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Abstract

How did the US become a land of opportunity? Previous historical research on
intergenerational mobility has focused on father-son income correlations, masking
the role of mothers. We introduce a new mobility measure that incorporates both
parents” human capital, develop a latent variable method leveraging literacy as a
proxy, and construct a representative linked panel that includes women. We find
that intergenerational mobility—in both human capital and income—rose sharply
from the 19" to the 20t century. Initially, maternal human capital was most pre-
dictive of children’s outcomes. However, as schooling expanded, this reliance de-
clined and intergenerational mobility rose. Investments in mass education have
therefore been central to America’s rise as a mobile society.
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1. INTRODUCTION

The US has long been described as a nation where children routinely surpass their
parents’” economic status, but when and how did American intergenerational mobil-
ity become exceptional? Our understanding of how mobility has evolved over US
history is incomplete, particularly regarding the role of mothers. Yet prominent exam-
ples emphasize their importance: figures like Abraham Lincoln, Thomas Edison, and
Katherine Johnson benefited significantly from their mothers’” instruction, especially
since their fathers lacked formal education.! Past studies have nonetheless focused
on father-son comparisons due to two constraints: a lack of panel data that include
women, and an emphasis on income—a measure that misses mothers’ contributions
when few worked outside the home. This focus contrasts with both theory, which em-
phasizes parental human capital beyond income (Becker et al., 2018), and empirical

work from other contexts showing mothers’ key role in child development.

This paper studies the evolution of intergenerational mobility in the US using data
from 1850 to 1950, highlighting the role of mothers” human capital and the expansion
of mass schooling. We introduce a new measure of mobility that incorporates both
parents” human capital (proxied by their literacy), develop a latent variable method
to estimate mobility despite historical data limitations, and construct a representative
linked panel that includes women. Our results reveal that human capital mobility rose
sharply over this period, driven by a strong reliance on maternal human capital that
declined as schooling expanded. Incorporating mothers alters conclusions about in-
tergenerational mobility’s trends and geographic patterns. For example, while father-
child comparisons suggest the South was relatively mobile during this period, includ-
ing mothers reveals it as the least mobile region, underscoring the role of maternal

human capital in areas where schools were scarce.

We first introduce a simple new methodology to account for multiple dimensions of
parental background in the intergenerational analysis. Specifically, we propose mea-
suring intergenerational mobility as the share of variation in child outcomes left un-
explained by parental background: 1 — R?, building on the theoretical framework of
Nekoei and Sinn (2021), which establishes this measure as a meaningful and inter-
pretable summary statistic for mobility. Unlike traditional mobility measures, such as
the parent-child coefficient, this measure accommodates multiple parental inputs. We

show that the R?>-based measure has many desirable properties and—in the special

Lincoln’s (1809-1865) mother and stepmother encouraged his education despite his illiterate father
(Arnold, 1885, p. 14-22). Edison (1847-1931) was home-educated by his mother, a trained teacher; his
father had no formal schooling (Josephson, 1992, p. 20). Johnson (1918-2020), a NASA mathematician,
had a mother who was a teacher; her father was a janitor. Her own daughter later also became a NASA
mathematician (Johnson et al., 2021, p. 11-32, 167).



case of using only one parental input—has a one-to-one relationship with the rank-
rank coefficient. Another advantage is that it can be separated into each parent’s pre-
dictive power using a statistical decomposition method (Shapley, 1953; Owen, 1977).

Second, to accurately estimate mobility despite limitations in the historical data,
we use a recently developed latent variable method (Fan et al., 2017). This method
allows us to study rank-rank relationships between parents and children when only
binary proxies of the underlying outcomes are observed. In the historical data, such
binary proxies are common; in our case, literacy provides information about human
capital. The key assumption that this semiparametric method imposes is that the joint
distribution of parent and child outcomes is characterized by a Gaussian copula—
an assumption we discuss in detail. Importantly, the estimator does not rely on a
fixed mapping from literacy to latent human capital: it permits time-varying marginal
distributions and thresholds across cohorts and groups. Therefore, changes in literacy
rates do not mechanically inflate measured mobility. We then extensively validate this
Gaussian copula method using (1) alternative methods that have other limitations but
do not rely on the Gaussian copula assumption, (2) modern datasets (PSID and NLSY)
where we directly observe continuous measures of human capital through cognitive
test scores, and (3) the 1940 census where we observe years of education as a more

continuous outcome to benchmark mobility by state and demographic group.

Our first main finding is that human capital mobility sharply increased over the sec-
ond half of the nineteenth century and the early twentieth century. Over time, parents’
human capital became less predictive of children’s, with mobility (1 — R?) increasing
from 0.3 to 0.65. While both Black and white Americans experienced rising mobility,
the timing differed. Black mobility surged for children born after 1865, coinciding with
the end of slavery, which had previously excluded most from formal education. How-
ever, Black mobility then declined during a time when Jim Crow policies restricted
educational access. In contrast, white mobility only began rising for children born af-
ter the 1890s, aligning with schooling expansions from 1890 to 1910. Our main results
rely on full-count census cross-sections from 1870 to 1930 of 13- to 16-year-olds living
with their parents, allowing us to observe parent and child outcomes jointly without
requiring census linkage.” We thus cover the birth cohorts from 1854 to 1917.

Our second main finding is that mothers play a central role in the intergenerational
transmission of human capital. Mothers” human capital is more predictive of chil-
dren’s outcomes than fathers’, particularly for female and Black children. Although
maternal human capital remained disproportionately important over time, its influ-
ence began to decline for children born after the 1880s. A statistical decomposition

shows that the declining predictive power of maternal human capital fully accounts

2These censuses include formerly enslaved people (from 1870) and record literacy (through 1930).



for the increase in mobility over time. While our main analysis focuses on two-parent
households, we also show that maternal human capital is especially predictive in
single- and widowed-mother households, among mothers who do not work outside

the home, and in families with fewer children.

Observing that the rise in human capital mobility and the declining predictive
power of maternal human capital coincided with a rapid expansion of schooling in
the US, we explore schooling as a key mechanism. Between 1880 and 1900, school
attendance among children ages 6-13 rose from below 60 to over 90 percent, estab-
lishing the US as a leader in public education (Goldin, 2001, 2016). Historians empha-
size that before this transition, parental human capital—especially mothers’—played
a central role in child development (Kaestle and Vinovskis, 1978; Dreilinger, 2021). As
one scholar notes, “[T]he middle-class mother was advised that she and she alone had
the weighty mission of transforming her children into the model citizens of the day”
(Margolis, 1984, p. 13). The expansion of schooling likely reduced reliance on parental
human capital.

Indeed, we identify schooling as a key driver of intergenerational mobility. First, we
document that school attendance strongly correlates with higher human capital mo-
bility over time and across states. Even within the same period and location, groups
with limited schooling were less mobile. For example, as Jim Crow segregation in-
tensified educational barriers for Black children, their mobility declined while white
mobility surged. Examining parental roles separately, we find that mothers” (but not
fathers’) human capital was especially predictive when schooling was low. These find-
ings help explain why maternal human capital was so influential in early US history:
as the primary educators of their time, mothers played a crucial role in shaping their
children’s human capital. Second, to further corroborate this mechanism, we exploit
quasi-random variation in cohorts” exposure to state compulsory schooling laws. In-
strumental variable estimates confirm that expanding formal education was a causal

driver of rapidly rising human capital mobility.

So far, we have focused on mobility in children’s human capital measured while
they still live with parents; to trace these gains into adulthood, we construct one of the
tirst linked panels including women. A key challenge in linking women’s records is
name changes at marriage. We overcome this challenge using Social Security Number
applications, which provide both birth and married names of applicants’ mothers (and
of married female applicants). Using this information, we link 186 million census
records from 1850 to 1950, tracking 42 million unique individuals. The resulting panel

sets a new benchmark for representativeness, particularly for sex and race.

Using this new panel, we document that income mobility rose in tandem with hu-
man capital mobility from the 19" to the 20" century. This evidence uses our new



method to measure mobility based on multiple parental inputs, income and both par-
ents” human capital, and holds across different occupational income proxies. We also
find that daughters tended to be more mobile than sons across the century. Black
Americans were the most mobile group in the decades following slavery, but as Jim
Crow policies intensified after 1890 and human capital mobility declined, they lost this
advantage. By 1920, Black sons had become the least mobile group.

Statistical decompositions suggest that rising mobility in income and human capital
was driven by the declining influence of maternal human capital. In contrast, changes
in the importance of other factors—assortative mating, fathers” human capital, and
income—if anything, worked against this trend.> While intergenerational mobility
theory emphasizes the separate importance of parental human capital and income
(Becker et al., 2018), prior empirical studies focus almost exclusively on income-to-
income transmission. We show that incorporating parental human capital—especially

mothers’—alters conclusions about mobility trends and geographic patterns.

This paper deepens our understanding of how the US became a land of opportu-
nity by documenting rising mobility from the 19t to the 20" century and identifying
a key driver: the spread of mass schooling. Previous studies have documented father-
child correlations (e.g., Abramitzky et al., 2021a; Ward, 2023; Olivetti and Paserman,
2015; Craig et al., 2019; Jacome et al., 2025; Buckles et al., 2023; Durlauf et al., 2024;
Novosad et al., 2024) or used parents” average status (Chetty et al., 2014b; Card et al.,
2022; Chang et al., 2023) but have not assessed mothers’ distinct role in economic trans-
mission. While Espin-Sanchez et al. (2023) infer women’s influence through male rel-
atives using parametric assumptions, our methodology directly estimates women’s
role, overcoming measurement challenges and identifying the mechanisms behind
mobility. We find that maternal human capital was a stronger predictor of child out-
comes than father-based proxies, especially where schooling was limited. As school-
ing expanded, it replaced home education, reducing reliance on maternal human cap-
ital and driving mobility gains. Institutional change has reshaped mobility elsewhere
(Chen et al., 2015), yet evidence for the US had been limited.

Incorporating mothers into mobility studies is particularly important given evi-
dence from other contexts that mothers are key determinants of child outcomes. Moth-
ers spend more time with their children than other adults almost anywhere (Evans and
Jakiela, 2024), and evidence from Scandinavia shows that interventions that improve
maternal health or education have especially large intergenerational effects (e.g., Black
et al., 2005; Holmlund et al., 2011; Lundborg et al., 2014; Abrahamsson et al., 2024;
Bjorkegren et al., forthcoming). Quasi-experimental studies further show that the ben-

efits of schooling during early childhood are largest for children of lower-income and

3Changes in parental assortative mating have a negligible impact on mobility trends.



less-educated mothers (Havnes and Mogstad, 2011; Cascio and Schanzenbach, 2013;
Havnes and Mogstad, 2015; Cornelissen et al., 2018; Rossin-Slater and Wiist, 2020).
These patterns are consistent with our evidence that school expansion spurred mo-
bility by providing education that illiterate mothers could not provide. Using data
from randomly assigned donor children, Lundborg et al. (forthcoming) show that only
mothers” human capital (not fathers’) affects child outcomes, suggesting that mothers’

importance stems from childhood environment rather than genetics (Leibowitz, 1974).

This paper also expands our understanding of women'’s contribution to the econ-
omy throughout US history. Goldin (1977, 1990, 2006) pioneered the effort to study
women’s contributions when their labor force participation rose mid-20t" century (see
also Ferndndez et al., 2004; Olivetti, 2006; Fogli and Veldkamp, 2011; Fernadndez, 2013;
Modalsli et al., 2024). For the era before the rise of female labor force participation,
evidence is largely limited to documenting women’s hours worked in home produc-
tion (Greenwood et al., 2005; Ramey, 2009; Ngai et al., 2024). However, the output of
home production has been difficult to measure. Our results reveal home education of
children as a major contribution to human capital accumulation, even before women’s

large-scale entry into the workforce.

Finally, we construct and make publicly available an extensive and representative
linked panel including women, building on the foundations of previous work. Craig
et al. (2019) and Bailey et al. (2022) expand automated record linkage (Abramitzky
et al., 2021b) for women using historical birth, marriage, and death certificates, but
these are limited to selected states and periods. Buckles et al. (2023) use crowd-sourced
family trees, significantly increasing sample sizes, though with concerns about selec-
tion (Abramitzky et al., 2025). In contrast, we use historical administrative data, achiev-
ing both scale and representativeness.

2. INTERGENERATIONAL DATASETS

This section describes the data we use to study how parental background affects child
outcomes. First, using census cross-sections of children aged 13-16 who live in their
parents” households allows us to analyze the transmission of human capital during
childhood. Second, constructing a representative panel that includes women allows
us to study how parental background affects both human capital and income in adult-
hood. This panel enables future intergenerational research on previously hard-to-

observe relationships, particularly the link between maternal and child outcomes.



2.1 Childhood Outcomes: Census Cross-Sections (1850-1950)

We use full-count census data from 1850 to 1950 (Ruggles et al., 2024a,b), which pro-
vide each person’s socioeconomic characteristics and identify family interrelationships
within households. This allows us to study parent and child outcomes for all chil-
dren who live with their parents without the need for census linkage (for a similar
approach, see Alesina et al., 2021; Nekoei and Sinn, 2021; Card et al., 2022).4 Our
sample comprises children aged 13-16 and parents aged 20-54. In the cross-sectional
analysis, we measure parent and child outcomes using literacy (available 1850-1930)
and years of schooling for validation (available 1940-1950).

Literacy is the main measure we use to estimate human capital mobility. The ability
to read and write enables further learning—a point well-established in the develop-
ment literature (e.g., Romer, 1990; Wofsmann, 2000; Agte et al., 2024). As a skill central
to economic opportunity, it is a key dimension of human capital rather than merely
a convenient proxy. Our literacy-based human capital mobility estimates correlate
highly with educational mobility where both can be measured, further validating lit-

eracy as a meaningful measure of human capital transmission.

2.2  Adult Outcomes: A New Panel that Includes Women (1850-1950)

To measure mobility in outcomes beyond those that can be measured during child-
hood, we next construct a new representative census panel. The lack of suitable panel
data has been a main empirical challenge in including adult women in studies of
long-run intergenerational mobility. We overcome this challenge by combining census
records with historical administrative data from Social Security Number registrations
that contain the birth and married names of millions of women. Using these data, we
link adult men and women in historical censuses (1850-1950) to their childhood cen-
sus records. The result is one of the first historical panel datasets to include women

and one that stands out in its representativeness.

We make this dataset publicly available, expanding the scope for research on in-
tergenerational mobility in American history.” The panel includes millions of mother-
child links constructed using Social Security Number-based linkage—pairs that were
previously difficult to observe at scale. Researchers can now directly test how mothers’
and fathers” human capital separately predict child outcomes, study how these rela-
tionships changed as education expanded, and identify gender-specific transmission
patterns that father-son studies necessarily missed. The data’s scale and represen-

4Between 1850 and 1950, 77% of children aged 13-16 are recorded with both of their parents; 91%
are recorded with at least one parent.
SDataset accessible here: https://github.com/lukasalthoff/data/tree/main/census_links.
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tativeness also enable analyses of heterogeneity across regions, race, and immigrant
groups, uncovering variation essential for understanding when and why maternal hu-
man capital mattered most.

2.21 Historical Administrative Data from the Social Security Administration

FIGURE 1: Social Security Number Application Form

U. S. SOCIAL SECURITY ACT
APPLICATION FOR ACCOUNT NUMBER

John Thomas Smith

(EMPLOYEE'S FIRST NAME) (MIDDLE NAME) (LAST NAME)

4 20 1898 Houston, Texas

(AGE AT LAST BIRTHDAY) (DATE OF BIRTH: MONTH DAY YEAR) (PLACE OF BIRTH)

Matthew J. Smith Sarah Cottrell

(FATHER'S FULL NAME) (MOTHER'S FULL MAIDEN NAME)

spx: mare_X FEMALE coLoR: warrE_X.__ nmoro OTHER

Notes: This figure sketches a filled-in Social Security Number application form. Besides the applicants’
information, the form includes fathers’ names and mothers’ birth names (“maiden names”).

The historical administrative data comprise 41 million Social Security Number (SSN)
applications, covering the near-universe of applicants. For data privacy reasons, only
applicants who died before 2008 are included. The data contain each applicant’s name,
age, race, place of birth, and the birth names of their parents (see Figure 1). Based on
these data, we can derive the birth and married names of millions of women including
all applicants” mothers and a smaller group of female applicants who were married at
the time of application. We sourced a digitized version of these data from the National
Archives and Records Administration (NARA).

The Social Security Number (SSN) system was introduced in 1935 to register em-
ployed individuals, initially excluding the self-employed and certain other occupa-
tions (Puckett, 2009). However, its coverage expanded rapidly—Executive Order 9397
(1943) and the IRS’s adoption of SSNs for tax reporting (1962) extended it to nearly
all individuals.® Importantly, most individuals in our linked sample who experienced
name changes are mothers of SSN applicants, not applicants themselves. This im-
proves our sample’s representativeness, as parents are included regardless of whether
they applied for an SSN themselves, as long as they had at least one child who did.

The SSN data on applicants alone (excluding parents) covers large shares of Amer-

icans born after the 1880s, exceeding 50 percent for those born in or after the 1910s.

®Throughout this period, female applicants made up close to 50 percent (see Appendix Figure E.1).



Coverage further rises from 64 percent for the 1915 birth cohort to 80 percent for 1920,
90 percent for 1935, and nearly 100 percent from 1950 onward (comparing each co-
hort’s births to SSN records; CDC, 2023; SSA, 2023). Including parents extends cover-
age further back.

2.2.2 Linking Method

We use an automated multi-stage linking process to maximize the use of SSN appli-
cation data, building on existing methods (Abramitzky et al., 2021b). This process
involves three stages: linking SSN applicants to census records, linking applicants’
parents to census records, and tracking census records over time (see Appendix E.1).

First, we link each applicant to their census record using a rich set of information:
applicants” and parents’ names, year and state of birth, race, and sex. For those not
matched, we progressively relax criteria to the literature standard, matching appli-
cants’ first and last name (with spelling variations), state of birth, and birth year within
a 5-year band. For married female applicants, we search under both birth and mar-
ried names. Non-unique matches are discarded. Using both applicants” and parents’

names improves match uniqueness.”

Second, we link applicants’ parents to census records. Since SSN applications lack
detailed birth information for parents, direct matching is not possible. However, when
a child’s application is successfully linked to a census record where they reside with
their parents, we can link those parents to that census household. For parents without
a known SSN, we assign a synthetic identifier.

Last, after assigning unique identifiers despite possible name changes, we track
individuals across censuses from 1850 to 1950. While standard or machine learning
methods could expand linkages—particularly for men and never-married women—
we deliberately avoid them. A key strength of our dataset is its ability to trace women
from childhood to adulthood despite name changes. The set of known name changes
is determined by the data and cannot be enhanced with these methods. Moreover,
using different linking techniques for different subgroups would undermine sample
representativeness by applying different criteria to married women than to others.

2.2.3 QOur New Panel

Our panel covers 42 million individuals linked across 186 million census records be-
tween 1850 and 1950. This implies that we trace each person across four census decade

"This approach is effective not only for children but also for adults in multi-generational households,
which accounted for 80-90 percent of Americans during our sample period. While parental names
improve match uniqueness, we also link adults whose parents do not live in the same household.



pairs on average. In our first linking stage, we assign SSNs to 54 million individuals
recorded across censuses,® of whom 42 million enter our panel by being observed in at
least two census decades. Our linking rate of 40 percent among applicants surpasses
the more typical 25 percent of prior studies thanks to the more detailed information
available in the SSN application data, notably parents” and spouses’ names.

FIGURE 2: Coverage and Representativeness of Long-Run Panels (1850-1950)

N
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Notes: This figure compares coverage and representativeness of census panels that cover any 30-year
period between 1850 and 1950 (1850-80, 1870-1900, 1880-1910, 1900-30, 191040, and 1920-50). The
horizontal axis shows the total number of links each panel provides across these periods. The vertical
axis shows the representativeness of each panel, measured as the average absolute standard deviation
from a comprehensive set of population characteristics (listed in Appendix Figure E.2). Americans aged
30+ in the later census serve as the benchmark population. Our sample achieves a smaller average
absolute deviation (0.14) than existing panels (0.23-0.36). Comparison panels include: CLP (men only;
Abramitzky et al., 2020), FamilyTree (generated by online genealogy users) and CensusTree (combines
FamilyTree with MLP and CLP plus machine learning; Buckles et al., 2025), MLP (iterative decade links;
Helgertz et al., 2023), and LIFE-M (OH/NC only; Bailey et al., 2022).

Representativeness. The value of intergenerational datasets depends on how well
individuals linked over long time horizons (childhood to adulthood) represent the
population. We therefore compare the socioeconomic and demographic characteristics
of individuals linked across any 30-year period covered by the census between 1850
and 1950 to those of the full population aged 30 or above in the later census. Our
panel is more representative of the US population than existing datasets (see Figure
2). Across a large variety of socioeconomic characteristics, our linked sample differs
from the benchmark population by 0.14 (absolute) standard deviations on average;
existing datasets range between 0.23 and 0.36.

To provide further details on the representativeness of our panel, we assess differ-

80f the 54 million people identified, 32 million are applicants; 22 million are parents of applicants.
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ences separately across various demographic and socioeconomic characteristics over
different periods (see Appendix Figure E.2). Our sample stands out from other datasets
especially in the dimensions of sex, race, education, and geographic representation.
While we achieve better representativeness across most characteristics, our sample
over-represents married individuals and those with children. These deviations stem
from our linking procedure’s use of spouse and children’s names when available,
which improves match rates for individuals with families. We provide inverse propen-
sity weights to correct for those factors (see Appendix E.2).

Coverage. In addition to its high representativeness, our samples are large, ranging in
size between those of the widely used Census Linking Project (CLP) and datasets that
combine machine learning and vast online genealogy data (CensusTree). A standout
teature of our panel is the inclusion of 9 million women for whom we observe pre-
and post-marriage data. These data allow us to overcome critical limitations to study

the role of women in mobility throughout US history.

More generally, our panel covers large shares of the US population: 2-14 percent
from 1850-1900 and 15-25 percent from 1910-1950 (see Appendix Figures E.3 and E.4).
In comparison, LIFE-M covers 0.2 to 0.7 percent of the census population over the en-
tire period, CLP covers 14 to 18 percent, MLP covers 20 to 42 percent, and the Fam-
ilyTree covers 25 to 44 percent. The CensusTree, which combines several of those

datasets and disambiguates conflicting links, captures between 57 and 71 percent.

Quality. A key concern when it comes to historical census linking is linkage errors,
including false positives—incorrect matches or “type I errors”—and false negatives—
missed matches or “type Il errors” (Abramitzky et al., 2025; Bailey et al., 2020). Our
linking strategy aims to mitigate these errors by combining detailed information from
Social Security applications and census records, and implementing a stringent algo-
rithm to discard ambiguous links (Abramitzky et al., 2021a, 2025).

To assess the frequency of type I errors in our census links, we compute the dis-
agreement across linked census records in variables not used in the linking process.
Specifically, we assess rates of disagreement on a person’s year of immigration, the
share of individuals going from being literate in an earlier decade to being illiterate in
a later decade (assuming that individuals don’t “lose” literacy), and rates of disagree-
ment in parental birthplace (as recalled by the child). The error rates of our data are
lower than those of other datasets that do not explicitly use these variables in their

linking processes (see Appendix Figure E.5).

Beyond the low error rates of our linked data, we also show that our data generally
have high agreement rates with existing linked datasets, typically above 80 percent
(see Appendix Figure E.6). Agreement rates are highest with LIFE-M—a smaller but
high-quality panel that uses vital records in the linking process (Bailey et al., 2022). We

10



also show that a substantial share of the individuals we link across census waves had

not been covered by previous datasets.

3. MEASURING INTERGENERATIONAL MOBILITY
WITH MULTIPLE INPUTS

In this section, we first propose measuring mobility as the share of variance in child
outcomes that cannot be explained by (potentially multiple) measures of parental
background: 1 — R2. Second, we build on a state-of-the-art latent variable method
to estimate 1 — R? from a rank-rank regression when only binary proxies of underly-
ing outcomes are observed (e.g., literacy as a proxy for human capital).” Third, we lay
out a decomposition method to separate the statistical contribution of various inputs

to R? (e.g., the relative contribution of mother’s and father’s human capital).

3.1 A Simple Model of Intergenerational Mobility

We build on standard statistical models of intergenerational mobility where a child’s

economic outcome is a linear function of parental inputs:
rank (Y;) = a + B'rank (Yiparenml> + &, (1)

where rank (Y;) is the percentile rank of outcome of i and rank <Yipare“tal

) isakx1
vector of i’s ranked parental outcomes. Parental outcomes can include information on

mothers, fathers, or both parents.

There are several advantages to the rank-rank approach, which considers mobility
in relative positions in the distribution (Chetty et al., 2014a). First, correlations in ranks
are not affected by changes in the marginal distribution of outcomes which, given the
long time horizon of our study, enhances the interpretability of the coefficients. Sec-
ond, using ranked outcomes ensures that the marginal distributions of mothers” and
tathers” outcomes are identical, so that their contributions can be effectively compared.

This statistical model differs from most previous research by allowing for multiple
parental inputs—most importantly to explicitly incorporate mothers alongside fathers
as contributors to a child’s outcomes. While in this paper we focus on human capital
and income, the model can be extended to accommodate many different inputs includ-

ing parents’ wealth, other relatives” backgrounds, or neighborhood characteristics.

9Note that this “latent variable” approach is distinct from “latent factor” models that posit a single,
persistent underlying parental trait that determines children’s outcomes (e.g. Clark and Cummins, 2014;
Braun and Stuhler, 2018); we neither assume nor test for such a factor.

11



3.2 1— R? as a Measure of Mobility with Multiple Inputs

We propose using the 1 — R? of equation (1) as an intuitive mobility measure that can

account for multiple inputs, summarizing the joint importance of mothers and fathers:

B Yt [@(Yi) - 50]2

N YN [rank (Y;) — 50]? N Variance in child outcomes

R2 _ Variance in child outcomes explained by parents

7

where rank (Y;) is the predicted rank of i from equation (1) and 50 is the average rank

by construction.'!

We argue that the lack of predictability, as captured by 1 — R?, is an intuitive mea-
sure of mobility. In a perfectly mobile society, child outcomes cannot be predicted by
parental background (R?> = 0). In contrast, if child outcomes can be perfectly pre-
dicted by parental background (R? = 1), society is perfectly immobile. Our mobility
estimates capture (lack of) predictability, not causal effects of parental inputs.

Our R?-based measure has a direct relationship with traditional mobility measures—
parent-child coefficients or, most commonly, father-son coefficients (B).!! In Appendix
C.1, we show that in such univariate rank-rank regressions, there is a one-to-one map-

ping between the parent-child coefficient and our mobility measure: R? = B

The advantage of the R?>-based measure is that it can provide an intuitive and eas-
ily interpretable measure of mobility even when considering multiple parental inputs.
We use this advantage to include both mothers” and fathers” outcomes, and to include
multiple dimensions of parental background. Another advantage is that it can be de-
composed into the contributions of individual inputs.

Our approach builds on Nekoei and Sinn (2021), who develop the theoretical foun-
dation for using 1 — R? as a measure of the equality of success conditional on prede-
termined circumstances. While they consider broad circumstances including gender,
race, and place of birth alongside family background, we focus specifically on inter-
generational transmission from parents to children and make three key contributions.
First, we apply this framework to explicitly incorporate both mothers” and fathers’
human capital as separate inputs and decompose their relative contributions. Second,
we develop a latent variable method to estimate rank mobility from binary proxies,
addressing important limitations in historical data. Third, using this framework, we
reveal new insights about the evolution of mobility in US history, particularly the cen-

tral role of maternal human capital and its decline as formal schooling expanded.

0Because the distribution of ranked outcomes is fixed, the variance in outcomes is constant.
N The parent-child coefficient B is the OLS estimate of f: rank (Y;) = a 4 f8 - rank (Yl.parental) +¢;.

12



3.3 Measuring Mobility with Latent Inputs

Our goal is to estimate intergenerational mobility (1 — R?) using ranked variables like
child and parental human capital. However, historical data often provides only sparse
information for key variables, such as binary indicators (e.g., literacy status). This

section outlines our methodology for estimating mobility under these data constraints.

Consider the following rank regression with a single input:

rank(Y;) = a + B - rank(X;) + €; ()

where Y; represents the child’s human capital and X; represents the parental human
capital.!? This is the simplest version of equation (1); section 3.3.4 generalizes this
framework to multiple inputs and provides further formal detail.

3.3.1 Identification Challenge

In our data, we do not observe the continuous human capital measures Y; and X;.
Instead, we only observe binary indicators (literacy status) Y;" and X"

Y;
Xi

10 > 8, ©
1 [Xi > (Sx] 4)

where J, and Jy are unknown thresholds. The rank correlation we aim to estimate
is a function of the copula (a function that describes the dependence structure be-
tween random variables) of the latent variables Y; and X;. However, many copulas
are compatible with the observed distributions of binary indicators. Without further

assumptions, the rank correlation is not identified from the binary data alone.

3.3.2 Gaussian Copula Assumption

We obtain identification by assuming that the joint distribution of the latent variables
follows a Gaussian copula. That is, we assume that there exist unknown monotonic
functions fy(-) and fx(-) such that fy(Y;), fx(X;) ~ N (0,X) with diag(X) = 1.13
The Gaussian copula distribution is commonly used in the statistics literature due to
its flexibility in capturing a wide range of dependence structures, including those in
socioeconomic variables (e.g. Liu et al., 2009, 2012; Xue and Zou, 2012). It sufficiently
restricts the class of possible copulas to resolve the identification problem.

12Both variables are expressed in percentile ranks that range from 0 to 100.
13Because we allow for any monotonic transformation, the assumption that the marginal distributions
have zero mean and variance equal to 1 is without loss of generality.
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Note that this assumption does not impose that the latent variables of interest (e.g.,
human capital) are normally distributed themselves, but relies on a weaker assump-
tion: that there exists some (unknown) monotonic transformation of the latent vari-
ables that is normally distributed. Likewise, the marginal distributions and thresholds
of the observed binary indicators may vary arbitrarily across time and groups. Thus,
shifts in literacy rates do not bias the estimates of human capital mobility.

3.3.3 Identification of Rank Correlations from Binary Indicators

Under the Gaussian copula assumption, p—the correlation between the jointly normal
random variables fy(Y;) and fx(X;)—is identified and can be estimated using the Ken-

dall’s tau correlation coefficient of the observed binary variables:

t= o, L XX =),

1<i<i'<n

Denote Ax = fx(dx) and Ay = fy(dy). Then,

E[] = 2[E(X7Y;") — E(X;)E(Y])]
2 [P{X; > 0y, Y; > 0, } — P{X; > 6 }P{Y; > 6,}] )

=2[®2(Ax, Ay, p) — P (Ax) P (Ay))]-

where ®,(Ax, Ay, p) is the cumulative distribution function of the bivariate standard
normal distribution with correlation p (evaluated at Ax, Ay), and ®(+) is the standard
normal CDF. The last equation in (5) follows from the Gaussian copula assumption
that fx(X;) and fy(Y;) are jointly standard normal.

We can estimate Ay, Ay, and T from the observed binary data and ®,(Ax, Ay, p) is

strictly increasing in p for any Ay, Ay.'* Therefore, ( is the unique solution to

A A

2 [®y(Ax, Ay, p) — @ (Ax) @ (Ay))] = .

The rank correlation of two jointly normal random variables with correlation p is iden-
tified as pr = % sin~! (£). Finally, since ranks are preserved under monotone transfor-
mations, the rank correlation between the non-transformed latent variables Y; and X;
are identical. Thus, R?> = p? of equation (2) is identified. Note that while we identify
rank correlations, the individual ranks themselves are not identified.

14Gee Fan et al. (2017) for the proof. We can estimate Ax (and Ay) from the binary data as Zx =
@ 1(1-X")whereX =Y",X/n.
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3.3.4 Multiple Parental Inputs

Having illustrated the latent variable method with one input, we extend it to multiple

parental inputs. The rank-rank regression of interest is that in equation (1).

We assume that the dependent and independent variables are drawn from a joint
Gaussian copula—i.e., we assume that there exists a set of unknown monotonic trans-
formations f,, f1, -, fy such that fy (Y;), f1(X1i), fr(Xki) ~ N (0, L) with diag(Z) = 1.

Fan et al. (2017) show how to estimate all elements of X even if only binary proxies
of the rank variables of interest are available. For example, let us consider X, the
correlation between fy(Y;) and f1(X;;). We summarize the more formal arguments
by Fan et al. (2017) for three cases. First, that both Y; and X;; are observed. Second,
that only a binary proxy of Xj; is observed, while Y; is directly observed. That is, we
observe only XJ; which is one if Xy; is above an arbitrary cut-off and zero otherwise.

Third, that only binary proxies of each variable are observed.

Case 1: Two rank variables. Fan et al. (2017) show that X1, is an increasing function of
Kendall’s rank correlation coefficient 71,. Therefore, observing the ranked variables is
sufficient to identify >,. Specifically, the “bridging function” between Kendall’s rank
correlation coefficient and %1, is

S, = sin (%le) . ©6)

Therefore, our estimate 3.1, is the sample equivalent of equation (6).

Case 2: One rank variable and one binary proxy. In this case, we observe rank(Y;)
but only the binary proxy Xj;. In such cases, Fan et al. (2017) show that

T, = 4D, <A2, 0, %) —2d (Ay) 7)

where ®(-) is the cumulative distribution function (CDF) of the standard normal dis-
tribution, ®,(u, v, t) is the CDF of a bivariate normal distribution with correlation co-
efficient t, evaluated at u and v. A; is the cut-off value above which the binary proxy
is 1 and can be estimated as Ay = ®~! <1 = YT) where X; = %Z?:l XJ;. As equation
(7) is strictly increasing in 21, (see Fan et al., 2017), X1, is identified as the unique root

of equation (7) where 11, and A; are replaced with their finite sample analogues.

Case 3: Two binary proxies. For two binary proxies, the bridging function is
Ty = 205 (A1, Ay, X1p) — 20 (A1) D (A2). (8)

The right hand side of this equation is increasing in X1,. Since Ay, Ay, and T, can be
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estimated, X1, is identified as the unique root of equation (8) where 115, A1, and A, are
replaced with their finite sample analogues.

The last step of the method is to estimate the parameters and R? of equation (1) from
the pairwise correlations between the underlying random variables that are jointly
normal. First, given two jointly normal random variables with correlation p, the corre-

lation of their ranks (Spearman’s rank correlation p;) is equal to ps = % sin” ! ( £). Let R

: P 1 (% .
be the rank-rank correlation matrix, i.e. R = % sin~! (Tﬂ) foreachl,j=1,...,k+1.
We use that the coefficients and R? in rank-rank regressions are identified from the
rank-rank correlation matrix (again using that the marginal distributions of all ranked
variables are equal). Specifically,

B\ = (ﬁx) - ﬁxy )

where R, is a k x k rank-rank correlation matrix of the independent variables and ﬁxy
is a k x 1 vector of rank-correlations between the independent variable and dependent
variable. & is then computed as Y — E’ X. Similarly, R? is estimated as

R* =R, (ﬁx)_l Ry, (10)

Equations (9) and (10) are numerically equivalent to the rank-rank coefficient vector
and R? in the case without latent variables (for a proof, see O’Neill (2021) and impose
that the marginal distributions of the variables are identical). From equations (9) and
(10), we also see the relation between the slope coefficient and R? in the univariate case
discussed in Appendix C.1.1: 8 = VR2.

Because we anticipate this method to be useful for future research facing similar

data limitations, we developed a Stata command for easy implementation by others.

3.3.5 [Illustration and Validation

Simulated data. We illustrate our method using simulated jointly normal parent-child
data that satisfy the Gaussian copula assumption by construction. After binarizing
the continuous data, our Gaussian copula method accurately recovers rank mobility,
unlike naive OLS (see Appendix Figure D.1; see also Appendix Figure D.2 for a con-
ceptual illustration). This holds even with time-varying cutoffs, such as those induced

by rising literacy rates.

Methods that do not require the Gaussian copula assumption. We validate our ap-
proach using methods free of distributional assumptions and real data, which may not

follow a Gaussian copula. First, Kendall’s tau—a correlation coefficient that under-
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pins our Gaussian copula method—shows the same patterns as our Gaussian copula
approach (see Appendix Figure D.3). A caveat is that these are bivariate relationships
and cannot take both parents into account. Second, normalized R? estimates following
Nekoei and Sinn (2021) account for changes in literacy rates over time, yielding sim-
ilar patterns (see Appendix Figure D.4). Together, these exercises establish that our
tindings do not depend on the Gaussian copula assumption.

Data on years of education. We also validate our literacy-based results against contin-
uous education data. Comparing our latent variable estimates based on 1930 literacy
with standard rank-rank regressions using 1940 years of education, we find the two
are highly correlated across states, sex, and race (0 = 0.85; see Appendix Figure A.1).
Notably, literacy rates in 1930 exceed 95 percent, demonstrating that our method per-

forms well even with extreme cutoffs.

As further validation, we arbitrarily binarize educational attainment ranks in the
1940 census using different and arbitrary cutoffs for children, mothers, and fathers.
Our method’s estimates align closely with those from the original continuous data
(see Appendix Figure D.5).

Data on test scores. Lastly, we validate our method using modern data with contin-
uous human capital measures for parents and children: the NLSY79 and PSID. We
estimate rank mobility from continuous test scores as a benchmark, then binarize at
various thresholds (including extreme ones) and re-estimate using our latent variable
method. Across all cases, our method accurately recovers mobility (see Appendix Fig-
ure A.2). We also conduct this validation separately for each component of children’s

cognitive test scores: reading & verbal, math, and memory (available upon request).

The modern data also allow us to directly test the assumption that human capital
ranks follow a Gaussian copula—a hypothesis we cannot reject for either the NLSY
(p = 0.689) or the PSID (p = 0.194).

Beyond validation at extreme cutoffs, several of our substantive findings also weigh
against the concern that “ceiling effects” might mechanically generate spurious in-
creases in mobility as literacy rates rise. First, Black mobility decreases under Jim Crow
despite literacy continuing to rise. Second, Black Americans” mobility is higher than
white Americans’ despite lower literacy rates. Third, income mobility parallels human
capital mobility, even though literacy rates approach a ceiling while incomes do not.

3.3.6 Complementary Approaches

An alternative approach to handling coarsely measured data is partial identification.
Asher et al. (2024) build on Novosad et al. (2022) and bound conditional expectations
of child ranks given parental ranks in certain bins. The appeal of this approach is that
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it avoids assumptions about joint distributions. However, tight bounds require bin
boundaries near target percentiles; with only a single cutoff (literacy), bounds would
likely be uninformative. Furthermore, the framework is univariate; extending it to
multiple parental inputs would compound uncertainty from each input’s censoring.
Our Gaussian copula method addresses both issues.

3.4 Measuring Individual Inputs’ Contribution to R*

To assess the statistical contributions of parental inputs in shaping child outcomes, we
decompose the overall R? using a method based on Shapley (1953); Owen (1977).

The method defines the contribution ¢; of a set of inputs X; C V to the overall R

p= ¥ = [Rrux-r(r),

TCV-{X;}

where R?(T) represents the R? of regressing the dependent variable (e.g., rank (Y;))
on a set of variables T C V (e.g., V = {rank (Y™other) rank (Yfather)1) and k is the
number of variables in V (i.e., k = |V|). Intuitively, ¢; represents the weighted sum
of marginal contributions that a parent makes to the variation in child outcomes ex-
plained by different combinations of parental inputs. In Appendix C.2, we describe the
decomposition method in more detail and, for the special case of two parental inputs,
provide a closed-form expression for ¢; in (1) in terms of the estimated coefficients and
the correlation between the inputs.

The Shapley-Owen decomposition offers several unique advantages, being the only
method that satisfies three formal conditions defined by Young (1985) and Huettner
and Sunder (2011) that can be summarized as follows:

1. Additivity. Individual contributions to the R? add up to the total R?;

2. Equal treatment. Regressors that are equally predictive receive equal values;

3. Monotonicity. More predictive regressors receive larger values.

4. THE RISE IN HUMAN CAPITAL MOBILITY

This section applies our new methodology to measure mobility with multiple parental
inputs and uncovers a steep rise in human capital mobility across our sample period
(covering birth cohorts from the mid-1850s to 1910s). Parental human capital, espe-
cially mothers’ but not fathers’, became less predictive over time, most rapidly for
Black children early in our sample period and for white children much later.
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4.1 Parental Human Capital and Child Outcomes

We estimate human capital mobility (1 — R?) using a version of equation (1):
rank (h;) = 6 + ymrank (h?‘o"her) + ysrank <hlfather> + 1, (11)

where h is (latent) human capital. We estimate this model using the latent variable
method described in section 3.3, which allows us to infer rank mobility from binary
proxies of human capital. Section 3.3.5 lays out underlying assumptions and provides
validation exercises that demonstrate the method’s ability to recover mobility patterns

in practice.

Census cross-sections of children who reside with their parents allow us to study
human capital mobility without record linkage (see also Alesina et al., 2021; Nekoei
and Sinn, 2021; Card et al., 2022). Specifically, we use such cross-sections to relate
parental background to children’s early life outcomes of literacy and school attendance
at ages 13-16. Within this age range, the likelihood of a child living apart from their
parents is small, minimizing selection into the sample. Our full sample period ranges
from 1870 (the first to include formerly enslaved Black Americans) to 1930 (the last
to include information on literacy). With our focus on children aged 13-16, we thus
cover the birth cohorts between the mid-1850s and 1910s.

Our first set of results reveals rapidly increasing human capital mobility for chil-
dren over our sample period (see panel A of Figure 3). While parental human capital
accounted for 70 percent of variation in child human capital in the earliest cohort (born
in the mid-1850s), it only accounted for 35 percent among children born in the latest
cohort (born in the mid-1910s). This rise in mobility is large in magnitude, exceeding
that of the modern mobility gap between Scandinavian countries and the US.!

We successfully replicate those cross-sectional estimates using our new panel (see
Appendix Figure A.3). We also show that measurement error does not bias our es-
timates by presenting estimates based on a restricted sample where parental literacy

status is consistent across multiple census waves (Ward, 2023).

Second, we document stark racial differences in the evolution of human capital mo-
bility (see panel B of Figure 3). Estimating equation (11) separately by race and sex,
we find that Black children saw a sharp rise in mobility around the time that slav-
ery ended, increasing from the mid-1850s cohort (1 — R?> = 0.34) to the 1880s cohort
(1 — R?> = 0.78). This rise was followed by a decline in mobility. In contrast, white
children’s mobility remained low until around the mid-1890s (1 — R? between 0.44

15The magnitude of this fall in R? corresponds to a coefficient change of /0.7 — 1/0.35 ~ 0.25, larger
than the modern Scandinavia-US gap in income mobility (0.19-0.22 vs. 0.36; Britto et al., 2024).
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FIGURE 3: Human Capital Mobility
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Notes: This figure shows trends in human capital mobility. Panel (A) plots the share of variance in chil-
dren’s (latent) human capital rank unexplained by both parents’ (latent) human capital ranks (1 — R?).
Panel (B) shows those estimates separately by race and sex. We recover rank mobility using informa-
tion on literacy and the latent variable method introduced in section 3.3. Results are based on census
cross-sections of children ages 13-16 in their parents” household. Both panels include bootstrap 95%
confidence intervals. Appendix Figure D.6 benchmarks our estimates with those of previous work.

and 0.58) and then surged after 1900, with magnitudes mirroring the earlier gains of
Black children in the 1870s and 1880s. By the mid-1910s cohort, white children’s mo-
bility had surpassed that of Black children for the first time since the Civil War.

Those mobility patterns align with broader historical shifts. Under slavery, most
Black Americans were denied formal education and remained illiterate. After emanci-
pation in 1865, Black Americans’ literacy surged for the first time in generations, con-
sistent with the rise in human capital mobility. However, beginning in 1877, Southern
states imposed new restrictions on Black education. In the Jim Crow South, school
access declined, school years shortened, and quality deteriorated (Card and Krueger,
1992; Althoff and Reichardt, 2024). This persistent lack of high-quality education may
explain why Black human capital mobility declined after the 1870s, diverging from the
rising mobility of white Americans. White children saw rapid expansions in school-
ing, especially in the South. Around 1900, the share of children not in school fell from
one-third to 10 percent within a decade (see Appendix Figure A.4). This surge in for-
mal schooling likely contributed to the sharp rise in white Americans’ mobility.

Lastly, while our analysis so far has focused on two-parent families, we also assess
human capital mobility across family types (see Appendix Figure D.7). Single parents
have greater predictive power than those in two-parent families, likely due to undi-
vided parental responsibilities. However, single fathers’” predictive power remains
below that of mothers in two-parent families. Working mothers are less predictive
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of child outcomes than non-working mothers, possibly reflecting differences in time
spent with children. A larger number of siblings is also associated with lower pre-
dictive power of mothers, possibly due to weaker human capital transmission when

resources are shared across multiple children.

4.2 Drivers of Changing Human Capital Mobility

We next assess the drivers of changing mobility in more detail, focusing on the role
of maternal versus paternal inputs. First, we separate mothers” and fathers’ contribu-
tions to predicting children’s human capital using the Shapley-Owen decomposition
described in section 3.4 (see Appendix Figure D.8 for an illustration of the method).

Second, to understand how the changing role of mothers” and fathers’ contributions
affected the evolution of human capital mobility over time, we separate our mobility
measure into multiple components and analyze their individual contributions. Specif-

ically, we decompose R? in equation (11) into
R% = B2, + B2 + 2BuP P g (12)

where p,, ¢ is the correlation between mother’s and father’s human capital—a measure
of assortative mating. We provide a more general decomposition of R? in rank-rank
regressions with an arbitrary number of independent variables in Appendix C.1.2. Us-
ing this decomposition, we compute the (statistical) counterfactual R? holding a given
parameter constant over time. For the remainder of our analysis, we omit pre-1880
censuses (children born before the mid-1860s) because they lack data on schooling—a
key driver of interest—and earlier ones exclude enslaved people. Thus, our main sam-
ple going forward comprises the 1880 to 1930 census cross-sections of children aged
13-16 who live with their parents (i.e., mid-1860s to 1910s birth cohorts).

Our first result is that mothers” human capital tends to be a stronger predictor than
fathers” human capital (see Appendix Figure D.9). This is particularly true for female
and Black children, with maternal human capital accounting for up to 70 percent of
parents” overall predictive power. This finding is consistent with narratives of moth-
ers’ key role as educators, especially where formal schooling was not universal, and
previous evidence by Olivetti et al. (2018), who find similar gender-specific transmis-
sion from paternal and maternal grandparents to their grandsons and granddaugh-
ters.'® Mothers’ disproportionate influence on daughters and Black children aligns
with the historical lack of access to educational resources for these groups (Kober and
Rentner, 2020). For daughters, it could also suggest the presence of gender-specific

16For socio-emotional skills, transmission also tends to be stronger via mothers (Attanasio et al., 2025).
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FIGURE 4: Changing Role of Mothers as Driver of Rising Mobility
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Notes: This figure shows the results of decomposing changes in human capital mobility over time via
equation (12). We decompose mobility (1 — R?) into its components and compute (statistical) coun-
terfactual mobility by holding a given parameter constant over time. We recover human capital rank
transmission using information on literacy and the latent variable method introduced in section 3.3.
Results are based on the census cross-section of children ages 13-16 in their parents’ household.

role model effects (e.g., Bettinger and Long, 2005; Olivetti et al., 2020).

Our second result is that the rise in human capital mobility over time is fully ac-
counted for by the large but declining role of maternal human capital, Bm (see Figure
4). Specifically, mobility would have decreased, had it not been for the weakening link
between child and maternal human capital. In contrast, changes in the role of father’s
human capital B ) barely affected mobility trends. Changes in assortative mating also
did not have a significant impact (see Appendix Figure D.10).

In addition to driving trends in human capital mobility over time, including moth-
ers significantly alters conclusions about the geography of mobility (see Appendix Fig-
ure A.5). Using our latent variable method, we compare rank mobility estimates based
on father-child transmission to those incorporating both parents. The largest shifts oc-
cur in the South, where maternal human capital likely played a greater role in shaping
child outcomes due to the region’s scarcity of schools, while the Northeast remains
largely unchanged. Indeed, we document a strong negative correlation (o = —0.85)
between schooling and the additional predictive power gained by incorporating moth-
ers. These findings highlight the limitations of a father-centered approach to studying
intergenerational mobility.

Note that this section’s two decomposition methods serve distinct purposes: at-
tribution versus counterfactual analysis. The Shapley-Owen method solves the at-
tribution problem, separating predictability across parental inputs using established
fairness principles. It takes into account that mobility depends on an interaction term

due to correlations in parental inputs (see Appendix C.2.2). Simply comparing B, to
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B £ ignores this joint contribution entirely. Our second decomposition, holding one
of the coefficients in equation (12) constant, instead produces meaningful statistical
counterfactuals, isolating a specific transmission mechanism. Holding Shapley values
constant would not be useful for isolating transmission mechanisms because each par-
ent’s Shapley value depends on both parents” coefficients plus their correlation. The
methods coincide only when p,, r = 0: the interaction term vanishes, Shapley values

equal squared coefficients, and holding either constant yields identical results.

5. MOTHERS, SCHOOLS, AND
HUMAN CAPITAL MOBILITY

The previous section shows that mothers” human capital was more predictive of child
outcomes than fathers” and that the changing role of maternal human capital accounts
for trends in human capital mobility. This section focuses on the mechanism of rising
mobility and mothers’ role as educators of their children. We first show that maternal
human capital was especially predictive where schooling was limited. As schooling
expanded, mobility increased. Using variation in state compulsory schooling laws, we
corroborate the expansion of formal schooling as a causal driver of reduced reliance

on maternal human capital, driving gains in human capital mobility.

5.1 The Historical Role of Maternal Human Capital

Historians have highlighted mothers” important role in educating their children in the
19th century (Kaestle and Vinovskis, 1978; Margolis, 1984; Dreilinger, 2021). Prior to

9th and

public schooling becoming universal outside the Northern states in the late 1
early 20t centuries, parental home education was central for children’s human capi-
tal development. Even children who were enrolled in school in the late 19" century

attended school less than four months a year on average (Dreilinger, 2021).

Women bore most of the responsibility to educate children in the home during the
19th century. This was a time marked by women’s specialization in home production
and a scarcity of public schools. Initially, in the early agrarian phase of US history,
both men and women engaged in home production. However, the first industrial rev-
olution (around 1790-1830) ushered in factory work, especially among men, leading
home production to be increasingly done by women (Boydston, 1990). Consequently,
women became central educators (Kaestle and Vinovskis, 1978; Margolis, 1984).

Mothers’ pivotal role as home educators gained recognition from contemporary in-

tellectuals, who advocated for its professionalization. “The mother forms the character
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of the future man,” Catharine Beecher, a famous American educator, wrote (Beecher,
1842). “The mother may, in the unconscious child before her, behold some future
Washington or Franklin, and the lessons of knowledge and virtue, with which she is
enlightening the infant mind, may gladden and bless many hearts,” the Ladies” Mag-
azine wrote (cited in Kuhn, 1947).

Along with the increased recognition of mothers’ role in educating children, a sub-
stantial body of guidance was developed to equip women for this responsibility. Beecher
wrote: “Educate a woman, and the interests of a whole family are secured.” Some even
viewed home education as superior to formal school education. The “family school”
may “do more towards teaching the young what they ought to know, than is now done
by our whole array of processes and instruments of instruction” in schools, William
Alcott, another American educator, wrote (cited in Kuhn, 1947).

This historical context yields a testable prediction: where formal schooling was
limited, maternal human capital should be especially predictive—and as schooling
expanded, that dependence should weaken.

5.2 Schools and the Rise of Human Capital Mobility

While the share of children attending school rose rapidly in the late 19" century, the
spread of schooling was also highly unequal. Specifically, Black children and girls
were slower to gain access than white boys. “When public schools did open up to
girls, they were sometimes taught a different curriculum from boys and had fewer op-
portunities for secondary or higher education” (Kober and Rentner, 2020). Similarly,
schools for Black children had drastically lower quality than schools for white children
(Card and Krueger, 1992; Althoff and Reichardt, 2024).

We first document a strong correlation between human capital mobility and school
attendance across both time and place (see Figure 5). In 1870, school attendance var-
ied widely by state, race, and sex. Children with the lowest school access were also
the least mobile, with parental human capital explaining 70 percent of the variation
in child human capital. In contrast, among children with the highest school atten-
dance, parental human capital accounted for only 40 percent of the variation. By 1930,
schooling had expanded significantly, yet mobility remained closely linked to remain-
ing disparities in education.!” As schooling approached universal levels, human cap-
ital mobility also neared its peak. The reduced influence of parental human capital
with improved public schooling aligns with previous evidence showing that equal-

izing school resources can reduce disparities in mobility (Meghir and Palme, 2005;

7This also confirms that our latent variable method based on literacy captures meaningful patterns
in human capital mobility, even when literacy rates are high, as in 1930.
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FIGURE 5: Schools and the Rise of Human Capital Mobility
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Notes: This figure shows the relationship between local school attendance and human capital mobility
by state over time (1870 and 1930). Schooling is measured as a state’s share of children in school at
ages 6-13. Mobility is measured as the share of the variance in a child’s (latent) human capital rank
left unexplained by parents’ (latent) human capital ranks (1 — R?) across cohorts and states. We recover
rank mobility using information on literacy and the latent variable method introduced in section 3.3.
The size of each state’s bubble is proportional to its population.

Pekkarinen et al., 2009; Aghion et al., 2023; Biasi, 2023; Schmick and Shertzer, 2024).

Second, we find that mothers, but not fathers, were more predictive of child out-
comes in areas with limited schooling (see Figure 6). Maternal human capital alone
explains almost 40 percent of variation in child human capital when schooling is min-
imal, consistent with mothers” importance in home schooling, and around 20 percent
when it is universal. Conversely, fathers” contribution was lower and showed no cor-
relation with schooling. In fact, the contributions of mothers and fathers were compa-
rable only when schooling was near-universal.

Our analysis reveals an even stronger correlation between schooling and human
capital mobility when refining our measure of schooling to reflect children’s daily at-
tendance. By collecting data on state-specific school ages, enrollment, attendance, and
term lengths from all annual Census Statistical Abstracts published between 1870 and
1920, we calculate the percentage of children aged 6 to 16 attending school on any
given day within each state. This measure shows that disparities in schooling explain
nearly 60 percent of the variation in mothers’ contributions to human capital transmis-
sion in 1880 (see Appendix Table B.1). Conversely, we observe no correlation between
fathers” contributions and schooling. Across all years, school resources can account
for 40 to 80 percent of the variation in human capital mobility across regions and race
(see Appendix Figure D.11).

25



FIGURE 6: Dependence on Maternal Human Capital Before Universal Schooling
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Notes: This figure relates local school attendance to parental contributions to child human capital. Pan-
els A and B respectively show mothers” and fathers’ contributions to the overall R? using the Shapley-
Owen method. We compute the share of the variance in a child’s (latent) human capital rank explained
by parents’ (latent) human capital ranks (R?) across cohorts and groups. We recover rank mobility using
information on literacy and the latent variable method introduced in section 3.3. Each dot represents a
group of children born in the 1870s, categorized by race, sex, and state. Sample size weights are applied.
Schooling is determined by the race- and sex-specific share of children aged 6-13 in school.

To provide further evidence on schools’ role in shaping human capital mobility,
we leverage the staggered implementation of compulsory schooling laws across US
states post-1913 (Acemoglu and Angrist, 2000; Goldin and Katz, 2008; Stephens and
Yang, 2014). We instrument a state’s share of children in school (by sex and race)
with the number of years a child was exposed to compulsory schooling (see Appendix
Table B.2). A strong first stage (F = 35.5) confirms that compulsory schooling laws
significantly increased school attendance. Our IV estimates reveal a substantial rise in
human capital mobility caused by the introduction of these laws. We interpret this as
evidence that increased access to schooling led to a fundamental shift in the primary

source of human capital from parents to formal schooling, which was instrumental in
boosting human capital mobility.

In sum, our results suggest that broadening schooling in the late 19t and early
20* century contributed to increasing intergenerational mobility in human capital.
The increase in mobility was driven by a declining role of maternal human capital
as schools substituted for home-education. The critical role of schools in increasing
intergenerational mobility is consistent with Card et al. (2022) who show that state-
level school quality is correlated with higher educational upward mobility in the 1940
census, and with more modern work on the role of education in intergenerational
mobility (Chetty et al., 2020; Barrios Ferndndez et al., 2024; Zheng and Graham, 2022;
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Black et al., 2023).

6. INCOME MOBILITY & PARENTAL HUMAN CAPITAL

Having established that human capital mobility increased over time, we now focus
on income mobility. Unlike childhood literacy, which we can study in cross-sections,
income is observed only later in life, so this section relies on our new linked panel.
We find that income mobility increased: parents” income and human capital became
jointly less predictive of their children’s income. Similar to the findings on human
capital mobility, the decreasing predictive power of maternal human capital accounts
for the rise in income mobility.

6.1 Income Mobility Accounting for Parental Human Capital

FIGURE 7: The Rise in Income Mobility
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Notes: This figure shows trends in income mobility. Panel A plots the share of variance in children’s
household income rank unexplained by their parents’ income and (latent) human capital (1 — R?). The
dashed line repeats the estimates of human capital mobility from Figure 3. The panel includes bootstrap
95% confidence intervals, though sometimes too narrow to be visible. Panel B decomposes changes in
mobility into contributions from mothers” human capital (B), fathers” human capital (8 ¢), and parental
income (B,), with counterfactual mobility estimated assuming each factor remained constant; see equa-
tion (14). We recover rank mobility using information on literacy and the latent variable method intro-
duced in section 3.3. Income is measured by the LIDO occupational score (Saavedra and Twinam, 2020),
residualized by age. Appendix Figure D.12 shows income mobility based on alternative occupational
measures. Results are based on our new panel with sample weights (Appendix E.2).

We account for both parental income and human capital by measuring intergener-
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ational income mobility as the 1 — R? in the following version of equation (1):

rank (inc;) = « + Bprank <incfarents) + Brank (h?other> + 5frank (hgather) T,
(13)
where inc is household income and £ is (latent) human capital. We measure income as
the household head’s LIDO occupational income score (Saavedra and Twinam, 2020).
Literacy serves as a binary proxy for latent human capital. We estimate this model
using the latent variable method described in section 3.3 and our new representative

panel dataset described in section 2.2.3.'8

Including parental human capital alongside income in measures of mobility has
both theoretical and empirical motivations. First, theories of intergenerational mobil-
ity emphasize that parental human capital not only affects parents” ability to invest
in their children monetarily but also directly shapes their children’s human capital,
thereby independently influencing children’s outcomes (Becker et al., 2018; Cholli and
Durlauf, 2022). Empirically, incorporating parents” human capital can help measure
parental background more accurately. Increased accuracy is particularly important
in the historical context where US data lack detailed economic measures, which has

forced researchers to almost exclusively focus on occupational income scores.

Our estimates suggest that income mobility rose in tandem with human capital
mobility through our sample period (see panel A of Figure 7). The share of variation
in household income scores explained by parental income scores and human capi-
tal dropped from 20 percent to 13 percent between the 1870 and 1920 cohorts. We
show that including daughters and incorporating parental human capital are both im-
portant for accurately documenting this rise, contrasting with traditional father-son
comparisons (see panel A of Appendix Figure D.12). Consistent with the rise in hu-
man capital mobility and the role of schooling documented in the previous section,
we find that parental human capital was especially predictive of the child’s income
before widespread schooling. These results are also consistent with a literature that
links school access to income mobility (Mitnik, 2020; van de Werfhorst, 2024).

Our mobility estimates are robust to alternative measures of occupational status
(see panel B of Appendix Figure D.12). A key challenge in historical mobility analysis
is the large share of farmers, for whom occupational income scores mask economic
heterogeneity. Following Song et al. (2020), we construct human capital-based occu-
pational rankings by computing average literacy rates and education levels for each
occupation, birth cohort, race, and region using census data from 1850 to 2010. Assign-
ing individuals cohort-specific percentile ranks based on these averages yields mobil-

18Note that this method identifies the parameters in equation (13), but not individual ranks.
YWhile we follow those theoretical arguments in this paper, in principle nothing precludes the addi-
tion of more factors and variables. Indeed such extensions could be valuable for future research.
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ity estimates nearly identical to our baseline results. We also find similar trends using
traditional occupational income scores that do not account for sex, race, age, or region
(“occscore”). Finally, we confirm that the observed rise in mobility is not driven by
differences in age at measurement; restricting the sample to children observed at ages
20-29 yields even stronger mobility trends (see Appendix Figure D.13).

To understand the drivers of increasing intergenerational mobility, we decompose
our mobility measure into multiple components and analyze their individual contri-
butions. In particular, we decompose R?in equation (13) into

R? = B% + Bizﬂ + :B? +2 (:gpgmpp,m + Epgfﬁplf + BmlB\prmlf> (14)

where pp,m, pp,r, and Py, s are the correlations between parental income and mother’s
human capital, between parental income and father’s human capital, and between
mother’s and father’s human capital (see Appendix C.1.2). The latter correlation, p,, ¢,
is a measure of assortative mating based on human capital. Using this decomposition,

we compute counterfactual mobility holding a given parameter constant over time.

Our decomposition shows that the evolving role of maternal human capital (Em)
accounts for the rise in intergenerational income mobility over time (see panel B of Fig-
ure 7). Specifically, mobility would have decreased without the changing coefficient of
maternal human capital. The importance of father’s human capital (E ) did not affect
mobility significantly. Without changes in the predictive power of parental income
(B\p) mobility would have increased even further. The rise in Ep aligns with decreas-
ing income mobility in previous research (Ferrie, 2005; Long and Ferrie, 2013; Feigen-
baum, 2018; Song et al., 2020). However, we find that the focus of that research on
income alone masked important changes in the role of parental background in shap-
ing the outcomes of children (see also Ward, 2023, who documents that accounting for

measurement error also reverses the trend).

In contrast to the slope coefficients ( E), none of the correlations between parental in-
puts (p)—including assortative mating—had a significant impact on R? (see Appendix
Figure D.14). For instance, while patterns in assortative mating decreased before 1880
and remained constant after (see Appendix Figure D.15), these changes played a neg-
ligible role for intergenerational mobility.

We also document that the predictive power of parental background varies across
children of different sex and race (see Appendix Figure D.16). Daughters are generally
more mobile, with the share of variation in household incomes explained by parental
background sometimes being half that of sons. White sons are least mobile, with 10
to 14 percent of variation in household incomes linked to parental background. Black

sons are more mobile than white sons; Black and white daughters are the most mobile
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groups. It is important to recognize that high within-group mobility does not imply
high mobility within the general population; and that mobility does not necessarily
equate to upward mobility (Jacome et al., 2025; Buckles et al., 2023).

Last, having extensively validated our latent variable method for human capital
mobility in previous sections, we separately validate it for income mobility. In par-
ticular, we identify equation (13) using data from the NLSY79 as well as the PSID,
where continuous measures of mother’s and children’s human capital are observed.
Using this data, we compare the estimated 1 — R? after binarizing originally continu-
ous AFQT scores using a range of rank cutoffs with the 1 — R? as estimated by OLS
on the continuous variables. We find that regardless of the position in the distribution
where the AFQT score is binarized, the latent variable method accurately estimates
mobility (see Appendix Figure D.17).

Overall, the results based on income mirror those based on human capital: mobil-
ity increased from the 19t to the 20t century, and this rise is tied to the declining
predictive power of maternal human capital as schooling expanded. We conclude by
discussing what these patterns imply for how mass education shaped the US as a land

of opportunity.

7. CONCLUSION

This paper examines the evolution of intergenerational mobility in the US from the
19t to the 20t century, highlighting the role of maternal human capital and the ex-
pansion of mass schooling. We introduce a new measure of mobility that incorporates
both parents” human capital, develop a latent variable method to estimate mobility
despite historical data limitations, and construct a representative linked panel that in-
cludes women despite name changes. Our results reveal that human capital mobility
rose sharply over this period, driven by a declining reliance on maternal human cap-
ital, which had been most predictive of child outcomes before widespread schooling.
As schooling expanded, it replaced home education, weakening the intergenerational
persistence of parental human capital and driving gains in both human capital and

income mobility.

Our findings highlight that high intergenerational mobility in the US is not guaran-
teed—it depends on the public provision of schooling. Historically, mass education
played a key role in weakening the reliance on parental human capital, allowing mo-
bility to rise. Access to quality schooling especially benefits children of less-educated
parents, whose disadvantage cannot be easily offset by parental income or wealth
(Loken, 2010; Borra et al., forthcoming). These findings emphasize the continued im-
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portance of public investment in education, particularly for children from disadvan-
taged backgrounds (Goldman et al., 2023).

While schooling played a central role in reducing reliance on parental background,
parents likely remained critical in shaping children’s early human capital, even as for-
mal education expanded. Theories of skill formation emphasize the complementarity
between early parental investments and later schooling (Heckman, 2000, 2006; Cunha
and Heckman, 2007; Becker, 2009; Cunha et al., 2010). This dynamic complementarity
between early parental inputs and later education points to a lasting importance of

family background in determining children’s long-term outcomes.

There are several promising avenues for future research. First, our measure of
parental background aligns closely with theoretical models emphasizing the distinct
roles of parental human capital and income in shaping mobility. However, future
work could extend this framework by incorporating additional parental factors such
as wealth, occupation, or social networks. Second, given the well-documented im-
portance of neighborhood environments in shaping mobility (e.g., Chetty et al., 2016;
Chetty and Hendren, 2018), future research could use our R2?-based measure to incor-
porate geographic and institutional factors alongside family background. Third, an-
other avenue for future work would be to assess changes in maternal transmission of
economic outcomes over the 20" century, especially amid rising female employment
(Goldin, 1977, 1990, 2006; Olivetti, 2014) and single-motherhood (Althoff, 2023).

Lastly, we make our new panel dataset publicly available to facilitate future work
on the role of women in shaping US history. Future researchers may find this dataset
helpful to reevaluate questions that require panel data but have been studied exclu-

sively for men, as well as to consider new questions that focus specifically on women.
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APPENDIX

A. APPENDIX FIGURES

FIGURE A.1: Validation of Latent Variable Method via Rank Mobility in Educational
Attainment by State, Sex, and Race
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Notes: This figure compares estimates of human capital mobility based on 1930 literacy data and our
Gaussian copula method introduced in section 3.3 with estimates of educational mobility based on 1940
educational attainment and standard rank-rank regressions. Estimates are separate by state, sex, and
race, each bubble’s size corresponding to the groups sample size. All results are based on the census
cross-section of children ages 13-16 in their parents” household.
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FIGURE A.2: Validation of Latent Variable Method via Arbitrary Binarization of
Continuous Test Scores
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Notes: This figure shows the accuracy of the latent variable method in estimating equation (11) in the
NLSY79 and the PSID. Dashed lines represent the estimated 1 — R? on the observed continuous cog-
nitive test measures. The solid lines represent estimates after binarization of the mother’s and child’s
score, using varying cutoffs for the child and the median for the mother’s cutoff. Shaded areas are 95%
bootstrapped confidence intervals. In the NLSY, mothers’ cognitive test scores are the Armed Forces
Qualification Test (AFQT); for children we use the average across scores for reading recognition, read-
ing comprehension, math, vocabulary, and memory. In the PSID, mothers’ cognitive test scores are the
passage comprehension test; for children, we use the average across scores for letter word identifica-
tion, applied problems, and broad math.
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FIGURE A.3: Human Capital Mobility With vs. Without Measurement Error
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Notes: This figure compares baseline estimates of human capital mobility with estimates from our panel
data before and after minimizing measurement error through restricting our sample. The restricted
sample includes only individuals whose parents can be linked across census waves with literacy in
agreement, following the approach in Ward (2023). Panel (A) shows father-child mobility and panel (B)
shows mobility including both parents.

FIGURE A.4: The Rise of Mass Schooling
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Notes: This figure shows the share of children aged 6-13 who attend school across time. We account for
the fact that in 1850 and 1860, enslaved children (not recorded in the census) could not attend school.
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FIGURE A.5: Human Capital Mobility Before vs. After Incorporating Mothers
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Notes: This figure shows the share of the variance in a child’s (latent) human capital rank left unex-
plained by their (1) father’s or (2) father’s and mother’s (latent) human capital rank (1 — R?) across
states. States with above-median changes are displayed in red. Each estimate is the average mobil-
ity (1 — R?) across the census cross-sections from 1870 to 1930 of children aged 13-16 in their parents’
household. We recover human capital rank transmission using information on literacy and the latent
variable method introduced in section 3.3.
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B. APPENDIX TABLES

TABLE B.1: Mothers & Schools—Robustness to Measures of Schooling

‘PMother 4)Father ‘PMIggher (PMother (PFather %
Baseline measure of schooling -0.18***  0.04 -0.20***
(0.03) (0.05) (0.03)
Refined measure of schooling -0.47*** 015 -0.58***
(accounts for attendance, term lengths, etc.) (0.08) (0.11) (0.10)
R? 0.39 0.02 0.51 0.37 0.04 0.57
Observations 133 133 133 128 128 128

Notes: This table shows the relationship between local schooling and parents’ contributions to child
human capital. Columns 1-3 (baseline) contain the results from Figure 6. For this baseline, schooling
reflects the race- and sex-specific share of children aged 613 in school according to the 1880 census.
Columns 4-6 show that these results are even stronger when we use an alternative measure of school-
ing. For this measure, we newly digitized data on state-specific school ages, enrollment, attendance,
and term lengths from the Census Statistical Abstracts. From these data, we compute the average like-
lihood of attending school on any given day in the year between ages 6-16, specific to each state. These
data are incomplete for Arkansas and Wyoming, leading to slightly lower sample sizes. *** p < 0.01, **
p <0.05*p <0.1.

TABLE B.2: Mothers & Schools—Impact of Mandatory Schooling Laws

Outcome: Pynother

OLS v OLS v

IV: Schooling via -0.23**  -0.92%**  -(0.73%*  -0.92%**
compulsory schooling laws (0.04) (0.22) (0.18) (0.22)

Cohort Fixed Effects Y Y Y Y
Sample restricted to 1920-1940 N N Y Y
F-statistic - 35.52 - 35.39
R? 0.47 - 0.38 -
Observations 1,049 1,049 465 465

Notes: This table presents OLS and instrumental variable (IV) estimates of the relationship between
schooling and mother’s contribution to child human capital. The outcome variable is mother’s Shapley
contribution to R?. In columns 2 and 4, schooling is instrumented by years of exposure to compulsory
schooling laws. Columns 3 and 4 present estimates for a restricted sample (1920-1940) to ensure results
are not driven by zeros for the instrument before the first laws are recorded in the 1910s. Standard
errors are in parentheses and are clustered at the state-cohort level. All specifications include cohort
fixed effects. The F-statistic reported for the 2SLS estimations is the Kleibergen-Paap Wald F-statistic.
*p <0.01, " p <005 *p <0.1.
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C. ONLINE METHODS APPENDIX

C.1 Relation Between R? and Coefficients

C.1.1 One Input

In a linear regression with a single explanatory variable, Y; = a + BX; + ¢;, the coeffi-
cient B and the R? are defined as follows:

B = cor(X,Y)- :2;83 (15)
Var(X
R? = cor(X,Y)? = B*- V*’%EY; (16)

where cor(X, Y) is the correlation between Y and X and Var(Y) is the variance of Y;.

Rank-rank coefficients. Rank-rank coefficients are a popular measure of mobility. By
construction, quantile-ranked outcomes share the same distribution. Therefore, if both
Y and X are outcomes in quantile-ranks, we have Var(Y) = Var(X) so that RZ = p2.

Intergenerational elasticity coefficients. Intergenerational elasticities are another com-
mon measure of mobility. Such elasticities are estimated in a regression of log (Y) and
log (X) where Y and X are a child and a parent’s outcome, respectively. Such an elas-
ticity is equal to VR if and only if Var (log(Y)) = Var (log(X)). A sufficient condition
for these variances to equate is that the marginal distribution of children’s outcomes
are a shifted version of that of the parents, i.e. Y ~ bX for some b > 0.

C.1.2 Multiple Inputs

In a multivariate linear regression, Y; = a + 1 X;1 + - - - + BrX; x + ¢, the R? depends
on B1, ..., Bk and the variance-covariance matrix of the explanatory variables:

k - _ AN AN
, Var(TaBiXi)  Th BVar(X) + 255 T BiBiCov (X, X))

Var(Y) Var(Y) A7)

Rank-rank coefficients. Again, using that quantile-ranked outcomes share the same

distribution by construction—i.e., Var(Y) = Var(X;) Vj=1,..., k—we obtain
2 £ 72 £
R Z.Zﬁﬂrz. Z iBi0j,1 (18)

where p; is the correlation between X; and X;.
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C.2 Shapley-Owen Decomposition of R?

The Shapley-Owen decomposition of R? (Shapley, 1953; Owen, 1977) provides a way
to quantify the contribution of each independent variable to a model. The method
was introduced in cooperative game theory as a method for fairly distributing gains
to players. It has been used more recently as a way to interpret black-box model pre-
dictions in machine learning (Redell, 2019; Lundberg and Lee, 2017), as well as in some
economics research on inequality (Azevedo et al., 2012; Fourrey, 2023).

For a given set of k vectors of regressors V = {X3, X, ..., X}, we create sub-models
for each possible permutation of vectors of regressors.

The marginal contribution of each vector of regressor X; € V is:

A= Y [RZ(T U{X;}) - Rz(T)}

TCV—{X;}

where R?(T) represents the R? of regressing the dependent variable on a set of vari-
ables T C V (e.g., V = {Yymother yfather}) The marginal contribution gives us the sum
of the contributions that the vector of regressors X; makes to the R? of each sub-model.
Then, the Shapley-value ¢; for the vector of regressors X; is obtained by normalizing
each marginal contribution so that they sum to the total R-squared:

=11 (19)

where k is the number of vectors of regressors in V' (i.e., k = [V). Each ¢; corresponds
to the goodness-of-fit of a given vector of regressor, summing up to the model’s total

R2. Using this method, perfect statistical substitutes receive equal Shapley values.

C.21 Example with Two Inputs

Table C.3 shows an example for the Shapley-Owen decomposition of the R? for the
case of two parental inputs, omitting their interaction. We add variables at every col-
umn, leading up to the full two-parent model containing the outcomes of both fathers
and mothers. Note that the individual parental contributions (i.e., Shapley values)
sum up to the total R? of 0.25 in the two-parent model. In this case, mothers account
for 64 percent of the variation in child outcomes explained by parental background.

C.2.2 Unpacking the Shapley-Value with Two Inputs

To better understand what the Shapley-value for each parental input comprises, we

express it as a function of regression coefficients, variances, and covariances in the
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TABLE C.3: Example of Shapley-Owen Decomposition

Empty Model = One-Parent Model = Two-Parent Model Marginal Contribution (4;)
Regressors R? Regressors  R2 Regressors R? Father Mother
@ 0.0 Father 0.08 Father, Mother 0.25 0.08—0=0.08 0.25—0.08=0.17
@ 0.0 Mother 0.15 Father, Mother 0.25 025-0.15=0.10 0.15—0=0.15

Shapley Value (¢;) 008L0.1 — 0.09 0174015 — 0.16

two-input case. Let ¢; be one parent’s Shapley value—i.e., the contribution that the
parent’s input makes to the overall R? when regressing child outcomes on both par-
ents’ inputs. Applying equation (19), we have

po= 5 (R, X)) ~ R({Xa}) + R¥({X1}) - R({2}))

Further, using equation (17), we have

b Al

where E% umiv 18 the coefficient on mothers” input in a univariate regression and B%

Var(X1)

E% +1/B\%,univ] VIZT’( ) + [,/3\22 +;/B\22,univ} Var(XZ) B1p COU(XI, XZ)) s

Var(y) PP ()

the coefficient on mothers’ input in the multivariate regression including the fathers’
input. Using the omitted variable bias formula, B\% univ = By + [32%1};2) we have

1

= 2B Var(X,) + {Cov(X, Xa) 2 | -2 b
¢ = War(Y) piVar(X1) + {Cov(Xy, X3)}

Var(X1)  Var(Xy)

+ 2B1B2Cov(X1, Xz)) .

For rank-rank regressions, we have

- B R () A
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D. ONLINE FIGURE APPENDIX

FIGURE D.1: Illustration of the Latent Variable Method by Simulation

1_
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Notes: This figure demonstrates the effectiveness of our Gaussian copula method in recovering rank
mobility from binary proxies of continuous variables. We simulate jointly normal random variables,
binarize them such that their distributions reflect historical literacy rates, and use our latent variable
method to estimate mobility. The “truth” line represents the continuous rank-rank regression, “our
method” uses literacy dummies via our latent variable method introduced in section 3.3, and “OLS”
uses the same literacy dummies via standard OLS. In the 1940 and 1950 censuses, we classify individu-
als who have completed at least two grades of school as literate; others we classify as illiterate.

FIGURE D.2: Illustrating the Gaussian Copula Method

Latent variables

Observed binary proxies

Y

i
|
!
|
|
5
|
|
————————
|
!
I
!
|
|
1
|
!
|
!
|
|
!
|
<
T
!
|
!
|
|
b
|
|
to—

T
1940

o

&
o
o

°
_——

——————— 2

=1

- : . Gaussian copula 2
Kendall correlation: 7y y- PXY = Prank(X)rank(y) — R

Notes: This figure illustrates the latent variable method, recovering rank mobility (1 — R?) in latent vari-
ables from observed binary proxies. Assuming that the underlying latent variables are drawn from a
joint Gaussian copula distribution, pairwise rank correlations can be identified from Kendall’s correla-
tion between the observed binary proxies using the bridging function in (8). Rank-rank regressions can

be identified from the pairwise correlation matrix using equations (9) and (10).
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FIGURE D.3: Kendall’s Tau with respect to Mothers Over Time

(A) All (B) White Americans (C) Black Americans
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Notes: This figure shows Kendall’s tau of children’s and mothers’ literacy over time compared to esti-
mates from the Gaussian copula approach.

FIGURE D.4: Normalized R? vs. Gaussian Copula R?
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Notes: This figure compares normalized R? following Nekoei and Sinn (2021) with our Gaussian copula
R2. The normalized R? is calculated via cohort-specific bounds of the marginal distribution of literacy.
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FIGURE D.5: Validation of Latent Variable Method via Binarization of Education

517

Our method: R?

0 T T T
0 1 2 3
Benchmark: R?

Notes: This figure contrasts the R? values from rank-rank regressions using actual and binarized educa-
tional data from the 1940 census. We binarize the data by arbitrarily categorizing individuals based on
their educational attainment: more than 11 years for children, 9 for mothers, and 7 for fathers. Each dot
represents a US state, weighted by sample size and focusing on children aged 13-21 living with parents.
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FIGURE D.6: Comparing Estimates of Intergenerational Mobility
(A) All (B) White Men (¢) Black Men
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Notes: This figure shows trends in mobility across different groups. To compare the trends in our esti-
mates (1 — R? of a rank-rank regression) with estimates from previous work (usually 8 from a rank-rank
regression), we convert 8 to 1 — R? using the formula 1 — R> = 1 — 2. For our estimates, we recover
human capital rank mobility using literacy and the latent variable method introduced in the paper. Re-
sults are based on census cross-sections of children ages 13-16 in their parents” household. Note that
the literature benchmark is only an approximation for illustrative purposes: (1) the conversion from p
to 1 — R? holds exactly only when the rank-rank regression only has one regressor; (2) previous work
only considers fathers’ status; (3) previous work typically focuses on income or occupational rank com-
parisons, not human capital. Estimates are based on Abramitzky et al. (2025b).
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FIGURE D.7: Maternal Human Capital’s Predictive Power

(A) Maternal Human Capital by Family Type
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Notes: This figure shows the share of the variance in a child’s (latent) human capital rank explained by
mothers’ or fathers’ (latent) human capital rank (R?) across family types. We recover human capital
rank transmission using information on literacy and the latent variable method introduced in section
3.3. Panel A shows mothers’ predictive power across family types; panel B repeats two of those esti-
mates and compares them to the equivalent for fathers. Results are based on the census cross-section of
children ages 13-16 in their parents” household.

A8



FIGURE D.8: Illustrating our Decomposition Method
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Notes: This figure shows the share of variance in a child’s (latent) human capital rank explained by par-
ents’ (latent) human capital ranks (R?). We recover human capital rank transmission using information
on literacy and the latent variable method introduced in section 3.3. We decompose the overall R? using
the Shapley-Owen method to quantify each parent’s contribution. Results are based on our new panel,
specifically children born in the 1880s; sample weights are applied (see Appendix E.2).

FIGURE D.9: Mothers” Relative Contribution to Human Capital Transmission

(A) Mothers Account for Majority of R? (B) Heterogeneity by Child’s Race and Sex

707 70 -
& &~
] 8 Black daughters
= [=
& & 601 ‘/\
_g _5 ’——\\\Black sons
k= b=
jé g White daughters
5
S @ B0 mmmmmmmmoooo oo TTesg oo
L 5
<
:‘:5 3 White sons
= =
5 40 S 407
ﬁ n
30 T T T T . . 30 T T T T T T
1870 1880 1890 1900 1910 1920 1870 1880 1890 1900 1910 1920
Birth decade Birth decade

Notes: This figure shows mothers’ relative contribution to the overall R? using the Shapley-Owen
method introduced in section 3.4. Panel A shows that mothers tend to account for the majority of
parental human capital’s predictive power, exceeding that of fathers’. Panel B shows that there is sub-
stantial heterogeneity in mothers’ relative contribution across sex and race, with disproportionate con-
tributions to female and Black children’s human capital. We recover human capital rank transmission
using information on literacy and the latent variable method introduced in section 3.3. Results are based
on the census cross-section of children ages 13-16 in their parents” household.
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FIGURE D.10: Changes in Assortative Mating and Human Capital Mobility
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Notes: This figure shows that changes in parental assortative mating had a negligible impact on the
evolution of human capital mobility. Mobility is measured as the share of the variance in a child’s
(latent) human capital rank left unexplained by parents’ (latent) human capital ranks (1 — R?) across
cohorts. We recover human capital rank transmission using information on literacy and the latent vari-
able method introduced in section 3.3. Results are based on the census cross-section of children ages
13-16 in their parents” household.
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FIGURE D.11: Schooling Investments by Race and Gender
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Notes: This figure shows human capital mobility depending on different educational statistics by race
and region for census years 1870-1920. Educational statistics are constructed from state-level census
statistical abstracts and aggregated to the region level using population weights based on school-age
children (ages 5-17). Student-teacher ratios equal students divided by teachers of the same race in
a given location. Average daily attendance per student equals (school duration x daily attendance)
/ enrollment. Teacher salaries are aggregated state-level salaries adjusted by the Black-white teacher
ratio from the 1940 census. Point sizes reflect school-age population; fitted lines show population-
weighted regressions. Together, these measures explain 41 percent of mobility variation across race
and regions—almost certainly understating the true share of variation explained by school resources.
The limitation is that much of our data captures only state-level variation, lacking within-state racial
breakdowns as those are typically not reported in the census abstracts. This is particularly problematic
for Black children in the South, for whom the analysis effectively assumes school resources equal those
of white children in the same state—an assumption we know to be false. We can only account for this
measurement problem in a very rough way by including a fixed effect for Black Americans in the South;
once we do so, the explained share of variation rises to 80 percent (or 82 percent if we exclude this group
entirely).
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FIGURE D.12: Share of Variation in Income Explained by Parental Background

(A) Mobility Across Parental Inputs (B) Mobility Across Income Scores
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Notes: Panel (A) of this figure shows the share of the variance in a child’s household income rank
left unexplained by (1) parental income and human capital (2) parental income alone, and (3) parental
income alone (sons only). For parental human capital ranks, we use information on parental literacy and
the latent variable method introduced in section 3.3. We use the household head’s LIDO occupational
income score (Saavedra and Twinam, 2020), residualized by a quadratic function of age. Panel (B)
shows that the trends in mobility are similar for two popular alternative occupational income measures:
occupational income scores (“occscore”) and Song scores (Song et al., 2020). Results are based on our
new panel and sample weights are applied (see Appendix E.2).

FIGURE D.13: Mobility Increase is Not Driven by Changing Age Composition
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Notes: This figure shows the share of the variance in a 21-29 year old child’s household income rank left
unexplained by parents” household income ranks and their (latent) human capital ranks (1 — R?). For
parental human capital ranks, we use information on parental literacy and the latent variable method
introduced in section 3.3. We use the household head’s LIDO occupational income score (Saavedra and

Twinam, 2020), residualized by a quadratic function of age. Results are based on our new panel and
sample weights are applied (see Appendix E.2).
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FIGURE D.14: Mobility and the Impact of Evolving Parental Input Correlations

(A) Assortative Mating (B) Correlations in Human Capital & Income
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Notes: This figure shows the impact of each parameter on the mobility estimate (1 — R?) in equation
(13). The baseline represents the observed mobility shown in Figure 7. The other three lines represent
the counterfactual mobility, had the respective parameter not changed over time, computed using the
decomposition in equation (14). py, r is the correlation between mothers’ and fathers” human capital
(“assortative mating”); pp,m and p,, ¢ are the correlations between parental income and mothers” and
fathers” human capital, respectively. For parental human capital ranks, we use information on parental
literacy and the latent variable method introduced in section 3.3. We use the household head’s LIDO
occupational income score (Saavedra and Twinam, 2020). Results are based on our new panel and
sample weights are applied (see Appendix E.2).

FIGURE D.15: Assortative Mating by Group
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Notes: This figure shows the share of the variance in a person’s (latent) human capital rank explained by
their spouse’s (latent) human capital rank (R?) across their child’s cohort. For human capital ranks, we
use information on parental literacy and the latent variable method introduced in section 3.3. Results
are based on the full census cross-section of two-parent households with children aged 1 to 16. Note that
as we show in Appendix C.1, in this univariate rank-rank model, R* = 2 = piy, allowing researchers
to directly compare our estimates of assortative mating to (the square of) conventional rank correlations.
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FIGURE D.16: Within-Group Mobility Estimates
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19 1q
M Black daughters
White daughters
" 9 “ 94 Black sons
& Daughters & White sons
~— ~—
E Sons :?
i3 S
= =
.8 .8
7 T T T T T 7 T T T T T
1870 1880 1890 1900 1910 1920 1870 1880 1890 1900 1910 1920
Birth decade

Birth decade

Notes: This figure shows the share of the variance in a child’s household income rank left unexplained
by parents’ household income ranks and their (latent) human capital ranks (1 — R?) across cohorts
and groups. For parental human capital ranks, we use information on parental literacy and the latent
variable method introduced in section 3.3. We use the household head’s LIDO occupational income
score (Saavedra and Twinam, 2020), residualized by a quadratic function of age. Results are based on
our new panel and sample weights are applied (see Appendix E.2).

FIGURE D.17: Validation of Income Mobility via Latent Variable Method and
Arbitrary Binarization of Continuous Test Scores
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Notes: This figure shows the accuracy of the Gaussian copula method in estimating equation (13) in the
NLSY79 (panel A) and the PSID (panel B). The dashed lines represent the estimated mobility (1 — R?)
of a regression of income of the child on family income of the parents and a cognitive test score of
the mother. The solid lines represent the estimated mobility (1 — R?) after binarization of the mother’s
cognitive test score, using varying cutoffs. Panel A uses the NLSY Child and Young Adult Cohort.
The cognitive test score of the mother is the Armed Forces Qualification Test (AFQT). Panel B uses
the PSID Child Development Supplement 1997. The cognitive test score of the mother is the passage
comprehension test. Shaded areas are 95% bootstrapped confidence intervals.

Al4



E. ONLINE DATA APPENDIX

FIGURE E.1: Share of Female Applicants
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Notes: This figure shows the share of SSN applicants who are female by year of application.
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FIGURE E.2: Balance of Linked Sample (1850-1880 & 1880-1910)
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(B) Men (1910 to 1940)
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(D) Men (1880-1910)
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Notes: This figure shows demographic differences between individuals linked from the 1910 to 1940,
1880 to 1910, and 1850 to 1880 censuses and their respective full populations aged 30+ (Abramitzky
et al., 2025a). Each point represents the standardized difference (mean = 0, SD = 1) between linked
and full population for a given characteristic. Our sample achieves better average representativeness
than existing panels, with average absolute deviations of 0.12 (vs. 0.19 — —0.22) for 1910 to 1940 links,
0.15 (vs. 0.21-0.34) for 1880-1910 links, and 0.24 (vs. 0.28-0.31) for 1850-1880 links, pooling men and
women with gender as a characteristic. Comparison panels cover all available datasets that include
women: CensusTree (FamilyTree data generated by users of online genealogy; Buckles et al., 2025),
MLP (iterative decade links; Helgertz et al., 2023), and LIFE-M (OH/NC only, no pre-1880 links; Bailey
et al., 2022).

A.l6



FIGURE E.3: Fraction of US Population Linked in Our New Panel
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Notes: This figure shows the fraction of the full population of men and women that we successfully
assign a Social Security Number (SSN). This includes parents of SSN applicants who did not apply for
an SSN themselves and who we assign synthetic identifiers.

FIGURE E.4: Fraction of US Population Linked in Our New Panel
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Notes: This figure shows the fraction of the full population of men and women that we successfully link
from one census decade to the next. Our empirical analysis also uses links across non-adjacent census

pairs, further increasing coverage.
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FIGURE E.5: Error Rates
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Notes: This figure compares error rates across different historical census linkage datasets. Error rates
measure the share of linked observations with disagreements across census waves on variables not used
for matching: inconsistent year of immigration, transitions from being literate to being illiterate, and
inconsistent parental birthplace. Lower error rates indicate higher-quality links.

FIGURE E.6: Our New Panel Compared to Existing Data
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Notes: This figure compares our linked panel (1850-1940) to those of the Census Linking Project (CLP,
Abramitzky et al., 2020), LIFE-M (Bailey et al., 2022), and the Census Tree (Buckles et al., 2025). Each
point represents a link from one census decade to another (potentially non-adjacent). The x-axis shows
the share of individuals in our panel who were not yet captured by previously existing datasets. The
y-axis shows the share of agreement with previously existing datasets on which precise records are
linked, conditional on having established any link.
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E.1 Linking Procedure

We develop a multi-stage linking process built on the procedural record linkage method
developed by Abramitzky et al. (2021b). Our process consists of three stages. 1) link-
ing SSN applications to census records. 2) Identifying the applicant’s parents in the
census. 3) Tracking these parents’ census records over time. With our linking method,
we are able to maximize the number of SSN-census links and subsequently build a

multigenerational family tree for each linked SSN applicant.

First stage: Applicant SSN < census.

* Preparing SSN data: We use a digitized version of the Social Security Number ap-
plication data from the National Archives and Records Administration (NARA)
known as the Numerical Identification Files (NUMIDENT). We harmonize the
application, death and claims files to capture all the available information of each
SSN record. These data include each applicant’s name, age, race, place of birth,
and the birth names of their parents. We recode certain variables to align with
census data, for example, we ensure codes for countries of birth, race and sex
are consistent across the SSN and Census. Additionally, we apply the ABE name
cleaning method to names of applicants and their parents, resulting in an “exact”
and a NYSIIS cleaned version of all names (Abramitzky et al., 2021a).

* Preparing Census data: Within each census decade from 1850 and 1950, we apply
the same name cleaning algorithm used to clean the SSN data. Where available,
we extract parent and spouse names from each individual’s census record to
create crosswalks that are later used in the linking process. Each cleaned census
decade is subsequently divided into individual birthplace files for easing the

computational intensity of the linking procedure.

e Linking SSN to Census records: Our goal is to achieve a high linkage rate of SSN
applications to the census, while ensuring the accuracy of each link. Our linking
algorithm has the following steps:

1. We first create a pool of potential matches by finding all possible links be-
tween an SSN application and census record using first and last name (NYSIIS),
place of birth, marital status and birth year within a 5-year age band. In
the census, we identify marital status from the census variable “marst” or
whether her position in the household is described as spouse. In the SSN
data, we identify marital status if the applicant’s last name is different from
that of her father.

2. Once we have established our pool of potential matches, we essentially re-

run our linking process. However, we use additional matching variables in

A.19


https://aad.archives.gov/aad/series-description.jsp?s=5057

order to pin down the most likely correct link among the potential matches.
In our first round of this process, we aim to pin down the correct link by
matching using the following set of matching characteristics: exact first,
middle and last names of both the applicant and their parents, exact birth
month (when available), state or country of birth, race, and sex. An SSN

application is either uniquely matched to a census record or not.

3. We attempt a second round of the matching described in point 2 for all SSN
applicants who were not uniquely matched to a census record. In this round,
we keep all matching variables the same, however, we use the phonetically
standardized version of the middle name to account for spelling discrepan-
cies. Once again, we separate those SSN applications that were uniquely

matched to the census and those that were not.

4. We repeat this process, removing successfully matched individuals and at-
tempting to rematch unmatched applications from our pool of potential
matches. As we progress through the rounds of linking, the additional
matching criteria become less stringent. We allow for misspellings or re-
move variables in each subsequent iteration until we arrive at the literature
standard, which involves only first and last name with spelling variations
allowed, state of birth, and year of birth within a 5-year band.

We attempt to match each SSN record to all the census decades available as an
individual may appear in the 1900 and 1910 census, for example. For married
women applicants, we search for potential census matches using both their birth
and married names. As a result, if we are able to find both records, married
women appear in our data twice. We assign these links a slightly altered SSN to
differentiate between the married and unmarried SSN-Census link. We do not

link married women in the census who are below the age of 16.

FIGURE E.7: First & Second Linking Stages
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Notes: This figure shows the first and second step of our linking procedure—linking individuals’ Social
Security Numbers to their census records.
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Second stage: SSN applicant parents <+ census. Specific birth details for mothers and
fathers are not available in the SSN applications, meaning we cannot directly link them
like we do for the applicants. However, if we can successfully link an SSN applicant to
their childhood census record, it is possible to identify and link their parents to other
census decades. This process also allows us to identify grandparents. Importantly,
we have mother’s birth (maiden) names in the SSN application data, allowing us to
link a married mother to her unmarried census record. For parents that we are able to
identify in the census from a successful SSN-census link, we apply the same matching
procedure described above. However, an important difference is that we do not use
parents’ names (as we no longer have that information), but we are able to use spouses’
names and information on parents’ birthplaces (i.e., the SSN applicant’s grandparents’
birthplace) which are available from the census records. For parents who are not SSN

applicants themselves, we create a synthetic identifier similar to an SSN.

Third stage: Census <+ census. Having assigned unique SSNs or synthetic identifiers
to millions of individuals in the census records, we can link these records over time.

We cover all possible pairs of census decades from 1850 to 1950.

FIGURE E.8: Final Linking Stage
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Notes: This figure shows the final step of our linking procedure—linking individuals’ census records
over time. Once we have linked SSN applications to the census as well as linked their parents where
possible (stage one and two), we link individuals across censuses despite potential name changes upon
marriage.

E.2 Sample Weight Construction

We use inverse propensity score weights so that our sample is representative of the

overall population across key observable characteristics.

Across all censuses between 1850 to 1950 and birth cohorts between 1870 and 1910,
we create indicator variables for whether the individual enters our sample, i.e., whether
we observe (1) their household’s occupational income score in adulthood and (2) their
parents’ literacy and household occupational income score. We also create weights

separately for individuals for whom we only observe one parent’s outcomes, but our
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main analysis focuses on two-parent families. Measuring parental economic status
may itself involve census linking and does not rely on observing parents in the same

census wave.

In a second step, we then divide the population into groups based on their observ-
able characteristics and (non-parametrically) compute the propensity of each group to
be included in our sample. Those groups are comprised of individuals with equal (i)
sex, (ii) race, (iii) cohort in decades, (iv) state, (v) farm-status, (vi) rural-urban status,

and (vii) occupational group.

As the final sample weight, we assign an individual the inverse propensity of be-
ing observed in our linked panel given the characteristic-based group to which they
belong. We use different sample weights depending on whether we require observing
the person’s and their mother’s economic status, observing the person’s and their fa-
ther’s economic status, or observing the person’s and both of their parents” economic

status.
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