thus, if r < 1 (i.e. A < ), then r2 <1, and

2,2 2
reo: g

w= :
r’oz +oj 0%+ 0

In that case, the ratio estimate places more weight on the group-effect persistence <y than on the

direct transmission A. Since <y is larger, the ratio estimate can exceed the true value.
To see this in a numerical example, Let A = 0.70, v = 0.95, (T,% =0.75, and (7,? = 0.25. Compute

the true weighted average:

B*1=0.70 x 07 +0.95 x 025

————— =0.762.
0.7540.25 0.75+0.25

The ratio estimate is:

= 0.80.

gratio _ 0.70% x 0.75 + 0.95% x 0.25
-1 7 0.702 x 0.75 + 0.952 x 0.25

which is larger than 0.763. Because 7y is bigger than A, the ratio method places more weight on

group persistence and overshoots the true weighted average.
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