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In the late 19th and early 20th century, universal public education made the U.S. the most widely 

educated country in the world (Goldin & Katz, 2008). Building on this foundation, the High School 

Movement catapulted the share of Americans graduating from high school from 10 percent in 1910 to 

over 50 percent by 1940 (Goldin, 1998). After World War II, total postsecondary enrollment increased by 

almost 50 percent by 1960, doubled again by 1970, and rose another 2.3 times by 2019 (U.S. Department 

of Education, 2023a). These gains accompanied a 20-fold increase in real public elementary and 

secondary school spending (U.S. Department of Education, 2023b) and large increases in public 

postsecondary educational spending (Goldin & Katz, 2008; Long, 2013).  

What is less clear is how increases in educational attainment and public school spending 

translated into educational mobility, as measured by the extent to which parents’ educational attainment 

shapes their children's. Theoretically, increased school spending could raise children's attainment across 

all backgrounds or amplify the persistence of advantage, having little effect on educational mobility or 

even decreasing it. On the other hand, greater school spending could level the playing field, allowing 

more children from disadvantaged backgrounds to transcend their parents’ achievements and increase 

educational mobility by creating more opportunities.  

This paper provides new evidence on this question by documenting the evolution of educational 

mobility at the local level over the 20th century and the role of public education in shaping it. To do so, 

we build two new large-scale datasets spanning 75 years. The first includes nearly 1.5 million children 

born in the U.S. between 1910 and 1919 who completed their schooling between 1930 and 1940; the 

second includes 2.1 million children born in the U.S. between 1982 and 1997 who completed their 

schooling between 2002 and 2022. The early 20th-century dataset is created by linking Social Security 

application records (SS-5) to children’s and parents’ educational attainment in the full-count 1940 Census 

(the first to ask about education) and the 1920 Census, which connects these outcomes to children’s 

county of residence and local investments in public education. Our later 20th-century dataset uses the 

U.S. Census Bureau’s links of the restricted 2000 Decennial Census, SS-5 records, and the 2001–2022 
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American Community Surveys (ACS), which allow us to connect children’s and parents’ educational 

attainment as well as children’s county of residence.  

We use these data to provide a novel description of both relative and upward intergenerational 

educational mobility by county at two points in the 20th century, which we measure as the relationship 

between parents’ and children’s relative ranking in educational attainment (Fletcher & Han, 2019). 

Similar to modern estimates of income mobility, we find that the conditional expectation of a child’s 

educational attainment, given parents’ attainment, is roughly linear in percentile ranks (Chetty et al., 

2014a). The slope of the line characterizes relative educational mobility, whereas the intercept measures 

absolute upward educational mobility. This linear relationship helps smooth the lumpy education 

distribution, which allows us to provide a fuller characterization of educational mobility across the 

distribution of parent attainment and also make comparisons at the same percentile at two points in time.1 

The rank-rank framework also minimizes privacy concerns associated with the disclosure of small-area 

estimates from the Federal Statistical Restricted Data Center (FSRDC).  

Because linked samples may produce biased estimates due to linking errors and unrepresentative 

samples, we begin the analysis by validating our estimates against those from nationally representative 

surveys and cross-sectional studies. Our results for educational persistence align closely with the 

literature’s findings in both levels and trends, showing modest increases in relative educational mobility 

over time. In the early 20th century, a 10-percentile increase in a parent’s educational rank was associated 

with a 4.9-percentile increase in a child’s educational rank. In the late 20th century, this association had 

fallen to 3.9 percentile ranks, indicating less persistence and more educational mobility across 

generations. We add to the literature by further characterizing the expected rank of children of parents at 

the 25th percentile, which we call upward educational mobility. Children of parents at the 25th percentile 

1 Almost one third of the parents of the early 20th century had 8 years of education, whereas roughly one third of the 
parents of the later 20th century cohorts had exactly 12 years of education. These changes in groupings over the 20th 
century make comparing upward mobility at the same points in the parental attainment distribution difficult, which 
the rank-rank parameterization helps resolve.  
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of education distribution attained the 36th percentile in the early 20th century and the 38th percentile in 

the later 20th century, indicating a modest increase in upward mobility over our 75-year time horizon.  

Using this rank-rank parameterization and large sample sizes, our main contribution is to describe 

the changing county-level geography of educational mobility over the 20th century and to link these 

changes to spending on public education. We find that national trends mask substantial differences across 

counties in both the early and late 20th centuries, as well as changes within counties over time. In the 

early 20th century, relative mobility was generally lower in the South but varied within states and regions. 

Upward mobility, however, was uniformly lower across the South, with almost all counties in the former 

slave states showing little to no upward educational mobility. In contrast, counties in the West, Northeast, 

and Industrial Midwest had very high rates of upward educational mobility. By the late 20th century, both 

relative and upward educational mobility increased in almost every county in the South, while declining 

in the Northeast, the Industrial Midwest, and the West. Put simply, while early 20th-century educational 

mobility depended heavily on where children grew up, place matters much less today.  

Lastly, we use a state-border design to examine how changes in public education investments 

shaped the evolving geography of educational mobility. We find that counties located in states with 

relatively larger increases in per-child K-12 teachers, K-12 teacher salaries, and per-child college 

instructors experienced greater increases in upward educational mobility over the 20th century than 

neighboring counties located in states that invested less. In contrast, we find little effect on relative 

educational mobility. Consistent with these effects being causal, balance tests show that counties on both 

sides of state borders experienced similar changes in a variety of labor markets and demographic 

conditions over the same period. Together, these findings imply that increases in public education 

spending improved opportunities for all children, but that children of more educated parents maintained 

their educational advantage. 

This paper contributes to the literature by providing the first evidence on the evolution of 

educational opportunity at the county level across the 20th century. To date, evidence on the evolution of 

educational mobility in the U.S. has focused on national changes (Couch & Dunn, 1997; Hertz et al., 
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2007; Hout & Janus, 2011; Torche, 2015; Fletcher & Han, 2019; Ferrie et al., 2021), largely due to the use 

of survey data and limited sample sizes for subnational geographies.2 Using new large-scale, parent-child 

samples, we use a common measurement framework to document the changing geography of educational 

mobility over 75 years. This county perspective allows us to characterize how local economic conditions 

and educational policy shaped intergenerational educational opportunity during the human capital century.   

This paper also contributes to the literature on historical educational mobility in the U.S., 

including work on the 19th and early 20th century (Rauscher, 2016; Feigenbaum, 2018; Althoff et al., 

2025). In the closest paper to ours, Card et al. (2022) examine upward educational mobility of children 

ages 16–18 living with their parents in the 1940 Census (born in 1922–1924), documenting significant 

county differences in upward educational mobility and the causal role of educational resources on 

Black-White differences in upward mobility in the South. Our paper extends Card et al. (2022) forward 

by 75 years and also broadens the analysis by using a rank-rank measure of educational persistence to 

document mobility across the parental education distribution; by using a linked sample to incorporate 

increases in educational attainment at ages older than 16–18; by examining the effect of school resources 

outside the South; and by including measures of states’ postsecondary educational investments.  

Third, this paper contributes to a deeper understanding of the determinants of intergenerational 

educational mobility. A central finding for the late 20th century is that spatial differences in income 

mobility are driven by factors that affect children before they enter the labor market, although robust 

associations with measures of class size or public school expenditures per student have been lacking 

(Chetty et al., 2014b). This paper deepens our understanding of the pre-labor-market determinants of 

income mobility by demonstrating the large role of public education policy—including the number of 

K-12 teachers and public college instructors, as well as teacher salaries—in shaping the evolution of 

economic opportunity in the United States.  

2 Ferrie et al. (2021) use large, linked census data but focus on three-generation transmission rather than geographic 
differences. 
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Finally, this paper contributes to the growing literature on intergenerational occupational and 

income mobility in the U.S. over the 20th century (Solon, 1992; Zimmerman, 1992; Ferrie, 1996; 

Mazumder, 2005; Long & Ferrie, 2013; Mazumder, 2016; Bratberg et al., 2017; Feigenbaum, 2018; 

Bailey et al., 2020b; Connor & Storper, 2020; Song et al., 2020; Abramitzky et al., 2021; Collins & 

Wanamaker, 2022; Tan, 2023; Ward, 2023; Jácome et al., 2025; Davis & Mazumder, 2026). While 

educational mobility is a key input into occupational and income mobility (Blau & Duncan, 1967; Sewell 

& Hauser, 1975; Hout & DiPrete, 2006), knowledge about the interrelationships of these processes has 

been limited. Our estimates allow direct comparisons and reveal that many places in the U.S. are 

characterized by high rates of educational mobility but low rates of income mobility and vice versa. For 

example, among more populous counties, Sacramento, California, ranked second in the country in terms 

of upward educational mobility in the early 20th century but did not appear in the top-ten locations of 

upward occupational-income mobility (Tan, 2023). In contrast, Fairfax, Virginia, ranked third in upward 

income mobility in the late 20th century (Chetty et al., 2014b), but did not rank among the top ten 

locations for educational mobility. Our estimates of educational mobility provide an important and 

complementary lens through which to understand the evolution of economic opportunity in the 

20th-century U.S. and motivate future work examining how and why the processes of educational, 

occupational, and income mobility diverge.  

I. Measuring U.S. Educational Mobility across Time and Place 

Education is a key mechanism linking parents’ to children’s outcomes. It is strongly related to 

parents’ social and economic resources and also shapes children’s opportunities through job preparation, 

credential attainment, and marital matching (Blau & Duncan, 1967; Sewell & Hauser, 1975; Hout & 

DiPrete, 2006). However, educational mobility is conceptually distinct from occupational and income 

mobility: education captures earnings and occupational potential rather than realized outcomes, and thus 

differs when individuals choose lower-status or lower-earning careers. 
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Education also alleviates several measurement challenges inherent in using income and 

occupation. First, most adults complete their education by their mid-20s, and the level of education 

remains stable over their lifetimes. This makes education less susceptible to transitory economic shocks in 

adulthood, which have limited studies of occupational and income mobility (Solon, 1999; Mazumder, 

2005; Haider & Solon, 2006; Mazumder, 2018; Ward, 2023). 

Second, education is measured for all adults, not just those who are employed, have an 

occupation, or earn wages. This is especially important for intertemporal comparisons over the 20th 

century, because wages and occupations are missing for a large number of Americans historically, 

particularly for certain subgroups. In 1940, only 14 percent of married women participated in the labor 

force, limiting measurement of their income and occupational mobility (Goldin, 1990; U.S. Bureau of 

Labor Statistics, 2023).3 Only 17 percent of adult men were farmers or farm laborers in 1940, and much 

of their in-kind or farm earnings were not reported in the 1940 Census. The issue of unmeasured income 

also affects the 17 percent of prime-age men who were self-employed in 1940, and one quarter reported 

receiving over 50 dollars in non-wage income (although the amount of that income was not asked). 

Although these groups are not mutually exclusive, they show that a substantial part of the U.S. population 

in 1940 did not have an occupation or wage earnings, and many had incomplete income information. In 

addition, changing selection into groups with occupations and wage earnings over the 20th century limits 

the interpretation of intertemporal comparisons. Using educational attainment, which is measured for 

most Americans, allows a broad characterization of the evolution of intergenerational mobility over the 

20th century. 

A.​ Available Measures of Education 

The 1940 Census was the first decennial census to ask about educational attainment, defined as 

the highest year of school or degree completion. Self-reported educational attainment is also available in 

every census year after 1940 and in every year of the ACS, with minimal changes to the definition over 

3 Limited information on women’s own incomes or occupations limits analyses of women’s intergenerational 
mobility to indirect methods using their husbands’ or fathers’ outcomes (Olivetti & Paserman, 2015; Espín-Sánchez 
et al., 2023; Bailey & Lin, 2025; Eriksson et al., 2026) and, by extension, limits samples to married women. 
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time. Since 1990, respondents with no more than a high school education were classified by their highest 

year of education completed, whereas those with more than a high school education were classified by 

their highest degree earned. Because this definitional change applies to everyone in the later 20th-century 

cohorts, we expect it to have little effect on educational rankings in our study.  

Despite its advantages, several issues in measuring education affect our analysis. First, we 

measure parents’ education in the 1940 Census at older ages than their children, raising concerns about 

the influence of “educational creep,” the well-known tendency for educational attainment for the same 

birth cohort to rise over time, on our analysis (Margo, 1986). To address this concern, we later show that 

measuring parents’ education at different ages has negligible effects on our results. Second, most children 

have two parents and, therefore, two measures of parental education, and theory provides little guidance 

about which measure to use. Our main results use the education of the most educated parent as the 

primary measure, which aligns with the literature and allows us to characterize education when only one 

parent is observed (especially for late 20th-century cohorts, when single-parent households are more 

common). We later show that our results are unchanged when using alternative measures of parental 

education. Third, one year of schooling in the early 20th century may not be directly comparable to a year 

of schooling in the later 20th century, in terms of curriculum, resources, or instructional quality. Because 

one year of education is of similar quality within a cohort, our use of educational rank will partially 

absorb these quality differences. Moreover, differences in educational quality will show up in our analysis 

to the extent that they result in greater educational attainment. However, readers should keep in mind that 

completed years of education may miss aspects of quality that are not reflected in attainment.   

The central challenge in studying the changing geography of intergenerational educational 

mobility has been that parents and their adult children are not linked in large datasets when they do not 

co-reside. For example, parents’ attainment is unobserved for about 84 percent of adults aged 21 and 

older in the 1940 Census and 88 percent in the 2018–2022 ACS. Although retrospective surveys or 

longitudinal data have these links, their sample sizes are too small to examine the evolution of educational 

mobility by county. We address this data limitation by creating two large-scale, linked census datasets for 
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the early- and late-20th-century cohorts and by validating estimates derived from these samples using 

nationally representative surveys. 

B.​ Data for Studying Intergenerational Educational Mobility in the Early 20th Century 

Our early 20th-century cohorts are constructed from the public Social Security application (Form 

SS-5) records contained in the Social Security Numerical Identification (Numident) Files released by the 

National Archives and Records Administration. These data cover around 40 million individuals who ever 

applied for a Social Security Number (SSN), died prior to 2007, and whose deaths were not 

state-reported—the near universe of individuals who died between 1988 and 2007 (Goldstein & Breen, 

2022). Our estimates suggest that the SS-5 data contain around 50 percent of the 1920 birth cohort 

(Appendix Figure A1.A) and have excellent geographic coverage (Appendix Figure A1.B).4 These data 

contain full name, exact birth date, sex, race, and birthplace as well as the full birth names of each Social 

Security applicant’s parents, which is crucial for linking children to their parents.5 Our early 20th-century 

cohorts restrict this sample to children born from 1910 to 1919 because they have high coverage rates in 

the SS-5, are likely to have at least one parent alive in the 1940 Census, and are old enough in 1940 (ages 

21–30) to have completed their education.6 We also restrict our sample to children born in the U.S. 

because immigrant children may have completed their schooling abroad (i.e., are not influenced by 

educational investments in the U.S.). 

Our methodology linking these data to other sources follows the supervised machine learning 

approach of the LIFE-M project (https://life-m.org), which offers the benefits of at scale while limiting 

false positives to less than 3% (Bailey et al., 2023). We first link siblings together in the SS-5 data using 

parent names. Then, we link parents’ and children’s information (names, ages, and birth states) as families 

to the 1900–1930 Censuses. LIFE-M’s family-based linking is highly accurate and increases linking rates 

6 Appendix Figure A2 shows that the educational gains past age 20 were small for individuals born in 1910–1919. 

5 Women typically specify their legal surname when filing Form SS-5. For single women, this is their birth name. 
For married women, it is their husband’s birth name. If women change their name after their initial SS-5 filing (e.g., 
they subsequently get re-married), they usually file an updated SS-5. As a result, women have 1.8 entries in the SS-5 
data on average, and 94 percent of women have at least one surname that differs from their father’s surname, which 
is approximately the share of women who had ever been married for these cohorts (Bailey et al., 2014).  

4 Fetter et al. (2025) show that SS-5 records are not only representative with respect to state of birth but also state of 
death. 
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(Ruggles et al., 2025). The 1900–1930 Censuses add information on parents’ year and place of birth, 

which we then leverage to link parents to the 1940 Census: (1) as families, (2) as couples, and (3) as 

individuals. Linking parents in multiple ways helps us find them in the 1940 Census, irrespective of their 

household structure, and also helps us identify conflicts and cull bad links from the data. We also link 

SS-5 children to the 1940 Census based on their full name, age (based on the exact date of birth), and 

birthplace information. We attempt to link girls using both their birth and married names and then 

reconcile the data when conflicts arise, which again helps cull bad links. (See Appendix A for more 

details about the linking process.)  

Our final early 20th-century sample contains around 1.5 million children born in the U.S. between 

1910 and 1919 with at least one parent linked to the 1940 Census and their county of residence observed 

in 1920. The final match rate for individuals with all information of interest is 18.4 percent of all 

individuals meeting our sample criteria in the SS-5 records (Appendix Table A2). Almost 50 percent of 

this sample are women. Because linked samples are not generally representative of the population, we use 

inverse propensity scores to reweight the sample to match the sex-by-race-by-cohort and education 

distributions in 1940, using the procedure described in Bailey et al. (2020a). These weights adjust for the 

fact that earlier cohorts are underrepresented in SS-5 records and the fact that Black Americans and 

less-educated individuals are underrepresented in the final sample because they are harder to link. 

Appendix Table A3 (column 5) shows that the reweighted linked samples appear well balanced with the 

population across age, race, and educational attainment. (See Appendix B for more details on these 

weights). 

C.​ Data for Studying Intergenerational Educational Mobility in the Late 20th Century 

We construct an analogous linked sample for late 20th-century cohorts using high-quality 

Personal Identification Keys (PIKs) created by the Census Bureau and available in the restricted Federal 

Statistical Research Data Centers (FSRDCs).7 PIKs allow us to combine restricted SS-5 records, the 2000 

7 The Census Bureau has access to the universe of SS-5 records as well as various administrative sources, which it 
uses to assign unique PIKs and find the same individuals across data sources (Wagner & Layne, 2014). 
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Census, and the 2001–2022 ACS. We begin by selecting a sample of children ages 3 to 18 in the 2000 

Census who are living with at least one biological parent. We use their demographic information (year of 

birth, sex, race) from the SS-5, which tends to be more reliable than self-reported information. Then, we 

find these children as adults in the ACS after they turn 25 and observe their completed education.  

The 2000 Long-Form Census contains parents’ education for a 1-in-6 sample of the population. 

For parents not in the 2000 Long-Form Census, we locate them in the ACS to obtain their completed 

education. Our final sample contains 2.1 million children born in the U.S. between 1982 and 1997, for 

whom we observe the adult child’s and at least one parent’s educational attainment and the child’s county 

of residence in 2000. The 2.1 million children represent about 3.5 percent of children born in the U.S. in 

1982–1997, according to the 2000 Census. (See Appendix A for more details about the linking process.)  

The low coverage rate is not a reflection of poor PIKing rates but rather the fact that all children, 

as well as parents who do not appear in the 2000 Long-Form Census, are linked to the ACS, which is a 

1-percent sample of the population each survey year. Our additional requirement that children be at least 

age 25 means that younger cohorts are slightly underrepresented (since they are aged 25 or older in fewer 

ACS years). Consequently, we similarly construct inverse propensity scores to reweight the sample to 

match the sex-by-race-by-cohort distribution in the 2000 population. (See Appendix B for details.)  

D.​ Benchmarking Linked Samples against Nationally Representative Surveys  

The methods used to link the data affect inference, either by affecting the rate of false links (type 

I errors) or the composition of the sample (type II errors) (Bailey et al., 2020b). We therefore benchmark 

and validate our estimates using two unlinked nationally representative surveys: (1) the 1977–2022 

General Social Survey (GSS; Davern et al., 2024), and (2) the 1987–1988 National Survey of Families 

and Households (NSFH; Bumpass et al., 2017). These surveys are designed to be representative of the 

U.S. population, cover both men and women for our cohorts of interest, and include retrospective 

information on respondents’ completed education as well as their fathers’ and mothers’ education. We 

restrict these samples to U.S.-born individuals aged 25 or older at the time of the survey and pool the GSS 

and NSFH to increase precision. We follow Jácome et al. (2025) and use normalized sampling weights 

10 



 

and further reweight the sample for the 1910–1919 cohorts to match the 1940 population in terms of 

demographics and education, thereby adjusting for longevity bias and other sources of imbalance. (See 

Appendix B for details.) 

E.​ Generating County-Level Estimates 

Because county boundaries have changed over time, our county-level analysis restricts the sample 

to counties with stable boundaries over the 20th century. We define stable boundaries as those in which 95 

percent of their geographic area under 1920 boundaries overlaps with their area under 2000 boundaries 

and vice versa, using a crosswalk by Eckert et al. (2020). We also restrict the sample to counties with at 

least 20 parent-child observations.  Disclosing county-level estimates for the 1982–1997 cohorts from the 

FSRDC required following Census Bureau guidelines to protect respondents’ confidentiality. Following 

Chetty and Friedman (2019), we added Gaussian noise to the unweighted county estimates and associated 

standard errors, setting the “privacy parameter” to 8. This process results in less than 5 percent of the total 

variation in the adjusted educational mobility estimates occurring due to noise.8 We also present estimates 

using empirical Bayes methods to reduce the influence of sampling noise or disclosure-avoidance noise 

infusion. 

II. Using Ranks to Measure the Evolution of Educational Mobility over the 20th Century 

The most common measure of educational mobility is intergenerational educational persistence, 

or the slope coefficient from a regression of a child’s years of education on a constant and a measure of 

parental education:  

                                 ​                                .​ ​ ​ ​        (1) 𝑌
𝑖
𝑐 = α + β 𝑋

𝑖
𝑝 + ε

𝑖
 

The slope coefficient, , captures persistence in educational attainment across generations, which may β

reflect both low upward mobility and low downward mobility (Solon, 1999; Black & Devereux, 2011). 

The slope coefficient captures the product of the correlation between child and parent outcomes as well as 

8 County observation counts were separately infused with noise using the Census Bureau’s implementation of the 
Discrete Gaussian Mechanism (Canonne et al., 2022). 
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the ratio of the standard deviation of completed years of education in the child’s generation relative to the 

standard deviation of completed years of education in the parent generation. The slope coefficient will, 

therefore, increase as inequality in the outcome of interest rises, even if the intergenerational correlation 

does not change. To account for rising inequality across generations, researchers in the income mobility 

literature have alternatively reported the correlation coefficient or correlation between parent and child 

ranks (Dahl & DeLeire, 2008; Chetty et al., 2014a).  

Given the rise in educational inequality across the 20th century, we follow the latter approach and 

use ordinary least squares regression to summarize the rank-rank relationship of parents’ and children’s 

educational attainment,  

                                                                       ,​ ​ ​ ​         (2) 𝑅
𝑖
𝑐 = γ + δ 𝑅

𝑖
𝑝 + ε

𝑖
 

where  is the rank of the child’s educational attainment, and  is the rank of the educational attainment 𝑅
𝑖
𝑐 𝑅

𝑖
𝑝

of her most educated parent. The rank of the child is determined relative to other children in her birth 

cohort, and the rank of the parent is determined relative to other parents of children in the relevant birth 

cohort. The rank-rank slope, , measures educational persistence (the inverse of relative mobility), and δ

the intercept, , measures absolute educational mobility of children with the least educated parents.  γ

The rank-rank approach offers some important benefits in the context of our analysis. First, this 

linear parameterization helps smooth the lumpy educational distribution (many individuals have the same 

number of years of completed education) and parameterize educational mobility at percentiles not directly 

observed in two time periods. In the early 20th century, more than a quarter of children reported 12 years 

of education, and almost one-third of their parents reported 8 years of education as their highest level of 

completion (see Appendix Figure A4 for parent and child educational distributions). This lumpiness 

means that comparisons at the same percentile of the parental educational distribution are not well defined 

at many points for our two cohorts, limiting intertemporal comparisons. The linear parameterization, 

however, allows us to predict the percentile rank of a child whose parent is at the same percentile of 

educational attainment in both periods. Second, the rank-rank approach allows us to make comparisons 
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with the income mobility literature. As such, we follow Chetty et al. (2014b) and define upward 

educational mobility as the expected rank of children with parents at the 25th percentile of the parental 

education distribution, or E[Ri | Pi = 25] =  + 25 .  γ δ

Figure 1 plots these outcomes using the percentile midpoint of each educational category, and 

Appendix Figure A5 presents the transition matrices for each cohort. Similar to the results for income 

(Chetty et al., 2014a), the expectation of a child’s years of education conditional on parents’ years of 

education appears linear in percentile ranks for both the early and later-20th-century cohorts. This finding 

also accords with Fletcher and Han (2019), who document a linear relationship between child and 

parental education ranks for cohorts born from the 1960s to 1980s using survey data.  

This linear relationship also holds when making different assumptions about percentile ranks; 

when using the lowest rank within an educational category for parents (lower bound, LB) and the highest 

rank for children (upper bound, UB); the UB for parents and the LB for children; as well as two other 

combinations of these ranks (see Appendix Figure A6). In each of these cases, the slopes of the fitted line 

for the midpoint definition is statistically indistinguishable from other choices (p-value for the test of the 

joint hypothesis that all slopes are equal is 0.54 for the 1910–1919 cohorts and 0.35 for the 1982–1997 

cohorts), which implies that our estimates of changing persistence are robust to the choice of measure.  

Our measure of upward mobility in a given period is sensitive to our use of the midpoint, but our 

conclusions about changes in the expected rank at the 25th percentile are not (Appendix Table A4).  

Table 1 presents estimates of educational mobility based on the mid-point definition derived from 

our rank-rank specification for the early (panel A) and later 20th-century cohorts (panel B). We augment 

these measures with a commonly used level-level measure of persistence and the share of children 

moving from the bottom 40 to the top 60 percent.9 The latter measure provides another way to validate 

our results against Card et al.’s (2022) findings using an unlinked sample.  

9  For children born in 1910–1919, the 40-60 measure of upward mobility captures the likelihood of attaining at least 
10 years of education conditional on parents having at most 7 years and, for children born in 1982–1997, the 
likelihood of attaining at least 13 years conditional on parents having at most 12 years.  We choose the 40th 
percentile as it is one of the few thresholds that can be (approximately) observed in both the 1910–1919 and 
1982–1997 birth cohorts and their parents. See Appendix Figure A4. 
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Figure 1. The Relationship Between Child and Parent Ranks in Years of 
Education, by Cohort 

 

 

Notes: This graph plots the average education rank of children by the rank of their most educated parent using the 
midpoint method. Education distributions are shown in Appendix Figure A4. Fitted lines are based on weighted 
linear regressions. The procedure for creating weights is described in the text and Appendix B.  

 

Across both the rank-rank and level-level measures, we find that relative educational mobility has 

risen. Over our 75-year period, the rank-rank slope fell from 0.485 to 0.394 while the level-level slope fell 

from 0.434 to 0.292, both of which are statistically significant at the 1-percent level (panel C, columns 1 

and 3). We also find that upward educational mobility increased under both measures. The expected rank 

of children of parents at the 25th percentile increased by 1.8 (column 5), and the share of children born to 

parents in the bottom 40 percent who exceeded the 40th educational percentile rank rose by 6 percentage 

points (column 7). 

Comparable statistics from nationally-representative survey data support these findings. Although 

survey estimates are noisier, both educational persistence and upward educational mobility from the 

linked sample fall within the 95-percent confidence intervals of the survey estimates. Importantly, we fail 

to reject the equality of changes over time in both samples, which supports our conclusions.10  

10 See also Appendix Figure A7.A that shows the rank-rank slope initially declined, changed little for several 
decades, and declined again more recently. The path for the level-level slope is broadly similar. These estimates are 
consistent with Ferrie et al. (2021), who report a level-level slope of 0.37 for the 1922–1940 cohorts and 0.36 for the 
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These findings also survive two additional sensitivity tests. The first examines the sensitivity of 

our findings to the measurement of parents’ education in 1940, when they were much older than their 

children. While this is necessary (nationally representative data on educational attainment are not 

available earlier in the 20th century), a later age could bias our findings because education tends to 

increase within a given cohort over time. To test this hypothesis, we use the 1915 Iowa Census, which 

asked about educational attainment 25 years before the 1940 Census. Feigenbaum (2018) studied 

intergenerational mobility in income, occupation, and education by examining fathers’ outcomes in the 

1915 Census and using their sons’ information obtained from the linked 1940 Census. We augmented 

Feigenbaum’s linked sample by linking Iowa fathers to the 1940 Census to observe their educational 

attainment at older ages. As expected, the sample shows modest educational creep, with fathers reporting 

0.13 more years of education on average in 1940 than in 1915. However, using father’s education or 

educational rank in 1915 or 1940 has a negligible effect on our estimates (Appendix Table A5). Although 

these results are specific to Iowa (where educational mobility was higher in the early 20th century), they 

provide the best evidence available that this source of mismeasurement is not driving our early 

20th-century results. 

The second test examines the sensitivity of our findings to using different measures of parents’ 

education. The data show that using the educational attainment of the most educated parent, the least 

educated parent, or the mean education of the two parents (when present) has modest effects on the 

rank-rank slope and upward mobility at the 25th percentile (Appendix Table A6).11 However, these 

different measures affect both parameters similarly in the early and later 20th century, meaning that our 

conclusions about changes in educational mobility over time are robust to these alternatives. 

 

11 This finding is closely tied to strong assortative matching on education in the early and later 20th century. In the 
early 20th century, 41 percent of mothers and fathers have the same years of completed education; 57 percent differ 
at most by one year, and almost three quarters by no more than two years. The corresponding numbers for late 20th 
century cohorts are similar.  

1955–1990 cohorts using linked census-survey data. Figure A7.B shows that the expected rank at the 25th percentile 
has seen small changes over the 20th century. 

15 



 

Table 1. Educational Mobility Estimates by Cohort and Sample 

 Rank-rank slope Level-level slope Expected rank at 25th 
percentile 

Bottom 40 to top 60 percent 
mobility 

 Linked data Survey data Linked data Survey data Linked data Survey data Linked data Survey data 

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

A. 1910–1919 cohorts 

Estimate 0.485 
(0.001) 

0.464 
(0.019) 

0.434 
(0.002) 

0.410 
(0.023) 

35.9 
(0.05) 

36.2 
(0.81) 

41.6 
(0.11) 

41.0 
(2.03) 

N 1,457,003 2,851 1,457,003 2,851 1,457,003 2,851 424,281 843 
B. 1982–1997 cohorts 

Estimate 0.394 
(0.001) 

0.359 
(0.021) 

0.292 
(0.001) 

0.282 
(0.021) 

37.7 
(0.03) 

39.4 
(0.88) 

47.6 
(0.07) 

50.9 
(1.83) 

N 2,136,000 3,001 2,136,000 3,001 2,136,000 3,001 815,000 1,228 
C. Change across cohorts 

Estimate -0.091 -0.105 -0.142 -0.127 1.8 3.2 6.0 9.9 
p-value for rejecting 

change = 0 
0.000 0.000 0.000 0.000 0.000 0.007 0.000 0.000 

p-value for rejecting 
change (linked) = 
change (survey) 

0.622 0.631 0.242 0.154 

Notes: This table shows educational mobility estimates by cohort and sample. The rank-rank slope and expected rank at the 25th percentile come from a 
regression of children’s education rank on parents’ education rank. The level-level slope comes from a regression of children’s years of education on parents’ 
years of education. Bottom 40 to top 60 percent mobility is defined as the mean probability of reaching the top 60 percent of the cohort-specific education 
distribution among children whose parents are in the bottom 40 percent of the cohort-specific parental education distribution (see text for cohort-specific cutoffs). 
Observations for the 1910–1919 cohorts are weighted by inverse propensity scores that reweight the sample to match the sex-by-cohort-by-race and education 
distribution in the 1940 population. Linked data observations for the 1982–1997 cohorts are weighted by inverse propensity scores that reweight the sample to 
match the sex-by-cohort-by-race distribution in the 2000 population. Survey data observations for the 1982–1997 cohorts are weighted by GSS sampling weights. 
Robust standard errors in parentheses (calculated using the Delta method for expected rank at the 25th percentile). p-values in the bottom two rows respectively 
test the null hypotheses that changes in educational mobility across cohorts for a given sample are equal to 0, and the null hypotheses that changes in educational 
mobility are equal across samples.  
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In summary, our findings are robust to a number of sensitivity checks, and we conclude that both 

relative mobility increased and upward educational mobility increased for American children of parents 

with below-median educational attainment over the 20th century. The next section uses our large sample 

sizes and rank-rank parameterization to measure the changing geography of educational mobility over the 

20th century.  

III. The Changing Geography of Relative and Upward Educational Mobility 

Our rank-rank parameterization and large sample sizes allow us to provide a novel 

characterization of the changing geography of relative and upward educational mobility over the 20th 

century within a common measurement framework. To date, studies of relative educational mobility over 

time have used surveys (Hertz et al., 2007; Fletcher & Han, 2019) or linked datasets (Ferrie et al., 2021) 

to document changes in intergenerational educational mobility at the national level. Hilger (2015) uses 

26–29-year-old children residing with their parents to describe national and state changes in educational 

mobility, but concerns about sample selection limit the external validity of these findings.  

Figure 2 shows large geographic disparities in relative educational mobility in the early and late 

20th century. Relative mobility—measured by the inverse of the rank-rank slope—tended to be lower in 

the South in the early 20th century and higher in the Northeast, the Midwest, and especially the West.12 

However, considerable variation in relative mobility is evident within states, with each state containing 

counties with both the lowest and the highest rates.  

These varied within-state patterns are less evident for upward educational mobility. In the early 

20th century, upward mobility was uniformly lower in the South, with the former slave states almost 

completely coinciding with the lowest expected percentile ranks (shaded in orange and red). (Only 

pockets of northern Missouri, western Texas, and southern Florida showed some upward educational 

mobility). The lightest shade of orange in these areas indicates little to no upward mobility (an expected 

12 The rank-rank slope is negative in a handful of less populous counties, mainly in the early 20th century. To 
minimize the influence of noise in driving our estimates, we weight our subsequent regression analysis by the 
inverse of the estimated variance to reduce the influence of small counties and also use alternative measures that 
shrink the estimates toward the state mean using empirical Bayes methods.  
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percentile rank of 25–28 for a child of a parent at the 25th percentile), and the darkest red indicates 

downward mobility (an expected percentile rank of 10–22 for a child of a parent at the 25th percentile). 

That is, outside of a handful of counties, children in former slave states saw little to no upward 

educational mobility in the early 20th century.13 In contrast, counties in the West, Northeast, and Industrial 

Midwest had very high upward educational mobility rates in this period, as indicated by the light and dark 

green shading. Historically, opportunities for upward educational mobility depended heavily on where 

children grew up.  

By the end of the 20th century, the geography of educational mobility had changed dramatically. 

So much so that the correlation between upward mobility in the two periods is only 0.25, while the 

corresponding correlation for relative mobility is just 0.09. Moreover, sharp regional convergence 

occurred in both measures. Upward mobility improved in almost every county in the South, with the 

expected percentile rank averaging in the mid-30s for former slave states. But this is not just a story of the 

South catching up. High rates of upward educational mobility in the West and the Northeast fell toward 

the national average. Similarly, very high rates of upward educational mobility deteriorated in the 

Industrial Midwest, mirroring its declining economic fortunes. Along with the South, counties in the 

Great Plains (Iowa, Kansas, Minnesota, Nebraska, and the Dakotas) experienced significant gains in 

upward educational mobility.14 As a result, the interquartile range in upward mobility collapsed, from 15 

percentiles to 6 percentiles, and cross-county variance declined by 76 percent over 75 years (Appendix 

Figure A8). This pattern of regional convergence also holds for the rank-rank slope and the 40-to-60 

measure of upward mobility, with cross-county variances declining by 50 and 74 percent, respectively 

(Appendix Figures A9 and A10). A key takeaway from this analysis is that where a child grows up today 

matters much less for upward educational mobility than in the past. 

14 Chetty et al. (2014b) also document that upward income mobility is highest in the Great Plains and lowest in the 
Southeast in the later 20th century.  
 

13 The geographic pattern in upward mobility is similar to Card et al. (2022), who document county-level variation in 
upward mobility among teens residing with their parents in 1940. The correlation between our measure of upward 
mobility at the 25th percentile and theirs is 0.77. This imperfect correlation, when using the same data (albeit for 
slightly different cohorts), is reassuring and highlights the value of measuring completed education. 
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Figure 2. The Geography of Educational Mobility by Childhood County of Residence over the 20th Century 

             A. Rank-Rank Slope, 1910–1919 Cohorts                   ​                            B. Rank-Rank Slope, 1982–1997 Cohorts 

                

  C. Expected Rank at 25th Percentile, 1910–1919 Cohorts                       D. Expected Rank at 25th Percentile, 1982–1997 Cohorts 

                

Notes: Figures plot educational mobility by children’s county of residence in 1920 for the 1910–1919 cohort and by county of residence in 2000 for the 
1982–1997 cohort for counties with stable boundaries between 1920 and 2000 (see text for definition). Counties shaded in grey had fewer than 20 parent-child 
observations. In all panels, counties are shaded according to a common set of decile bin cutoffs based on the 1910–1919 cohorts. 
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Information about the geography of intergenerational educational mobility also allows us to 

examine the county correlates of these changes. Following Chetty et al. (2014b), we created a rich set of 

county-level measures that are both available and consistently measured across the early and late 20th 

centuries. Figure 3 shows that greater relative and upward mobility are associated with rising economic 

development (e.g., share urban, manufacturing share); declining income inequality and residential 

segregation; a declining share of Black Americans; a rising share of immigrants; a declining share of 

single-parent households and falling household size; and a rising share of religious adherents. In the next 

section, we examine the causal role of investments in public education. 

IV. The Role of Public Education Spending in Shaping Intergenerational Educational 
Mobility over the 20th Century 

It is natural to think that increases in public resources for schools likely raised opportunities for 

children of less educated parents and in less developed areas (like the South). But this need not be the 

case. Rather than increasing educational mobility, rising investments in public education may have 

reflected higher teacher (and women’s) wages and more years of school completed by all students. 

Moreover, larger increases in per-child educational resources may have benefited the most advantaged 

students (e.g., prioritizing smaller class sizes for high achievers), amplifying (rather than reducing) the 

persistence of parental educational advantages.   

To advance the literature studying this question, we use a state-border design to help isolate the 

causal effect of educational spending on mobility and to minimize the influence of other changes in local 

characteristics (see Figure 3). This research design is motivated by the observation that around half of the 

cross-county variation in changing upward educational mobility over the 20th century is explained by 

state-level factors (i.e., state fixed effects). Said another way, otherwise very similar communities have 

sharply different resources for public education due to differences in a host of state educational policies 

(Black, 1999; Kane et al., 2006; Knight & Schiff, 2019; Card et al., 2022; Lefgren et al., 2022).  
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Figure 3. The Association of Changes in County Characteristics and County Educational Mobility 

 

Notes: Each dot is the coefficient from a regression of the change in county rank-rank slope or expected rank at the 25th percentile on the change in a county 
characteristic, which are standardized to have a mean of 0 and a standard deviation of 1. Counties are weighted by the inverse of the variance of the relevant 
county mobility measure. 95-percent confidence intervals are based on robust standard errors. Early 20th-century county characteristics are generated from the 
1920, 1930, and 1940 Censuses (Ruggles et al., 2024b). Modern-day analogs are constructed using 2000 Census data from the National Historical Geographic 
Information System (NHGIS; Manson et al., 2024) or drawn from Opportunity Insights. See Appendix C for details. 

21 



 

Our analysis relates changes in educational mobility in county pairs on opposite sides of a state 

border, Δycp, to changes in state educational resources, ΔZs(c), within the following linear regression 

framework, 

                                                     Δycp = ΔZs(c)’  + 𝛿p + 𝜀cp,​ ​ ​ ​        (3) θ

where Δycp denotes changes in educational mobility in county c in state s and part of county pair p, and 𝛿p 

is a set of county-pair fixed effects. We assign county pairs using the Census Bureau’s 2010 county 

adjacency crosswalk and use only counties with stable boundaries and at least 20 parent-child pairs (U.S. 

Census Bureau, 2010). Because some counties are adjacent to more than one county, counties may appear 

in more than one county pair (Dube et al., 2010). 

We use three relative measures of educational investments: (1) a standardized measure of the 

increase in the number of K-12 teachers per child aged 5 to 18; (2) a standardized measure of the increase 

in the average salaries of K-12 teachers (in real dollars); and (3) a standardized measure of the increase in 

the number of instructors at postsecondary public colleges and universities per child aged 5 to 18, which 

is included to capture growing state investments in higher education (Goldin & Katz, 2008).15 The 

coefficients of interest, , document the relationship between educational mobility and relative increases θ

in state spending on primary, secondary, and postsecondary public education.16 (See Appendix C for data 

sources and variable construction details.)  

These measures are an incomplete characterization of the broader set of determinants of public 

educational investments in both periods, but we choose them because they are well-measured and 

16 Appendix Figure A11 presents maps of the counties used in the analysis and provides a visual description of the 
identifying variation. Note that counties can be part of multiple county pairs, because they may adjoin more than one 
county on the other side of the state border.  

15 Over the 20th century, publicly funded postsecondary institutions have become increasingly important. In 1931, 
enrollment in public postsecondary institutions accounted for 50 percent of total enrollment. By 2021, this number 
had risen to 73 percent of total enrollment (Goldin, 2006; U.S. Department of Education, 2023a). In addition, these 
public institutions are more likely to serve students from more disadvantaged backgrounds. In 2022–2023, the 
average annual tuition and required fees at 4-year public institutions was $9,834 (minimum of in-district and in-state 
tuition), compared to $40,713 at 4-year private non-profit institutions and $18,241 at 4-year private for-profit 
institutions. The corresponding figures for 2-year institutions are $4,027, $19,517 and $16,301, respectively (U.S. 
Department of Education 2023c).  
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comparable across two points in the 20th century. Moreover, the K-12 measures have been widely used as 

indicators of public school quality (Card & Krueger, 1992, 1996; Card et al., 2022). (See Appendix Figure 

A12 for the correlation of these measures with educational mobility.)   

A key assumption for interpreting the results as causal is that, within county pairs, the only reason 

for changes in relative educational resources to differ across state borders is state educational policy. That 

is, omitted factors affecting changes in state educational policy do not covary with changes in mobility, or 

cov(𝜀cp​, ΔZs(c)∣𝛿p​​)=0. We provide evidence on this assumption by examining whether changes in observed 

county characteristics, ΔXc in Figure 3, are correlated with changes in educational resources across state 

borders and within county pairs. Although there are many statistically and economically significant 

associations if we omit county-pair fixed effects, Figure 4 shows that these associations become small and 

generally indistinguishable from zero once we restrict comparisons to county pairs (solid markers). Out of 

69 coefficients (23 characteristics  3 education measures), only seven are statistically different from zero ×

at the 5-percent level with county-pair fixed effects—no more than expected by chance. This balance 

across a wide range of changing county characteristics is reassuring and supports the validity of the 

research design. 

We also directly test for the role of non-education state policies by assembling a database of 

candidate policies, including women’s suffrage laws (Lott & Kenny, 1999; Miller, 2008) and state 

minimum wage laws in the early 20th century (mostly targeting women’s wages) and later 20th century 

(Marchingiglio & Poyker, 2024; Federal Reserve Bank of St. Louis, 2024). Using the same specification 

as in (3), we find no evidence that having a state-level women’s suffrage law prior to 1919 or having a 

higher minimum wage in either period predicts changes in greater K-12 or postsecondary public 

investments in education. This evidence helps assuage concerns that differences in public health 

investments (Miller, 2008) or labor demand drive our findings. However, we find an association between 

changes in K-12 education and compulsory schooling laws (Acemoglu & Angrist, 2000; Lleras-Muney, 

2005; Stephens & Yang, 2014; Rauscher, 2016), consistent with states using policy bundles to promote 

the education of their youth. In what follows, we therefore interpret our estimates as reflecting differences 
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Figure 4. Balance Checks for the State-Border Design 

 

Notes: Each dot is the coefficient from a regression of the change in a county characteristic (indicated in row label) on the change in a state public education 
measure (indicated in the panel title). Hollow dots are from regressions that exclude county pair fixed effects, whereas solid dots include county pair fixed 
effects. Here, counties are weighted by the inverse of the variance of changes in expected rank at the 25th percentile at the county level, but estimates are similar 
when weighting by the inverse variance of the rank-rank slope. All variables are standardized to have a mean of 0 and standard deviation of 1. 95-percent 
confidence intervals are based on robust standard errors, clustered at the state border level. 
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in state education policy bundles (including the effects of correlated but unmeasured state education 

policies, such as compulsory education laws) rather than as causal effects of individual educational 

measures per se. 

Table 2 shows that these proxies for state public education resources are associated with increases 

in relative and upward mobility across all counties (column 1), and that these associations are not 

quantitatively different in the border sample (column 2). The latter finding suggests that these 

relationships in border counties are fairly typical of those in other locations.17 Including county-pair fixed 

effects (column 3), however, largely eliminates these associations for relative mobility, whereas the 

positive relationship persists for upward mobility. These findings are more precise when shrinking the 

estimates toward the state mean to account for sampling variation and disclosure-avoidance infused noise, 

following the methodology of Armstrong et al. (2022) (column 4, see also Appendix Figure A13).  

The magnitudes of the estimates in panel B suggest that a 1-standard-deviation larger increase in 

the number of per-child K-12 teachers or per-child public college instructors led to a 1 percentile-rank 

larger increase in upward mobility, and a 1-standard-deviation larger increase in teachers’ average salaries 

led to a 1.8 percentile-rank larger increase in upward mobility. The finding that average teacher salaries 

are especially strong predictors of upward educational mobility aligns with Card et al. (2022), who 

document this for cohorts born around 1920 in the 1940 Census.  

Overall, these three measures of public educational investments account for only 1 percent of the 

variation in relative mobility and roughly 10 percent of the variation in upward mobility within very 

similar counties across state borders. (Appendix Table A9 reveals similar findings if we measure upward 

mobility using the bottom 40 to top 60 percent mobility). At the state level, predicted changes in upward 

mobility (Table 2.B, column 3) explain around 20 percent of the variation in observed changes in upward 

mobility across states (Appendix Figure A14).  

 

17 Appendix Table A7 shows that border counties are not special in terms of observable characteristics either. 
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Table 2. Impact of State Public Education Resources on Educational Mobility 

 (1) (2) (3) (4) 

A. Dependent variable: Change in county rank-rank slope 

Change in K-12 teachers per child 
(ages 5–18) 

-0.016*** 
(0.005) 

-0.014* 
(0.008) 

-0.012 
(0.010) 

-0.017* 
(0.009) 

Change in average K-12 teacher salary 0.016*** 
(0.005) 

0.013* 
(0.007) 

-0.004 
(0.010) 

-0.006 
(0.009) 

Change in public college instructors 
per child (ages 5–18) 

-0.018*** 
(0.005) 

-0.023*** 
(0.006) 

-0.009 
(0.008) 

-0.010 
(0.007) 

R2 0.052 0.058 0.689 0.804 
Partial R2   0.010 0.049 

B. Dependent variable: Change in county expected rank of children with parents at 25th percentile 

Change in K-12 teachers per child 
(ages 5–18) 

4.49*** 
(0.38) 

4.34*** 
(0.57) 

1.03* 
(0.60) 

1.18* 
(0.60) 

Change in average K-12 teacher salary 1.33*** 
(0.43) 

1.64*** 
(0.43) 

1.84*** 
(0.62) 

1.97*** 
(0.61) 

Change in public college instructors 
per child (ages 5–18) 

2.45*** 
(0.38) 

2.78*** 
(0.43) 

0.96* 
(0.51) 

1.08** 
(0.51) 

R2 0.278 0.298 0.824 0.852 
Partial R2   0.080 0.121 
Border sample  ✓ ✓ ✓ 
County pair fixed effects   ✓ ✓ 
Bayesian shrunk estimates    ✓ 
N 2,881 2,344 2,344 2,344 

Notes: Column 1 shows the estimates from a regression of county-level rank-rank slope (panel A) or expected rank 
at the 25th percentile (panel B) on state public education resources, which are standardized to have a mean of 0 and 
a standard deviation of 1. Column 2 limits the sample to border counties (units of observation are county-by-border 
pairs), where counties may appear in more than one pair. Column 3 includes county-pair fixed effects as in equation 
3. Column 4 replaces the county mobility measures with their Empirical Bayes analogs to reduce the influence of 
sampling noise or disclosure-avoidance noise infusion. The partial R2s capture the share of the residual variation in 
county educational mobility explained by the state covariates after controlling for county pair fixed effects. Counties 
are weighted by the inverse of the variance of the relevant county mobility estimates. Robust standard errors in 
parentheses are clustered at the state-border level in columns 3 and 4. Stars indicate the level of statistical 
significance of the estimates: ***p < 0.01, **p < 0.05, *p < 0.10.  

26 



 

Altogether, these findings suggest that, while state investments in public education were an 

important driver of upward educational mobility over the 20th century, they had little effect on the 

persistence of parental educational advantage. Larger increases in state resources for public education 

affected mobility similarly for children of parents across the education distribution, and families with 

more education maintained their children’s relative standing, likely through complementary private 

investments, residential sorting, and social networks (Becker & Tomes, 1986; Solon, 2004).  

V. The Evolution of Educational Opportunity and the Role of Public Funding for Schools 

The rapid expansion of universal public education in the U.S. and growing educational attainment 

are well-known features of the human capital century (Goldin, 2001; Goldin & Katz, 2008). However, the 

lack of large-scale longitudinal data has limited our understanding of whether changing attainment and 

rising public educational spending have raised educational opportunities, strengthened the role of hard 

work and merit, and weakened the transmission of parental advantage.  

  This paper constructs new large-scale longitudinal datasets, allowing a novel characterization of 

the changing landscape of educational opportunity over 75 years and a quantification of the role of 

educational spending in shaping these opportunities. Similar to national survey evidence, we find that 

intergenerational educational mobility changed modestly at the national level over the period.  However, 

these modest changes at the national level mask large geographic differences in the evolution of 

educational mobility over time.  First, we find that geographic convergence in educational mobility was 

astounding: while educational mobility fell in the previously high-mobility areas of the West, Northeast, 

and Industrial Midwest, it rose in historically lower-mobility areas of the South and Great Plains. As a 

result, where children grow up today plays a much smaller role in their educational opportunities than it 

did in the early 20th century.  

Second, we find that investments in public education played a meaningful role in shaping changes 

in educational opportunity across the 20th century. Using a state-border design that limits the influence of 

unobserved local economic conditions, we find that state policies that raised the number of K-12 teachers, 
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K-12 teacher salaries, and public college instructors raised upward educational mobility but had little 

effect on relative mobility. Put differently, state investments affected educational outcomes similarly for 

all children, meaning that—while all children gained—children of parents with greater educational 

advantages maintained their relative standing. One limitation of this study is that, while educational 

attainment is associated with the quality of education, we only observe years of education in the data. 

Recent work by Bleemer and Quincy (2025) highlights how differences in the types and quality of college 

majors became stratified by parental income over the 20th century, implying differing returns to college 

education by social status. These findings complement our work, suggesting that differences in 

educational quality and college majors among children from lower socioeconomic status families may 

curtail gains in mobility in terms of educational attainment.  

These geographic patterns in educational mobility resemble but also diverge from patterns of 

intergenerational income mobility, both in the early 20th century and in the later 20th century. Some 

resemblance is expected: through learning and opportunities for better careers, greater educational 

mobility should increase income mobility. Yet, educational and income mobility are not perfectly 

correlated in either period. For the 1910–1919 cohorts, the correlation between our estimates of upward 

educational mobility and county estimates of upward income or occupational mobility in Massey and 

Rothbaum (2021) or Tan (2023) is around 0.68.18 For the 1982–1997 cohorts, the correlation between our 

county estimates of upward educational mobility and the upward income mobility estimates in Chetty et 

al. (2014b) is around 0.50 and, for estimates of relative educational mobility, only 0.18. Both today and in 

the past, many places in the U.S. are characterized by high rates of educational mobility but low rates of 

income mobility and vice versa. Understanding why educational and income mobility diverge and the 

factors that mediate this relationship remain important questions for future research.  

18 Note that our study is for a different sample than previous studies of occupational/income mobility. Tan (2023) 
studies White men born from 1892 to 1910 and linked across the 1910 and 1940 Censuses, assigning 
occupation-based income scores to fathers and sons. Massey and Rothbaum (2021) focus on men and women born 
from 1922 to 1940 linked between the 1940 Census and 1974–1979 tax records. They calculate fathers’ income 
based on self-reported wage income in 1940 and children’s income based on Adjusted Gross Income reported in tax 
data. 
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Appendix A. Linking Children and Parents in SS-5 Records to the 1920 and 1940 
Censuses Using Supervised Machine Learning 

This section describes the process of linking children and parents in SS-5 records to the 1920 and 

1940 Censuses using the supervised machine learning approach from Bailey et al. (2023). The final linked 

dataset is a combination of seven types of links: (A) linking male children in SS-5 records to the 1940 

Census, (B) linking female children in SS-5 records to the 1940 Census, (C) linking siblings together 

across SS-5 records, (D) linking parents and children in SS-5 records as families to households in the 

1900–1940 Censuses, (E) linking parents in SS-5 records to the 1940 Census as couples (without age and 

birthplace information), (F) linking parents in SS-5 records to the 1940 Census as couples (with age and 

birthplace information), and (G) linking fathers and mothers in SS-5 records to the 1940 Census as 

individuals. 

Each link relies on different pieces of information. Link A uses name, year of birth and birthplace 

information to link men to the 1940 Census. Link B is analogous to link A, except that women are linked 

using both their birth name and their married name(s) (if available). Link C uses information on parents’ 

full names to link siblings together across SS-5 records. These links are used to create a crosswalk 

between SSNs and family identifiers in the SS-5 data, which is then used to reconstruct families in the 

SS-5 data and link them to households in the 1940 Census using information on parents’ names and 

children’s name, age, and birthplace (link D). We also link those families to households in the 1900–1930 

Censuses to obtain information on parents’ year and place of birth, which we exploit in subsequent links. 

Link E uses fathers’ full name and mothers’ first and middle name to link parents to the 1940 Census as 

couples. Link F is similar to link E, except that it additionally exploits parents’ year and place of birth 

information (for the subset of parents for which this information is available from link D). Lastly, link G 

also exploits parents’ demographic information from link D to separately link fathers and mothers to the 

1940 Census as individuals using the same process as links A and B. 

Each link above consists of the following four steps: (1) generate a set potential candidates for 

each record we want to link, (2) make manual linking decisions for a random sample of those records, (3) 
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use the manual linking decisions to train an algorithm to mimic those decisions, and (4) scale up linking 

to the entire set of records. We briefly describe each step in turn. 

Step 1: Generating Sets of Candidate Links 

The first step consists of generating a set of potential candidates in the target dataset for humans 

(or the algorithm) to choose from when attempting to find a link for each “primary” record in the starting 

dataset. The first two columns in Appendix Table A1 specify the universe of primary records and 

potential candidates for each type of link. To select promising candidates, we use name similarity scores 

between primary records and potential candidates. Since there are typically millions of primary and 

potential records and since generating name similarity scores is computationally intensive, we reduce the 

dimensionality of the problem by first “blocking” on certain characteristics, such as sex, first or last name 

initials, year of birth windows, state/continent of birth, or some combination of these. Note that some of 

these may be conditions we would like links to satisfy anyway. Column 3 in Appendix Table A1 lists the 

blocking criteria for each type of link, which varies depending on the available information. In practice, 

we try to impose as few conditions as possible in order to avoid missing potential links due to 

imperfectly-reported information in historical records (e.g., name misspellings, mis-measured year of 

birth or birthplace, etc.).1 Within each block, we compute name similarity scores between each 

primary-potential record pair, and retain the top 20 or 25 candidates according to these scores. Column 4 

in Appendix Table A1 defines the name similarity scores we use to rank potential candidates, which again 

vary across links depending on the available information. 

Step 2: Making Manual Linking Decisions for a Random Sample of Records 

Once we have sets of potential candidates for all primary records, the second step consists of 

making manual linking decisions for a random sample of primary records. Column 5 in Appendix Table 

A1 lists the information displayed to human “trainers” to aid them in their decisions (this is also what the 

1 For some links we take the union of blocks to cast a wide net. For links A and B, we separately block on last name 
and first name initials, which means that potential candidates need only satisfy one of these conditions. For link D, 
we block on the union of children’s state/continent of birth, which means that potential households need only have 
one child whose birthplace matches the birthplace of one of the children in the primary family. 
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algorithm will “see” when making linking decisions). We generally try to provide as much information as 

possible (subject to all the information comfortably fitting on a computer screen).2 

Our training process is modeled on the training process described in Bailey et al. (2023). To 

maximize the quality of the training data, we take two measures: (1) Trainers are instructed to only make 

links when they are very confident (importantly, trainers have the option to not make any link if there is 

too much ambiguity in the set of potential candidates, and are encouraged to do so when appropriate), and 

(2) we aggregate decisions from multiple independent trainers. To be more specific, each case is 

independently reviewed by two trainers. Trainers agree if they select the same link or both decline to 

make a link. The subset of cases which they disagreed on are shown to three additional trainers, mixed in 

with a random sample of cases they agreed on (so that the three trainers cannot distinguish between 

different types of cases). For cases that were considered by five trainers, only links chosen by four out of 

five trainers are considered links in the final training data. Column 6 in Appendix Table A1 specifies the 

number of cases that were shown to trainers and the resulting “hand” match rate. 

Step 3: Training an Algorithm to Mimic Human Linking Decisions 

The third step consists in using the manual linking decisions to train an algorithm to make similar 

linking decisions. The hand-linked data is randomly split into two sets: a “training” sample (70 or 75 

percent of the training data) that the algorithm is allowed to learn from and a “hold-out” sample (25 or 30 

percent of the training data) that we use to evaluate the out-of-sample performance of the algorithm. We 

use the two-stage model described in Bailey et al. (2023) to generate model-based links. In the first stage, 

the probability that there exists a link in the set of potential candidates for a particular record is modeled 

using a random forest model and set-level features (intuitively capturing how many promising candidates 

are contained in the set; the more promising candidates there are, the lower the probability that a true link 

can be confidently chosen). In the second stage, the probability that any potential candidate in the set is 

the true link, conditional on a true link being contained in the set, is modeled using a logit-style discrete 

2 Note that some pieces of information, like race and country of birth, are displayed for trainers to optionally take 
into account with full knowledge that this information is not always accurately reported and does not have to match. 
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choice model and pair-level features (intuitively capturing how promising a particular candidate is). These 

probabilities are estimated using ten-fold cross-validation in the training sample, and multiplied to obtain 

the unconditional link probability for each primary-potential pair. Model-based links are then made using 

a threshold rule: All pairs with a match probability exceeding the threshold are called links and the 

remaining pairs are called non-links. 

A key decision is how to set this threshold. The higher the threshold the higher the share of links 

made by human trainers that the algorithm is able to reproduce (“recall rate”) but the lower the share of 

links made by the algorithm that were “correct” according to human trainers (“precision rate”). The 

advantage of labeled data is that it allows us to control this tradeoff. In practice, we select the threshold 

associated with a precision rate of 95 percent in the training sample.3 Column 7 in Appendix Table A1 

specifies the out-of-sample recall and precision rates achieved by our models in the hold-out samples. 

Link C differs from all other links in that it is an instance of one-to-many linking since 

individuals can have multiple siblings. Therefore, trainers are allowed to select multiple links, and a 

random forest model is used to model the probability that any pair of individuals are siblings. 

Step 4: Scaling up Linking to the Full Set of Records 

The fourth and final step consists in scaling up linking by using the trained algorithm to generate 

match probabilities in the full sample of records, and generating machine links using the cross-validated 

probability thresholds associated with a 95-percent precision rate. After generating links in the full 

sample, we implement a series of post-processing steps to iron out conflicts in the data. For example, it is 

possible for one record in the target dataset to be linked to multiple primary records in the starting dataset. 

We eliminate such conflicts either by selecting one link that has a significantly higher match probability 

than all the other links and dropping the remaining ones, or dropping all the links if no link stands out. 

Another type of conflict that arises as part of link B is when two name variations of the same female SS-5 

3 The only exceptions are the intermediate links C and D (links to 1900–1930 Censuses) that are used as an input for 
subsequent links, for which we impose a 97-percent precision rate based on the training sample. 
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record are linked to two different women in the 1940 Census. We use a similar strategy to eliminate such 

conflicts. 

Appendix B. Details on Construction of Weights 

To more closely approximate nationally representative estimates of educational mobility, we 

construct individual-level weights to balance our linked and survey samples with the population of 

interest. These weights target (1) sex, (2) race/ethnicity (non-Hispanic White, non-Hispanic Black, other), 

and (3) birth cohort. For the 1910–1919 cohorts, we additionally balance our samples on years of 

education as of 1940. This is because linking historical records based on name information generally 

produces samples that are slightly skewed towards more educated individuals (Bailey et al., 2020b). This 

stems from the fact that more educated people have longer and less common names, and less educated 

individuals have shorter and more common names, which makes them harder to link. The survey samples 

for the 1910–1919 cohorts are also slightly skewed towards more educated individuals, because those 

surveys took place in the second half of the 20th century and only contain individuals who survived, who 

also tend to be more educated. These issues are less important for the 1982–1997 cohorts because the 

Census Bureau uses more information than is available in the historical data, and the Census and ACS 

took place when those cohorts were still relatively young. In contrast, the older individuals in the modern 

sample have less opportunity to be sampled in the ACS after age 25 than the younger cohorts, which 

means modern samples with completed education tend to be slightly older than the population. 

We construct inverse propensity scores weights following the procedure described in Bailey et al. 

(2020a). This involves pooling the sample to be reweighted with a random sample of the population, and 

estimating a probit regression modeling the probability of appearing in the population as a function of 

common characteristics. For the 1910–1919 cohorts, we include dummy variables for 

sex-by-race/ethnicity group-by-individual birth year category, and additionally dummy variables for 

individual years of education. The inclusion of educational attainment dummies allows us to upweight 

individuals with less education to account for the fact that they are slightly underrepresented in the linked 

sample.  For the 1982–1997 cohorts, we include dummy variables for sex-by-race/ethnicity 
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group-by-individual birth year categories. This accounts for the fact that younger individuals are less 

likely to appear in our analysis sample because we require that they be age 25 or older in the ACS, which 

means there are fewer ACS years in which this requirement can be satisfied. For the later 20th century 

cohorts, we omit the educational attainment dummies because the PIK’d sample is based on more 

information and does not underrepresent individuals with less education. 

The estimated probabilities are then used to weights such that the mean sample characteristics 

match the means in the population. If the starting sample already has weights (which is the case for our 

survey samples for which sampling weights are provided), these can be incorporated in the reweighting 

procedure such that the final composite weight achieves balance. For the pooled GSS/NSFH sample 

covering the 1910–1919 cohorts, we first adjust the sampling weights by normalizing them to sum to one 

within each survey and then multiply them by the share of observations coming from each survey so that 

more weight is placed on the larger GSS sample, similar to Jácome et al. (2025). 

Appendix Table A3 compares the population averages in the 1940 Census against the unweighted 

and weighted means in our 1920-1940 linked sample and in the pooled GSS/NSFH survey sample. 

Comparing the means across columns 1 and 2, we can see that our linked sample is skewed towards later 

birth cohorts, White Americans, and more educated individuals. Although we cannot observe the 

population of parents of children born in 1910–1919, we can identify the subset of parents who co-reside 

with their children in 1940, which is what we use to approximate the mean educational attainment in the 

population of the most educated parent. This reveals that our linked sample is also skewed towards 

individuals with more educated parents. The p-values in column 3 indicate that we can reject the null 

hypothesis that the differences in the sample and population means are equal to 0. Similarly, column 6 

shows that the pooled GSS/NSFH survey sample overrepresents women, later birth cohorts, White 

Americans, more educated individuals, and individuals with more educated parents. 

Columns 4 and 8 show the reweighted means are very close to the population means, and 

columns 5 and 9 imply that we cannot reject equality (with the exception of the share of non-Hispanic 

Whites and other race/ethnicity groups in the linked sample, but the differences are very close to 0). Note 
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also that even though we do not target parental education, the weighted means are much closer to the 

population means, with the difference relative to the population mean declining from 0.74 to 0.10 years in 

the 1920-1940 linked sample and from 0.99 to 0.07 years in the pooled GSS/NSFH sample. 

Appendix C. Constructing County Characteristics and State Resources for Public 
Education in the Historical and Modern Period 

County Demographic and Socio-economic Characteristics 

​ We construct various county-level demographic and socio-economic characteristics for the 

historical period using microdata from the 1920 Decennial Census (unless otherwise indicated). Indicators 

of demographic structure include total population, population density (information on county area comes 

from Eckert et al., 2020), demographic composition (share non-Hispanic Black, share Hispanic, share 

non-Hispanic Asian, share foreign-born, share born out-of-state), income inequality (Gini coefficient), 

and racial residential segregation (Theil index). Income inequality is based on annual wage income in the 

1940 Census. Indicators of economic development include the share of urban households, the share of 

farm households, the labor force participation rate, the share of the labor force in manufacturing 

industries, the share of the labor force in business and professional service industries, income per capita, 

and median house values. Income per capita is based on annual wage income in the 1940 Census, while 

median house values come from the 1930 Census (both measures are converted to 1999 dollars using the 

Bureau of Labor Statistics’ historical “Consumer Price Index for Urban Consumers” series). Indicators of 

local public service provision include the number of labor force participants in public administration 

industries per capita, the number of labor force participants in protective service occupations per capita 

(e.g., firemen, policemen), and the number of labor force participants in healthcare occupations per capita. 

Indicators of family structure include the share of adults that are married, the share of adults that are 

divorced, the share of children that are in single-parent households, and the average household size. 

Lastly, as a measure of social capital, we construct the share of religious adherents by dividing the number 

of religious adherents in the 1926 Census of Religious Bodies, obtained via the National Historical 
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Geographic Information System (NHGIS; Manson et al., 2024), by the total population in the 1920 

Census. 

We construct modern-day analogs of the above county characteristics using county-level tables 

from the 2000 Decennial Census published by the Census Bureau and obtained via NHGIS. One minor 

difference is that the share of people in specific industries (manufacturing, business and professional 

services, public administration) or specific occupations (protective services, healthcare) are measured 

using employed individuals rather than labor force participants. Because these measures cannot be 

computed using county-level data published by the Census Bureau, income inequality and racial 

residential segregation come from data made available by Opportunity Insights 

(https://opportunityinsights.org/data/). We also obtained the share of religious adherents in 2000 from 

Opportunity Insights. Appendix Table A7 shows the means of the county-level characteristics described 

above, for the subset of counties used in our analysis. 

State Resources for Public Education 

​ State-level data on the number of K-12 teachers, average K-12 teacher salaries and instructors at 

public colleges and universities for the historical period are based on data we digitized from the U.S. 

Office of Education’s 1928–1930 Biennial Survey of Education (U.S. Office of Education, 1931). K-12 

teachers for the school year 1929–1930 are measured using the “total number of teaching positions” 

(Chapter II, Table 11, column 20). Average K-12 teacher salaries for the school year 1929–1930 are 

measured using the “average annual salaries of teachers, supervisors, and principals” (Chapter II, Table 

12, column 3). For instructors at public colleges and universities, we digitized school or state-level data 

on the number of professors and instructors by gender for school year 1929–1930 for all 246 

publicly-controlled universities, colleges, and professional schools (Chapter IV, Table 7, columns 3–4), 

134 publicly-controlled teachers colleges (Chapter V, Table 8, columns 3–4), 66 state normal schools 

(Chapter V, Table 14, columns 3–4), 26 city normal schools (Chapter V, Table 19, columns 6–7), and 47 

county normal schools (Chapter V, Table 21, columns 3–4).​

​ For the modern period, state-level data on K-12 teachers comes from the National Center for 
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Education Statistics’ (NCES) Common Core of Data (CCD) state-level files for the school year 

1999–2000. Note that NCES measures K-12 teachers in full-time equivalent (FTE) units rather than 

persons. State-level data on average K-12 teacher salaries comes from estimates of the average annual 

salary of teachers in public elementary and secondary schools for the school year 1999–2000 reported by 

NCES (U.S. Department of Education 2022). State-level data on instructors at public colleges and 

universities for the modern period are based on institutional-level data from NCES’ Integrated 

Postsecondary Education Data System (IPEDS) database for the school year 2000–2001, which we 

aggregate at the state level. We focus on publicly-controlled, Title IV-participating post-secondary 

institutions. Instructors are measured using the number of full-time and part-time faculty involved in 

instruction, research, or public service. We convert the number of instructors in FTE terms by multiplying 

part-time faculty members by 1/3. 

State-level K-12 teachers and public college instructors are normalized by the corresponding 

number of children aged 5–18 as measured in the 1930 Decennial Census for the historical period or in 

the 2000 Decennial Census for the modern period. Average K-12 teacher salaries are converted to 1999 

dollars using the Bureau of Labor Statistics’ historical “Consumer Price Index for Urban Consumers” 

series. Appendix Table A8 displays the resulting statistics for each state.  
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Figure A1. Cohort and State of Birth Coverage of SS-5 Records by Sex and Race 

A. Cohort Coverage 

 

B. State of Birth Coverage 

 

Notes: Panel A plots the number of observations by cohort in SS-5 records divided by the corresponding number of 
observations in the 1940 Census, separately by sex and race. Panel B plots state of birth shares in SS-5 records 
against corresponding shares in the 1940 Census among individuals born in the U.S. in 1910–1919, separately by 
sex and race.  
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Figure A2. Average Years of Education by Age and Cohort 

 

Notes: This graph plots average years of education at specified ages by cohort using data from the 1940–2000 
decennial censuses and the 2001–2022 ACS (Ruggles et al., 2024a). Sample is restricted to individuals born in the 
U.S. Observations are weighted by census sampling weights.  

The Evolution of Educational Mobility – Online Appendix – 12 



Figure A3. Overview of Construction of Linked Samples 

A. 1920-1940 Census Linked Sample 

 

B. 2000 Census-ACS Linked Sample 

 

Notes: PIKs refer to Protected Identification Keys used by the Census Bureau to identify unique individuals across 
records (Wagner & Layne, 2014).  
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Figure A4. Distribution of Children’s and Parents’ Educational Attainment by Cohort 

 

Notes: This graph plots the distribution of children’s and parents’ education by children’s birth cohort. Parental 
education is measured for the most educated parent. Children’s education is measured in the 1950 Census for the 
1910–1919 cohorts and in the 2022 ACS for the 1982–1997 cohorts. Parents’ education is measured in the 1940 
Census for the 1910–1919 child cohorts and in the 2000 Census for the 1982–1997 child cohorts. The sample is 
restricted to individuals born in the U.S. Children are weighted by sample-line weights in the 1950 Census and by 
person weights in the 2022 ACS. Parents are weighted by household weights in the 2000 Census. 
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Figure A5. National Education Transition Matrix by Cohort 

A. 1910–1919 Cohorts 

 

B. 1982–1997 Cohorts 

 
Notes: For both panels, each cell reports the percentage of children attaining a level of education indicated on the 
y-axis, conditional on parents having the education level indicated in the x-axis. Observations for the 1910–1919 
cohorts are reweighted to match the sex-by-cohort-by-race and education distribution in the 1940 population. 
Observations for the 1982–1997 cohorts are reweighted to match the sex-by-cohort-by-race distribution in the 2000 
population. Darker cells indicate higher conditional shares. Corresponding percentile ranks can be derived using 
Appendix Figure A4. The procedure for constructing weights is described in Appendix B.  
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Figure A6. The Relationship Between Child and Parent Education Ranks, by Cohort: 
Alternative Rank Assignment Methods 

 

Notes: This graph plots the average education rank of children by parental education rank for different rank 
assignment methods, separately by cohort. Parental education is measured using the education of the most educated 
parent. Fitted lines are based on weighted linear regressions (see Appendix Table A4 for detailed results). 
Observations for the 1910–1919 cohorts are reweighted to match the sex-by-cohort-by-race and education 
distribution in the 1940 population. Observations for the 1982–1997 cohorts are reweighted to match the 
sex-by-cohort-by-race distribution in the 2000 population. The procedure for constructing weights is described in 
Appendix B. 
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Figure A7. Relative and Upward Educational Mobility over the 20th Century 

A. Relative Educational Mobility 

 

B. Upward Educational Mobility 

 

Notes: This graph plots estimates of relative and upward educational mobility by cohort and sample. Linked data for 
the 1910–1919 cohorts are reweighted to match the sex-by-cohort-by-race and education distribution in the 1940 
population. Linked data for the 1982–1997 cohorts are reweighted to match the sex-by-cohort-by-race distribution in 
the 2000 population. Survey data for the 1910–1979 cohorts are reweighted to match the sex-by-cohort-by-race and 
education distribution in the nearest decennial census or ACS year in which individuals are aged 25 or older (1950 
for 1910–1919 cohorts, 1960 for 1920–1929 cohorts, etc.). Survey data for the 1982–1997 cohorts are weighted by 
GSS sampling weights. The procedure for constructing weights is described in Appendix B. 95-percent confidence 
intervals are based on robust standard errors. 
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Figure A8. Exp. Rank at 25th Percentile by Childhood State or County of Residence 

A. Expected Rank at 25th Percentile by Childhood State of Residence, 1910–19 vs. 1982–97 Cohorts 

 
 

B. Expected Rank at 25th Percentile by Childhood County of Residence, 1910–19 vs. 1982–97 Cohorts 

 

Notes: These graphs plot expected rank at the 25th percentile by 1920 childhood state or county of residence for the 
1910–1919 cohorts against expected rank at the 25th percentile by 2000 childhood state or county of residence for 
the 1982–1997 cohorts. 
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Figure A9. Rank-Rank Slope by Childhood State or County of Residence 

A. Rank-Rank Slope by Childhood State of Residence, 1910–19 vs. 1982–97 Cohorts 

 
 

B. Rank-Rank Slope by Childhood County of Residence, 1910–19 vs. 1982–197 Cohorts 

 

Notes: These graphs plot the rank-rank slope by 1920 childhood state or county of residence for the 1910–1919 
cohorts against the rank-rank slope by 2000 childhood state or county of residence for the 1982–1997 cohorts. 
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Figure A10. Bottom 40 to Top 60 Percent Mobility by Childhood County of Residence 
over the 20th Century 

A. 1910–1919 Cohorts 

 

B. 1982–1997 Cohorts 

 

Notes: Figures plot bottom 40 to top 60 percent mobility by children’s county of residence in 1920 for the 
1910–1919 cohort and by county of residence in 2000 for the 1982–1997 cohort for counties with stable boundaries 
between 1920 and 2000 (see text for definition) and at least 20 parent-child observations. In both panels, counties 
are shaded according to a common set of decile bin cutoffs based on the 1910–1919 cohorts. 
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Figure A11. Sharp Discontinuities in Changing State Public Education Resources Across State Borders 

               A. Change in State K-12 Teachers Per Child, 1930–2000                   B. Change in State Average K-12 Teacher Salaries, 1930–2000 

               

   C. Change in State Public College Instructors Per Child, 1930–2000 

               

Notes: These graphs plot changes in state public education resources between 1930 and 2000 for the subset of the counties in our border regression samples. 
Counties are shaded according to which decile bin the associated state measure falls into. 
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Figure A12. The Relationship of Changes in Educational Mobility and Relative Changes in State Resources for Public 
Education over the 20th Century 

 
 A. Changes in Rank-Rank Slope versus Changes in K-12 Teachers, K-12 Teacher Salaries, and Public College Instructors per Child 

 

B. Changes in Upward Mobility versus Changes in K-12 Teachers, K-12 Teacher Salaries, and Public College Instructors per Child 

       

Notes: These graphs plot changes in relative or upward educational mobility by childhood state of residence between the 1910–1919 and 1982–1997 cohorts 
against changes in state resources for public education between 1930 and 2000. Statistics on K-12 education and public colleges and universities for 1928–1930 
come from the U.S. Office of Education (1931). Analogous statistics on K-12 education for 1999–2000 and public post-secondary institutions for 2000–2001 are 
constructed using the Common Core of Data (CCD) and Integrated Post-secondary Education Data System (IPEDS) databases from the National Center for 
Education Statistics (NCES), or are directly taken from NCES tables (U.S. Department of Education, 2022). Data on the number of children aged 5–18 comes 
from the 1930 and 2000 Censuses. See Appendix C for details. Changes in state public education resources are standardized to have a mean of 0 and standard 
deviation of 1. Fitted lines are based on linear regressions where observations are weighted by the average number of children across our linked samples. 
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    Figure A13. Original vs. Empirical Bayes Shrinked County Estimates 

          A. Expected Rank at 25th Percentile, 1910–19           B. Expected Rank at 25th Percentile, 1982–97 

 

        C. Rank-Rank Slope, 1910–19​                                D. Rank-Rank Slope, 1982–97 

 

                E. Bottom 40 to Top 60 Percent, 1910–19                F. Bottom 40 to Top 60 Percent, 1982–97 

 

Notes: These graphs plot the original county educational mobility estimates against empirical Bayes (EB) versions 
of those estimates. EB estimates shrink toward the state mean and use precision weights proportional to the inverse 
of the variance of the original county estimates (Armstrong et al., 2022). Fitted lines are based on unweighted 
regressions of the county estimates on the EB-shrunken estimates (regression R2 and Pearson correlation coefficient 
also shown).  
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Figure A14. Observed vs. Predicted State Changes in Upward Educational Mobility over 
the 20th Century 

 

Notes: This graph plots observed state changes in upward educational mobility over the 20th century on the y-axis 
against predicted state changes in upward educational mobility on the x-axis, which are obtained by adding the 
average change in upward educational mobility across states over time and the sum of observed (standardized) 
changes in state resources for public education multiplied by the corresponding border-design estimates from 
column 3 in Table 2. The dashed line indicates the 45-degree line. 
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Table A1. Overview of Linking Process 

 Universe of 
primary 
records 

(starting data) 

Universe of 
potential 

candidates 
(target data) 

Blocking 
criteria for 
potential 

candidates 

Selection 
criteria for 
potential 

candidates 

Information 
displayed to 

human trainers 

Trainer match 
rate 

Model recall / 
precision rate 
in hold-out 

sample 

Notes 

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

(A) Linking male children in 
SS-5 records to the 1940 
Census 

Men with 
non-missing 
first and last 
name, year of 
birth, and 
birthplace 

Men with 
non-missing 
first name, last 
name, age, and 
birthplace 

First or last 
name initial 
(union), 
+/-3-year age 
window in 
1940, 
state/continent 
of birth 

Jaro-Winkler 
score for first 
and last name 
(top 25) 

Full name, age 
in 1940, 
state/country of 
birth, race 

42.6% (N = 
1,500 cases) 

76% / 92.5% 
(25-percent 
hold-out 
sample) 

 

(B) Linking female children 
in SS-5 records to the 1940 
Census 

Women with 
non-missing 
first and last 
name (birth or 
married), year 
of birth, and 
birthplace 

Women with 
non-missing 
first name, last 
name, age, and 
birthplace 

First or last 
name initial, 
+/-3-year age 
window in 
1940, 
state/continent 
of birth, 
marital status 
(single vs. 
non-single) 

Jaro-Winkler 
score for first 
and last name 
(top 25) 

Full name, age 
in 1940, 
state/country of 
birth, race 

53.2% (N = 
500 unique 
SSNs, N = 
1,543 cases) 

70% / 93.3% 
(25-percent 
hold-out 
sample) 

Women linked 
using birth and 
married 
name(s) 
(within-SSN 
conflicts 
resolved ex 
post if 
necessary) 

(C) Linking siblings together 
in SS-5 records 

Individuals 
with 
non-missing 
year of birth 
and father last 
name 

Individuals 
with 
non-missing 
year of birth 
and father last 
name 

Father last 
name initials 
(first two), 
+/-10-year of 
birth window 

Jaro-Winkler 
score for father 
and mother 
first and last 
name (top 20) 

Father and 
mother full 
names, year of 
birth, 
state/country of 
birth, race 

39.8% (N = 
493 primaries, 
N = 9,860 
cases) 

92.1% / 98.9% 
(30-percent 
hold-out 
sample) 

One-to-many 
linking 
(random forest 
model) 

(D) Linking parents in SS-5 
records to the 1900–1940 
Censuses as households 
(with information on 
children via 97-percent 
precision sibling linkages) 

Families with 
non-missing 
father last 
name and at 
least 1 child 
with 
non-missing 
birthplace and 
aged 25 or 
under in target 
census year 

Households 
with 
non-missing 
father last 
name and at 
least 1 child 
with 
non-missing 
birthplace 

Father last 
name initial, 
children’s 
state/continent 
of birth (union) 

Jaro-Winkler 
score for father 
first and last 
name and 
mother first 
name (top 20) 

Father full 
name, mother 
first and 
middle name, 
up to 10 
children (first 
and middle 
name, age, 
birthplace), 
modal race of 
child(ren)/race 
of potential 
father 

42.1% (N = 
985 cases) 

92.9% / 92.9% 
(30-percent 
hold-out 
sample) 

Training data 
based on 
linking 
families in 
SS-5 records to 
households in 
the 1910 and 
1920 Censuses 
(N = 495 cases 
from 1920 
linking; N = 
490 cases from 
1910 linking) 
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Table A1 (continued). Overview of Linking Process 

 Universe of 
primary 

records to be 
linked 

Universe of 
potential 

candidates 

Blocking 
criteria for 
potential 

candidates 

Selection 
criteria for 
potential 

candidates 

Information 
displayed to 

human trainers 

Trainer match 
rate 

Model recall / 
precision rate 
in hold-out 

sample 

Notes 

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

(E) Linking parents in SS-5 
records to the 1940 Census 
as couples (without age and 
birthplace information) 

Parents with 
non-missing 
father first and 
last name, and 
mother first 
name 

Couples with 
non-missing 
father first and 
last name, and 
mother first 
name 

Father last 
name initials 
(first two) 

Jaro-Winkler 
score for father 
first and last 
name and 
mother first 
name (top 20) 

Father full 
name, mother 
first and 
middle name, 
modal race of 
child(ren)/race 
of potential 
father 

25.5% (N = 
990 cases) 

58.1% / 95.6% 
(30-percent 
hold-out 
sample) 

 

(F) Linking parents in SS-5 
records to the 1940 Census 
as couples (with age and 
birthplace information via 
97-percent precision 
household linkages to 
1900–1930 Censuses) 

Parents with 
non-missing 
father first and 
last name, 
mother first 
name, father 
year of birth, 
and birthplace 

Couples with 
non-missing 
father first and 
last name, 
mother first 
name, father 
age, and 
birthplace 

Father last 
name initial, 
father 
state/continent 
of birth, 
+/-5-year 
father age 
window in 
1940 

Jaro-Winkler 
score for father 
first and last 
name and 
mother first 
name (top 20) 

Father full 
name, mother 
first and 
middle name, 
father and 
mother age in 
1940 and 
birthplace, 
father race 

47.6% (N = 
500 cases) 

84.8% / 98.5% 
(30-percent 
hold-out 
sample) 

 

(G) Linking parents in SS-5 
records to the 1940 Census 
as individuals (with age and 
birthplace information via 
97-percent precision 
household linkages to 
1900–1930 Censuses) 

Parents with 
non-missing 
first and last 
name, year of 
birth, and 
birthplace 

Men/women 
with 
non-missing 
first and last 
name, age, and 
birthplace 

First or last 
name initial 
(union), 
+/-3-year age 
window in 
1940, 
state/continent 
of birth, 
marital status 
(mothers only) 

Jaro-Winkler 
score for first 
and last name 
(top 25) 

— — — Recycle 
training data 
and models 
from links A 
and B 
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Table A2. Sample Sizes and Match Rates by Sex in 1920-1940 Census Linked Sample 

 All 
(1910–1919) 

Men 
(1910–1919) 

Women 
(1910–1919) 

 (1) (2) (3) 

Number of children linked to 1940 3,344,524 1,576,650 1,767,874 

Match rate 0.412 0.421 0.404 

Number of children linked to 1940 with at 
least one parent linked to 1940 

1,979,754 995,327 984,427 

Match rate 0.244 0.266 0.225 

Number of children linked to 1940 and 1920 
with at least one parent linked to 1940 

1,495,542 752,083 743,459 

Match rate 0.184 0.201 0.170 

Number of children in SS-5 records 8,117,560 3,743,686 4,373,874 

Number of children in 1940 Census 21,897,415 10,762,772 11,134,643 

Notes: This table displays sample sizes and match rates for our 1920-1940 Census linked sample, pooling women 
and men in column 1 and separately by sex in columns 2 and 3. Corresponding counts in our starting sample (SS-5 
records) and in the reference population (1940 Census) are shown in the bottom two rows. 
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Table A3. Representativeness of 1920-1940 Linked Sample and Pooled Survey Data: 1910–1919 Cohorts 

 Pop. 1920-1940 Linked Sample Pooled GSS/NSFH Surveys 
 (1940) Unweighted Weighted Survey weights Weighted 

 Mean Mean 
Diff. ​

(1) – (2) 
[p-value] 

Mean 
Diff. 

(1) – (4) 
[p-value] 

Mean 
Diff. 

(1) – (6) 
[p-value] 

Mean 
Diff. 

(1) – (8) 
[p-value] 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

Female 0.509 0.497 0.012 
[0.000] 

0.510 -0.001 
[0.253] 

0.547 -0.038 
[0.000] 

0.508 0.001 
[0.961] 

Year of birth 1914.59 1915.84 -1.248 
[0.000] 

1914.59 0.007 
[0.144] 

1915.17 -0.578 
[0.000] 

1914.57 0.020 
[0.779] 

Non-Hispanic White 0.881 0.970 -0.089 
[0.000] 

0.882 -0.002 
[0.025] 

0.902 -0.021 
[0.001] 

0.885 -0.004 
[0.639] 

Non-Hispanic Black 0.105 0.025 0.079 
[0.000] 

0.104 0.001 
[0.344] 

0.088 0.016 
[0.004] 

0.104 0.001 
[0.946] 

Other race 0.015 0.004 0.010 
[0.000] 

0.014 0.001 
[0.000] 

0.010 0.005 
[0.043] 

0.011 0.003 
[0.199] 

Education 9.87 10.98 -1.110 
[0.000] 

9.88 -0.005 
[0.434] 

11.35 -1.473 
[0.000] 

9.87 0.001 
[0.991] 

Education: 1950 rank 48.18 58.06 -9.875 
[0.000] 

48.20 -0.014 
[0.751] 

60.16 -11.97 
[0.000] 

48.16 0.024 
[0.972] 

Most educated parent’s 
education 

7.75 8.49 -0.742 
[0.000] 

7.84 -0.095 
[0.000] 

8.73 -0.988 
[0.000] 

7.81 -0.068 
[0.491] 

Most educated parent’s 
education: 1940 rank 

50 55.84 -5.839 
[0.000] 

50.40 -0.396 
[0.000] 

57.54 -7.539 
[0.000] 

50.75 -0.754 
[0.305] 

Notes: Population for all outcomes except parental education is a 10 percent random sample of children born in the U.S. in 1910–1919 in the 1940 full-count 
Census (N = 2,143,755). Population for parental education is a 10 percent random sample of parents co-residing with children born in the U.S. in 1910–1919 in 
the 1940 Census (N = 466,849). Differences between population and linked sample (N = 1,457,003) or pooled surveys (N = 2,851) are based on linear regressions 
stacking samples, where the dependent variable is the outcome of interest and the independent variable is a dummy for the population (weights are normalized to 
sum to 1 in the population and linked sample/survey). p-values for the null hypothesis that the difference relative to population mean is 0 (in brackets below) are 
based on robust standard errors. Columns 4–5 and 8–9 reweight the relevant samples to match the 1940 population along sex-by-race-by-cohort and years of 
education. See Appendix B for details. 
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Table A4. Rank-Rank Slope and Expected Rank at 25th Percentile Estimates from 
Figure 1 

 Rank Assignment Method 

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

A. Rank-Rank Slope 

1910–1919 cohorts 0.488 0.485 0.485 0.449 0.427 

1982–1997 cohorts 0.343 0.411 0.390 0.356 0.421 

Change -0.145 -0.074 -0.095 -0.093 -0.006 
 

B. Expected Rank at 25th Percentile 

1910–1919 cohorts 45.9 39.0 35.9 33.4 27.7 

1982–1997 cohorts 54.1 45.1 38.8 32.3 23.2 

Change 8.3 6.1 2.9 -1.0 -4.5 

R2 (1910–1919) 0.903 0.958 0.972 0.925 0.900 

R2 (1982–1997) 0.930 0.934 0.958 0.945 0.922 

N (1910–1919) 21 21 21 21 21 

N (1982–1997) 13 13 13 13 13 

Child ranks Upper bound Upper bound Midpoint Lower bound Lower bound 

Parent ranks Lower bound Upper bound Midpoint Lower bound Upper bound 

Notes: This table shows the rank-rank slope and expected rank at 25th percentile estimates associated with the fitted 
regression lines in Figure 1. Note that, unlike the midpoint method under which the fitted line must go through the 
(50,50) coordinate by construction, alternative rank assignment methods can simultaneously produce a declining 
rank-rank slope and a declining expected rank at the 25th percentile (columns 4 and 5) as the fitted line can both 
shift and rotate over time in offsetting ways. 
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Table A5. The Impact of Educational Creep: Evidence from a Sample Linking the 1915 
Iowa Census to the 1940 Census 

 Dependent Variable: 

 Son’s education (1940)  Son’s education rank (1940) 

 (1) (2)  (3) (4) 

Father’s education (1915) 0.39 
(0.05) 

    

Father’s education (1940)  0.39 
(0.03) 

   

Father’s education rank (1915)    0.36 
(0.04) 

 

Father’s education rank (1940)     0.37 
(0.03) 

Constant 7.38​
(0.42) 

7.31 
(0.30) 

 32.16 
(2.32) 

31.54 
(1.89) 

Expected rank at 25th percentile (1915)    32.3 
(1.5) 

 

Expected rank at 25th percentile (1940)     31.6 
(1.3) 

Mean of son’s education (or rank) 10.60 10.60  50.00 50.00 

Mean of father’s education (or rank) 8.19 8.32  49.63 50.00 

R2 0.092 0.140  0.090 0.127 

N 772 772  772 772 

Notes: This table shows the results from regressing sons’ years of education in 1940 (or education rank) on a 
constant and fathers’ years of education in 1915 or 1940 (or fathers’ education rank), using a sample of father-son 
pairs in the 1915 Iowa Census that are both linked to the 1940 Census. Education ranks for fathers and sons are 
based on the in-sample distribution of education in 1940 (midpoint method). Robust standard errors are in 
parentheses (calculated using the Delta method for expected ranks at the 25th percentile).  
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Table A6. Sensitivity of Educational Mobility Estimates to Alternative Measures of 
Parental Education 

 Measure of Parental Educational Attainment 

 Most educated  
parent 

Least educated  
parent 

Mean of both parents’ 
education, when different 

 (1) (2) (3) 

A. Rank-Rank Slope 

1910–1919 cohorts 0.464 
(0.019) 

0.421 
(0.020) 

0.463 
(0.019) 

1982–1997 cohorts 0.359 
(0.021) 

0.304 
(0.022) 

0.351 
(0.020) 

Change -0.105 -0.117 -0.112 

    

B. Expected Rank at 25th Percentile 

1910–1919 cohorts 36.2 
(0.8) 

37.8 
(0.8) 

36.5 
(0.8) 

1982–1997 cohorts 39.4 
(0.9) 

41.2 
(0.9) 

39.6 
(0.9) 

Change 3.2 3.4 3.1 

R2 (1910–1919) 0.251 0.210 0.254 

R2 (1982–1997) 0.144 0.102 0.142 

N (1910–1919) 2,851 2,851 2,851 

N (1982–1997) 3,001 3,001 3,001 

Notes: This table shows estimates of the rank-rank slope and expected rank at the 25th percentile in the pooled 
GSS/NSFH survey data, separately by cohort and for different measures of parental education (most educated parent, 
least educated parent, or mean of both parents’ education). Observations for the 1910–1919 cohorts are weighted by 
inverse propensity scores that reweight the sample to match the sex-by-cohort-by-race and education distribution in 
the 1940 population. Observations for the 1982–1997 cohorts are weighted by GSS sampling weights. Robust 
standard errors in parentheses (calculated using the Delta method for expected rank at the 25th percentile). 
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Table A7. County Characteristics by Year 

 1920  2000 

 Full​
sample 

Border 
sample 

 Full​
sample 

Border 
sample 

 (1) (2)  (3) (4) 

A. Demographic Structure 
     

Population 35,662 42,765  92,664 87,789 
Population density (people per sq mi) 137 241  223 311 
Share Black 0.11 0.11  0.09 0.08 
Share Asian 0.001 0.001  0.008 0.007 
Share foreign-born 0.07 0.07  0.03 0.03 
Share born out-of-state 0.21 0.25  0.26 0.32 
Income inequality (Gini) 0.47 0.47  0.38 0.37 
Racial residential segregation (Theil) 0.19 0.19  0.08 0.08 

B. Economic Development      
Share urban households 0.19 0.20  0.40 0.39 
Share farm households 0.52 0.50  0.05 0.05 
Labor force participation rate 0.55 0.55  0.61 0.61 
Manufacturing employment share 0.11 0.13  0.16 0.17 
Business & professional services emp. share 0.04 0.04  0.26 0.25 
Income per capita (1999 dollars) 1,981 2,067  17,487 17,410 
Median house value (1999 dollars) 22,200 23,015  84,088 83,506 

C. Public Services      
Public admin. workers per 1,000 people 5.8 5.8  22.5 21.6 
Protective workers per 1,000 people 1.1 1.2  8.4 8.3 
Healthcare workers per 1,000 people 3.4 3.4  29.7 29.8 

D. Family Structure & Social Capital 
     

Share adults married 0.62 0.62  0.60 0.60 
Share adults divorced 0.01 0.01  0.09 0.10 
Share children in single-parent households 0.08 0.08  0.25 0.25 
Average household size 4.4 4.4  2.5 2.5 
Share religious adherents 0.43 0.42  0.53 0.54 

N 2,881 1,083  2,881 1,083 

Notes: This table reports the means of county characteristics in the full sample of counties and the subset of border 
counties used in our analysis. Some county characteristics are measured in 1930 or 1940 instead of 1920. See 
Appendix C for sources and variable construction details.  

The Evolution of Educational Mobility – Online Appendix – 32 



Table A8. State Public Education Statistics by Year 

 K-12 teachers per 100 
children (ages 5–18) 

Average K-12 teacher 
salary 

(1999 dollars) 

Public college 
instructors per 100 

children (ages 5–18) 
 1930 2000 1930 2000 1930 2000 
 (1) (2) (3) (4) (5) (6) 
United States 2.5 4.6 1,420 41,807 0.11 0.96 
Alabama 1.9 5.4 7,892 36,689 0.08 1.12 
Arizona 2.5 4.1 16,312 36,902 0.22 0.81 
Arkansas 2.1 4.9 6,706 33,386 0.07 1.19 
California 3.0 3.5 21,155 47,680 0.25 0.96 
Colorado 3.5 4.7 14,478 38,163 0.23 1.34 
Connecticut 2.3 5.3 18,056 51,780 0.06 0.70 
Delaware 2.3 4.7 15,644 44,435 0.13 1.14 
District of Columbia 2.8 5.0 22,609 47,076 0.07 0.38 
Florida 2.6 3.7 8,729 36,722 0.07 0.82 
Georgia 2.0 5.2 6,816 41,023 0.07 0.86 
Idaho 3.3 4.6 11,957 35,547 0.15 0.88 
Illinois 2.5 4.1 16,242 46,486 0.10 0.77 
Indiana 2.6 4.5 14,608 41,850 0.10 0.93 
Iowa 3.7 5.4 10,901 35,678 0.21 1.11 
Kansas 3.7 5.2 11,549 34,981 0.21 1.35 
Kentucky 1.9 4.3 8,928 36,380 0.10 1.21 
Louisiana 1.9 5.0 9,377 33,109 0.07 1.00 
Maine 3.0 6.5 9,387 35,561 0.14 0.78 
Maryland 2.0 4.7 15,126 44,048 0.19 1.10 
Massachusetts 2.4 5.6 18,683 46,580 0.05 0.76 
Michigan 2.6 4.1 15,285 49,044 0.20 1.07 
Minnesota 3.1 5.1 12,466 39,802 0.19 0.97 
Mississippi 2.3 4.1 6,178 31,857 0.06 1.04 
Missouri 2.6 5.4 12,306 35,656 0.12 0.97 
Montana 4.0 5.4 12,107 32,121 0.17 1.12 
Nebraska 3.8 5.7 10,732 33,237 0.17 1.39 
Nevada 3.9 3.9 14,777 39,390 0.31 0.78 
New Hampshire 2.5 5.6 12,495 37,734 0.21 0.77 
New Jersey 2.4 5.0 21,055 52,015 0.03 0.80 
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Table A8 (continued). Public Education Statistics by State and Year 

 K-12 teachers per 100 
children (ages 5–18) 

Average K-12 teacher 
salary 

(1999 dollars) 

Public college 
instructors per 100 

children (ages 5–18) 
 1930 2000 1930 2000 1930 2000 
 (1) (2) (3) (4) (5) (6) 
New Mexico 2.5 3.9 11,090 32,554 0.18 1.20 
New York 2.5 4.6 24,841 51,020 0.08 0.75 
North Carolina 2.1 5.1 8,699 39,404 0.06 1.28 
North Dakota 3.8 6.1 8,968 29,863 0.26 1.67 
Ohio 2.4 5.0 16,591 41,436 0.11 0.90 
Oklahoma 2.6 5.1 10,682 31,298 0.18 1.22 
Oregon 2.7 3.4 16,063 42,336 0.34 1.37 
Pennsylvania 2.1 4.2 16,142 48,321 0.05 0.93 
Rhode Island 2.1 4.7 14,319 47,041 0.04 0.67 
South Carolina 2.1 5.6 7,852 36,081 0.08 1.06 
South Dakota 4.3 5.0 9,526 29,071 0.20 1.07 
Tennessee 2.2 5.4 8,988 36,328 0.06 0.84 
Texas 2.0 4.9 9,207 37,567 0.11 0.84 
Utah 2.7 3.5 13,253 34,946 0.16 1.00 
Vermont 3.0 5.3 9,596 37,758 0.22 1.26 
Virginia 2.1 6.2 8,579 38,744 0.13 1.12 
Washington 2.9 3.8 15,505 41,043 0.23 1.05 
West Virginia 2.8 5.3 10,194 35,009 0.11 1.37 
Wisconsin 2.5 5.4 13,940 41,153 0.17 1.27 
Wyoming 4.8 6.4 12,346 34,127 0.19 1.56 

Notes: This table reports measures of resources for public education by state and year for the continental United 
States. See Appendix C for sources and variable construction details. 
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Table A9. Impact of Public Education on Bottom 40 to Top 60 Percent Mobility 

 Dependent Variable: Change in County Bottom 40 to Top 60 
Percent Mobility 

 (1) (2) (3) (4) 

Change in state K-12 teachers per child 
(ages 5–18) 

6.94*** 
(0.86) 

6.45*** 
(1.22) 

1.14 
(1.05) 

1.04 
(1.04) 

Change in state average K-12 teacher 
salary 

1.48 
(0.96) 

1.64 
(1.08) 

2.79*** 
(1.04) 

2.86*** 
(1.02) 

Change in state public college 
instructors per child (ages 5–18) 

6.16*** 
(0.80) 

6.36*** 
(0.93) 

2.60** 
(1.04) 

2.94*** 
(1.06) 

Border sample  ✓ ✓ ✓ 
County pair fixed effects   ✓ ✓ 
Bayesian shrinked estimates    ✓ 
R2 0.194 0.207 0.816 0.845 
Partial R2   0.058 0.084 
N 2,512 1,862 1,862 1,862 

Notes: Column 1 shows the estimates from a regression of county-level bottom 40 to top 60 percent mobility on 
state public education resources, which are standardized to have a mean of 0 and a standard deviation of 1. Column 
2 limits the sample to border counties (units of observation are county-by-border pairs), where counties may appear 
in more than one pair. Column 3 includes county-pair fixed effects as in equation 3. Column 4 replaces the county 
mobility measures with their Empirical Bayes analogs to reduce the influence of sampling noise or 
disclosure-avoidance noise infusion. The partial R2’s capture the share of the residual variation in county educational 
mobility explained by the state covariates after controlling for county pair fixed effects. Counties are weighted by 
the inverse of the variance of the county mobility estimates. Robust standard errors in parentheses are clustered at 
the state-border level in columns 3 and 4. Stars indicate the level of statistical significance of the estimates: ***p < 
0.01, **p < 0.05, *p < 0.10. 
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