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Abstract

Regional public universities educate approximately 70 percent of college students at
four-year public universities and an even larger share of students from disadvantaged
backgrounds. They aim to provide opportunity for education and social mobility, in
part by locating near potential students. In this paper, we use the historical assignment
of normal schools and insane asylums (normal schools grew into regional universities
while asylums remain small) and data from Opportunity Insights to identify the effects
of regional universities on the social mobility of nearby children. Children in counties
given a normal school get more education and have better economic and social out-
comes, especially lower-income children. For several key outcomes, we show this effect
is a causal effect on children, and not only selection on which children live near uni-
versities. We use student-level survey data to compare characteristics of college-going
students from normal school and asylum counties and to study the geographic barriers
that keep asylum-county children from attending college.
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Regional public universities have been considered the “colleges of the forgotten Ameri-

cans” and “workhorses of opportunity” because of their potential to increase social mobility

(Dunham, 1969; Wendler, 2018). From their establishment in the mid-20th century, a cen-

tral part of their mission has been to increase access to higher education, by locating near

potential students, being less selective, and having lower tuition. Regional public universities

enroll roughly 40 percent of all undergraduate students in the United States, and students

at these institutions come disproportionately from lower-parental-income families and are

more likely to be racial minorities relative to other four-year public universities.1

We study whether regional public universities increase nearby children’s educational at-

tainment and social mobility, using data from Opportunity Insights. These local objectives

are an important justification for these regional colleges, making our analysis especially

policy-relevant. Our findings highlight the continued role of geographic frictions in college

attendance and economic mobility.

The central identification challenge is that universities are not located randomly, and they

may have been placed in areas expected to have high educational attainment and economic

mobility even without the university. We use a strategy developed in Howard, Weinstein

and Yang (2024) to identify the impact of regional public universities on the county. Our

strategy utilizes the placement of normal schools and insane asylums in the late 19th and

early 20th centuries, both part of the period’s social reform movements. We show that

state governments assigned these institutions to counties using similar criteria, including

1Of undergraduates at four-year public universities, almost 70 percent, including 85 percent of Black and
74 percent of Hispanic students, are at regional universities (Fryar, 2015). These statistics are based on Fryar
(2015)’s historical definition of comprehensive universities, which includes public, four-year universities that
are not the primary research university in the state, not land-grant universities, and not established expressly
to serve as a research institution.
On average roughly 15 percent of students at four-year public flagship, public elite, or public highly

selective institutions came from the bottom two parental income quintiles. At four-year public non-flagship,
non-highly selective institutions that fraction is roughly 28 percent. This is based on the university-level
Opportunity Insights, and the 1980 birth cohort (Chetty et al., 2020). We exclude institutions that report as
a system. There are 45 public institutions in the flagship/highly selective group, and 377 in the other (314
of which were classified as selective public colleges and the remainder were nonselective public colleges). We
note that the distinctions used for this statistic are not quite the same as Fryar (2015)’s historical definition,
but nonetheless separates the very selective and flagships from other public universities. Pell grants are also
more common at regional universities (Maxim and Muro, 2020).
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political factors, proximity and ease of access to population centers, as well as locations with

sufficient property and natural beauty (Humphreys, 1923; Kirkbride, 1854). By the mid-

20th century, normal schools had evolved to become regional public universities, and they

comprise roughly half of today’s regional public universities. In contrast to the universities,

most insane asylums were converted into psychiatric health facilities and remain small in size.

Our central identification assumption is that the asylum counties are a good counterfactual

for what would have happened in the normal school counties had they instead received a

different state institution that remained similar in size.

Under our identification assumption, there are two ways in which our specification could

have a zero coefficient: either if universities have no effect on the social mobility of nearby

children; or if universities impact local children, but outcomes are similar in asylum counties

because students can easily travel within a state for college or because they can access local

private institutions with similar effects. Thus, a non-zero coefficient rejects both the idea

that universities have no impact and that geographic sorting or other universities render

regional university locations irrelevant.

First, using the Census Tree (Price et al., 2023b), we show that children growing up

in normal school counties in 1920, and reaching college-age in the 1920s and early 1930s,

were more likely to have a college degree by 1940 relative to children growing up in asylum

counties. This was a period when normal schools had become teachers colleges that awarded

bachelor’s degrees in education, but before the colleges had increased dramatically in size.

Next, we show that normal school assignment increases economic and social mobility

in the county for the 1978-1983 birth cohorts from Chetty et al. (2018), a time when the

normal schools had become regional public universities. As they did for children in 1920,

these universities increase the fraction of children in the county who obtain at least a four-

year degree and at least some college. The largest percentage increases are for children of

lower-income parents. They also increase the high school graduation rate.

In addition, these universities improve the fraction of children in the county who are
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employed in their mid-30s as well as their income percentiles, with effects concentrated among

children from lower-income families. Finally, we also see that regional public universities

have impacts on social outcomes of children in their county: increasing the fraction of lower-

income children in the county who get married and decreasing the fraction that live in their

childhood commuting zone.

Using estimates from Chetty and Hendren (2018), we see evidence that these causal

impacts on the county reflect causal impacts on individuals, rather than reflecting sorting of

high mobility individuals into counties with regional public universities.

There are several channels through which normal school assignment could affect local

economic mobility today. Many of our findings are consistent with decreased geographic

frictions in college attendance. A back-of-the-envelope calculation suggests that our esti-

mated effects on wages and on college degree attainment are consistent with the estimated

returns to graduating from college found in the literature. In contrast, we do not find results

consistent with the normal schools having large effects on the local economy, which then

affects social mobility. In particular, county-level characteristics, such as the sectoral com-

position and income distribution, are similar between normal school and asylum counties,

even today.2

Finally, we supplement our analysis using rich student-level data from The Freshman

Survey, which includes 2.5 million individuals who grew up in normal school or asylum

counties. We show evidence consistent with regional public universities inducing enrollment

of local students that are on the margin of going to college. Furthermore, we use The

Freshman Survey to explore the self-reported geographic frictions that may be preventing

regional universities from reaching students in asylum counties. We see evidence consistent

with proximity to a regional university reducing financial costs of college, as well as reducing

information frictions.

2A reader may wonder how a regional university would improve social outcomes for children without
improving the overall local economy. We find that children from normal school counties are also more likely
to move away from home as adults, so the benefits of the increased social mobility do not necessarily lead
to higher local incomes or other social outcomes.
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Despite their size and potential to improve economic mobility, the impacts of regional

public universities have received limited attention in the literature, especially relative to

community colleges and elite universities (Schneider and Deane, 2015).3 While their role as

an anchor institution in local communities is often cited, along with their role in enhancing

mobility, there is little work to our knowledge estimating the causal impacts of these public,

less research-intensive universities on nearby residents. This analysis is particularly relevant

given recent discussions about consolidation and the future of these universities, such as in

Pennsylvania, Vermont, and Wisconsin (see McClure and Fryar, 2020; Maxim and Muro,

2020; Seltzer, 2019, 2020; Quinton, 2020).

The relationship between educational attainment and proximity to universities has been

an important topic in the literature.4 For example, Card (1993) finds that proximity to a

college raises education and earnings for men in the 1960s and 1970s, especially for men

with the lowest predicted levels of educational attainment. 5 Our paper contributes to this

literature in several ways. First, we use a novel strategy to identify the causal impact of

universities on local educational attainment. Second, we focus on regional public universities,

an understudied higher education sector. Finally, we utilize the rich data from the U.S.

Census and the IRS made available by Opportunity Insights, allowing us to study the impacts

on education for roughly 20 percent of the U.S. population born between 1978 and 1983,

and other labor market and social outcomes for nearly the whole population. Many of the

previous papers have used samples from survey data, such as the National Longitudinal

3Klor de Alva (2019) documents rates of income mobility among enrollees of comprehensive universities;
Crisp, McClure and Orphan (2021) present a volume exploring broadly accessible institutions, including but
not limited to regional public universities.

4More broadly our paper contributes to research studying universities and local economic growth, with
many of the papers focusing on innovation. Papers include Aghion et al. (2009); Andersson, Quigley and
Wilhelmson (2004); Andrews (2021); Bartik and Erickcek (2008); Cantoni and Yuchtman (2014); Feng and
Valero (2020); Hausmann (2020); Kantor and Whalley (2014, 2019); Moretti (2004); Valero and Reenen
(2019). Also related to our paper, Garin and Rothbaum (2022) study the long-run effects on economic
mobility from counties receiving a large manufacturing plant in World War II.

5Other papers studying the relationship between proximity to universities and enrollment or completed
education include: Bedard (2001); Kling (2001); Do (2004); Doyle and Skinner (2016); Kane and Rouse
(1995); Long (2004); Jepsen and Montgomery (2009); Alm and Winters (2009); Mountjoy (2022). Mountjoy
(2022) focuses on community colleges.
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Surveys or the High School and Beyond survey.

Russell, Yu and Andrews (2022) and Russell and Andrews (2022), building on the em-

pirical strategy of Andrews (2021), also focus on identifying the causal impact of colleges

on educational attainment and economic mobility, by comparing areas with universities to

runners-up locations for universities. Compared to our findings, they find larger effects on

college education and smaller effects on income rank. We view our papers as complementary.

One of the biggest differences is that we identify the effects of regional public universities,

while the sample in Russell, Yu and Andrews (2022) includes primarily research-intensive

universities. Given that regional public universities were established to improve local access

to higher education and opportunity, ours is an especially relevant sample for understanding

the impact of universities on mobility. Second, given the relatively few number of observa-

tions inherent to either empirical strategy, bringing more observations to this question is of

particularly high return.6 Finally, the counties in our control group are given a similarly-

sized state institution, rather than being only runners-up. Russell, Yu and Andrews (2022)

are also interested in the effect of universities relative to counties with a “consolation prize,”

but have only 27 counties in the sample for this exercise.

Finally, Chetty et al. (2014) and Chetty and Hendren (2018) show some evidence of a

positive relationship between their local mobility measures and colleges per capita or the

graduation rate at local colleges, though as Chetty and Hendren (2018) caution, this does

not identify the effect of colleges on local mobility.

1 History of Normal Schools and Asylums

The social reform movements of the 19th century included support for public institutions

aimed at societal improvement. These institutions included normal schools to train teachers

and asylums to treat those with mental illnesses (Grob, 2008). In this section, we provide

6There are 191 counties in Russell, Yu and Andrews (2022), split between 63 counties with universities
and 128 without. Our paper has 204 counties that received normal schools and 125 that received asylums.
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qualitative evidence that locations for these institutions were chosen based on similar criteria.

For a more detailed discussion, please see Howard, Weinstein and Yang (2024).

The original purpose of normal schools was to train teachers to meet growing demand

stemming from the common school movement in the mid 19th century (Labaree, 2008). There

were 209 state normal schools opened between 1839 and 1930 (Ogren, 2005). Similarly, as

part of the mid-19th century movement to improve care for those with mental illnesses, many

states opened insane asylums. The objective of these asylums was to facilitate recovery and

to provide compassionate care (Grob, 2008).

The criteria for where to locate normal schools and insane asylums were very similar.

Both were political decisions, in which population, geographic accessibility, and natural

beauty were important factors. Humphreys (1923) describes in detail the location decisions

for normal schools, asserting that political factors were the most important, though other

factors included demand for instruction (e.g. local population), geographic accessibility,

financial and land donations, location of existing schools, and natural beauty. Kirkbride

(1854) developed an architectural plan for asylums, implemented by many states, which

emphasized the importance of accessibility to population centers, locations with natural

beauty, ample area for recreation, and stately architecture.7

During this period local communities desired and took pride in both types of institutions.

An article from the Kankakee Gazette, written in August 1877 when the city was assigned an

asylum, helps illustrate these points, “Our citizens received the news in a spirit of jubilee, and

on Friday evening there was a bonfire, band music... and speeches...” The article expresses

gratitude for “the great services of Messrs. Bonfeid and Taylor, our representatives in the

upper and lower houses of the legislature,” highlighting the importance of the political process

in determining these locations.

7Appendix A.2 shows states with higher income per capita in 1929 had built more normal schools and
asylums (p < .05). Magnitudes suggest a positive relationship between state income per capita in 1929 and
the number of normal schools built, and that this relationship does not weaken when looking at the number
of public non-research universities in 1987, when there had been convergence of per capita income across
states. However, these results are not precisely estimated. See Appendix A.2 for details.
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As we show in Howard, Weinstein and Yang (2024), states determined locations for

normal schools and insane asylums at roughly the same time (see Figure A1a). The timing

and the similar selection criteria, along with individual state histories, support the idea

that whether a community received a normal school or an asylum may have been effectively

random. We showed in Howard, Weinstein and Yang (2024) that in the early 20th century,

enrollment at the previous normal schools and the population in asylums were similar relative

to county population (see Figure A1b). This provides further supportive evidence that being

selected as the location for these two types of institutions may have required similar political

influence, as the institutions may have been expected to confer similar advantages.

We support our identification assumption with several additional observations. First,

roughly 17 percent of counties that were assigned asylums also were assigned normal schools

(13 percent of normal school counties had asylums). This suggests similar selection criteria

for the two types of institutions.8 Finally, we note that asylum counties were often runners-

up locations for public colleges and universities, as documented in Andrews (2021).9 And in

the opposite direction, normal school counties were often considered contenders for asylums,

such as in Bloomington, IL.

1.1 Subsequent Evolution

Demand for higher education increased over the course of the 20th century, and normal

schools evolved with these changes. In the early 20th century, many were renamed as teachers

colleges, allowing them to confer bachelor’s degrees in education. In the mid-20th century

there was growing demand for degrees that did not focus on teacher training. Many policy

discussions at the time focused on improving access through geographic accessibility (Doyle

8How much overlap we would expect depends on the distribution of political power and constraints on
dividing the institutions across counties, in addition to the similarity of criteria. However, the fact that we
do see overlap is suggestive that the criteria were similar.

9Of the 62 high-quality public college site selection experiments in Andrews (2021), 18 had runners-up
that were asylum counties, although most of these experiments were for land grant institutions. Andrews
(2021) discusses consolation prizes, and argues that assignment of one type of institution versus another was
“as good as random”.
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and Skinner, 2016; Mayhew, 1969; Willingham, 1970; Douglass, 2007). Mayhew (1969)

presents a summary of state master plans for higher education developed during this period

of increased demand, stating “all plans seek to provide complete geographical access to higher

education.”

Many proponents thought normal schools should offer bachelor’s degrees in areas other

than education. Proponents argued they were uniquely positioned to increase access to a

college education for their local areas because they already existed as higher education insti-

tutions and they were geographically distributed around states. For example, in advocating

they be permitted to grant liberal arts degrees, college leaders at Eastern Illinois State Teach-

ers College cited the limited number of other colleges in the region, that they were already

serving as a regional college, and that many highly qualified high school students were not

willing to attend a teachers college but would attend a state college (Coleman, 1950).10

The proponents of these changes were successful, and in the mid-20th century many of the

teachers colleges were given the authority to grant degrees in areas other than education. As

a result, many of the teachers colleges were renamed as state colleges.11 In contrast to state

universities, these state colleges focused on undergraduate education, business, teaching, and

engineering (as opposed to law, medicine, and scholarship) (Mayhew, 1969). From the 1950s

through the 1970s, many obtained university status (Labaree, 2008). Commenting on the

frequent name changes, Dunham (1969) humorously noted that college stores would discount

t-shirts with the college’s previous name. Figure A1a documents the timing of these changes

and Figure A1b shows large enrollment increases as normal schools converted to regional

10Similarly, proponents of making these changes at Southern Illinois Normal University argued local high
school students were demanding a liberal arts degree, and it would be very costly for them to obtain this
degree from another college (Lentz, 1955). A 1945 commission report wrote that even though they were
only authorized to prepare teachers, the teachers colleges in Illinois had effectively already become regional
colleges. These colleges were under pressure from the region to provide broader training, and students were
enrolling in the teachers colleges and then not entering the teaching profession. The report noted that over
the past seven years approximately 25% of graduates did not enter teaching (Commission to Survey Higher
Educational Facilities in Illinois, 1945).

11Dunham (1969) observed that while many teachers colleges were renamed state colleges, they still re-
mained focused on teacher training as of 1969. He also noted that for some faculty, “teachers college carries
with it connotations of mediocrity, especially since Sputnik”, and this led some faculty to push for removing
“teachers” from the name of their college.
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universities.

Institutions that started as normal schools comprise a large fraction of today’s regional

public universities, or using a similar classification, “comprehensive” universities (See Maxim

and Muro (2020) for an overview of various classifications). Of the 320 public colleges in 1987

that are classified as “comprehensive” based on the 1987 Carnegie classification, roughly 50

percent started as state normal schools.12 In keeping with their original mission, students

at regional public universities are more likely to be from historically underrepresented or

nontraditional groups in higher education (Fryar, 2015).

While some of the asylum buildings are no longer in use, states continue to own many of

the asylum properties, and many are still used as psychiatric health facilities. Some proper-

ties are used as correctional facilities, while other have been acquired by universities (Hoopes,

2015). During the deinstitutionalization movement in the mid-20th century, institutionalized

population per capita in asylum counties fell, though only modestly, and was twice the level

in normal school counties in 2010 (see Figure A1b).

1.2 Data on Normal Schools and Asylums

As we describe in Howard, Weinstein and Yang (2024), we obtain data on normal schools’

locations, opening years, and years corresponding to name changes, from Ogren (2005).

Using the city and state of the normal school, we identified the county using StatsAmer-

ica (Indiana Business Research Center, 2020). There were 209 normal schools across 204

counties, opened between 1839 and 1930, with median opening year of 1891 (Figure A1a).

We digitize data on asylums’ geographic locations and opening years from the 1923 special

12This is based on the evolution of name changes of state normal schools in Ogren (2005). In 1987, there
are a total of 188 colleges that originated as state normal schools, based on Ogren (2005). Of these, 156 are
classified as “comprehensive” in the 1987 Carnegie classifications, and 187 are “Research II,” “Doctorate-
Granting,” “Comprehensive,” or “Liberal Arts.” Using an alternative classification, of the 439 public, non-
Research I colleges in 1987 that are classified as “Research II,” “Doctorate-Granting,” “Comprehensive,” or
“Liberal Arts,” roughly 43 percent started as state normal schools. In more recent years, and in the relevant
year for our sample of 1978-1983 birth cohorts, most of the previous normal schools were not classified
as research universities. Based on the 2000 Carnegie rating, only 15% of the previous normal schools
were classified as “Doctoral/Research Universities”. Roughly 71% were classified as “Master’s Colleges and
Universities” and roughly 13% were classified as “Baccalaureate Colleges”.
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census of “institutions of mental disease” (Furbush et al., 1926). As in Howard, Weinstein

and Yang (2024), we focus on institutions established around the same time, so we exclude

five asylums that were established before 1830. Counties that had both normal schools and

asylums are defined as normal school counties (there are 26 of these counties and in Howard,

Weinstein and Yang (2024), excluding these counties had little effect on the results). Our

sample includes 204 normal school counties and 125 asylum counties. Figure A1c shows the

geographic distribution of normal school and asylum counties in our sample.

1.3 Historical Measures of Mobility

Our identification assumption is that asylum counties are a good counterfactual for what

would have happened in normal school counties, had the normal school counties been given

a slightly different type of institution. To support this assumption, Howard, Weinstein and

Yang (2024) showed balance between normal school and asylum counties in 1840, before most

of the normal schools and asylums were established.13 We add to that support by showing

balance on economic mobility in 1850, a year in which we can construct good measures of

mobility but that is still before most normal schools were established. In addition, we look

at differences in economic mobility for children in 1920—a time in which normal schools had

converted to teachers colleges but before they had increased dramatically in size relative to

county population and before they were fully converted to regional universities—in order to

better understand the mechanisms underlying our findings using recent data.14

13Besides social mobility, which we discuss here, we also investigate other county-level differences in 1850 in
Appendix Table A1, including a summary measure of county-level economic development based on principal
components analysis. If anything, normal school counties are smaller in population in 1850 (though not
significantly), and there is some evidence they are slightly less urban, with a greater fraction employed as
farmers, and have lower real estate wealth per capita in 1850.

14Dunham (1969) states that at institutions which train people to be teachers, the students are from
lower-middle-income families and often first-generation college students. Ogren (2003) also discusses the
normal schools enrolling students from lower-income backgrounds.
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1.3.1 Balance on Social Mobility Measures, 1850-1860

First, we construct several measures of economic and social mobility for children in 1850,

before most normal schools were established. In this section, we give an overview of our

methodology and the main results; see Appendix B for more details. We focus on 16-18

year-old children in the 1850 full count census who are living with at least one of their

parents in normal school or asylum counties (Ruggles et al., 2021a). We then link these

individuals to their record in the 1860 full count census data using the 1850 to 1860 Census

Tree crosswalk (Price et al., 2023a) and the 1860 full count census data (Ruggles et al.,

2021a), focusing on 1860 to avoid the effects of the Civil War. Approximately 60% of White

males and 40% of White females in between the ages of 16 and 18 living in normal school and

asylum counties in our sample have links between their 1850 and 1860 census records. For

our primary analysis, we focus on children with low parental socioeconomic status, which

we define to be real estate wealth in 1850 less than or equal to 150 dollars.15

Table 1 shows the differences in various measures of mobility between people in our

sample who were children in normal school and asylum counties in 1850. We estimate the

following regression, which we will use throughout the paper:

yi = βNormali + αs + ϵi (1)

where y is our outcome of interest from Chetty et al. (2018), i is a county, and αs is a state

fixed effect. The sample consists of counties that had an insane asylum or normal school, and

Normali is equal to 1 if the county had a normal school. β can be interpreted as an average

effect of having been assigned a normal school on the outcome y. As we describe in Appendix

B.1, this exercise includes 15 states, and so we do not cluster at the state level given the

small number of clusters. Instead, we present standard errors robust to heteroskedasticity

15Real estate wealth of $150 is the 37th percentile of the parental real estate wealth distribution in the
states in our sample, while wealth of zero is the 33rd percentile. We use $150 to increase sample sizes
for these low socioeconomic status children. Appendix B.2 shows that student attendance is increasing in
parents’ real estate value, suggesting that this measure is meaningful.
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Table 1: Economic and Social Mobility for Children in 1850

(1) (2) (3) (4) (5) (6)
Top Quartile Top Quartile

Enrolled Enrolled Real Estate Personal Estate Married Occ. Mobility
Year of Observation 1850 1850 1860 1860 1860 1860

Age in 1850 7-13 14-17 16-18 16-18 16-18 16-18

Grew up in Normal School County -0.032 -0.005 0.008 0.005 0.005 -0.034*
(.044) (.037) (0.016) (0.013) (0.016) (0.017)

Observations 102 102 102 102 102 102
R-Squared 0.507 0.484 0.510 0.548 0.404 0.436
Mean DV, Asylum Counties 0.486 0.378 0.234 0.203 0.593 0.501
p-value randomization inference 0.474 0.899 0.58 0.725 0.761 0.091
Parental SES Low Low Low Low Low All

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. Low parental SES (socioeconomic status) is defined as parental real
estate wealth in 1850 less than or equal to 150 dollars. Outcomes in columns 1-2 are county-level averages
for children living with at least one parent in 1850. Outcomes in columns 3-5 are county-level averages of
1860 outcomes for individuals who were 16-18 year old in 1850 and living with at least one parent in 1850.
Occupational mobility in column 6 is the county-level fraction of males with different occupations in 1860
than their father in 1850, among males 16-18 years-old in 1850. Averages in columns 3-6 are calculated
among individuals who could be matched to their 1860 records using The Census Tree (Price et al., 2023a).
We use the 1850-1990 county crosswalk from Eckert et al. (2020). There are 15 states in the regressions.
Top quartile real estate and personal estate are based on the distribution of White 25-28 year-olds in our
sample of states. Robust standard errors are in parentheses. P-values based on randomization inference are
obtained by permuting within states the assignment of normal school counties, among our sample of normal
school and asylum counties. This is based on 1000 permutations. See Appendix B.1 for details.

and additionally present p-values based on randomization inference, permuting within states

the assignment of normal school counties, among our sample of normal school and asylum

counties.

For children growing up in lower socioeconomic status families, there is no difference

in the likelihood of having top-quartile real estate or personal estate values or marriage.

We see some evidence that occupational mobility—which measures the share of sons in a

different occupation than their father—may actually be lower for children growing up in

normal school counties. Of course, occupational mobility is not the same as social mobility,

but is likely correlated (see Appendix B.1). We show many robustness checks—including

principal component analysis, alternative mobility measures based on occupational income

scores, and reweighting the Census Tree linked data for representativeness—in Appendix

B.1.
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While we think that linking children to their future census records provides the closest

measure of mobility to our main outcome measures, we also check other measures of mobility

that have been used in the literature. In particular, we follow Card, Domnisoru and Taylor

(2022) and Derenoncourt (2022) and construct an education-based measure–the likelihood

that children of parents with lower incomes or education levels have more education.16

We measure upward educational mobility as the school attendance rate among children

living with parents of lower socioeconomic status. We use the same measure of socioeconomic

status as above—children in families with parental real estate less than or equal to 150 dollars.

Columns 1 and 2 of Table 1 show there are no significant differences in upward educational

mobility in 1850.

1.3.2 Effects on Social Mobility, 1920-1940

Using a similar methodology as the previous section, we also construct several measures of

mobility after the establishment of normal schools, when most offered at least a bachelor’s

in education but had not yet converted to universities. This is helpful for understanding

when these education institutions started conferring mobility benefits on the children living

nearby.17 First, we use the Census Tree to link children in the 1920 census to their records

in 1940. We focus on 6-15 year-old children in the 1920 full count census who are living in

normal school or asylum counties with at least one of their parents (Ruggles et al., 2021a).

We then link these records to their record in the 1940 full count census data using the

1920 to 1940 Census Tree crosswalk (Price et al., 2023b) and the 1940 full count census

16Derenoncourt (2022) uses the occupational score of the fathers to identify socioeconomic status, but
this is based on 1950 incomes and this score could be quite different in 1850. Specifically, among seven
to seventeen year-old children in 1850 who were living with their fathers, 60 percent had fathers who were
farmers, and 85 percent had fathers whose occupation was in one of five codes (farmer, manager, carpenter,
laborer, operative). Card, Domnisoru and Taylor (2022) uses the educational attainment of the parents, but
this is not available in the 1850 census.

17We also look at other economic covariates in 1940 in Appendix C.1, including summary measures based
on principal components analysis. While there are some differences between the counties, they are small,
and do not show a major impact of the normal schools on the local economy, at least outside of education
and social mobility which we discuss in this section. Appendix B.5 shows an alternative measure of mobility
for 1920-1940 using conditional mean occupational income score ranks.
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data (Ruggles et al., 2021a). Details on the methodology, results, and additional findings,

including reweighting the Census Tree linked data for representativeness, are in Appendix

B.3.

We do not see statistically significant differences in occupational mobility (Tables A10

and A11). However, we do find evidence that among lower socioeconomic status children,

the fraction with some college and college completion is higher among those who grew up

in normal school counties relative to those who grew up in asylum counties (Table 2). The

magnitudes are larger for women, who are also more likely to be married and less likely to

be employed in 1940 if they grew up in normal school counties. There are no statistically

significant differences in household wage and salary income, which would also include income

from work relief.18 We additionally see effects of growing up in a normal school county on

college attainment, for men and women from higher socioeconomic status families (Table

A15).

These results suggest the teachers colleges and the state colleges that the normal schools

had evolved into by the 1930s were already affecting access to education in their local com-

munities. Our analysis in the next section tests whether these effects continue in recent

years, when there were dramatic increases in the colleges’ size but also potentially decreases

in geographic frictions in college attendance.

Table A38 shows there are no significant differences in the measures of upward educational

mobility in 1940 from Card, Domnisoru and Taylor (2022)–fraction of children attaining 8th

and 9th grades among those living with parents who completed no more than 6th grade.

1.4 Effect on Higher Education and the Economy, 1980

In this section, we show the impact of normal school assignment on higher education in 1980,

around the time the Opportunity Insights sample was born. These results are discussed

further in Appendix A.1.

18Table A14 shows differences in likelihood of work relief between normal school and asylum counties.
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Table 2: Economic and Social Mobility for White Children in 1920, Measured in 1940

(1) (2) (3) (4) (5) (6)
≥ HS ≥ Some College ≥ College Married Employed Ln(HH Income)

Panel A: Males, Lower Socioeconomic Status
Grew up in Normal School County 0.007 0.007+ 0.002 0.005 -0.006+ -0.026

(0.007) (0.004) (0.002) (0.004) (0.003) (0.016)
Observations 314 314 314 314 314 314
R-Squared 0.583 0.497 0.425 0.640 0.362 0.495
Mean DV, Asylum Counties 0.308 0.113 0.055 0.707 0.901 7.027

Panel B: Females, Lower Socioeconomic Status
Grew up in Normal School County 0.010 0.024** 0.008** 0.019* -0.020** -0.013

(0.010) (0.006) (0.003) (0.008) (0.007) (0.015)
Observations 314 314 314 314 314 314
R-Squared 0.474 0.408 0.355 0.675 0.657 0.471
Mean DV, Asylum Counties 0.404 0.140 0.047 0.701 0.297 7.052

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. Outcomes are county-level averages, among individuals who could
be matched to their 1940 records using The Census Tree (Price et al., 2023b). Lower socioeconomic status
individuals are defined as individuals whose parents’ maximal occupation score in 1920 was less than or equal
to the median for the states in our regression sample (the median score was 20). The variable Married is the
fraction of individuals who are married with spouse present. The variable Ln(HH Income) is the log of the
county-level average wage and salary income of individuals and their spouses. The county-level average is
constructed by taking the total wage and salary income of individuals and their spouses and dividing by the
total number of individuals (males in Panel A and females in Panel B) with positive own or spousal wage
and salary income. We use the 1920-1990 county crosswalk from Eckert et al. (2020). Standard errors are
clustered at the 1920 state level.
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First we show that normal school counties are more likely to have a large, public uni-

versity relative to asylum counties, which we also showed in Howard, Weinstein and Yang

(2024). In 1980, 91 percent of counties that were historically assigned a normal school have

a regional public college or university that had been a normal school, while this percentage

is mechanically zero in asylum counties (Appendix Table A2).19 Some asylum counties have

public four-year colleges, and the within-state differences imply normal school counties have

0.7 additional public four-year colleges than asylum counties. Because not all normal school

counties have a regional public college, and some asylum counties do have a public four-year

college, this implies that our reduced-form empirical strategy will underestimate the impact

of regional public universities.

On average, asylum counties have more private four-year colleges and two-year colleges.

Adding the coefficients for total public four-year, private four-year, and two-year colleges

suggests a similar number of colleges in the two types of counties. However, the universities

in the normal school counties are much larger. Enrollment as a percent of population is an

additional 8.5 percentage points higher in normal school counties, with enrollment equal to

4.6% of population in asylum counties. Finally, the fraction of the population with a college

degree is 2 percentage points higher in normal school counties, which is large relative to

the level, though small relative to the number of degrees awarded per year as a percent of

population. This suggests many students leave after graduating.

Table A3 further shows that the net price of attending institutions in normal school

counties is lower than institutions in asylum counties, bachelor’s completion rates are lower,

and test scores of incoming students are also lower.

We also wish to emphasize economic comparisons between normal school and asylum

counties. As stressed in Howard, Weinstein and Yang (2024), the 1980 economies in normal

school and asylum counties look similar in both levels and growth, with the biggest difference

being that normal school counties have a slightly larger retail sector and a slightly smaller

19For an additional two counties, the normal school closed and the site of the normal school became a
different university. This was true of UCLA and Maine Maritime Academy.
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manufacturing sector.

Given the focus of our paper on social mobility, we also wish to highlight the income

distribution of normal school and asylum counties. Figure 1 shows that the fraction of

parents in each national income decile is similar in normal school and asylum counties within

the same state. The specification for the regression shown in Figure 1 is the same as our

main specification, equation (1). Normal school counties have slightly higher percentages in

the fourth thorough sixth deciles, and lower percentages in the ninth and tenth. Figure 1

also makes clear that asylum and normal school counties are different than the country as

a whole, with substantial underrepresentation of people with very low incomes, as well as

underrepresentation of people with the highest incomes. If counties were representative of

the country as a whole, then 10 percent of the population would be in each decile.

2 Effects on Local Social Mobility, 2005-2015

2.1 Data on Economic and Social Mobility

For our primary outcomes, we obtain data from Chetty et al. (2018). Using IRS and census

data, this includes county-level outcomes of children born between 1978 and 1983 who grew

up in the county, by their parents’ income. The sample includes 96 percent of all children

born between 1978 and 1983, who were born in the U.S. or are authorized immigrants who

arrived in the U.S. as children and whose parents were U.S. citizens or authorized immigrants.

Parents are defined as the first person who claims the child as a dependent between 1994 and

2015. Individuals are attributed to a county in Chetty et al. (2018), weighted by the fraction

of years that they are claimed as a dependent in the county before age 23. Importantly,

these estimates of child outcomes in adulthood at the county level are based on the children

who grew up in the county, regardless of whether they still live in the county when outcomes

are measured in adulthood.

We test for effects on educational attainment, income and employment, and other social
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Figure 1: Fraction of Parents by National Income Decile. Green dots with spikes represent
the estimated effect of a normal school on the outcome variable, conditional on state fixed effects.
Outcome variables are the fraction of parents in the county in each national income decile. We
estimate a separate regression for each decile, with effects across the x-axis. Standard errors are
clustered at the state level. The green spikes span the 95 percent confidence intervals, with crossbars
at the 90 percent confidence intervals. The estimates and confidence intervals correspond to the
y-axis on the left-hand side of the figure. The orange dashed line shows the mean of the outcome
variable in asylum counties, and corresponds to the y-axis on the right-hand side of the figure.
Fraction of parents in national income decile, from Chetty and Hendren (2018), is based on parents
of children in the 1980-1986 birth cohorts and average family income over 1996-2000.

outcomes. For education, we analyze the fraction obtaining at least a four-year degree, the

fraction with some college, and the fraction with at least a high school degree or a GED.

These education outcomes are observed only in the ACS, and thus are only available for the

subsample that is observed in the ACS between 2005 and 2015. The number of children in

this subsample is roughly four million, relative to the full sample of 20.5 million. The fraction

obtaining at least a four-year degree, and the fraction with some college, are measured only

for people at least 25.20 The fraction with at least a high school degree or GED is measured

only for those at least 19.

20Median age at graduation was 23 for public four-year institutions that were not very high research
activity based on the 2005 Carnegie ratings (U.S. Department of Education, National Center for Education
Statistics, 2021). Thus, this sample restriction will likely not capture too many people who are still enrolled
and have yet to obtain a degree.
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The income and employment outcomes we analyze include the fraction with positive W-2

earnings in 2015, family income percentile in 2014-2015, and individual income percentile in

2014-2015. Children’s income as an adult is measured as the average of their adjusted gross

incomes in 2014 and 2015, when they are 31-37 years old. The other social outcomes we ana-

lyze include the fraction married in 2015, teen birth (for women only), fraction incarcerated

on April 1, 2010, fraction staying with their parents in 2015, and fraction staying in their

childhood commuting zone based on their most recent address. These income, employment,

and social outcomes are observed for the full sample.21

Chetty et al. (2018) provide predicted children’s outcomes in each county at five different

percentiles of the parental income distribution.22 Parental income is measured as the mean

of parents’ household adjusted gross income in 1994, 1995, and 1998-2000, when children

are 11-22 years old. Given the children’s age when parents’ income is measured, we are less

concerned that lower-income children in normal school counties are the children of graduate

students, who may be experiencing only temporarily reduced income levels.

2.2 Empirical Strategy

Throughout this section, we continue to estimate equation (1), comparing same-state coun-

ties that were assigned normal schools and asylums. The identification assumption is that

asylum counties in the same state are a good counterfactual for the social mobility of normal

school counties, had the normal school county been assigned a different type of institution

21Additional variables details are described in Appendix D.1. The measures in Chetty et al. (2018) that we
do not use as outcomes in our analysis were mostly either non-baseline definitions of variables, or employment
and income measures from the ACS (we use the IRS measures given the larger sample). The other child
outcomes in adulthood that we do not include are the fraction with a community college degree (we use
some college instead), and the fraction with a graduate degree. We also did not include the fraction living
in low-poverty tracts as adults, or in their same census tract (we use fraction remaining in their CZ and
fraction remaining with their parents).

22These predictions are based on regressing children’s outcomes on parents’ income percentiles, and allow-
ing the coefficient to vary by county. Chetty et al. (2018) parameterize the relationship between child and
parent income using a lowess regression of children’s outcomes on parent’s income percentile at the national
level.
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instead.23 We test many outcomes in this section, and address questions about multiple

hypothesis testing in Appendix D.2.

2.3 Effects on Education

We first study the educational attainment of children who grow up in the county.

The regression results are shown in Figure 2. The green dots are the estimated coefficients

from regression (1). The spikes are the 95 percent confidence intervals, and the cross-bars

are 90 percent confidence intervals. The x-axis is the parents’ income percentile, so the

estimates to the right are for children of high-income parents, and the estimates to the left

are for children of low-income parents. The estimates correspond to the y-axis on the left.

For example, in panel (a), the effect of having been assigned a normal school is about a

1.8 percentage point increase in the probability of getting a four-year college degree, for a

child who grows up in that county with a parent at the 1st percentile of the national income

distribution. In the dotted orange line, the mean value of the outcome in asylum counties is

plotted against the parents’ income percentile, and the corresponding y-axis is on the right.

For example, at the 1st percentile, about 12 percent of the children in asylum counties get

a four-year college degree. The orange line is not a causal estimate, but provides important

context for interpreting the magnitudes of the effect. Note that the scales on each axis are

different and vary from figure to figure.

In panel (a), we see a significant increase in college degree attainment for children growing

up in normal school counties, by between one and two percentage points for children of

parents at the 1st, 25th, 50th, and 75th percentiles. For the 100th percentile, the point

estimate is smaller and the confidence interval is quite wide. While there are not significantly

23Throughout the section, we view our hypothesis test as testing whether the direct effects of a university
on its own county are different than its effects on same-state asylum counties. It would also be interesting
to see if there are differential spillovers on nearby asylum counties compared to far-away asylum counties.
In Appendix D.3, we investigate this question by splitting our sample of asylum counties based on their
distance to a normal county. However, that test is underpowered. It can neither reject that the spillovers
to close asylum counties are as large as the direct effect on normal counties nor reject that the spillovers to
close asylum counties are the same as those on the far-away asylum counties.
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(a) At least 4-year College Degree, Age ≥ 25
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(b) At Least Some College, Age ≥ 25
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(c) At least HS Graduate or GED, Age ≥ 19

Figure 2: Effect of a normal school on local children’s education, 2005-2015. Green
dots with spikes represent the estimated effect of a normal school on the outcome variable,
conditional on state fixed effects. Outcome variables are measured at different percentiles of
the parents’ income distribution, which is the x-axis. The green spikes span the 95 percent
confidence intervals, with the cross-bars at the 90 percent confidence intervals. Standard
errors are clustered by state. The estimates and confidence intervals correspond to the y-
axis on the left-hand side of the figure. The orange dashed line shows the mean of the
outcome variable in asylum counties, and corresponds to the y-axis on the right-hand side
of the figure.
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significant differences in the effects across the income distribution, the effects for lower income

percentiles are much larger relative to the baseline. For a child with parents at the 75th

percentile, the increase is less than 3 percent of the baseline, while it is about a 15 percent

increase for a child at the 1st percentile, and 9 percent for a child at the 25th percentile.

In Panel (b), we look at the effects on some college attendance. The point estimates are

generally comparable, which is noteworthy for two reasons. First, if proximity to normal

schools only affected substitution between two- and four-year colleges, or only affected com-

pletion among those who enroll, then the effects on some college would be zero. While the

effect of normal schools on four-year attainment does not appear driven by either of these

explanations, they do seem more evident among students as parental income rises. Second, if

normal schools increased enrollment in four-year colleges, but these marginal students were

unlikely to complete a degree, the effects on some college would be larger than the four-year

effects. However, that is not what we find.

In Panel (c), we find significant increases in the high-school degree or GED attainment for

children with parents at the low-end of the income distribution. The point estimate at the

1st percentile is comparable to the point estimate of the effect on some college or the effect

on four-year college degree attainment. If normal schools’ only effect was incentivizing high

school graduates to enroll in college, there would be no effect on high school completion.24

We note our results are in contrast to Bedard (2001), who finds that proximity to a college

increases the high school dropout rate among teenagers in the 1960s. A central difference in

our analyses is the identification of the control group.

The results from our causal identification strategy confirm the results of Card (1993)

and the subsequent literature, that has used proximity to a college as a predictor of col-

lege attendance. For comparison, Kling (2001) shows that for the lowest-quartile of family

24The magnitudes we find on high school completion are suggestive that there may be effects of the
university on the quality of local K-12 education, since the magnitudes for college graduation and high school
graduation are similar for children from low-income families. In fact, in Appendix C.3, we see that normal
school counties have lower student-teacher ratios, which could be due to the fact that regional universities
educate many future teachers. The higher high school graduation rate may also be due to increased incentive
to graduate high school to attend college, due to lower geographic frictions.
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background, having a college in the county increases highest grade completed by roughly

one year in 1976 for individuals who were 14-19 in 1966. In 1989, this had fallen to 0.5

years for individuals who were 14-19 in 1979. While not directly comparable to our outcome

variables, our empirical strategy appears to yield substantially smaller effects.25 One reason

may be that colleges are located in areas that have higher attainment for reasons other than

the college, and our empirical strategy accounts for those. In our strategy, colleges may af-

fect attainment through the direct effect on students and also through indirect effects (e.g.,

on the economy), but we eliminate the non-causal relationship between colleges and local

educational attainment.

Russell, Yu and Andrews (2022) finds a substantially larger effect on college attain-

ment. Their baseline estimate, using data from the American Community Survey, is that

the presence of a university increases the share of the population with a college degree by 14

percentage points. When using data from Chetty et al. (2018), they estimate the fraction

with at least a bachelor’s degree is 8 percentage points higher for people who grew up in

counties with universities, which is still substantially larger than our estimate. This likely

reflects different effects of top-tier flagships and private universities on their local economies,

compared to the effects of regional public universities which are our focus. The universities

in Russell, Yu and Andrews (2022) have larger effects on the local industry composition

than the universities in our sample (see Howard, Weinstein and Yang, 2024). That could

mean the research-intensive universities attract parents more likely to send their children to

college relative to the regional public universities in our sample. It could also be that the

universities in Russell, Yu and Andrews (2022) provide a higher return to a college degree.

In Appendix D.6, we look at the effects on education by race and sex. The sample of

25The reason this comparison is challenging is that we do not observe years of education, the main outcome
variable in those studies. However, if both point estimates are correct, it would need to be the case that
almost all of the increase in years of schooling is due to students who do not obtain an additional degree.
For example, if we take our biggest coefficients for each outcome, and assume that every additional college
graduate or high school graduate gets another four years of schooling, that would contribute only 0.14
additional years of schooling (.018 × 4 + .016 × 4), which means that 0.36 years would have to come from
students who get more schooling but not additional degrees.
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counties is different across races due to data availability, making comparisons across race

difficult. The results are also noisier, making it hard to say anything conclusive. However,

there are several interesting observations within race. For Hispanics, the effects on high

school attainment are very large for those from lower-income families. And for some of the

results regarding college degrees and some college, the effects for black and Hispanic children

are the strongest at the top of the income distribution. For college degrees, the effects are

stronger for women, while for high school degrees, the effects are slightly stronger for men

at the bottom of the income distribution relative to women.

2.4 Effects on Income

In Figure 3, we show effects on measures of income from Chetty et al. (2018). Panel (a) shows

the effect on having any positive wage income in 2015, when the sample is 32 to 37 years old.

At the first percentile of the parental income distribution, regional public universities increase

the probability of positive W-2 earnings by 1.3 percentage points, which is an increase of

2 percent relative to the baseline. At the 25th percentile of parental income, there is a

0.6 percentage point increase, which is an increase of 0.7 percent. Recall that we see a 1.7

percentage point increase in four-year degree attainment, at the 25th percentile of parental

income. If the 0.6 percentage point increase in employment is driven by the 1.7 percentage

point increase in education, this implies large positive employment effects on the additional

degree recipients.

When we look at the family income percentile or the individual income percentile, there

is an increase that is more pronounced at the low-end of the distribution and the family

income results are borderline significant at conventional levels. We find that regional public

universities raise household income percentile rank of children at the 25th percentile by

roughly 0.8 percentile ranks (p-value ≤ 0.1), when measuring their incomes in 2014-2015 at

age 31-37.26

26For comparison, Chetty and Hendren (2018) show that growing up in a commuting zone with one
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(a) Positive W-2 Earnings, 2015
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(b) Family Income Percentile, 2014-2015
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Figure 3: Effect of a normal school on local children’s adult income, 2014-2015.
Green dots with spikes represent the estimated effect of a normal school on the outcome
variable, conditional on state fixed effects. Outcome variables are measured at different
percentiles of the parents’ income distribution, which is the x-axis. The green spikes span
the 95 percent confidence intervals, with the cross-bars at the 90 percent confidence intervals.
Standard errors are clustered by state. The estimates and confidence intervals correspond to
the y-axis on the left-hand side of the figure. The orange dashed line shows the mean of the
outcome variable in asylum counties, and correspond to the y-axis on the right-hand side of
the figure.
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Given that a likely mechanism for the increase in income is the increase in college-going,

it is worth comparing our results to measures of the return to college education. At the 25th

percentile of parental income, our results imply a roughly 2 percent increase in income for

children who grow up in normal counties.27 Given that we estimated a slightly smaller than

2 percentage points increase in college attainment, this would require the returns to a college

degree of about 100 percent. Using cutoffs for entrance to a less-selective college—like the

ones studied here—Zimmerman (2014) estimates a return of 22 percent to college admission

for the marginal student 8-14 years after high school completion. If college completion were

the only mediator, he finds the return to a college degree would be 90 percent.28 While an

admittedly rough comparison, this means that the increase in college completion can explain

a large fraction of the effect that we find on income. However, it may not be the whole story

given the effects we also find on high school completion.

To put it in comparison to the baseline, the slope of the social mobility curve in asylum

counties (the orange dotted line) is about 0.4. Taking the point-estimates at face value, the

causal effect of being assigned a normal school would be to reduce that by about 0.012, or

about 3 percent. Both the slope and the impact are somewhat muted when focusing on

individual income, with normal schools reducing the slope by about 2.4 percent.

While the confidence intervals are large, it is of note that the effects on college attainment

standard deviation lower racial segregation is associated with higher household income rank of children at
the 25th percentile by 1.6 percentile ranks. One standard deviation lower income segregation is associated
with higher rank by 1.1 percentile ranks. That is a purely correlational result, while the 0.8 percentile rank
increase we identify is the causal effect of regional public universities on local children.

27Using a different set of birth cohorts, and measuring income at a different age than in our sample,
Chetty and Hendren (2018) show that for the 1980-1986 birth cohorts, an increase of one percentile rank in
household income at age 26 translates to an additional 818 dollars, for children whose parents were at the
25th income percentile, which is an increase in income of roughly 3.14 percent. If the relationship between
percentile rank and percent increase in income holds for the slightly older individuals in our sample, our
results would imply regional universities increase income by roughly 2.4 percent for children who grew up in
the county with parents at the 25th income percentile.

28Other papers find estimates of similar magnitudes: Card (1993) estimates returns of about 13 percent
per year of education using an instrumental variable strategy based on proximity to college, Smith, Goodman
and Hurwitz (2020) estimates returns to enrollment in a Georgia public four-year college of 20 percent, and
Kozakowski (2023) estimates returns to admission to four-year public colleges in Massachusetts for low-
income students of 26 percent. All of these variables would have to be scaled up significantly to be about
college completion rather than college admission or enrollment.
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were roughly constant across parental income, but the effects on employment and income

are much more pronounced for children from lower-income families. This is consistent with

the additional enrollees experiencing stronger labor market benefits of college if they were

from lower-income families.

Russell and Andrews (2022) looks at the effects of universities on income rank, although

they estimate the effect of primarily research-intensive universities. For children born to

parents at the 1st or 25th percentile, they find an increase in the mean income rank in 2014-

15 of 0.003, although the effect is insignificant. This is somewhat smaller than our estimated

effect of about 0.01. Interestingly, given our smaller effect on education attainment, these

results could suggest a higher income return to regional universities, although there are

certainly other possible mechanisms, and the estimated effects are not particularly precise

for either type of university.

2.5 Effects on Other Social Outcomes

We also examine the effects of being assigned a normal school on marriage, teen childbirth,

incarceration, and migration. These results are presented in Figure 4. In Panel (a), we look

at the effects of normal school assignment on marriage rates across the parental income dis-

tribution. Consistent with the larger effects we found on family income relative to individual

income, we find positive effects on marriage in 2015 when the sample is age 32 to 37, with

children born to parents in the 1st percentile being 2.2 percentage points more likely to get

married, approximately a 8 percent increase. For the 25th percentile, the increase is 1.7

percentage points, roughly a 4 percent increase.

In Panel (b) we also find negative effects on teen childbirth. The point estimates are

larger for children of lower-income parents, but the standard errors are also larger, so the

only statistically significant results are at the top half of the distribution. However, these

are large: about 1 percentage point across the distribution, off of a baseline ranging from 2

percent at the top end to about 36 percent for children of the lowest-income parents.

28



.3
.4

.5
.6

.7
Av

er
ag

e 
Va

lu
e 

in
 A

sy
lu

m
 C

ou
nt

y 
(D

as
he

d)

-.0
1

0
.0

1
.0

2
.0

3
.0

4
Ef

fe
ct

 o
f N

or
m

al
 C

ou
nt

y 
(S

pi
ke

s)

0 25 50 75 100
Parents' Income Percentile

(a) Marriage, 2015
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(b) Teen Birth (women-only)

0
.0

1
.0

2
.0

3
.0

4
.0

5
Av

er
ag

e 
Va

lu
e 

in
 A

sy
lu

m
 C

ou
nt

y 
(D

as
he

d)

-.0
06

-.0
04

-.0
02

0
.0

02
.0

04
Ef

fe
ct

 o
f N

or
m

al
 C

ou
nt

y 
(S

pi
ke

s)

0 25 50 75 100
Parents' Income Percentile

(c) Incarcerated, April 1, 2010
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(d) Staying with Parents, 2015
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(e) Live in Childhood Commuting Zone

Figure 4: Effect of a normal school on local children’s social outcomes. Green
dots with spikes represent the estimated effect of a normal school on the outcome variable,
conditional on state fixed effects. Outcome variables are measured at different percentiles of
the parents’ income distribution, which is the x-axis. The green spikes span the 95 percent
confidence intervals, with the cross-bars at the 90 percent confidence intervals. Standard
errors are clustered by state. The estimates and confidence intervals correspond to the left
y-axis. The orange dashed line shows the mean of the outcome variable in asylum counties,
and correspond to the right y-axis. 29



Panel (c) shows negative effects on incarceration. As with teen birth the point estimates

are larger for children of lower-income parents, but the results are more precise for children of

higher-income parents. For example, for children whose parents were at the 75th percentile,

regional public universities reduce the fraction that were incarcerated on April 1, 2010 by

0.05 percentage points, from a baseline rate of 0.5 percent in asylum counties.

Panel (d) shows that children are less likely to live with their parents in 2015 if they

grew up in a county that had been assigned a normal school. However, these results are not

statistically significant.

Panel (e) shows that in normal school counties, children are less likely to remain in the

commuting zone in which they grew up. The effect is more negative for children of high-

income parents, despite already having a much lower baseline. These effects are large, with

children in normal school counties being about 3 percentage points more likely to move

out of the commuting zone, and about 4.3 percentage points for the 100th percentile of

parental income.29 Taking together these results with our results on economic mobility, and

the absence of impacts on the local economy, suggests proximity reduces frictions in college

attendance and this raises mobility through increasing geographic mobility.

2.6 Comparison to Causal Effects on People

Our estimates in Figures 2, 3, and 4 identify the causal effects of having a been assigned a

normal school on county characteristics. While these estimates identify the causal impact

on the place, they do not identify the causal impact on an individual child, because the

university may also affect the composition of children who grow up in the county.30 We use

Chetty and Hendren (2018) estimates of causal effects of an additional year of exposure to

29We see larger effects for children from the 100th percentile, even though there were not statistically
significant effects on educational attainment for this group. This may reflect that children of faculty and
higher-level university administrators are more geographically mobile, given the likely greater geographic
mobility of their parents. In asylum counties, it is less likely that the higher-income families are faculty or
university administrators. As we show in Table A39, there is some evidence that children in normal school
counties spent slightly less of their childhood in the commuting zone than children in asylum counties.

30Chetty and Hendren (2018) show evidence consistent with lower-mobility, not higher-mobility, individuals
sorting into areas with more colleges per capita.
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a county, which accounts for this selective location choice, to see if the college does indeed

have an effect on the outcomes of a child.31

In Table 3, we use our same empirical strategy but use the causal estimates on individuals

from Chetty and Hendren (2018) as the dependent variables. We focus on students with

parental income at the 25th percentile, but show the 75th percentile in Appendix D.5. We

use the outcome that is most comparable between the two datasets. Columns (1), (3), and

(5) show the same results as in Figures 2b, 3b, and 4a, for the 25th percentile, the effects on

some college attendance, family income percentile, and marriage, respectively. Columns (2),

(4), and (6) look at the closest variable in the Chetty and Hendren (2018) dataset, although

the precise definitions are slightly different for each variable. Unfortunately, other outcomes

are unavailable in the Chetty and Hendren (2018) dataset.

There are a few differences to note when comparing these columns. First, following Chetty

and Hendren (2018), to maximize precision when analyzing the causal impacts on people, we

weight the observations using the inverse of the variance of the estimate. These weights are

correlated with county population, so if the effect size is correlated to the size of the county,

then the coefficients may reflect different average effects. Second, the causal estimates in

column (2) are to be interpreted as the effect of having one additional year in that county,

whereas the scale in column (1) is based on a childhood. The suggested comparison would

be to scale the coefficient in column (2) by about 15 or 20 (see Derenoncourt (2022) for a

discussion). Third, the variables are slightly different. For example, column (1) is from ACS

respondents and column (2) is from 1098-T forms that universities file with the IRS. Finally,

the results are based on different birth cohorts.32

At the 10 percent level, there is evidence that having a normal school has a causal effect

on the person, for all three outcomes. If we took the point-estimates seriously, it would

31Chetty and Hendren (2018) estimates these causal effects using children that move into a county at
different ages. One potential concern would be if the types of families who move into a county with older
versus younger children is different in normal school versus asylum counties. We do not find evidence of this
in Appendix D.7.

32Appendix Table A40 shows the causal estimates without weights and the observational estimates with
the same weighting scheme as the causal estimates.
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Table 3: Causal Effects on People, 25th percentile parental income

(1) (2) (3) (4) (5) (6)
Some College
Age 25+

Attended College
Age 18-23

Family Income
Percentile, 2014-15

Family Income
Percentile, Age 26

Married
2015

Married
Age 26

Normal 1.397∗ 0.143+ 0.755+ 0.0773+ 1.662∗ 0.0856+

(0.680) (0.0764) (0.434) (0.0436) (0.817) (0.0470)
Observations 324 305 324 305 324 300
Weights Unweighted Precision Weights Unweighted Precision Weights Unweighted Precision Weights
Scale Per Childhood Per Year Per Childhood Per Year Per Childhood Per Year
Interpretation Effect on Place Effect on Person Effect on Place Effect on Person Effect on Place Effect on Person

Standard errors clustered by state. + p < 0.1, ∗ p < .05, ∗∗ p < .01. Outcome data in columns 1, 3, and
5 are from Chetty et al. (2018), and outcome data in columns 2, 4, and 6 are from Chetty and Hendren
(2018).

seem that the causal effects are a bit bigger for college attendance and family income, but

between the large standard errors, the different samples, and the different weightings, our

main takeaway is that the magnitudes are roughly similar.

3 Mechanisms: Evidence from The Freshman Survey

In this section, we use The Freshman Survey to understand the channel through which

regional public universities raise local college-going. In particular, we will evaluate three

potential channels: geographic proximity lowers financial frictions, information frictions, or

frictions for those with strong preferences for staying near home.33

A related question is why students in asylum counties are not equally served by the

universities in their counties. Appendix A.1 shows that the four-year colleges that are in

asylum counties are more expensive, more selective, and smaller, and many asylum counties

do not have any four-year universities.

The Freshman Survey (TFS) has been conducted since 1966 through the Higher Educa-

tion Research Institute at the University of California, Los Angeles. The survey is adminis-

tered by colleges to their freshman classes during orientation and has been administered by

over 1900 institutions surveying 15 million students (Higher Education Research Institute,

33A number of studies have analyzed information interventions to increase college attendance among
low-income high-achieving students (see for example Dynarski et al. (2021) and Andrews, Imberman and
Lovenheim (2020)).

32



2023). The survey asks why the student decided to attend college, why the student chose

their university, and includes questions about many individual characteristics. It also records

the student’s home zip code, which we use to identify students who grew up in normal school

and asylum counties.34 With our sample restrictions, the dataset consists of over 2.1 million

individuals growing up in all 204 normal school counties, attending 1466 universities from

1982-2010, and nearly 1.5 million individuals growing up in all 125 asylum counties attend-

ing 1431 universities. Additionally restricting to students with positive TFS survey weights

yields a sample of 2.5 million individuals. See Appendix E for the details on the sample.

We have three main objectives with TFS data. First, our education results in Figure

2 show students growing up in normal school counties are more likely to attain a college

degree. With TFS data, we show whether this is driven by enrollment at the nearby previous

normal schools. Second, we show whether students growing up in normal school counties have

characteristics of more marginal college-goers, consistent with the greater college enrollment

among people growing up in normal school counties in Figure 2. Finally, we look for evidence

on the specific types of geographic frictions that matter for attending regional universities,

e.g. financial costs, informational frictions, or preferences for living near home.

Before we test for differences in the characteristics of freshman from normal school and

asylum counties, we first confirm that the universities in normal school counties are not

differentially more likely to participate in TFS relative to universities in asylum counties.

This would bias our analysis of whether students growing up in normal school counties are

more likely to attend college near home. Details are in Appendix E.1.

We then test whether individuals from normal school counties are more likely to attend

university close to where they grew up, relative to individuals from asylum counties in the

same state. We estimate specification (1), aggregating up to the county level using the survey

34The student zip code data become available starting with the 1982 survey. Through 2000, students
were asked for their address at the top of the survey, including their zip code. Starting in 2001, students
were asked for their “permanent/home address”, including their zip code. We acknowledge we do not have
information on how long they may have lived at that address. Appendix E.2 addresses the possibility that
students are reporting their address at the university rather than their home address.
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Table 4: Differential Likelihood of Attending University Close to Home

(1) (2) (3) (4)
Attend Univ.
within 10mi

Attend Former-Normal
within 10mi

Attend Univ
in county

Attend Former-Normal
in county

Grew up in normal school county 0.0462∗∗ 0.0787∗∗∗ 0.149∗∗∗ 0.202∗∗∗

(0.0131) (0.0127) (0.0313) (0.0297)
Observations 324 324 324 324

Standard errors clustered by state. * p<0.05, ** p<0.01, *** p<0.001

Observations are at the county level. All regressions include state fixed effects.

weights provided by TFS (see Appendix E.1 for details). The regression includes data from

individuals responding to TFS who report home zip codes located in normal school or asylum

counties.35

Our first outcome variable of interest is whether a student attends a university within

ten miles of home. In addition, we test whether they are attending any university that is

in the same county as their home. We show both measures of proximity because students

are asked directly their home-university distance, but we have to infer their county based

on the zip code they list on the survey. While the county results are more closely related to

our previous findings, the within-10-miles results are more robust to concerns about zip code

misreporting. We also show the results where yi is defined as attending a previous normal

school within 10 miles or attending a previous normal school in the same county, in order to

show how much these universities drive the results.

Students who grew up in normal school counties are 4.66 percentage points more likely to

attend a university within 10 miles of where they grew up relative to students who grew up in

asylum counties in the same state (Table 4, column 1). The mean of this dependent variable

in asylum counties is 8.9%. More than 100 percent of this effect is driven by students that are

attending the former-normal school within 10 miles (column 2), meaning that enrollment at

other types of universities is crowded out by the presence of a former normal school. When we

consider the alternative measure of whether students are attending a university in their home

county, the fraction among students growing up in normal school counties is 15 percentage

35In our baseline specification we average over respondents in different survey years. Appendix E.4 shows
this aggregation does not lead to meaningfully different results relative to a regression specification that
compares responses within the same state and year.
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points higher (column 3). Again, this is more than 100 percent driven by students attending

the former-normal school (column 4).36

To better understand the channels through which regional universities raise local college-

going, we estimate equation (1), with various TFS questions as the dependent variables.

Many questions ask students to rank something as important on a three point scale. In

this section, we create an indicator variable for either “Very important” or “Somewhat

important” and use that as the outcome variable.37 We emphasize that the coefficients β

reflect differences in who chooses to attend college (and which college) in normal school

versus asylum counties, along with any effects of the regional university on characteristics of

children growing up nearby. For many of the regressions, the most natural interpretation is

that the regional university is changing the composition of students that attend college, but

it is not the only possible interpretation.38

Our results are presented in Figure 5. In each figure, we plot the estimate of the coefficient

on growing up in a normal school county. Given the many outcomes we look at and that these

results are primarily interesting because they help elucidate the mechanisms in the previous

sections, we do not emphasize the statistical significance of our findings. The standard errors

are not corrected for multiple hypothesis testing.39

The evidence in Panel (a) is consistent with the regional universities attracting more local

students who are at the margin of going to college, whether for financial, social, or academic

reasons. This is consistent with our results in Figure 2 that more students in normal school

36Appendix Table A46 shows differential likelihood of home-university distance within each of the distance
bins listed on the survey. The within-10-mile increase shown in Column (1) of Table 4 corresponds to a decline
in going to college between 10 and 100 miles away.

37In Appendix E.3, we show the results for an indicator variable just using “Very important.”
38Following Bond and Lang (2019), we are also clear that we are comparing the fraction of people in

normal school and asylum counties who subjectively consider the variable of interest at least somewhat
important. There may be differences in the reporting functions across these types of counties that make
further generalizations ranking the importance of this variable across groups more difficult.

39In fact, in this section, we include only a subset of results that we looked at because we felt they were
most elucidating of our mechanisms. All the questions that we looked at can be found in Appendix E.3.
We did not include them all in this section because many questions are at least partially redundant and the
sheer number of results would make it harder to interpret. We think the qualitative conclusions that we
suggest based on the results in the main text are generally consistent with all the results in the appendix.
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Chose college because applied early

Applied to one college

SAT score (1000s)

Age (10s)

Race: White

Log parent income

Mom educ: HS

Mom educ: Grad. sch

Going to college because no job

Going to college for better job

Chose college because of graduates' jobs

Chose college because academic reputation

Going to college to become cultured

Going to college to find purpose

-.06 -.04 -.02 0 .02 .04

(a) Characteristics of Students

Chose college because could not afford 1st choice
Likely to have job to pay for college

Likely to have full-time job in college
Chose college because wanted to live at home

Plan on living with family freshman year
Financing college via family and friends

Financing college via loans
Likely to Transfer

Chose college because of online ed.
Chose college because of visit

Chose college because of parents
Chose college because of teacher

Chose college because of private counselor
Chose college because of friend

Chose college because wanted to live near home
Going to college because friends going

Chose college because friends attending
-.05 0 .05 .1

(b) Geographic Frictions of College Attendance

Figure 5: Differential answers to The Freshman Survey by students who grew up in normal
school counties relative to same-state students who grew up in asylum counties. For questions
that are answered on a five point scale, we create a dummy variable if the student answered
that the reason was “Very important/good” or “Somewhat important/good.” Spikes are 95
percent confidence intervals and cross-hatches are 90 percent confidence intervals. Standard
errors clustered by state.

counties go to college. In particular, Panel (a) shows that students are less likely to have

chosen their college because they applied early (p < .05), while at the same time being slightly

more likely to have applied to only one college (not significant). Demographically, college

freshmen from normal school counties are significantly more likely to be older (p < .05).

While parental incomes look similar (the point estimate suggests students from normal school

counties have slightly lower parental incomes), their parents are slightly more likely to have

a graduate degree (p < .05), which is one of the few variables suggesting these students are

less on the margin of going to college.40

Differences in the reasons for going to college are also consistent with students from

normal school counties being more marginal college students. Students from normal school

counties are less likely to say they chose their college based on the graduates’ jobs (p < .05),

the school’s academic reputation (p < .05), and they are less likely to say they are going to

college to get a better job (p < .05), to become cultured or to find purpose (not significant).

40Interestingly, splitting the sample by low- and high-parental income does not affect the results in Figure
5 very much (Appendix E.5).
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However, they are more likely to be going to college because they do not currently have a

job (not significant).

These estimates are additional evidence that the education effects in Section 2.3 are

not driven by more economically-mobile families moving into normal school counties prior

to college. If that were the case, we might expect students growing up in normal school

counties to look like they are less on the margin of going to college.

In Panel (b), we use the survey to potentially disentangle why regional universities are

better at reaching students in their own counties than in the same-state asylum counties.

We can think of three main hypotheses for why this geographic friction exists. First, having

a university nearby may relax the financial burden of attending college, especially if the

student can live at home. Second, having a university nearby may decrease information

frictions about colleges. Third, people may simply prefer to live near home.

We see that freshmen from normal school counties are more likely to say that they could

not afford their first choice (not significant), consistent with the hypothesis that the nearby

university eases financial constraints. Consistent with this, we see these students also say

that they are more likely to be working during college (p < .05). Furthermore, even though

students from normal school counties are less likely to say they chose the college because

they wanted to live at home (not significant), we see that they are in fact more likely to

plan on living at home (p < .1), consistent with living at home to reduce costs. Also

consistent with sensitivity to cost, students are less likely to be paying for college via family

and friends or loans (not significant). We also see that they rate it as more likely that they

will end up transferring (p < .05). This could be because the nearby regional university is

a more affordable way to get the first few years of college education, especially if students

live at home, while still preserving the option of a degree from somewhere else. Consistent

with this story, we see that students are less likely to say they chose a college because of

online education (p < .05), suggesting online education may be a substitute for proximity,

possibly due to cost-saving. These results relate to a large literature on credit constraints
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and education, including the Lochner and Monge-Naranjo (2012) review.

We additionally see some evidence that growing up next to a regional university reduces

information frictions about college. Freshmen from normal school counties are less likely to

say they chose their college because of a visit (p < .05), parents (not significant), a teacher

(p < .05), a private counselor (p < .05), or a friend (p < .05). These students may not rely

on these sources because they already have sufficient information about their local college.

We do not find evidence that location preferences are a major geographic friction. Stu-

dents are less likely to say that they chose the college because they wanted to live near

home (not significant). In addition, we look at whether they are influenced by their friends’

choices, which is likely related to their preferences for staying near home. Students from

normal school counties are less likely to say that they chose their college, or are going to

college at all, because of their friends going (not significant).

4 Conclusion

Regional public universities were established to improve access to higher education in their

local communities, thereby improving economic and social mobility. Using a novel strategy

and rich data from The Census Tree and Opportunity Insights, we show that regional public

universities do have these impacts on their counties, with effects on high school graduation

and college attainment for children growing up in the county. We see these effects both

for children in 1920, when normal schools had largely become teachers colleges offering

a bachelor’s in education, and for children in the 1970s and 1980s when the institutions

had become comprehensive regional public universities. We further see effects today on

employment, household income, marriage, and geographic mobility for children growing up

in the county. These effects are large for children from lower-income families. We also show

suggestive evidence that these causal effects on the counties are driven by causal effects on

people, rather than operating only through sorting.
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Our evidence, including from The Freshman Survey, suggests geographic proximity lowers

frictions in college attendance, through lowering the cost of college (e.g., by living at home)

as well as reducing information frictions. The effects do not appear driven by effects of

normal school assignment on the local economy, as there are few differences today in local

economic characteristics. Impacts on economic mobility, without impacts on local economic

characteristics, are consistent with children attending the local college and then moving away.

Indeed we find evidence of increases in geographic mobility from childhood commuting zone.

Our results present important questions for policymakers and future research. The local

impact of these universities raises the question of whether they are located optimally, if their

objective is to help low-income individuals. We showed that these universities are located in

communities with underrepresentation of the lowest-income families, and over-representation

of middle-income families. Expanding to lower-income communities will likely have general

equilibrium effects, but this seems like an important area for future consideration. Second,

how should policymakers address children who do not benefit from proximity to regional

universities? Our analysis suggests proximity to a regional university reduces financial costs

and information frictions about college, both of which suggest the potential for policy to

target assistance to students in underserved areas.
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A Normal School and Asylum County History

In this appendix, we present further details on the assignment of normal schools and asylums,
balance on 1850 county characteristics, and the impact on the higher-education sector.

In Figure A1, which is reproduced from Howard, Weinstein and Yang (2024), we show
the timeline of the opening and conversion of normal schools, compared to asylum counties
(Panel a), as well as the statistics on the size of these institutions over time (Panel b).41 We
also include a map of the institutions to show that both normal schools and asylums were
common across the entire country (Panel c). As we document in Howard, Weinstein and
Yang (2024), university-level enrollment data in the 1933-1934 academic year comes from
the Biennial Survey of Education, 1932-1934 (Foster et al., 1937), and in 1952 from Ameri-
can Universities and Colleges, Sixth Edition (American Council on Education, 1952). Total
university enrollments in 1970 and 1975 are from the Higher Education General Information
Survey (HEGIS) (United States Department of Education. National Center for Education
Statistics., 1998, 1999), and from 1980 to 2015 are from IPEDS (U.S. Department of Educa-
tion, National Center for Education Statistics, 2020). Institutional population by institution
type are from the decennial censuses of 1920 through 1940 using 100% counts from IPUMS
(Ruggles et al., 2021b). Because 100% counts are not available in 1950, we instead collected
asylum-level resident population data from the Council of State Governments (1950).

Table A1 shows balance on characteristics in 1850. Normal school counties are smaller in
population in 1850, and there is some evidence they are less urban, have a greater fraction
of farmers, and have lower real estate values per capita in 1850. We note that while there
is not a statistically significant difference in 1850 population levels, using log population
yields a coefficient of -.30, statistically significant at the 10% level. As we show in Howard,
Weinstein and Yang (2024), there is not a statistically significant difference between normal
school and asylum counties in log population in 1920, when we have data on all states. There
is also not a significant difference in log population in 1840. Finally, we note that there is an
extreme outlier in terms of 1850 population: New York County. Omitting this county yields
a statistically insignificant coefficient of -881 in row 1, and a mean of 26,167 in column 2
row 1. The last row shows there is no statistically significant difference in the first principal
component of the variables in Table A1, in which all variables have positive loadings except
percent non-white slave population and percent farmer.

41The figures and tables we present in this paper based on Howard, Weinstein and Yang (2024) are not
perfectly identical to those in Howard, Weinstein and Yang (2024), because of a corrected classification of
two asylum counties from that paper. The differences are very slight. County FIPS 29043 had been classified
as an asylum county when it should have been 21047, and 36117 had been classified as an asylum county
when it should have been 37191. However, 37191 is also normal school county. Thus, our sample includes
204 normal school counties and 125 asylum counties.
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Figure A1: History of Normal Schools and Insane Asylums. Notes: Figure (a) shows
opening years for normal schools and asylums. We use an Epanechnikov kernel with a five-year bandwidth
for density estimation. The year in which previous normal schools convert to state colleges and state
universities is defined to be the year that the school’s name changes to college and university respectively.
Figure (b) shows average enrollment in normal schools (or in colleges that had been normal schools) per
county population in normal school counties. We also show average institutionalized population per county
population for both normal school and asylum counties. Depending on the year, institutionalized population
includes population in mental institutions, correctional institutions, institutions for the elderly, handicapped,
and poor, juvenile facilities, and nursing/skilled nursing facilities. College enrollment in Maine and Vermont
is missing in 1952; however, using a balanced sample yields a similar figure. Figure (c) shows a map of the
locations of the normal school and asylum counties in our sample. See text for data sources.
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Table A1: County Characteristics in 1850

Normal Asylum Within-State Difference

Population, 1850 27,316 31,730 -7,016
[33,125] [58,955] (7,094)

Proportion of population, 1850:
Urban, Places 2500 and over 0.11 0.15 -0.05+

[.2] [.23] (0.03)
In cities, 25,000 and over 0.03 0.05 -0.02

[.13] [.19] (0.02)
Non-white, free 0.02 0.02 -0.00

[.03] [.03] (0.00)
Non-white, slave 0.14 0.09 0.00

[.2] [.17] (0.01)
Farmer 0.25 0.25 0.03+

[.12] [.12] (0.01)
Real estate value per capita 239.21 252.8 -19.42+

[136.47] [188.5] (11.14)
First principal component -0.37

(0.24)

Notes: Columns 1 and 2 show mean and standard deviation of county characteristics for normal school and
asylum counties. Column 3 shows the coefficient on normal school county, when the dependent variable is
the county characteristic, and we include state fixed effects. We show standard errors clustered at the state
level in parentheses in column 3. There are 139 normal school counties and 87 asylum counties. We restrict
the 1850 samples to counties in states that had entered the Union by the day of the census in 1850. We use
the Eckert et al. (2020) crosswalk to 1990 counties. When using log population in 1850 as the dependent
variable in column 3, the coefficient on normal school county is -.30, statistically significant at the 10% level.
Fraction of the population that is a farmer is the fraction of the population who are at least 15, and not living
in group quarters. Real estate value per capita is the sum of all real estate value owned by individuals in
the county (not living in group quarters), divided by the total non-group-quarters population. The last row
shows a regression in which the dependent variable is the first principal component of the above variables,
in which all variables have positive loadings except percent non-white slave population and percent farmer.
See Howard, Weinstein and Yang (2024) for balance on other variables in 1840 and in 1920.
+ p < 0.1, ∗ p < .05, ∗∗ p < .01
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A.1 Effect of Normal School Assignment on the Local Higher Ed-
ucation Sector

Table A2, reproduced from Howard, Weinstein and Yang (2024), shows the effects of normal
schools on the local higher education sector, showing that normal school counties have more
public four-year colleges, and the colleges have higher enrollment and more degrees awarded
per population. The normal school counties also have a higher share of the population
with a bachelor’s degree. While there are some insignificant negative effects on other types
of universities, these universities are small, so the net effect is still a much larger university
presence, when measured by enrollment or degrees, even if that is not the case when measured
by the total number of colleges.

Table A2: County-level Higher Education Sector, 1980

(1) (2) (3)
Variable Means Difference in Means

With State FE
Normal Asylum (1) - (2)

Has regional college formerly normal school 0.91 0.00 0.93**
(0.28) (00) (0.02)

Total public four-year colleges 1.11 0.45 0.69**
(0.67) (0.88) (0.13)

Total private four-year colleges 1.39 1.96 -0.48
(3.27) (4.63) (0.55)

Total two-year colleges 0.97 1.17 -0.24
(2.17) (2.17) (0.31)

Enrollment as % of population 11.72 4.60 8.48**
(9.23) (5.52) (1.61)

Full-time enrollment as % population 8.52 2.99 6.51**
(7.4) (4.35) (1.27)

Total degrees awarded as % of population 3.04 0.94 2.48**
(2.77) (1.41) (0.5)

Bachelor’s degrees awarded as % of population 1.43 0.39 1.23**
(1.38) (0.69) (0.25)

% Population over 25 with Bachelor’s degree 16.57 15.05 2.04*
(4.79) (6.11) (0.86)

% Population over 25 with 1-3 years college 15.40 15.03 0.55
(3.89) (3.98) (0.35)

Notes: Source: Howard, Weinstein and Yang (2024). Columns (1) and (2) show means and standard
deviations in parentheses. For panel A, column (1) includes 204 normal school counties, and column (2)
includes 125 asylum counties. Panel A data are constructed using IPEDS, except the bachelor’s share and
some-college share which are from the census, obtained from NHGIS. Column (3) displays coefficients from
regressing each variable on the normal school county indicator with state fixed effects, clustering standard
errors at the state level. + p < 0.1, ∗ p < .05, ∗∗ p < .01.
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Table A3 further highlights differences between universities in normal school and asylum
counties, in terms of cost, completion rates, and selectivity.

We use data from the IPEDS complete data files in 2009. Of the 329 normal school
and asylum counties in our data, 51 do not have four-year colleges that are in our roster of
Title IV colleges and universities from IPEDS in 2009. Of those 51, 41 are asylum counties.
The analysis below shows differences in university characteristics between the universities in
normal school counties and asylum counties. In addition to these differences, this difference
in the extensive margin is also important for interpreting the results in our paper.

The evidence we present below in Table A3 is consistent with regional public universities
raising access among local students by having lower financial costs and lower admissions
selectivity. We also see that universities in normal school counties have lower completion
rates, which is especially important given our finding in Figure 2 that children growing up
in normal school counties are still more likely to get a degree. We describe the data and
analysis in detail below.

For the cost variables, we use the financial aid and net price surveys in 2009, which
was the first year that variables related to net price, as well as the variables denoting aid
by income levels, were available. These variables are reported for the 2008-2009 academic
year. We obtain the tuition and fee data from the institutional characteristics survey, which
reports these variables for the 2009-2010 academic year. We restrict to four-year colleges
and universities in order to understand the differences in local options for students who are
considering a four-year degree.

We focus on the following which are reported for full-time first-time degree or certifi-
cate seeking students (and for public universities additionally restricted to students paying
the in-district or in-state tuition rate): average amount of grant and scholarship aid in all
income levels for students receiving Title IV federal student aid, average amount of grant
and scholarship aid in income level (0-30,000) for students receiving Title IV federal student
aid, average amount of grant and scholarship aid in income level (30,001- 48,000) for stu-
dents receiving Title IV federal student aid, average net price for students receiving grant
or scholarship aid, average net price for students in income level (0-30,000) receiving Title
IV federal financial aid, and average net price for students in income level (30,001-48,000)
receiving Title IV federal financial aid. Average net price is equal to the sum of published
tuition and required fees, books and supplies, and the weighted average room and board and
other expenses minus average amount of aid. Details can be found in the IPEDS documen-
tation for the Student Financial Aid Data File, which can be accessed through the Complete
Data Files section of the IPEDS website. We also analyze the sum of in-state average tuition
for full-time undergraduates and in-state required fees for full-time undergraduates.

For the analysis of these cost variables, we restrict to institutions for which the variables
above are all non-missing, along with the number of full-time first-time degree/certificate
seeking undergraduates in the financial aid cohort. This facilitates interpreting differences
between tuition and aid, which otherwise could be due to differences in the composition
of universities reporting these variables. In practice this is not very restrictive as most
universities report all of the variables above. There are many more universities that do not
report the variables for students with incomes higher than $48,000, and so we do not show
those results.

We construct county-level averages of these variables weighting the institutions in the
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county by the number of full-time first-time degree/certificate seeking undergraduates in the
financial aid cohort.

Universities in normal school counties are 44 percentage points more likely to be public
(Table A3). Tuition and fees are roughly 50% lower than tuition and fees at universities
in asylum counties within the same state, but the average aid is also roughly 50% lower.
Average net price is about 25% lower for students at universities in normal school counties
who are receiving aid, and 18-22% lower for poor students receiving Title IV federal financial
aid. For students with income level (30,001-48,000) this is a difference of approximately 2500
dollars per year, given the mean net price for students at this income level in asylum counties
of roughly 14,200 dollars.

For bachelor’s degree completion, we use the number of bachelor’s degree-seeking students
who were enrolled as full-time, first-time students in 2003 and completed a bachelor’s degree
within 150% of normal time, as a fraction of the adjusted starting cohort of these students.
Details are available in the IPEDS file documentation for graduation rate data, which can
be downloaded from the IPEDS Complete Data Files website. We construct county-level
averages, weighting observations by the adjusted starting cohort of these students, and in-
clude only the four-year institutions. The average bachelor’s degree completion rate within
150% of normal time is 4.2 percentage points lower for universities in normal school counties,
statistically significant at the 5% level (Table A3). This is roughly 8% lower given the mean
completion rate of 56% in asylum counties.

For selectivity variables, we use the 2009 Admissions and Test Scores survey from IPEDS
and focus on several variables. First, we use whether the institution reports having an open
admission policy for all or most of its undergraduate students. Institutions that do not have
open admissions are then asked for the number of applications and number of admitted
students, as well as how letters of recommendation and test scores are used in the admission
process. They can respond that they are required, recommended, or neither required nor
recommended. We create an indicator for whether these are either required or recommended.
Institutions that do not have open admissions and that require test scores, and for which at
least 60% of the entering students reported scores for the test, are then asked for the 25th
and 75th percentiles of the SAT and ACT test score distributions. We weight observations by
the number of first-time enrolled undergraduate degree- or certificate-seeking undergraduate
students, and construct the county-level average. Given that these variables are reported
by different number of universities based on their admissions requirements, the number
of counties in the regressions varies with the dependent variable. For the open admissions
regression, we have 271 of our counties, for the fraction admitted and test score requirements
we have 252 counties, for the ACT distribution we have 232 counties, for the SAT Verbal
distribution we have 211 and for SAT Math we have 213.

Universities in normal school counties are less likely to have open admissions policies,
but this is not statistically significant (Table A3). Conditional on having some selectivity
in admissions, universities in normal school counties are less likely to require or recommend
letters of recommendation, but more likely to require or recommend test scores. Conditional
on requiring test scores, and at least 60% of entering students reporting the test, the test
scores are lower at universities in normal school counties.
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Table A3: Characteristics of Four-Year Universities in Normal School and Asylum Counties

Normal Asylum Diff Normal-Asylum
Public university 0.82 0.39 0.447**

[.27] [.38] (0.051)
Tuition and fees 9767 17350 -0.532**

[6147] [9241] (0.059)
Grant and scholarship aid 6227 9984 -0.485**

[3867] [5573] (0.068)
Net price, students receiving grant or scholarship aid 12748 17021 -0.246**

[3977] [4794] (0.042)
Grant and scholarship aid in income level (0-30,000) 10102 14790 -0.331**

[5221] [7677] (0.057)
Grant and scholarship aid in income level (30,001-48,000) 8377 13110 -0.428**

[5066] [7497] (0.064)
Net price in income level (0-30,000), students receiving Title IV federal financial aid 9732 12535 -0.217**

[3698] [3948] (0.056)
Net price in income level (30,001-48,000), students receiving Title IV federal financial aid 11456 14214 -0.175**

[3703] [3787] (0.043)
BA completion within 150% normal time 0.5 0.56 -0.042*

[.15] [.18] (0.020)
Open admission policy 0.09 0.13 -0.051

[.27] [.26] (0.035)
Conditional on non-open admission
Fraction admitted 0.68 0.68 -0.002

[.15] [.14] (0.019)
Letters of recommendations required or recommended 0.46 0.67 -0.224**

[.46] [.4] (0.065)
Test scores required or recommended 0.97 0.87 0.111**

[.07] [.27] (0.031)
Conditional on non-open admission, test scores required, and ≥ 60% of enrolled students submitted
ACT Composite, 25th percentile 19.55 21.2 -1.613**

[2.47] [2.6] (0.273)
ACT Composite, 75th percentile 24.41 26.31 -1.800**

[2.61] [2.4] (0.268)
SAT Verbal, 25th percentile 462.07 481.96 -19.359*

[50.36] [53.58] (7.336)
SAT Verbal, 75th percentile 568.37 598.41 -25.325**

[51.69] [49.68] (7.191)
SAT Math, 25th percentile 467.07 495.04 -26.051**

[55.25] [60.46] (8.152)
SAT Math, 75th percentile 576.77 608.28 -23.838**

[55.98] [57.37] (8.454)

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. Column 1 gives the enrollment-weighted average of the variable for
four-year universities in normal school counties, and column 2 gives the average in asylum counties. Standard
deviations are in brackets in columns 1 and 2. Column 3 presents the coefficient on normal school county
when regressing the variable on normal school county and state fixed effects. For tuition, aid, and net price
variables, column 3 shows the difference in logs. Standard errors in column 3 are clustered at the state level,
and shown in parentheses. See text for details.
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A.2 State Income Per Capita in 1929 and Number of Institutions

In this subsection, we analyze whether states with higher per capita incomes in the early
1900s built more normal schools and asylums, and whether states that had been poorer in
1929 had a similar number of regional universities by 1987 compared to wealthier states
in 1929, as income per capita across states converged. We tested this using state income
per capita data in 1929 from the Bureau of Economic Analysis (U.S. Bureau of Economic
Analysis, February 2025). Similar to Barro and Sala-i Martin (1992), we exclude personal
current transfer receipts from total personal income. Among states that have both normal
schools and asylums, we see that states with higher per capita income in 1929 had built
more normal schools and asylums (using the normal schools and asylums in our sample)
(p < .05) (Table A4). There is also suggestive evidence that they had built more normal
schools, with the coefficient slightly less than half of the coefficient when the outcome is
normal schools plus asylums. However, this is not significant at the 10% level. Interestingly,
the magnitude suggests an even more positive relationship between 1929 state income per
capita and total public, non-research universities in the state in 1987 (including the former
normal schools), suggesting that the relationship did not weaken with regional convergence
over the 20th century.42 However, we also cannot rule out a coefficient of zero or negative
coefficients, so we do not want to overemphasize these results.

Table A4: Institutions and State Income Per Capita, 1929

(1) (2) (3)

Normal Schools and Asylums Normal Schools Public Non-research Univ., 1987

State income per capita, 1929 0.009* 0.004 0.007
(0.004) (0.003) (0.006)

Observations 40 40 40
R-squared 0.176 0.064 0.054
Dependent variable mean 7.850 4.825 9.500
Standard deviation, income per capita 213.410 213.410 213.410

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. The dependent variable is the number of institutions in the state by
type. There is one observation per state. Robust standard errors are in parentheses.

42We use the 1987 Carnegie rating, and proxy for regional universities by summing the total of Doctorate-
Granting I, Doctorate-Granting II, Comprehensive I, Comprehensive II, Liberal Arts I, and Liberal Arts II.
We do not include Research I or Research II, or specialized universities.

53



B Historical Differences in Social Mobility

B.1 Differences in Economic Mobility in 1850-1860: Evidence
from the Census Tree

In Section 1.3, we argued that there were no pre-existing differences in economic mobility,
supporting our identification assumption. In this section, we go into the details of our
analysis and present additional results.

We identify children in the 1850 full count census who are living in normal school or
asylum counties, not living in group quarters, and living with at least one of their parents
based on the IPUMS imputation procedure (Ruggles et al., 2021a).43 We then link these
records to their record in the 1860 full count census using the 1850 to 1860 Census Tree
crosswalk (Price et al., 2023a) and the data from the 1860 full count of the census (Ruggles
et al., 2021a).44

Seven states had already opened 10 normal schools before 1860. We exclude these states
from this analysis, as the individuals in 1860 may be affected by the normal schools that
had already been opened in their states.45 We also exclude states that had not yet entered
the Union by the day of the 1850 census, and we drop states that did not eventually have
at least one normal school and one asylum county.

We use the Eckert et al. (2020) crosswalk from 1850 to 1990 counties to identify individu-
als living in what are today’s normal school and asylum counties. We construct county-level
averages for many outcomes pooling men and women, but separating by race.

To study economic mobility, we focus on 16-18 year-olds in 1850. This age group increases
the likelihood that we measure real differences in mobility rather than slight differences in
life cycles. We discuss this further below. We analyze two types of outcomes related to
social mobility. First, we test for differences in adult outcomes that are conditional on low
parental socioeconomic status. In addition, we test for differences in occupational mobility,
which measures the share of people in a different occupation than their parents, a measure
that has been used in the literature including by Long and Ferrie (2013).

We identify children from lower socioeconomic status families in 1850 using the value of
real estate owned by their mother and father, based on the IPUMS imputation of family
relationships. We focus on children whose parents are approximately in the bottom-third
(less than or equal to 150 dollars of real estate value) of the distribution of parents of 16-18
year-old White children in our sample of states described above.46

Real estate wealth arguably differentially captures wealth of farmers, relative to people
living in more urban areas who may have wage income but not real estate. In the sample

43The 1850-1870 censuses did not explicitly ask about family interrelationships.
44We downloaded IPUMS data for 6-19 year-olds in 1850, and 13 to 32 year-olds in 1860 in case of

inconsistencies in reporting age; however our focus will be on 16-18 year-olds in 1850 for the reasons discussed
below.

45Ogren (2003) suggests many of the enrolled normal school students were in their 20s.
46Real estate wealth of $150 is the 37th percentile of the parental real estate wealth distribution in the

states in our sample, while wealth of zero is the 33rd percentile. We use $150 to increase sample sizes for
these low socioeconomic status children. An alternative would be to use parental literacy as a proxy for
parental educational attainment (Soltow and Stevens, 1981). However, only 11 percent of white individuals
over age 25 were illiterate in 1850, making our sample sizes too small to carry out the analysis.

54



described for this section, we see that the fraction of children whose parents are farmers
is higher in normal school counties. This could yield misleading conclusions, as children
in asylum counties may have similar socioeconomic status based on other non-observed
wealth measures that are not skewed towards farmers. Using a relatively low parental wealth
threshold avoids some of these issues as the parents have little they could pass on to the
children. We do not use an even lower threshold (such as zero real estate value) as this
reduces already small sample sizes of 16-18 year-olds in each county.

Finally, there are several normal school and asylum counties with very small sample sizes
of 16-18 year-olds in 1850 whose parents’ value of real estate is less than or equal to 150
dollars. We drop states in which 50% or more of the normal school or asylum counties have
sample sizes less than or equal to 10. This includes four states (Florida, Iowa, Texas, and
Wisconsin), all of which entered the Union between 1845 and 1850.47

Our sample in this section includes 15 of the 40 states that opened a normal school and
asylum at some point during our sample period: Alabama, Arkansas, Indiana, Kentucky,
Louisiana, Maine, Maryland, Mississippi, Missouri, New Hampshire, North Carolina, Ohio,
Tennessee, Vermont, and Virginia. We show results only for White individuals, as the
analysis using county-level averages for free Black inhabitants, and using the same sample
restrictions described above, does not yield any states.

We focus on 16-18 year-olds in 1850. We acknowledge that our focus on roughly 26-28
year-olds in 1860 (16-18 in 1850) may not be ideal since these are still relatively young ages
for understanding economic mobility. However, linking the children in 1850 to their 1870
census records presents several challenges. First, this census comes right after the Civil War,
and the immediate impacts of the war may make it difficult to identify general differences
in mobility in the pre-normal school era. Second, an additional nine states open their first
normal schools between 1860-1869. This would yield even fewer states on which we can
focus our analysis, that had not yet opened their first normal school at the time we measure
outcomes. Including individuals older than 18 in 1850 would allow us to observe outcomes for
older individuals in 1860, but fewer of these individuals will still be living with their parents
in 1850. Our focus on coresident children 18 and younger is similar to Card, Domnisoru and
Taylor (2022).

Nationally, the fraction of White males living with at least one of their parents in 1850 is
90% or above through 13-year-olds, among those not living in group quarters. It falls after
that, but is still 80% at 17, and 74% at 18. For White women, the rate is also roughly 90%
or above for those 13 and under. However, it falls more quickly after that than for males.
The rate is 74% for 17 year-olds and 64% for 18 year-olds. In our sample of normal school
and asylum counties in the states described above, there are no differences in the fraction
of 6-8 year-old White boys or girls in 1850 that are still living with their parents in 1860 in
normal school versus same-state asylum counties.

Of 61,600 White males ages 16-18 in the 1850 census who grew up in normal school or
asylum counties in the sample of states described above, and living with at least one of
their parents, 35,827 (roughly 58%) have links between their 1850 and 1860 census records
in the Census Tree.48 Of 59,129 White females ages 16-18 in the 1850 census who grew

47In addition to small sample sizes, the 1850-1990 county crosswalk for these states (except Iowa) shows
the county boundaries in 1850 were quite different for some of today’s normal school and asylum counties.

48We note that some of these individuals do not have links to their 1860 record because they are no longer
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up in normal school or asylum counties in the sample of states described above, and living
with at least one of their parents, 24,836 (roughly 42%) have links between their 1850 and
1860 census records.49 We do not see statistically significant differences between normal
school and asylum counties in the fraction whose ID is linked to the 1850-1860 Census Tree
crosswalk based on their 1850 ID.50

We calculate county-level averages for individuals who were children 16-18 years old living
with their parents in the county in 1850, and estimate the following county-level regression:

yc1860 = βNormalc1850 + αs1850 + ϵc (A1)

where Normalc1850 is an indicator variable for living in 1850 in a county that will receive
a normal school, and yc1860 is the outcome of interest in 1860, for the people who grew
up in county c in 1850, regardless of their county in 1860. We include state fixed effects,
so we compare 1860 outcomes of people who grew up in normal school or asylum counties
but whose 1850 state was the same. Given there are 15 states in these regressions, we
present unclustered, heteroskedastic-robust standard errors, as well as p-values based on
randomization inference (we use the Stata command “permute”), as described in Section
1.3.1.

Table A5 shows differences in occupations of parents in 1850 and children in 1860 in
normal school and asylum counties. We code parents as having a given occupation if either
the mother or father based on IPUMS imputation procedures have the occupation. Similarly,
we code the household occupations of the children in 1860 if either the individual or their
spouse have the occupation. This allows us to include both women and men. Table A6
shows the results when focusing only on fathers and sons. There are no statistically significant
differences in the occupations of parents or children, for children growing up in normal school
versus asylum counties. However, magnitudes suggest children in normal school counties are
more likely to have parents who were farmers, and less likely to have parents who were in
craft/operative or white-collar occupations. In 1860, magnitudes suggest the children were
more likely farmers. The fraction of children with different household occupations than
their parents, excluding children for which the household occupation is a non-occupation
response, is 1.3 percentage points smaller in normal school counties, though not statistically
significant.

Table A6 shows a similar table, but only for fathers and sons. The results are broadly
similar, though the magnitudes are larger. In normal school counties, the lower fraction with

living in 1860.
49When including only individuals with parents’ real estate wealth less than or equal to $150, the fraction

merging for men and women is 52% and 34% respectively.
50A small number of those who merge to the 1850 ID in the 1850-1860 crosswalk do not merge to an

1860 census record, presumably because we restricted the 1860 full count census file to those who were 13
to 32 in 1860 (to align with the ages we selected for the 1850 census). The link rates above only look at
likelihood of merging to the 1850 ID in the crosswalk, which captures the vast majority of the lack of merge
to the crosswalk. There were 60,663 White, 16-18 year-olds whose 1850 ID merged to the 1850-1860 Census
Tree crosswalk, and 748 of those (1.2%) do not have 1860 census records, presumably because of the age
restriction we imposed on the 1860 file. There are also not statistically significant differences in the fraction
merging between normal school and asylum counties when including only individuals whose parental wealth
is less than or equal to $150.
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Table A5: Parent and Child Occupations, Normal School and Asylum Counties

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Parent

Panel A: Parent Occupations 1850, Parents of 1850 16-18 Year-Old White Children

Grew up in Normal School County -0.008 -0.019 -0.015 0.003 0.039
(0.006) (0.013) (0.014) (0.012) (0.034)

Observations 102 102 102 102 102
R-Squared 0.411 0.381 0.138 0.426 0.284
Mean DV, Asylum Counties 0.041 0.124 0.067 0.143 0.625
p-value randomization inference 0.259 0.14 0.14 0.816 0.18

Panel B: Child Occupations 1860, 1850 16-18 Year-Old White Children

Grew up in Normal School County 0.012 -0.010 -0.009 -0.010 0.027 -0.013
(0.012) (0.011) (0.012) (0.012) (0.021) (0.014)

Observations 102 102 102 102 102 102
R-Squared 0.261 0.563 0.312 0.272 0.541 0.429
Mean DV, Asylum Counties 0.142 0.154 0.093 0.282 0.345 0.563
p-value randomization inference 0.424 0.418 0.333 0.489 0.168 0.466

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01 Outcomes are county-level averages for individuals who were 16-18
years old and living with at least one parent in 1850, among individuals who could be matched to their 1860
records using The Census Tree (Price et al., 2023a). Panel A shows the occupations of these childrens’ parents
in 1850. We code parents as having an occupation if either the mother or the father has the occupation,
using the IPUMS imputed family relationships. Panel B shows the occupations of the children in 1860,
when they are roughly 26-28 years old. We show the household occupation, which is equal to one if either
the individual or the spouse has the occupation, using the imputed family relationships. Non-occupational
response is coded as one only if both parents (panel A) or the individual and their spouse if they have
one (panel B) have non-occupational responses. We follow Long and Ferrie (2013) in defining occupational
groups: unskilled are service workers and laborers, including farm laborers, white-collar are professional,
technical, and kindred; managers, officials, and proprietors; clerical; and sales. Farmers are farm owners
and farm managers. In column 6, panel B, we show the fraction of individuals with different household
occupation in 1860 than their parents in 1850. For this measure, we exclude the individuals whose household
occupation in 1860 was a non-occupational response. We use the 1850-1990 county crosswalk from Eckert
et al. (2020). There are 15 states in the regression. Robust standard errors are in parentheses. P-values
based on randomization inference are obtained by permuting within states the assignment of normal school
counties, among our sample of normal school and asylum counties. This is based on 1000 permutations. See
text for details.
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parents who were craftsmen or operatives is statistically significant at the 10% level. We
also see a statistically significant lower fraction of children in normal school counties with
different occupations in 1860 than their parents, excluding sons with a non-occupational
response. This suggests less occupational mobility for children growing up in normal school
counties.

As Long and Ferrie (2013) highlight, differences in the fraction of children who have
different occupations than their parents could be due to differences in the distribution of
occupations in normal school and asylum counties, or differences in the association between
father’s and son’s occupations. We do not implement the Long and Ferrie (2013) method
for distinguishing these two explanations, given that we find less mobility in normal school
counties, which goes against the hypothesis that greater social mobility today is explained by
pre-existing greater levels of occupational mobility. However, we decompose this difference
in mobility to understand what is driving the difference. Table A7 shows that it is driven by
asylum counties having greater movement away from the father’s occupation of craftsmen or
operatives, and greater movement into farming among sons whose fathers were not farmers.

Table A6: Father and Son Occupations, Normal School and Asylum Counties

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Father

Panel A: Father Occupations 1850, Fathers of 1850 16-18 Year-Old White Males

Grew up in Normal School County -0.008 -0.028+ -0.019 0.005 0.050
(0.008) (0.016) (0.020) (0.008) (0.038)

Observations 102 102 102 102 102
R-Squared 0.360 0.340 0.106 0.281 0.337
Mean DV, Asylum Counties 0.048 0.146 0.071 0.028 0.706
p-value randomization inference 0.376 0.096 0.155 0.501 0.105

Panel B: Son Occupations 1860, 1850 16-18 Year-Old White Males

Grew up in Normal School County -0.008 -0.010 -0.013 -0.006 0.035 -0.034*
(0.013) (0.013) (0.015) (0.015) (0.023) (0.017)

Observations 102 102 102 102 102 102
R-Squared 0.273 0.560 0.233 0.203 0.512 0.436
Mean DV, Asylum Counties 0.161 0.164 0.100 0.215 0.360 0.501
p-value randomization inference 0.582 0.444 0.265 0.747 0.126 0.091

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01 This table is similar to Table A5, but using only males 16-18
years-old and living with a parent in 1850. We show their fathers’ occupations in 1850 (panel A), and
their occupations in 1860 (panel B). See text and notes to Table A5 for details. Robust standard errors
are in parentheses. P-values based on randomization inference are obtained by permuting within states the
assignment of normal school counties, among our sample of normal school and asylum counties. This is
based on 1000 permutations.

In addition to studying occupational mobility, we examine other 1860 outcomes condi-
tional on parental socioeconomic status. These measures are more similar to the measures
from Chetty et al. (2018), though as we will discuss the variables available in the 1850 and
1860 censuses that we use in this section have limitations. We test for differences in the
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Table A7: Decomposition of Occupational Differences Between Father and Son Occupations

(1) (2) (3) (4) (5)
Unskilled Craft/Oper White Collar Non Occ Farmer

Panel A: Father Occupations 1850, and Son had a Different Occupation in 1860

Grew up in Normal School County -0.006 -0.027* -0.009 0.006 0.001
(0.007) (0.011) (0.008) (0.008) (0.021)

Observations 102 102 102 102 102
R-Squared 0.253 0.226 0.123 0.288 0.277
Mean DV, Asylum Counties 0.034 0.088 0.040 0.028 0.311
p-value randomization inference 0.47 0.009 0.191 0.465 0.968

Panel B: Son Occupations 1860, and Father had a Different Occupation in 1850

Grew up in Normal School County -0.006 -0.007 -0.006 -0.017+

(0.015) (0.011) (0.011) (0.009)
Observations 102 102 102 102
R-Squared 0.216 0.534 0.283 0.208
Mean DV, Asylum Counties 0.187 0.146 0.097 0.071
p-value randomization inference 0.723 0.547 0.599 0.08

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table decomposes the result in Table A6, panel B, column
6. The numerator in panel A is the number of fathers with the occupation whose sons have a different
occupation, and the denominator is the number of fathers (equal to the number of sons). In panel B,
the numerator is the number of sons in the occupation whose fathers have a different occupation, and the
denominator is the number of sons (equal to the number of fathers). In both panels we exclude the sons
who had a non-occupational response in 1860. Robust standard errors are in parentheses. P-values based on
randomization inference are obtained by permuting within states the assignment of normal school counties,
among our sample of normal school and asylum counties. This is based on 1000 permutations.
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fraction enrolled in school at all in the previous year excluding Sunday or evening schools
(the definition of enrollment for the 1860 census), fraction who list their occupation as a stu-
dent, fraction married, fraction with top quartile household real estate value among White
25-28 year olds (400 dollars), and fraction with top quartile household personal estate value
(372 dollars). We define household as the respondent and the respondent’s spouse if they
have one, using the IPUMS imputed family relationships. These wealth variables are the
only available variables related to wealth or income in the 1860 census, and they both may
differentially measure farmers’ wealth relative to non-farmers who may have wage incomes
but no real estate. For this reason, we focus on differences in the fraction with top quartile
wealth, to avoid capturing poor farmers with very little real estate or personal wealth.51

First, Table A8 shows there are not statistically significant differences in the parental
wealth distribution between normal school and asylum counties in 1850.

Among children growing up in lower socieconomic status families, there is no statistically
significant difference between those growing up in normal school or asylum counties in school
enrollment, marriage, or wealth (Table A9). For higher socioeconomic status children, the
fraction with top quartile real estate is higher for those who grew up in normal school
counties, though there is no difference in the fraction with top quartile personal estate value.
We do not see this as strong evidence for pre-existing differential mobility in normal school
counties, as real estate wealth may differentially reflect farmers’ wealth (and there was a
higher fraction of farmers in normal school counties). Also we only see this for the wealthier
children, and not for children of poorer families, and only for real estate and not personal
estate. Finally, we see evidence of less mobility in normal school counties when looking at
occupational mobility.

Column 6 of Table A9 shows results when the dependent variable is the first principal
component of the variables in columns 1 through 5. This is calculated separately in Panel A
and Panel B, by implementing principal components analysis using the county-level averages
of the variables in columns 1 through 5 among children in each panel. All variables enter this
first component positively except fraction enrolled and fraction whose occupation is student.
Among children from low socioeconomic status families, there is no significant difference for
those from normal school versus asylum counties. The difference is significant at the 10%
level for children from higher socioeconomic status families.

51The instructions for the value of personal estate specify that this should include all wealth not included
in real estate wealth, which may include “the value of bonds, mortgages, notes, slaves, live stock, plate,
jewels, or furniture” (Census Office, 1860).
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Table A8: Parental Real Estate Wealth of 1850 16-18 Year-Old White Children

Parental Real Estate Wealth, 1850
[0,150] (150,1000] > 1000

Grew up in Normal School County 0.005 0.028 -0.033
(0.037) (0.027) (0.035)

Observations 102 102 102
R-Squared 0.236 0.469 0.335
Mean DV, Asylum Counties 0.356 0.270 0.374
p-value randomization inference 0.876 0.266 0.328

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. Outcomes are county-level fraction with parental real estate wealth
in each bin in 1850, among individuals 16-18 years old and living with at least one parent in 1850, who
could be matched to their 1860 records using The Census Tree (Price et al., 2023a). We use the 1850-1990
county crosswalk from Eckert et al. (2020). There are 15 states in the regressions. Robust standard errors
are in parentheses. P-values based on randomization inference are obtained by permuting within states the
assignment of normal school counties, among our sample of normal school and asylum counties. This is
based on 1000 permutations.
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Table A9: Child Outcomes 1860, 16-18 Year-Old White Children in 1850

(1) (2) (3) (4) (5) (6)
Top Quartile Top Quartile

Enrolled Student Married Real Estate Personal Estate PC 1

Panel A: Children with Parents’ Real Estate Wealth in 1850 ≤ $150

Grew up in Normal School County -0.002 -0.007 0.005 0.008 0.005 0.156
(0.002) (0.006) (0.016) (0.016) (0.013) (0.202)

Observations 102 102 102 102 102 102
R-Squared 0.202 0.276 0.404 0.510 0.548 0.657
Mean DV, Asylum Counties 0.010 0.014 0.593 0.234 0.203 0.189
p-value randomization inference 0.462 0.457 0.761 0.58 0.725 0.381

Panel B: Children with Parents’ Real Estate Wealth in 1850 > $150

Grew up in Normal School County -0.001 -0.005 0.020 0.028* -0.002 0.373+

(0.002) (0.005) (0.017) (0.013) (0.016) (0.212)
Observations 102 102 102 102 102 102
R-Squared 0.187 0.210 0.346 0.463 0.590 0.543
Mean DV, Asylum Counties 0.011 0.013 0.579 0.321 0.316 -0.138
p-value randomization inference 0.521 0.588 0.268 0.071 0.899 0.112

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. Outcomes are county-level averages of 1860 outcomes for individuals
who were 16-18 year old in 1850 and living with at least one parent in 1850, by parental real estate wealth
in 1850. These averages are calculated among individuals who could be matched to their 1860 records
using The Census Tree (Price et al., 2023a). The enrollment variable is based on the census question on
school enrollment, and the student variable is based on the occupation question. PC 1 denotes the first
principal component of the variables in columns 1 through 5. This is calculated separately in Panel A and
Panel B, by implementing principal components analysis using the county-level averages of the variables in
columns 1 through 5 among children in each panel. We use the 1850-1990 county crosswalk from Eckert
et al. (2020). There are 15 states in the regressions. Robust standard errors are in parentheses. P-values
based on randomization inference are obtained by permuting within states the assignment of normal school
counties, among our sample of normal school and asylum counties. This is based on 1000 permutations.
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B.2 Historical measures of educational mobility

In this section we show that the likelihood of school attendance in 1850 increases with
parents’ real estate value. This suggests that the fraction of children in the county attending
school, among those with parents whose real estate value is less than or equal to 150 dollars,
is reflective of the extent of upward mobility in the county. We use the same states as the
exercise above, but do not link across censuses.
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(b) 7-13 year olds

Figure A2: School Attendance of White Children in 1850 by Parents’ Real Estate
Value, relative to those whose parents have real estate value of zero, with county
fixed effects. Estimates are from a regression of an indicator for school attendance on indi-
cators for deciles of parents’ real estate value, and including county fixed effects. Standard
errors clustered at the county level. Sample includes White children who were living with at
least one of their parents.
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B.3 Differences in Economic Mobility in 1920-1940: Evidence
from the Census Tree

The previous section showed there were no differences in economic and social mobility before
the normal schools were established. We are also interested in whether the normal schools
had impacts on mobility in the early or mid 20th century, when they had become teachers
colleges or state colleges.

In order to obtain measures of mobility more similar to those we present using the
Opportunity Insights data, we also use the Census Tree to link individuals across the 1920
and 1940 censuses. We identify six to fifteen year-olds in the 1920 full count census who
are living in normal school or asylum counties, and living with at least one of their parents
(Ruggles et al., 2021a), and not in group quarters. We then link these records to their
record in the 1940 full count census when they should be 26 to 35 years old using the 1920
to 1940 Census Tree crosswalk (Price et al., 2023b) and the data from the 1940 full count
of the census (Ruggles et al., 2021a).52 We use these ages so that there is sufficient time to
measure completion of high school and college in the 1940 census.

Of 2,969,684 White males ages 6-15 in the 1920 census who grew up in normal school
or asylum counties, 2,035,528 (roughly 69%) have links between their 1920 and 1940 census
records in the Census Tree.53 Of 2,941,528 White females ages 6-15 in the 1920 census who
grew up in normal school or asylum counties, 1,192,604 (roughly 41%) have links between
their 1920 and 1940 census records.

There are no statistically significant differences between normal school and asylum coun-
ties in the fraction whose ID is linked to the 1920-1940 Census Tree crosswalk based on their
1920 ID, for men or for women.54

There is a positive relationship between merging to the crosswalk and socioeconomic
status. Regressing an indicator for merging on parent’s occupation score at the individual
level, including 1920 county fixed effects, and clustering at the 1920 county level, yields a
positive and statistically significant coefficient. This may be a sample of individuals among
whom proximity to college would have an impact. Thus, if we observed the full sample of
people growing up in normal school and asylum counties in 1920 linked to their 1940 record,
the effect of proximity may be much smaller. This is important for comparing the size of
these coefficients to effects in Figure 2 based on Opportunity Insights data. On the other
hand, effects may be larger in this earlier period when geographic frictions are larger, and
people in asylum counties would have been even less likely to travel for college. We further
address issues of selection into linked census records in Section B.4.

The 1920 census does not have any measures of income or educational attainment, and
so we construct several measures of mobility, similar to our analysis of 1850 children. First,

52When matching to the 1940 census records, we include individuals age 23 to 38.
53We note that some of these individuals do not have links to their 1940 record because they are no longer

living in 1940.
54A small number of those who merge to the 1920 ID in the 1920-1940 crosswalk do not merge to a 1940

census record, presumably because we restricted the 1940 full count census file to those who were 23 to 38
in 1940 (to align with the ages we selected for the 1920 census). The link rates above only look at likelihood
of merging to the 1920 ID in the crosswalk, which captures the vast majority of the lack of merge to the
crosswalk. Of the 3,228,132 6-15 year-olds in 1920 who merge to the crosswalk, 33,417 (1%) do not have
1940 census records, presumably because of the age restriction we imposed on the 1940 file.
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we look at differences in the occupation distribution, and the fraction of individuals with
occupations different from their parents. Second, we use parental occupation as a way of
identifying children from lower socioeconomic status families. Specifically, we use the 1950
occupational income score, acknowledging that occupational standing for occupations in
1950 may not reflect 1920 standing. Lower socioeconomic status individuals are defined as
individuals whose parents’ maximal occupation score in 1920 was less than or equal to the
median for the states in our regression sample (the median score was 20).

For the sample of White 6-15 year olds in 1920 whose records linked to their 1940 census
record and whose parents had maximal occupation score in 1920 less than or equal to the
median for this sample, roughly 75% were in three occupation groups: farmers (owners
and tenants); laborers (not elsewhere classified); and farm laborers, wage workers. Farmers
(owners and tenants) make up 55% of the group with parental occupation score less than or
equal to the median. Because farmers may be a heterogeneous group in terms of income, we
also present results separating out the children of farmers.

We calculate county-level averages by race and sex, and examine several outcomes: com-
pletion of at least high school, at least some college, at least college, marital status, em-
ployment, and log household wage and salary income. We estimate a regression similar to
equation (A1), but using the 1920 and 1940 censuses. We cluster standard errors at the 1920
state level, and we have 40 states in this analysis.

Tables A10 and A11 show the only statistically significant difference in the occupational
distributions of parents or children are that children who grew up in normal school counties
are more likely to be farmers in 1940 (significant at the 10% level), and males are more
likely to have a non-occupational response in 1940. While not statistically significant, we
also see that among children growing up in normal school counties, there is a smaller fraction
with a different occupation than their parents. Thus, based on occupational measures, we
do not see evidence of greater economic and social mobility in normal school counties when
the normal schools had become colleges, but before their large increase in size. Tables A12
and A13 show similar results for Black children growing up in normal school and asylum
counties. These are based on a smaller number of states given the sample restriction we
described above, that states must have more than half of their normal school counties and
more than half of their asylum counties with sample sizes of at least 10.

Panels A and B of Table A15 show the effects on other outcomes for men and women from
lower socioeconomic status families. Among White males from lower socioeconomic status
families, children growing up in normal school counties are .7 percentage points more likely
to have completed high school and at least some college, though only the latter is significant
at the 10% level. This latter effect is an increase of roughly 6%, based on the mean of the
dependent variable in asylum counties. The magnitude of the effect on college completion is
not statistically significant. There are also insignificant differences in the fraction married,
and log average household income. There is a slight decrease in fraction employed, significant
at the 10% level.

For White women from lower socioeconomic status families, those growing up in normal
school counties are more likely to graduate from high school, though this is not statistically
significant. The fraction with at least some college is 2.4 percentage points higher (roughly
a 17% increase), and the fraction completing college is higher by .8 percentage points (also
roughly a 17% increase). Both of these effects are statistically significant at the 1% level.
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Table A10: Parent and Child Occupations, Normal School and Asylum Counties

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Parent

Panel A: Parent Occupations 1920, Parents of 1920 6-15 Year-Old White Children

Grew up in Normal School County 0.000 -0.016 -0.002 -0.004 0.025
(0.007) (0.015) (0.008) (0.005) (0.024)

Observations 314 314 314 314 314
R-Squared 0.401 0.552 0.256 0.172 0.514
Mean DV, Asylum Counties 0.160 0.268 0.172 0.049 0.342

Panel B: Child Occupations 1940, 1920 6-15 Year-Old White Children

Grew up in Normal School County 0.004 -0.008 -0.012 0.002 0.013+ -0.005
(0.006) (0.007) (0.009) (0.001) (0.008) (0.006)

Observations 314 314 314 314 314 314
R-Squared 0.342 0.551 0.341 0.205 0.584 0.342
Mean DV, Asylum Counties 0.200 0.342 0.353 0.054 0.104 0.660

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A5, but for children in 1920,
linked to their 1940 census record. We use the 1920-1990 county crosswalk from Eckert et al. (2020). There
are 40 states in the regression. Standard errors clustered at the state level are in parentheses. See Table A5
and text for details.

Table A11: Father and Son Occupations, Normal School and Asylum Counties

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Father

Panel A: Father Occupations 1920, Fathers of 1920 6-15 Year-Old White Males

Grew up in Normal School County -0.006 -0.014 -0.002 -0.002 0.025
(0.007) (0.016) (0.009) (0.004) (0.025)

Observations 314 314 314 314 314
R-Squared 0.470 0.539 0.248 0.170 0.516
Mean DV, Asylum Counties 0.152 0.274 0.170 0.021 0.355

Panel B: Son Occupations 1940, 1920 6-15 Year-Old White Males

Grew up in Normal School County 0.003 -0.008 -0.010 0.003* 0.012 -0.005
(0.007) (0.008) (0.009) (0.001) (0.008) (0.007)

Observations 314 314 314 314 314 314
R-Squared 0.339 0.545 0.326 0.119 0.581 0.351
Mean DV, Asylum Counties 0.208 0.355 0.294 0.036 0.107 0.628

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A6, but for children in 1920,
linked to their 1940 census record. We use the 1920-1990 county crosswalk from Eckert et al. (2020). There
are 40 states in the regression. Standard errors clustered at the state level are in parentheses. See Table A6
and text for details.
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Table A12: Parent and Child Occupations, Normal School and Asylum Counties

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Parent

Panel A: Parent Occupations 1920, Parents of 1920 6-15 Year-Old Black Children

Grew up in Normal School County 0.002 -0.005 -0.010 -0.006 0.016
(0.028) (0.020) (0.007) (0.010) (0.028)

Observations 195 195 195 195 195
R-Squared 0.256 0.357 0.216 0.102 0.662
Mean DV, Asylum Counties 0.594 0.193 0.053 0.040 0.168
p-value randomization inference 0.94 0.81 0.135 0.473 0.585

Panel B: Child Occupations 1940, 1920 6-15 Year-Old Black Children

Grew up in Normal School County -0.025 -0.015 0.003 0.017 0.018+ 0.003
(0.018) (0.015) (0.012) (0.012) (0.009) (0.022)

Observations 195 195 195 195 195 195
R-Squared 0.231 0.165 0.247 0.132 0.575 0.202
Mean DV, Asylum Counties 0.577 0.207 0.119 0.111 0.042 0.539
p-value randomization inference 0.161 0.414 0.785 0.19 0.059 0.888

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A5, but for children in
1920, linked to their 1940 census record. We use the 1920-1990 county crosswalk from Eckert et al. (2020).
Standard errors robust to heteroskedasticity are in parentheses. P-values based on randomization inference
are obtained by permuting within states the assignment of normal school counties, among our sample of
normal school and asylum counties. This is based on 1000 permutations. See Table A5 and text for details.
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Table A13: Father and Son Occupations, Normal School and Asylum Counties

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Father

Panel A: Father Occupations 1920, Fathers of 1920 6-15 Year-Old Black Males

Grew up in Normal School -0.012 0.010 -0.005 -0.010 0.024
(0.036) (0.025) (0.009) (0.010) (0.035)

Observations 164 164 164 164 164
R-Squared 0.314 0.347 0.208 0.120 0.618
Mean DV, Asylum Counties 0.498 0.175 0.044 0.022 0.235
p-value randomization inference 0.774 0.738 0.513 0.177 0.498

Panel B: Son Occupations 1940, 1920 6-15 Year-Old Black Males

Grew up in Normal School -0.017 -0.013 0.012 -0.007 0.024+ -0.015
(0.024) (0.022) (0.015) (0.013) (0.012) (0.026)

Observations 164 164 164 164 164 164
R-Squared 0.130 0.126 0.248 0.103 0.486 0.212
Mean DV, Asylum Counties 0.533 0.230 0.099 0.082 0.056 0.583
p-value randomization inference 0.535 0.63 0.444 0.598 0.092 0.598

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A6, but for children in
1920, linked to their 1940 census record. We use the 1920-1990 county crosswalk from Eckert et al. (2020).
Standard errors robust to heteroskedasticity are in parentheses. P-values based on randomization inference
are obtained by permuting within states the assignment of normal school counties, among our sample of
normal school and asylum counties. This is based on 1000 permutations. See Table A6 and text for details.
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Table A14: Work Relief: Unemployed for at least 65 weeks, and worked at least 40 weeks in
1939

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

Panel A: White children

Grew up in Normal School County 0.002* 0.003** 0.002 0.0002
(0.001) (0.001) (0.001) (0.001)

Observations 314 314 314 314
R-squared 0.241 0.244 0.226 0.198
Mean DV, Asylum Counties 0.006 0.003 0.009 0.005
Sex Male Female Male Female
Parental SES High High Low Low

Panel B: Black children

Grew up in Normal School County 0.008 0.001 -0.003 0.001
(0.009) (0.005) (0.007) (0.005)

Observations 89 49 142 76
R-squared 0.151 0.065 0.132 0.140
Mean DV, Asylum Counties 0.012 0.004 0.030 0.006
Sex Male Female Male Female
Parental SES High High Low Low
p-value, randomization inference 0.265 0.972 0.736 0.942

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. Dependent variable is a measure of work relief: the fraction of
individuals who reported working at least 40 weeks in 1939, and also report being unemployed for at least
65 weeks on the day of the census (April 1, 1940), among those who reported working at least 40 weeks
in 1939. Standard errors in panel A are clustered at the state level. In panel B, standard errors robust to
heteroskedasticity are in parentheses. P-values based on randomization inference are obtained by permuting
within states the assignment of normal school counties, among our sample of normal school and asylum
counties. This is based on 1000 permutations. See notes to Table 2 for details.
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They are 1.9 percentage points more likely to be married (roughly 3%), and 2 percentage
points less likely to be employed (roughly 7%), and there is no significant difference in
household income.

Panels B and C show the effects for higher socioeconomic status children. The effects
of growing up in a normal school county on male educational attainment are much larger
in magnitude, and also larger in percentage terms than the effects for lower socioeconomic
status children. Despite these education effects, there are not differences in household wage
and salary income. While college attainment is higher, local colleges for this sample of
children were still focused on training teachers, rather than higher-wage occupations, and
this may explain the absence of an effect on income. Further, in 1940, individuals are asked
only for their wage and salary income as an employee, which may downward-bias the income
effects in our setting because of the greater fraction of farmers among children growing up
in normal school counties.

Similarly, the effects of growing up in a normal school county on educational attainment
of higher socioeconomic status females are much larger in magnitude and also larger in
relative terms than the effects for lower socioeconomic status females. While the effects on
marriage, employment, and household income are similar in size, these are not statistically
significant, except the employment effects at the 10% level. Table A17 shows that excluding
the children of farmers from Table A15 yields similar results.

Table A16 shows results for Black children, which we do not emphasize as they are based
on a smaller set of states for the sample size reasons discussed above. Most of the effects
are not statistically significant, although we see that for lower socioeconomic status males,
they are more likely to have some college and more likely married. Many southern states
established normal schools for Black students (which later became HBCUs), and there is also
evidence that Black students enrolled at Northern institutions that had been normal schools
(Ogren, 2003). These both could explain the impacts on education for Black children in this
earlier period.

We note that in the 1940 census, wage and salary income reported for 1939 should include
income on work relief. This is true even if the respondent was in a non-relief job in 1940. As
an additional measure of labor market outcomes, we construct a measure of work relief in
1939, and test whether children growing up in normal school counties were differentially likely
to be on work relief as adults. Specifically, we identify people who report being unemployed
for 65 weeks or more on the day of the census (April 1, 1940), but reported working at least
40 weeks in 1939. We follow the same methodology as for the other variables in Table 2, and
construct the county-level average among people who reported working at least 40 weeks
in 1939. Based on this measure, the evidence is consistent with higher rates of work relief
in normal school counties in 1939, especially for children from higher socioeconomic status
families (Table A14). This is consistent with the large number of work relief projects that
took place on college campuses (Living New Deal, 2024).

These results suggest the teachers colleges and the state colleges that the normal schools
had evolved into by the 1930s were already affecting access to education in their local com-
munities. Our results using the Opportunity Insights data shows this process has continued
to the present day, including for children from very poor families whose parents likely did not
attain a college education because of the previous normal school. The effects appear larger in
percentage terms than the effects in more recent years using the Opportunity Insights data.
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This may reflect greater geographic frictions in college access in the early 1900s. Importantly,
we do not see any differences in educational mobility in 1850 before the normal schools had
been established in most places (Table A1), suggesting these educational institutions are the
channel.
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Table A15: 1940 Outcomes of 1920 6-15 Year-Old White Children, County-Level Outcomes
based on 1920 County

(1) (2) (3) (4) (5) (6)
≥ HS ≥ Some College ≥ College Married Employed Ln(HH Income)

Panel A: Males, Lower Socioeconomic Status
Grew up in Normal School County 0.007 0.007+ 0.002 0.005 -0.006+ -0.026

(0.007) (0.004) (0.002) (0.004) (0.003) (0.016)
Observations 314 314 314 314 314 314
R-Squared 0.583 0.497 0.425 0.640 0.362 0.495
Mean DV, Asylum Counties 0.308 0.113 0.055 0.707 0.901 7.027

Panel B: Females, Lower Socioeconomic Status
Grew up in Normal School County 0.010 0.024** 0.008** 0.019* -0.020** -0.013

(0.010) (0.006) (0.003) (0.008) (0.007) (0.015)
Observations 314 314 314 314 314 314
R-Squared 0.474 0.408 0.355 0.675 0.657 0.471
Mean DV, Asylum Counties 0.404 0.140 0.047 0.701 0.297 7.052

Panel C: Males, Higher Socioeconomic Status
Grew up in Normal School County 0.016* 0.025** 0.013** 0.001 -0.003 0.001

(0.006) (0.005) (0.004) (0.005) (0.003) (0.012)
Observations 314 314 314 314 314 314
R-Squared 0.588 0.565 0.372 0.529 0.192 0.378
Mean DV, Asylum Counties 0.502 0.236 0.126 0.705 0.897 7.233

Panel D: Females, Higher Socioeconomic Status
Grew up in Normal School County 0.021* 0.045** 0.025** 0.012 -0.013+ -0.005

(0.008) (0.008) (0.005) (0.007) (0.007) (0.010)
Observations 314 314 314 314 314 314
R-Squared 0.521 0.535 0.442 0.697 0.636 0.423
Mean DV, Asylum Counties 0.576 0.242 0.106 0.650 0.365 7.229

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. Outcomes are county-level averages, separately for those with lower
and higher socioeconomic status in 1920, among individuals who could be matched to their 1940 records using
The Census Tree (Price et al., 2023b). Lower socioeconomic status individuals are defined as individuals
whose parents’ maximal occupation score in 1920 was less than or equal to the median for the states in our
regression sample (the median score was 20). The variable Married is the fraction of individuals who are
married with spouse present. The variable Ln(HH Income) is the log of the county-level average wage and
salary income of individuals and their spouses. The county-level average is constructed by taking the total
wage and salary income of individuals and their spouses and dividing by the total number of individuals
(males in Panels A and C and females in Panels B and D) with positive own or spousal wage and salary
income. We use the 1920-1990 county crosswalk from Eckert et al. (2020). Standard errors are clustered at
the 1920 state level.
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Table A16: 1940 Outcomes of 1920 6-15 Year-Old Black Children, County-Level Outcomes
based on 1920 County

(1) (2) (3) (4) (5) (6)
≥ HS ≥ Some College ≥ College Married Employed Ln(HH Income)

Panel A: Males, Lower Socioeconomic Status
Grew up in Normal School County 0.023 0.039* 0.002 0.033+ 0.010 0.066

(0.019) (0.018) (0.004) (0.019) (0.015) (0.051)
Observations 142 142 142 142 142 142
R-Squared 0.380 0.168 0.162 0.362 0.242 0.330
Mean DV, Asylum Counties 0.181 0.054 0.020 0.577 0.809 6.446
p-value randomization inference 0.314 0.049 0.553 0.118 0.518 0.206

Panel B: Females, Lower Socioeconomic Status
Grew up in Normal School County -0.020 0.015 0.000 0.027 -0.012 0.009

(0.021) (0.011) (0.009) (0.020) (0.025) (0.053)
Observations 77 77 77 77 77 77
R-Squared 0.431 0.401 0.253 0.524 0.213 0.428
Mean DV, Asylum Counties 0.196 0.080 0.038 0.324 0.515 6.045
p-value randomization inference 0.367 0.259 0.988 0.216 0.648 0.876

Panel C: Males, Higher Socioeconomic Status
Grew up in Normal School County 0.026 0.042 0.035 -0.015 0.020 -0.140

(0.038) (0.030) (0.030) (0.035) (0.027) (0.086)
Observations 93 93 93 93 93 93
R-Squared 0.194 0.255 0.161 0.136 0.118 0.112
Mean DV, Asylum Counties 0.279 0.123 0.054 0.595 0.809 6.641
p-value randomization inference 0.582 0.252 0.36 0.727 0.561 0.27

Panel D: Females, Higher Socioeconomic Status
Grew up in Normal School County -0.007 -0.011 0.018 0.024 -0.032 -0.149

(0.051) (0.045) (0.028) (0.037) (0.055) (0.128)
Observations 50 50 50 50 50 49
R-Squared 0.240 0.328 0.348 0.240 0.164 0.190
Mean DV, Asylum Counties 0.362 0.182 0.076 0.227 0.568 6.359
p-value randomization inference 0.915 0.835 0.584 0.617 0.585 0.229

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the same as Table A15, but for Black children.
Standard errors robust to heteroskedasticity are in parentheses. P-values based on randomization inference
are obtained by permuting within states the assignment of normal school counties, among our sample of
normal school and asylum counties. This is based on 1000 permutations.
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Table A17: 1940 Outcomes of 1920 6-15 Year-Old White Children, County-Level Outcomes
based on 1920 County, Excluding Children of Farmers

(1) (2) (3) (4) (5) (6)
≥ HS ≥ Some College ≥ College Married Employed Ln(HH Income)

Panel A: Males, Lower Socioeconomic Status
Grew up in Normal School County 0.002 0.007 0.002 0.004 -0.004 -0.027

(0.007) (0.005) (0.003) (0.005) (0.004) (0.018)
Observations 314 314 314 314 314 314
R-Squared 0.515 0.400 0.297 0.524 0.251 0.332
Mean DV, Asylum Counties 0.327 0.129 0.064 0.697 0.880 7.068

Panel B: Females, Lower Socioeconomic Status
Grew up in Normal School County 0.007 0.025** 0.008* 0.018* -0.017* -0.011

(0.008) (0.006) (0.003) (0.008) (0.008) (0.016)
Observations 314 314 314 314 314 314
R-Squared 0.444 0.391 0.305 0.638 0.589 0.341
Mean DV, Asylum Counties 0.406 0.139 0.055 0.683 0.323 7.093

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is similar to Panels A and B of Table A15, but excludes
the children whose parents’ occupation, for the parent who had the maximal occupation score, is farmer
(owners and tenants) or farm manager. These children are included in Table A15 because the occupation
score for these occupations is below the median. See notes to Table A15 and text for details. We use the
1920-1990 county crosswalk from Eckert et al. (2020). Standard errors are clustered at the 1920 state level.

74



B.4 Representativeness of Census Tree Links

In this section, we follow the recommendations of Bailey, Cole and Massey (2020) for ad-
dressing the possibility of non-representative samples in linked data. First we estimate
regressions in which the dependent variable is an indicator for merging to the Census Tree,
and the covariates include various demographic, economic, and family characteristics. We
then estimate the propensity to be matched, and use those to weight the observations. We
do this for the 1850-1860 analyses as well as the 1920-1940 analyses. We describe this in
detail below.

For the 1850-1860 analysis, we test whether the set of 16-18 year-olds in 1850 that
match to their records in 1860 are representative of all 16-18 year-olds in the 1850 census
in our sample of counties. We estimate a regression in which the dependent variable is
an indicator for whether the individual is in our 1850 and 1860 data, and the individual’s
record is linked. We include the following independent variables from the 1850 census: male,
maximum occupation score of the individual’s parents, mother’s age, father’s age, whether
the father is the head of the household, whether the mother is the head of the household,
whether the individual lives with their mother, whether the individual lives with their father,
whether the individual lives in their birth state, whether the father lives in his birth state,
whether the mother lives in her birth state, whether the individual is foreign born, whether
the individual’s father is foreign born, whether the individual’s mother is foreign born, the
number of siblings, and the family unit in the household to which the person belongs.

Similarly, for the 1920-1940 analysis, we test whether the set of 6-15 year-olds in 1920
that match to their records in 1940 are representative of all 6-15 year-olds in the 1920 census
in our sample of counties. We estimate a regression in which the dependent variable is an
indicator for whether the individual is in our 1920 and 1940 data, and the individual’s record
is linked. We include the same independent variables from the 1920 census as we did for the
1850-1860 analysis, except male since all of our analysis in 1920 is by gender.

Given that our specifications in Appendix B.1 and B.3 are estimated separately by race,
sex, and socioeconomic status, we also estimate these regressions separately by the same
subgroups as in our main analysis. This allows us to test for differences in selection, even
within the subgroups of interest. We weight the observations by the weights from the Eckert
et al. (2020) county crosswalks, and include county fixed effects. We cluster standard errors
at the county level. We include the same states that were included in our main results in
Table 1 and 2.

Across all of our subgroups we see that there is selection into being in the Census Tree
linked sample. Table A18 shows many variables that are positively correlated with linking of
1850 and 1860 records, and Tables A24 and A25 show this for the linking of the 1920 and 1940
censuses. For example, linking is generally positively correlated with the individual living in
their birth state in 1850 or 1920 when we observe them as children, and with the number of
siblings, and negatively correlated with parents being born outside the U.S. Unless there are
differences across normal school and asylum counties in selection into linked census records,
our results in Tables 1 and 2 will not be biased for the selected subsample they pertain to,
but they will be an estimate that is reflective of mobility for this particular subsample, and
not reflective of overall mobility. The results here also suggest the individuals in the linked
sample may be less geographically mobile, and thus the effects of college proximity may be
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particularly important for this sample. As a result, the effects may be smaller if we had all
individuals.

Because of this selection into having a linked census record, we estimate the regressions
for Table 1 and A15 including weights for representativeness based on propensity score
estimation, following Bailey, Cole and Massey (2020). We first estimate the same regressions
described above by subgroup, using a probit regression, and restricting to the same set of
states and counties as in the main analysis.55

We get the predicted value of the Census Tree link variable, and construct the propen-
sity score weight as one divided by this prediction. The total weight for each observation
is the propensity score weight multiplied by the county crosswalk weight from Eckert et al.
(2020). We use these weights to construct county-level averages of our dependent variables,
and estimate the regressions in Tables 1 and 2, and Appendices B.1 and B.3. The results are
generally quite similar, consistent with selection into linked census records that is not differ-
ent across normal school and asylum counties within the same state, and similar treatment
effects of normal school assignment in the merged sample and a representative sample.

55The main results dropped states in which at least half of the normal school or asylum counties in the
state had sample sizes less than 10. To facilitate interpretation, we do not include these originally-dropped
states, even if the weighted sample sizes increase above 10 for enough of the counties in the state.
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Table A18: Testing for Representativeness of the Linked Census Tree Sample, White Indi-
viduals, 1850-1860

DV = Linked Sample (1) (2)
Male 0.183*** 0.147***

(0.010) (0.007)
Parental occupation score 0.000 -0.001***

(0.000) (0.000)
Mother’s age 0.002*** 0.002***

(0.000) (0.000)
Father’s age -0.000 0.000

(0.000) (0.000)
Father head -0.026 0.018

(0.022) (0.044)
Mother head -0.043*** -0.068

(0.013) (0.050)
Lives with father 0.039 -0.043

(0.027) (0.049)
Lives with mother -0.077*** -0.045*

(0.020) (0.024)
Lives in birth state 0.047*** 0.046***

(0.010) (0.010)
Father lives in birth state 0.019*** 0.006

(0.007) (0.006)
Mother lives in birth state 0.002 0.007

(0.007) (0.007)
Foreign born 0.066*** -0.013

(0.014) (0.019)
Father foreign born -0.033** -0.055***

(0.013) (0.016)
Mother foreign born -0.052*** -0.034**

(0.011) (0.017)
Number of siblings 0.012*** 0.008***

(0.001) (0.001)
First family unit in household 0.097*** 0.113

(0.017) (0.069)
Sample Low SES High SES
Observations 51,164 80,369
R-squared 0.071 0.055
DV mean 0.424 0.544

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. The outcome is whether the individual is in our 1850 and 1860
census data, and the record is linked through The Census Tree (Price et al., 2023a). Regressions include
county fixed effects, and standard errors are clustered at the county level. See text for details.77



Table A19: Economic and Social Mobility for Children in 1850, with Propensity Score
Weights

(1) (2) (3) (4) (5) (6)
Top Quartile Top Quartile

Enrolled Enrolled Real Estate Personal Estate Married Occ. Mobility
Year of Observation 1850 1850 1860 1860 1860 1860

Age in 1850 7-13 14-17 16-18 16-18 16-18 16-18

Grew up in Normal School County -0.032 -0.005 0.004 0.004 0.003 -0.035**
(.044) (.037) (0.016) (0.013) (0.016) (0.017)

Observations 102 102 102 102 102 102
R-Squared 0.507 0.484 0.505 0.533 0.425 0.427
Mean DV, Asylum Counties 0.486 0.378 0.247 0.209 0.599 0.504
p-value randomization inference 0.474 0.899 0.809 0.775 0.851 0.078
Parental SES Low Low Low Low Low All

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table 1, but county-level averages are
constructed from weighted individual-level observations, to increase representativeness of the sample. See
text for details.

Table A20: Parent and Child Occupations, Normal School and Asylum Counties, with
Propensity Score Weights

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Parent

Panel A: Parent Occupations 1850, Parents of 1850 16-18 Year-Old White Children

Grew up in Normal School County -0.008 -0.019 -0.015 0.006 0.037
(0.006) (0.013) (0.014) (0.013) (0.034)

Observations 102 102 102 102 102
R-Squared 0.418 0.384 0.142 0.447 0.268
Mean DV, Asylum Counties 0.042 0.125 0.071 0.168 0.594
p-value randomization inference 0.228 0.13 0.128 0.632 0.206

Panel B: Child Occupations 1860, 1850 16-18 Year-Old White Children

Grew up in Normal School County 0.013 -0.010 -0.009 -0.010 0.027 -0.010
(0.012) (0.011) (0.011) (0.013) (0.021) (0.014)

Observations 102 102 102 102 102 102
R-Squared 0.257 0.549 0.333 0.287 0.538 0.410
Mean DV, Asylum Counties 0.136 0.155 0.094 0.295 0.337 0.578
p-value randomization inference 0.372 0.38 0.306 0.493 0.175 0.569

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01 This table is the equivalent of Table A5, but county-level averages are
constructed from weighted individual-level observations, to increase representativeness of the sample. See
text for details.
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Table A21: Father and Son Occupations, Normal School and Asylum Counties, with Propen-
sity Score Weights

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Father

Panel A: Father Occupations 1850, Fathers of 1850 16-18 Year-Old White Males

Grew up in Normal School County -0.009 -0.030* -0.019 0.005 0.053
(0.008) (0.016) (0.021) (0.008) (0.039)

Observations 102 102 102 102 102
R-Squared 0.362 0.335 0.104 0.289 0.334
Mean DV, Asylum Counties 0.050 0.153 0.077 0.027 0.694
p-value randomization inference 0.36 0.075 0.172 0.511 0.093

Panel B: Son Occupations 1860, 1850 16-18 Year-Old White Males

Grew up in Normal School County -0.009 -0.009 -0.013 -0.005 0.036 -0.035**
(0.013) (0.013) (0.015) (0.015) (0.023) (0.017)

Observations 102 102 102 102 102 102
R-Squared 0.281 0.558 0.234 0.194 0.508 0.427
Mean DV, Asylum Counties 0.161 0.167 0.102 0.214 0.356 0.504
p-value randomization inference 0.533 0.467 0.248 0.755 0.122 0.078

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01 This table is the equivalent of Table A6, but county-level averages are
constructed from weighted individual-level observations, to increase representativeness of the sample. See
text for details.

Table A22: Parental Real Estate Wealth of 1850 16-18 Year-Old White Children, with
Propensity Score Weights

Parental Real Estate Wealth, 1850
[0,150] (150,1000] > 1000

Grew up in Normal School County 0.006 0.029 -0.035
(0.037) (0.027) (0.034)

Observations 102 102 102
R-Squared 0.230 0.469 0.328
Mean DV, Asylum Counties 0.369 0.267 0.364
p-value randomization inference 0.862 0.242 0.302

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A8, but county-level averages
are constructed from weighted individual-level observations, to increase representativeness of the sample.
See text for details.
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Table A23: Child Outcomes 1860, 16-18 Year-Old White Children in 1850, with Propensity
Score Weights

(1) (2) (3) (4) (5) (6)
Top Quartile Top Quartile

Enrolled Student Married Real Estate Personal Estate PC 1

Panel A: Children with Parents’ Real Estate Wealth in 1850 ≤ $150

Grew up in Normal School County -0.003 -0.009 0.003 0.004 0.004 0.102
(0.002) (0.008) (0.016) (0.016) (0.013) (0.210)

Observations 102 102 102 102 102 102
R-Squared 0.223 0.275 0.425 0.505 0.533 0.641
Mean DV, Asylum Counties 0.010 0.015 0.599 0.247 0.209 0.231
p-value randomization inference 0.255 0.469 0.851 0.809 0.775 0.623

Panel B: Children with Parents’ Real Estate Wealth in 1850 > $150

Grew up in Normal School County -0.001 -0.006 0.020 0.026** -0.004 0.340
(0.002) (0.006) (0.017) (0.013) (0.016) (0.218)

Observations 102 102 102 102 102 102
R-Squared 0.205 0.217 0.347 0.448 0.597 0.531
Mean DV, Asylum Counties 0.010 0.013 0.581 0.326 0.319 -0.123
p-value randomization inference 0.593 0.608 0.289 0.084 0.813 0.163

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A9, but county-level averages
are constructed from weighted individual-level observations, to increase representativeness of the sample.
See text for details.
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Table A24: Testing for Representativeness of the Linked Census Tree Sample, White Indi-
viduals, 1920-1940

(1) (2) (3) (4)
Parental occupation score -0.001*** 0.001*** -0.001*** 0.001***

(0.000) (0.000) (0.000) (0.000)
Mother’s age 0.002*** 0.002*** 0.002*** 0.003***

(0.000) (0.000) (0.000) (0.000)
Father’s age -0.000** -0.000*** 0.000 0.000

(0.000) (0.000) (0.000) (0.000)
Father head 0.023*** 0.018*** 0.027*** 0.024***

(0.005) (0.003) (0.005) (0.004)
Mother head 0.018*** -0.010* 0.011*** 0.005

(0.003) (0.006) (0.003) (0.004)
Lives with father 0.024*** 0.034*** 0.011* 0.040***

(0.006) (0.007) (0.007) (0.007)
Lives with mother -0.061*** -0.050*** -0.073*** -0.076***

(0.006) (0.006) (0.010) (0.011)
Lives in birth state 0.048*** 0.047*** 0.035*** 0.036***

(0.004) (0.002) (0.003) (0.003)
Father lives in birth state 0.018*** 0.015*** 0.019*** 0.013***

(0.003) (0.002) (0.004) (0.003)
Mother lives in birth state 0.016*** 0.010*** 0.010** 0.007**

(0.003) (0.001) (0.004) (0.003)
Foreign born -0.061*** -0.038*** -0.078*** -0.066***

(0.008) (0.006) (0.007) (0.003)
Father foreign born -0.050*** -0.039*** -0.066*** -0.052***

(0.003) (0.002) (0.004) (0.003)
Mother foreign born -0.059*** -0.050*** -0.076*** -0.062***

(0.004) (0.002) (0.005) (0.003)
Number of siblings 0.005*** 0.002*** 0.005*** 0.000

(0.000) (0.000) (0.000) (0.001)
First family unit in household 0.111*** 0.115*** 0.097*** 0.099***

(0.007) (0.007) (0.005) (0.006)

Sample Low SES Males High SES Males Low SES Females High SES Females
Observations 1,278,770 1,934,526 1,256,846 1,925,246
R-squared 0.040 0.026 0.076 0.050
DV mean 0.666 0.681 0.398 0.390

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. The outcome is whether the individual is in the both the 1920
and 1940 census data, and the individual’s record is linked through The Census Tree (Price et al., 2023b).
Regressions include county fixed effects and standard errors are clustered at the county level. See text for
details.
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Table A25: Testing for Representativeness of Linked Census Tree Sample, Black Individuals,
1920-1940

(1) (2) (3) (4)
Parental occupation score 0.001 0.002*** 0.000 0.002*

(0.000) (0.001) (0.000) (0.001)
Mother’s age 0.000 0.001 0.000 0.000

(0.000) (0.001) (0.000) (0.001)
Father’s age -0.001*** -0.002*** -0.001*** -0.001*

(0.000) (0.001) (0.000) (0.001)
Father head 0.023** -0.015 0.017* 0.020

(0.011) (0.026) (0.009) (0.020)
Mother head -0.001 -0.031 -0.002 -0.056

(0.010) (0.037) (0.006) (0.039)
Lives with father -0.043 0.071 0.066* -0.017

(0.028) (0.063) (0.037) (0.057)
Lives with mother 0.078* -0.016 -0.021 -0.044

(0.042) (0.068) (0.050) (0.082)
Lives in birth state 0.061*** 0.063*** 0.035*** 0.029*

(0.011) (0.015) (0.009) (0.015)
Father lives in birth state 0.014*** 0.026* 0.011*** 0.033**

(0.004) (0.014) (0.004) (0.014)
Mother lives in birth state -0.002 0.023 0.004 0.017

(0.005) (0.015) (0.004) (0.014)
Foreign born -0.110* 0.089 0.067 -0.014

(0.056) (0.100) (0.075) (0.077)
Father foreign born -0.115*** -0.037 0.033 0.001

(0.029) (0.041) (0.035) (0.039)
Mother foreign born 0.040 -0.020 -0.045 -0.047

(0.042) (0.062) (0.049) (0.068)
Number of siblings 0.013*** 0.014*** 0.006*** 0.002

(0.001) (0.002) (0.001) (0.003)
First family unit in household 0.049*** 0.043 0.031*** 0.053

(0.014) (0.049) (0.011) (0.056)
Constant 0.248*** 0.234*** 0.003 0.085

(0.037) (0.059) (0.066) (0.119)

Sample Low SES Males High SES Males Low SES Females High SES Females
Observations 122,076 12,940 110,607 8,622
R-squared 0.019 0.021 0.021 0.021
DV mean 0.418 0.457 0.126 0.172

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. The outcome is whether the individual is in both the 1920 and 1940
census data, and the individual’s record is linked through The Census Tree (Price et al., 2023b). See text
and Table A24 for details.
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Table A26: Parent and Child Occupations, Normal School and Asylum Counties, with
Propensity Score Weights

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Parent

Panel A: Parent Occupations 1920, Parents of 1920 6-15 Year-Old White Children

Grew up in Normal School County -0.000 -0.015 -0.002 -0.004 0.026
(0.007) (0.015) (0.008) (0.005) (0.024)

Observations 314 314 314 314 314
R-Squared 0.408 0.549 0.254 0.168 0.514
Mean DV, Asylum Counties 0.164 0.268 0.168 0.054 0.337

Panel B: Child Occupations 1940, 1920 6-15 Year-Old White Children

Grew up in Normal School County 0.004 -0.008 -0.012 0.002 0.013+ -0.005
(0.006) (0.007) (0.009) (0.001) (0.008) (0.006)

Observations 314 314 314 314 314 314
R-Squared 0.338 0.555 0.330 0.207 0.584 0.342
Mean DV, Asylum Counties 0.201 0.344 0.351 0.054 0.103 0.662

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A10, but county-level averages
are constructed from weighted individual-level observations, to increase representativeness of the sample.
See text for details.

Table A27: Father and Son Occupations, Normal School and Asylum Counties, with Propen-
sity Score Weights

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Father

Panel A: Father Occupations 1920, Fathers of 1920 6-15 Year-Old White Males
Grew up in Normal School County -0.007 -0.014 -0.002 -0.003 0.025

(0.007) (0.016) (0.008) (0.005) (0.025)
Observations 314 314 314 314 314
R-Squared 0.472 0.535 0.248 0.170 0.516
Mean DV, Asylum Counties 0.155 0.275 0.167 0.022 0.354

Panel B: Son Occupations 1940, 1920 6-15 Year-Old White Males

Grew up in Normal School County 0.003 -0.008 -0.010 0.003* 0.012 -0.005
(0.007) (0.008) (0.009) (0.001) (0.008) (0.007)

Observations 314 314 314 314 314 314
R-Squared 0.336 0.546 0.320 0.120 0.582 0.347
Mean DV, Asylum Counties 0.209 0.356 0.293 0.036 0.107 0.629

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A11, but county-level averages
are constructed from weighted individual-level observations, to increase representativeness of the sample.
See text for details.
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Table A28: Parent and Child Occupations, Normal School and Asylum Counties, with
Propensity Score Weights

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Parent

Panel A: Parent Occupations 1920, Parents of 1920 6-15 Year-Old Black Children

Grew up in Normal School County 0.005 -0.006 -0.011 -0.006 0.015
(0.028) (0.019) (0.006) (0.011) (0.028)

Observations 195 195 195 195 195
R-Squared 0.270 0.356 0.226 0.099 0.658
Mean DV, Asylum Counties 0.599 0.181 0.049 0.049 0.164
p-value randomization inference 0.873 0.796 0.091 0.5 0.549

Panel B: Child Occupations 1940, 1920 6-15 Year-Old Black Children

Grew up in Normal School County -0.024 -0.016 0.003 0.014 0.017+ 0.001
(0.018) (0.015) (0.012) (0.013) (0.009) (0.022)

Observations 195 195 195 195 195 195
R-Squared 0.235 0.150 0.245 0.131 0.581 0.194
Mean DV, Asylum Counties 0.577 0.205 0.119 0.113 0.042 0.542
p-value randomization inference 0.208 0.374 0.761 0.289 0.045 0.958

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A12, but county-level averages
are constructed from weighted individual-level observations, to increase representativeness of the sample.
See text for details.
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Table A29: Father and Son Occupations, Normal School and Asylum Counties, with Propen-
sity Score Weights

(1) (2) (3) (4) (5) (6)
Unskilled Craft/Oper White Collar Non Occ Farmer Diff from Father

Panel A: Father Occupations 1920, Fathers of 1920 6-15 Year-Old Black Males

Grew up in Normal School County -0.010 0.011 -0.005 -0.011 0.024
(0.036) (0.024) (0.008) (0.011) (0.035)

Observations 164 164 164 164 164
R-Squared 0.318 0.339 0.207 0.124 0.615
Mean DV, Asylum Counties 0.502 0.169 0.043 0.025 0.234
p-value randomization inference 0.813 0.692 0.472 0.129 0.505

Panel B: Son Occupations 1940, 1920 6-15 Year-Old Black Males

Grew up in Normal School County -0.014 -0.011 0.011 -0.009 0.024+ -0.018
(0.024) (0.022) (0.014) (0.013) (0.012) (0.026)

Observations 164 164 164 164 164 164
R-Squared 0.124 0.121 0.252 0.112 0.491 0.205
Mean DV, Asylum Counties 0.531 0.229 0.100 0.085 0.056 0.585
p-value randomization inference 0.612 0.654 0.462 0.46 0.075 0.523

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A13, but county-level averages
are constructed from weighted individual-level observations, to increase representativeness of the sample.
See text for details.
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Table A30: 1940 Outcomes of 1920 6-15 Year-Old White Children, County-Level Outcomes
based on 1920 County, with Propensity Score Weights

(1) (2) (3) (4) (5) (6)
≥ HS ≥ Some College ≥ College Married Employed Ln(HH Income)

Panel A: Males, Lower Socioeconomic Status
Grew up in Normal School County 0.007 0.007+ 0.001 0.005 -0.006+ -0.026

(0.007) (0.004) (0.002) (0.004) (0.003) (0.016)
Observations 314 314 314 314 314 314
R-Squared 0.575 0.482 0.409 0.636 0.367 0.489
Mean DV, Asylum Counties 0.307 0.113 0.055 0.705 0.900 7.028

Panel B: Females, Lower Socioeconomic Status
Grew up in Normal School County 0.008 0.023** 0.008** 0.020* -0.022** -0.012

(0.010) (0.006) (0.003) (0.008) (0.007) (0.015)
Observations 314 314 314 314 314 314
R-Squared 0.452 0.395 0.329 0.678 0.668 0.451
Mean DV, Asylum Counties 0.399 0.137 0.046 0.692 0.305 7.049

Panel C: Males, Higher Socioeconomic Status
Grew up in Normal School County 0.016* 0.025** 0.013** 0.001 -0.003 0.001

(0.006) (0.005) (0.004) (0.005) (0.003) (0.012)
Observations 314 314 314 314 314 314
R-Squared 0.582 0.560 0.364 0.529 0.194 0.374
Mean DV, Asylum Counties 0.499 0.233 0.124 0.704 0.897 7.231

Panel D: Females, Higher Socioeconomic Status
Grew up in Normal School County 0.021* 0.045** 0.024** 0.013+ -0.015* -0.004

(0.008) (0.008) (0.005) (0.008) (0.007) (0.010)
Observations 314 314 314 314 314 314
R-Squared 0.512 0.532 0.450 0.700 0.646 0.430
Mean DV, Asylum Counties 0.567 0.234 0.101 0.645 0.369 7.220

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A15, but county-level averages
are constructed from weighted individual-level observations, to increase representativeness of the sample.
See text for details.
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Table A31: 1940 Outcomes of 1920 6-15 Year-Old Black Children, County-Level Outcomes
based on 1920 County, with Propensity Score Weights

(1) (2) (3) (4) (5) (6)
≥ HS ≥ Some College ≥ College Married Employed Ln(HH Income)

Panel A: Males, Lower Socioeconomic Status
Grew up in Normal School County 0.025 0.039* 0.002 0.031+ 0.014 0.064

(0.019) (0.018) (0.004) (0.018) (0.016) (0.051)
Observations 142 142 142 142 142 142
R-Squared 0.375 0.169 0.163 0.365 0.251 0.331
Mean DV, Asylum Counties 0.180 0.054 0.020 0.580 0.806 6.449
p-value randomization inference 0.27 0.058 0.524 0.101 0.368 0.203

Panel B: Females, Lower Socioeconomic Status
Grew up in Normal School County -0.016 0.018 0.003 0.031 -0.017 0.017

(0.021) (0.012) (0.009) (0.020) (0.025) (0.051)
Observations 77 77 77 77 77 77
R-Squared 0.417 0.384 0.255 0.513 0.216 0.423
Mean DV, Asylum Counties 0.197 0.081 0.039 0.312 0.523 6.037
p-value randomization inference 0.499 0.173 0.744 0.163 0.527 0.751

Panel C: Males, Higher Socioeconomic Status
Grew up in Normal School County 0.024 0.041 0.036 -0.016 0.018 -0.142

(0.038) (0.030) (0.030) (0.035) (0.027) (0.087)
Observations 93 93 93 93 93 93
R-Squared 0.189 0.250 0.163 0.146 0.114 0.111
Mean DV, Asylum Counties 0.279 0.123 0.053 0.595 0.809 6.639
p-value randomization inference 0.603 0.255 0.325 0.698 0.567 0.242

Panel D: Females, Higher Socioeconomic Status
Grew up in Normal School County -0.003 -0.010 0.018 0.028 -0.031 -0.166

(0.051) (0.045) (0.029) (0.036) (0.053) (0.129)
Observations 50 50 50 50 50 49
R-Squared 0.231 0.292 0.342 0.252 0.173 0.190
Mean DV, Asylum Counties 0.358 0.181 0.077 0.220 0.565 6.364
p-value randomization inference 0.963 0.866 0.572 0.544 0.615 0.199

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. This table is the equivalent of Table A16, but county-level averages
are constructed from weighted individual-level observations, to increase representativeness of the sample.
See text for details.
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B.5 Alternative Historical Mobility Measure: Conditional Mean
Occupational Income Score Rank

In this section, we supplement our analysis of historical economic mobility using an alter-
native measure. Similar to Tan (2023), we construct predicted occupational income score
ranks of the children, for different moments of the father’s occupational income score rank
distribution. An important caveat here is that the fraction of farmers in 1850 is very high,
which may make the results somewhat harder to interpret. Table A6 shows that roughly
71% of fathers in the asylum counties in our sample are farmers, and on average this is 5
percentage points higher in normal school counties.

We construct occupational income score ranks using the 1950 occupational income scores
from IPUMS. Tan (2023) and Collins and Wanamaker (2022) construct occupation scores
using 1940 incomes, so that they are based on incomes closer to their period in question.
However, as described in those papers, there are no good measures of farmers’ incomes in
1940 (as only wage and salary income is available in that year). As a result, in those papers
the 1940 occupational income score for farmers is imputed based on the assumption of a
constant ratio between 1940 and 1960 of total compensation for farmers to farm laborers.
Given our interest in calculating parental ranks in 1850, this seems less reasonable and like
it would make interpretation much more difficult. As a result, we use the 1950 occupational
income scores, which have the benefit of better income measurement for farmers, but the
cost of being 10 years farther from our year of interest.

Our preferred specifications in Tables 1 and 2 do not rely as heavily on occupational
income scores. Table 1 does not use these at all, and Table 2 only to split the sample into
high- and low-SES groups. Given the issues with using occupational income scores in our
setting discussed above, we think this is an advantage of our main specifications.

Based on recent literature suggesting flexible occupation scores are important for cross-
group comparisons, Tan (2023) and Collins and Wanamaker (2022) construct occupation
scores based on average earnings of people in the same occupation, race, region of residence,
and gender. These concerns are arguably less relevant for our setting, as comparison across
racial groups, gender, and region is not our focus. In this historical analysis, our focus is on
White males within a state, given the small sample sizes for Black males.

We restrict to our linked samples of sons and fathers. We follow Tan (2023) and for this
exercise we drop sons and fathers with missing occupation or with occupations which have
not yet been classified. We obtain the rank of the individual’s occupation score among other
individuals their age (or among other fathers with sons the same age), and then normalize
the rank by the number of individuals of that age, yielding a percentile rank for sons and
for fathers.

We follow Tan (2023) and estimate regressions separately for each county (Tan (2023)
used commuting zones), in which the dependent variable is the son’s rank, and the indepen-
dent variable is the father’s rank. We then obtain the predicted son’s rank in each county
for fathers who are at the 25th, 50th, and 75th percentiles. We then use these predicted
ranks as dependent variables, and compare within states across normal school and asylum
counties.

Tables A32 and A33 show there is no statistically significant difference in son’s predicted
occupational score rank in normal school counties versus asylum counties in the same state,
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for White sons with fathers’ occupational score rank at the 25th, 50th, or 75th percentile,
for children in 1850 or 1920. Table A34 shows that sons’ predicted rank is lower in normal
school counties by roughly 1 to 1.5 percentiles for Black children in 1920 with fathers at
the 25th and 50th percentiles. Thus, with the important caveats mentioned above, these
results are consistent with our results in Tables 1 and 2 showing little difference in mobility
in 1850-1860 and little difference in economic mobility based on labor market outcomes in
1920-1940.

Table A32: Sons’ predicted occupational score percentile in 1860 conditional on father’s in
1850, White children

(1) (2) (3)
Grew up in Normal School County -0.009 -0.000 0.009

(0.013) (0.013) (0.023)
Observations 102 102 102
R-squared 0.366 0.310 0.246
Mean DV, Asylum Counties 0.420 0.474 0.528
p-value randomization inference 0.52 0.998 0.748
Father’s Occupation Score Percentile 25 50 75

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. Robust standard errors in parentheses. See text for details.

Table A33: Sons’ predicted occupational score percentile in 1940 conditional on father’s in
1920, White children

(1) (2) (3)
Grew up in Normal School County -0.005 -0.003 0.000

(0.004) (0.003) (0.003)
Observations 314 314 314
R-squared 0.618 0.519 0.332
Mean DV, Asylum Counties 0.405 0.475 0.545
Father’s Occupation Score Percentile 25 50 75

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. Standard errors clustered at the state level in parentheses. See text
for details.
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Table A34: Sons’ predicted occupational score percentile in 1940 conditional on father’s in
1920, Black children

(1) (2) (3)
Grew up in Normal School County -0.013** -0.008* -0.004

(0.006) (0.005) (0.005)
Observations 164 164 164
R-squared 0.639 0.526 0.248
Mean DV, Asylum Counties 0.406 0.476 0.546
p-value randomization inference 0.03 0.088 0.459
Father’s Occupation Score Percentile 25 50 75

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. See text for details. Robust standard errors in parentheses.
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C Differences in County Characteristics

We find that regional public universities affect education and mobility for children growing up
in their local communities. The most natural explanation is that these universities reduce
geographic frictions in college attendance, and this affects college attainment as well as
income mobility and social outcomes. However, regional public universities may impact these
outcomes through other channels as well. For example, regional universities may impact
local economic outcomes, such as industrial composition, in ways that increase the return to
education in the local community, and this may increase high school and college attainment.
Regional universities may also affect other characteristics of the local community, such as the
income distribution or family composition, which may affect mobility directly or indirectly,
for example through affecting primary and secondary school quality.

C.1 Differences in County Characteristics in 1940

As an additional way of testing whether the previous normal schools were having an impact
on their local economies before the birth cohorts in the Opportunity Insights data, we ex-
amine 1940 county characteristics. As we discussed, most of these institutions were colleges
in 1940 offering at least a BA in education. Some were offering degrees in addition to ed-
ucation, and had been converted to a regional college (Figure A1a). We use the 1940 full
count census data (Ruggles et al., 2021a), as well as county-level data from NHGIS (Manson
et al., 2023).

Tables A35 and A36 show there are few statistically significant differences between normal
school and asylum counties in population, dwelling characteristics, labor market statistics,
occupation, or industry. The fraction employed in manufacturing in normal school counties
was 2.4 percentage points lower, or roughly 12%, though the fraction employed in mining was
.9 percentage points higher in normal school counties (Table A36). The fraction employed
in agriculture, forestry and fishing in normal school counties was higher by 2.8 percentage
points, or roughly 13%, but this is not statistically significant.

Table A35 shows results using as a dependent variable the first principal component of
all the variables in the table. This component captures roughly 48% of the total variance.
All variables have positive loadings except the fraction of the total population that is Black,
male, and employed (14 and over), though for this last variable the loading is very close to
zero. Other than these variables with negative loadings (that are also small), the magnitudes
of the loadings are quite similar for all variables.

Table A36 shows results using as a dependent variable the first principal component of
all the variables in the table. This component captures roughly 38% of the total variance.
All variables enter with positive loadings, except fraction farmer and farm-manager, fraction
employed in the agriculture, forestry, or fishing industry, fraction employed in mining, and
fraction with occupation in domestic service (though the last two have very small loadings).
The following variables have the highest loadings (around .3 in absolute value): fraction
with semiprofessional occupation, fraction farmer or farm-manager, fraction clerical, sales,
and kindred occupations, fraction employed in wholesale and retail trade, fraction employed
in agriculture, and fraction employed in finance, insurance, and real estate.

While the overall economy is similar in normal school and asylum counties in 1940, there
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Table A35: Population, Labor Force, and Dwelling Characteristics in 1940: Normal School
and Asylum Counties

Normal Asylum Within-State Difference
Population 121743.01 174916.86 -38,335.178

[263443.58] [474510.93] (43,803.374)
Fraction of Total Population

Urban 0.45 0.51 -0.030
[.27] [.23] (0.033)

Living in Cities 25,000 and Over 0.19 0.27 -0.058
[.3] [.33] (0.042)

Male 0.5 0.51 -0.001
[.02] [.02] (0.003)

Black 0.09 0.07 -0.000
[.16] [.12] (0.007)

Foreign 0.06 0.07 -0.011*
[.06] [.06] (0.005)

Ln(Average Wage, Manufacturing) 6.83 6.87 0.019
[.29] [.28] (0.031)

Ln(Value Added, Manufacturing) 15.22 15.5 -0.241
[2.22] [2.22] (0.266)

Ln(Manufacturing Establishments) 3.93 4.24 -0.297
[1.56] [1.53] (0.198)

Fraction Employed, Age 14 and Over 0.86 0.86 -0.004
[.05] [.05] (0.006)

Fraction Seeking Work, Age 14 and Over 0.09 0.08 -0.001
[.03] [.04] (0.004)

Fraction of Occupied Dwelling Units Occupied by Owners 0.48 0.49 0.002
[.11] [.1] (0.011)

Fraction of Occupied Dwelling Units with
Electric Lighting Equipment 0.71 0.77 -0.022

[.23] [.19] (0.017)
Radio 0.79 0.84 -0.012

[.18] [.14] (0.009)
Mechanical Refrigeration Equipment 0.36 0.41 -0.020

[.16] [.15] (0.014)
Ln(Average Value of Owner Occupied Housing) 7.9 7.98 -0.050

[.4] [.42] (0.042)
Ln(Median Value of Owner Occupied Housing) 7.65 7.79 -0.076

[.53] [.48] (0.047)
Ln(Value of Crops Harvested) 14.82 14.87 0.013

[.96] [.81] (0.107)
First Principal Component -0.18 0.4 -0.325

[2.94] [2.72] (0.261)

Notes: Data are county-level data from NHGIS (Manson et al., 2023). Standard errors
clustered at the state level. The first principal component in the last row is the first principal
component of all the variables in this table. This component captures roughly 48% of the
total variance. All variables have positive loadings except the fraction of the total population
that is Black, male, and employed (14 and over), though for this last variable the loading is
very close to zero. Other than these variables with negative loadings (that are also small),
the magnitudes of the loadings are quite similar for most variables.
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Table A36: Occupation and Industry in 1940: Normal School and Asylum Counties

Normal Asylum Within-State Difference
Fraction of Employment by Occupation

Professional 0.07 0.07 -0.0004
[.01] [.02] (0.002)

Semiprofessional 0.01 0.01 -0.0003
[.004] [.004] (0.001)

Farmers and farm-managers 0.16 0.14 0.025+

[.13] [.12] (0.013)
Proprietors, managers, and officials (except farm) 0.08 0.08 0.002

[.02] [.02] (0.002)
Clerical, sales, and kindred workers 0.13 0.14 -0.005

[.06] [.06] (0.007)
Craftsmen, foremen, and kindred workers 0.1 0.11 -0.004

[.04] [.04] (0.004)
Operatives and kindred workers 0.16 0.16 -0.003

[.09] [.08] (0.008)
Domestic service 0.05 0.05 -0.002

[.03] [.02] (0.002)
Service, except domestic 0.07 0.08 -0.016**

[.03] [.03] (0.003)
Laborer (except farm) 0.07 0.07 -0.005

[.04] [.04] (0.004)
Fraction of Employment by Industry

Agriculture, Forestry, and Fishing 0.25 0.22 0.028
[.17] [.17] (0.020)

Mining 0.02 0.01 0.009*
[.05] [.03] (0.004)

Construction 0.09 0.09 0.001
[.03] [.02] (0.003)

Manufacturing 0.18 0.2 -0.024*
[.11] [.12] (0.010)

Transportation, Communication, and Other Utilities 0.06 0.06 0.002
[.03] [.03] (0.003)

Wholesale and Retail Trade 0.14 0.15 -0.001
[.04] [.03] (0.005)

Finance, Insurance, and Real Estate 0.02 0.02 -0.001
[.01] [.01] (0.002)

Business and Repair Services 0.02 0.02 0.0004
[.004] [.003] -0.0004

Personal Services 0.08 0.08 -0.003
[.03] [.03] (0.003)

Professional and Related Services 0.08 0.08 -0.007**
[.02] [.03] (0.002)

Public Administration 0.03 0.04 -0.004
[.03] [.04] (0.003)

First Principal Component -0.29 0.47 -0.389
[2.88] [2.67] (0.345)

Notes: Occupation data are based on county-level data from NHGIS (Manson et al., 2023), and industry data are based on
employed people in the 1940 full count census data (Ruggles et al., 2021a). Entertainment and Recreation Services is not shown
in the table. The fraction employed is 1% in both normal school and asylum counties. Standard errors clustered at the state
level. See text for details.
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Table A37: School Attendance and Educational Attainment in 1940: Normal School and
Asylum Counties

Normal Asylum Within-State Difference
Fraction Attending School by Age

5 to 6 0.42 0.44 0.001
[.16] [.15] (0.008)

7 to 13 0.96 0.96 -0.001
[.07] [.04] (0.004)

14 to 15 0.9 0.91 0.004
[.07] [.06] (0.005)

16 to 17 0.69 0.7 0.016*
[.11] [.1] (0.007)

18 to 20 0.26 0.25 0.025**
[.07] [.06] (0.006)

21 to 24 0.06 0.06 0.007+

[.03] [.03] (0.004)
Fraction of 16 to 17 year-olds

Attending school, completed HS 0.05 0.04 0.007*
[.02] [.02] (0.003)

Attending school, did not yet complete HS 0.63 0.65 0.010
[.11] [.1] (0.007)

Median School Years Completed, Age 25 and Over
Male 8.09 8.27 0.041

[.93] [.72] (0.064)
Female 8.65 8.75 0.160*

[1.08] [.88] (0.076)
Fraction Age 25 and Over with

Four or more years of college 0.05 0.04 0.005*
[.01] [.02] (0.002)

One to three years of college 0.15 0.15 0.009**
[.04] [.04] (0.003)

Four years of high school 0.13 0.14 0.001
[.04] [.04] (0.004)

Notes: Data are county-level data from NHGIS (Manson et al., 2023), except the decomposition of the
fraction of 16-17 year-old individuals attending school, which is based on the 1940 full-count census data
(Ruggles et al., 2021a). Standard errors clustered at the state level. See text for details.
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are differences in education (Table A37). School attendance rates are similar for children
through age 15. However, attendance rates are higher for individuals age 16-17, 18-20,
and 21-24. For these latter two age groups, this may reflect that the respondents are college
students who moved to the county to attend college. For 16-17 year old individuals, this may
reflect greater high school attendance, or that some people in this age group are attending
college at a young age and moved from another county. To test this, we use the 1940
full count census data (Ruggles et al., 2021a), and decompose the 16-17 year-old school
attendance into individuals who completed high school (using the educational attainment
variable) and separately those who had not completed high school. We keep the denominator
equal to the total number of 16-17 year-old individuals in both variables. We see evidence
that the greater attendance rate of 16-17 year-old individuals is partly explained (with a
coefficient of .007) by students who have already completed high school (and may have
moved from other counties), and also partly explained (with a coefficient of .01) by students
who had not yet completed high school and are more likely to be living in the county with
their family. This suggests high school attendance rates are higher for children growing up in
normal school counties in 1940, though the difference is not large (1 percentage point higher
from a mean of roughly 65 percent, or 1.5%). This is consistent with our evidence on high
school graduation rates using the linked 1920-1940 censuses in Section C.1.

We also see that while there is no difference in the fraction of individuals 25 and over with
exactly four years of high school, a greater share of individuals in normal school counties
have one to three years of college (.9 percentage points higher or 6%) and four or more
years of college (.5 percentage points higher or roughly 12.5%). In 1980, the difference was
2 percentage points, but roughly the same relative effect of 13% given the higher baseline
mean in 1980.

Together, this evidence suggests that the institutions that had been the normal schools
were not having dramatic impacts on their counties in 1940, with the exception of modest
increases in educational attainment.

C.2 Differences in 8th and 9th Grade Attainment for Children
Living with Low-Educational-Attainment Parents, 1940

In the table below, we show differences in educational mobility between normal school and
asylum counties in 1940, using data from Card, Domnisoru and Taylor (2022). Panel A
shows results when the outcome is the county-level fraction of children attaining eighth
grade, living with parents with grade six maximal educational attainment. Panel B shows
results when the outcome is the county-level fraction of children attaining ninth grade, living
with parents with grade six maximal educational attainment. Table A38 shows there are no
significant differences in upward educational mobility in 1940 using these measures. While
it is possible the normal schools would have an impact on 8th and 9th grade attainment
through raising the quality of the K-12 education system, the most direct effects would seem
to be on older ages. Indeed, we do see effects on college attainment for children in 1920
when they are observed in 1940 (Tables 2 and A15). Finding insignificant differences in
8th and 9th grade attainment for children in households with low educational attainment is
also consistent with lack of sorting of high economic mobility households into normal school
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counties relative to asylum counties.

Table A38: Measures of Upward Educational Mobility, 1940

Normal School Asylum Within-State Difference

Fraction attaining 8th grade, living with parents with grade six maximal education

White 0.7 0.75 0.00
[.18] [.16] (0.01)

Black 0.58 0.66 0.02
[.29] [.26] (0.03)

Fraction attaining 9th grade, living with parents with grade six maximal education

White 0.49 0.52 0.01
[.16] [.15] (0.01)

Black 0.44 0.5 0.00
[.28] [.25] (0.03)

Notes: Columns 1 and 2 show the mean and standard deviation for normal school and asylum counties.
Column 3 shows the coefficient on normal school county, when the dependent variable is the county mobility
measure, and we include state fixed effects. These mobility measures are from Card, Domnisoru and Taylor
(2022). We show standard errors clustered at the state level in parentheses in column 3. For White indi-
viduals, there are 203 normal school counties and 121 asylum counties in column 3. For Black individuals,
there are 137 normal school counties and 79 asylum counties in column 3.
+ p < 0.1, ∗ p < .05, ∗∗ p < .01
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C.3 Differential characteristics of normal school counties using
data from Chetty et al. (2018) and Chetty and Hendren
(2018)

In this section, we test for differences between normal school and asylum counties in more
recent years, on a number of characteristics related to the mechanisms discussed at the
beginning of section C. We use data from Chetty et al. (2018) and Chetty and Hendren
(2018).56

Consistent with Howard, Weinstein and Yang (2024) we find very little within-state
difference in economic characteristics between normal school and asylum counties (Table
A39). We focus on economic characteristics, K-12 public schools and colleges, and family
characteristics. For economic characteristics, in Howard, Weinstein and Yang (2024) we show
that in normal school counties the employment share in accommodations and food services is
about 1 percentage point higher (significant at the 1 percent level), the share in retail trade
is higher by about 0.6 percentage points, and the share in wholesale trade and finance and
insurance are both lower by about 0.4 percentage points. These differences are small, and
none of them suggest jobs with a higher return to college degrees in normal school counties.
In this paper, we show in Table A39 that there is no difference in wage growth for high school
graduates, or overall job growth. As we also show in Howard, Weinstein and Yang (2024) we
see higher bachelor’s degree share by about 3 percentage points in normal school counties.
Higher bachelor’s share may affect education levels of lower-income children in several ways,
one of which is the quality of the local public elementary and secondary schools.

For educational characteristics, there is no difference in expenditures per student, or in
3rd grade math scores, however, the student-teacher ratio is modestly lower in normal school
counties by about 0.5 (approximately 3%). This may suggest other differences in local schools
that affect high school graduation and college enrollment rates in normal school relative to
asylum counties. Consistent with regional public universities affecting outcomes by making
a local college education more affordable, the tuition at colleges in the county is lower by
about $2500 in normal school counties, which is roughly 36 percent lower. Section A.1 shows
many more differences between universities in normal school and asylum counties.

Children living in low-income households in normal school counties are more likely to
have two parents whose income together is the same as single parents’ income in asylum
counties. The fraction of children claimed by two people as a dependent, among those whose
parents are at the 25th income percentile, is higher by 3 percentage points in normal school
counties, which is roughly 6 percent higher based on the average in asylum counties.57 There
is no difference for children whose parents are at the 75th percentile. As regional public
universities raise education levels and marriage of children from lower-income families, they
may also have done so for their parents. In this case, some of the effect of regional public

56We focus on variables that do not come from the census, given that students are included in the census
in the location where they live as students, and this will affect per capita estimates.

57This does not say that children of low-income parents are more likely to live with both parents in normal
school counties than asylum counties because this statement is dependent on the total income of their parents
being at the 25th percentile, which is endogenous to the number of people claiming the child as a dependent
on their tax forms.
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Table A39: Chetty et al. (2018) and Chetty and Hendren (2018) Covariates

Normal Asylum Within-State Difference

Economic Characteristics

Manufacturing employment share, 2000 0.13 0.15 -0.01
[.06] [.07] (0.01)

Average annualized job growth, 2004-2013 0 0 0.00
[.01] [.01] (0.00)

HS grad. wage growth, 2005-2009 - 2010-2014 0.06 0.05 0.01
[.11] [.07] (0.01)

Bachelor’s degree share, age ≥ 25, 2000 0.24 0.22 0.03*
[.07] [.09] (0.01)

Population, 2000 269,614 305,908 -30,670.68
[765,738] [593,196] (92,294)

Children < 18, 2000 67,974 77,295 -8,224.44
[209,691] [152,889] (24,235)

K-12 Public Schools and Colleges

K-12 expenditures per stud., 1996-1997 6.38 6.38 -0.00
[1.43] [1.41] (0.07)

K-12 student teacher ratio, 1996-1997 16.88 17.52 -0.46*
[2.18] [2.13] (0.18)

Mean 3rd grade math test scores, 2013 3.28 3.29 0.03
[.63] [.71] (0.07)

College tuition, local colleges, IPEDS 2000 4149.01 6778.76 -2,455.74**
[3,836.2] [4,664.33] (589.25)

Family characteristics, children in Chetty et al. (2018)

Children claimed by two people
parent income at p25 0.51 0.49 0.03*

[.12] [.12] (0.01)
parent income at p75 0.94 0.93 0.00

[.04] [.06] (0.01)
Fraction of childhood spent in the county 0.74 0.76 -0.01+

[.07] [.06] (0.01)

Notes: Columns 1 and 2 show mean and standard deviation of county characteristics for normal school and
asylum counties. Column 3 shows the coefficient on normal school county, when the dependent variable is
the county characteristic, and we include state fixed effects. We show standard errors clustered at the state
level in parentheses in column 3. All economic variables except county population are from Chetty et al.
(2018). Variables related to K-12 public schools and colleges are from Chetty and Hendren (2018), except
3rd grade math scores which are from Chetty et al. (2018). Fraction of children claimed by two people as a
dependent is from Chetty et al. (2018), and is based on parents of children in the 1978-1983 birth cohorts,
and parents’ average household adjusted gross income in 1994, 1995, and 1998-2000. Fraction of childhood
spent in the county is from Chetty et al. (2018). + p < 0.1, ∗ p < .05, ∗∗ p < .01.

98



universities on children may come through the effect they had on the previous generation.58

Using data from Chetty et al. (2016), we provide suggestive evidence that the mobility
effects are not driven by differences in likelihood of having two parents. These data are similar
to the other outcome data we use, but further disaggregate outcomes by whether children
have one or two parents who claim them on their taxes. The only outcomes available are
regarding the likelihood of employment, and only disaggregated by gender. Among those
who have two parents claim them on their taxes, we show normal school assignment increases
employment by two percentage points for men whose parents are in the first income quintile
(Appendix Figure A3). The magnitude is similar for men with single parents, and 1.5
percentage points for women with two parents, though neither are statistically significant.
These results suggest our main effects are not driven by differences between normal school
and asylum counties in likelihood of having two parents during childhood.

58We also find insignificant differences in racial and income segregation indices from Chetty and Hendren
(2018).
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(b) Women, two parents
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(c) Men, single parent
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(d) Women, single parent

Figure A3: Effect of a normal school on local children’s age-30 employment for
1980-1982 birth cohorts, by sex and parental structure. Dots with spikes represent
the estimated effect of a normal school on the outcome variable, conditional on state fixed
effects. Outcome variables are measured at different percentiles of the parents’ income dis-
tribution, which is the x-axis. The spikes span the 95 percent confidence intervals. The
estimates and confidence intervals correspond to the y-axis on the left-hand side of the fig-
ure. Standard errors are clustered at the state level. The dashed lines show the mean of the
outcome variable in asylum counties, and correspond to the y-axis on the right-hand side of
the figure.
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Figure A4: p-values from the 55 regressions. Each bin has a width of 0.05, so if the p-values
were distributed uniformly, 5 percent would be in each bin.

D Additional Results using the Chetty et al. (2018)

and Chetty and Hendren (2018) data

D.1 Additional Detail on Variables

The measure of teen motherhood is constructed based on whether a woman ever claims a
dependent who was born while she was 13 to 19 years old. As Chetty et al. (2018) discuss,
this is an imperfect measure since it relies on the woman claiming the child as a dependent
at some point, but they document that this is aligned with estimates from the ACS. Staying
with parents is defined as having an address that matches their parents’ in 2015. Staying
in childhood commuting zone is defined as the most recent commuting zone matching any
commuting zone they lived in before 23.

D.2 Discussion of Multiple Hypothesis Testing

In our analysis of the Opportunity Insights data, we used our empirical strategy to investigate
the effect of universities on 11 different outcomes at 5 different points of the parents’ income
distribution. A reader may reasonably wonder which takeaways are robust to considering
multiple hypothesis testing. To give a general idea of the overall significance of our results,
Figure A4 shows a distribution of the p-values for the 55 outcomes. More than a quarter of
the unadjusted p-values are less than 5 percent, and another tenth are less than 10 percent.
Of course, this is not a formal test, but is suggestive that universities have some causal effect.

To formally show that universities matter, we implement Young (2020), a randomization-
based omnibus test to see if we can reject the null hypothesis that the normal schools have
no effect on any of the 55 outcomes. The p-value of the randomization-c test is 0.0445. So
the null hypothesis of no effect of the normal schools is rejected at conventional levels.59

59The randomization-t test has a p-value of .1044, but randomization-c is generally viewed as more ap-
propriate when outcomes are highly dependent, as we would expect them to be here.
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Figure A5: Principal Components

Given that there is some effect, we turn our focus to what the effect is. Before doing
any econometrics, we must ask what makes this study interesting. The answer is not that
regional universities affect any one particular outcome that we tested above. In our opinion,
the main point of this paper is that universities affect “social mobility,” i.e. they affect the
common part of all the outcomes, and that they do so for children with low-income parents.

Based on wanting to test “social mobility,” we create a measure that is the principal
component of the 11 outcomes we have previously considered: having a college degree,
attending college, having a high school degree, working, the percentile of family income,
the percentile of individual income, marriage, teen birth, incarceration, living at home, and
living outside of their childhood commuting zone.60 We calculate this principal component
treating each county in our sample by each percentile we consider as one observation. We
then see if there is an effect on this principal component at each of the five percentiles. We
adjust for the fact that this is five different tests by applying the Romano and Wolf (2005)
correction for adjusting p-values.

The results of this procedure are in Figure A5.61 The confidence intervals in the figure
are not adjusted for multiple hypothesis testing. However, the p-values associated with each
percentile, from the Romano and Wolf (2005) procedure, are for the 1st percentile, 0.041; for
the 25th percentile, 0.040; for the 50th percentile, 0.024; for the 75th percentile, 0.040; and
for the 100th percentile, 0.161. So even adjusting for multiple hypothesis testing, there is
statistically significant evidence that universities have an effect on the principal component
of these outcomes for all but the very top of the parents’ income distribution.

The point estimates are bigger for children of lower-income parents, but we do not view
the differences as a key aspect of our study. Whether or not universities help the outcomes of

60Our use of a principal component is distinct from Anderson (2008), who emphasized creating an index
that overweights outcomes that are less correlated to the others. We are not interested in maximizing the
power of our test, but think there is economic significance in the underlying factor that can explain the most
variation across these eleven outcomes.

61The principal component has similar scoring coefficient magnitudes, between 0.22 and 0.34 for all 11
outcomes. Teen birth, incarceration, staying within the commuting zone, and staying at the parent’s home
have negative coefficients.
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high-parental-income children, the fact that they help the outcomes of low-parental-income
children implies that they improve social mobility for children that grow up near them,
relative to the national distribution. As we discussed in the introduction, this is more of
the policy purpose of the regional university, rather than whether they move up in the local
distribution.
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D.3 Comparing Close and Far Asylum Counties

Given that our evidence suggests asylum county children are less served by regional public
universities because of geographic frictions, we might wonder if asylum counties that are
nearby to normal school counties might experience more of the benefits of the normal schools.
Are there spillovers from the normal school counties that are larger for close asylum counties
compared to far asylum counties?

To do this analysis, for each asylum county, we calculated the distance to the closest
normal school county. We then split the sample of asylum counties into two, based on the
median distance to the closest normal school county. The median distance was 41 miles.

A map of the close and far asylums can be seen here. In this figure, red counties had
normal schools, while yellow and green counties had asylums. Yellow counties are within 41
miles of normal school counties, while green counties are more than 41 miles.

41.0 − 176.7
0.0 − 41.0
-0.0 − 0.0

Figure A6: Map of normal schools, close asylums, and far asylums. Red counties have normal
schools, yellow counties have close asylums, and green counties have far asylums. The legend
denotes the number of miles between the county and the nearest normal county.

We then estimate two regressions

yi = βnormalNormali + αs + ϵi

where the sample consists of normal school and far asylum counties, and

yi = βclose asylumClose Asylumi + αs + ϵi

where the sample consists of close and far asylum counties that are not also normal school
counties. βnormal compares the outcome y between normal school counties and same-state far
asylum counties, and βclose asylum compares the outcome y between close asylum counties and
same-state far asylum counties. We cluster standard errors at the state level. We estimate
separate regressions to avoid the contamination bias discussed in Goldsmith-Pinkham, Hull
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and Kolesár (2024).62

First, we present the results where y is the first principal component, corresponding to
Figure A5.
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Figure A7: Comparison of Normal School vs. Far Asylums and Close vs. Far Asylums:
Principal Component of Social Mobility

Figure A7 shows higher levels of social mobility in normal school counties relative to
same-state far asylum counties. This can be seen by looking at the estimates in green, which
are just a bit bigger—but not statistically distinguishable—from the estimates comparing
normal school counties to all same-state asylum counties. The estimates marked with squares
reflect the difference between the close and far asylum counties within the same state. If
there are positive spillovers from the normal schools to the close asylum counties, these
estimates will be positive. If the square is at zero, this suggests the effect of normal schools
on close asylums is the same as the effect of normal schools on far asylums. If the square is
at the same magnitude as the circle, this suggests spillovers from the normal school counties
to the close asylums that are so large that the outcomes in the two types of counties are the
same. It is evident that the red confidence intervals (for the squares) span both zero and
the green point estimates.

Thus, we cannot say very much about the effects on close asylums due to the large
standard errors. We cannot rule out substantial spillovers from the normal school counties
to the close asylum counties, including up to the same size as the effect of historical normal
school assignment on the normal school counties themselves. However, we also cannot rule
out zero spillovers.

62The two regressions we estimate in this section are also estimated on different sets of states relative to
each other, and relative to the full sample in the main text. This is because 13 states have only close asylum
counties, 12 states have only far asylum counties, and 15 states have normal schools, far asylums, and close
asylums. Although we do not show it, we also estimate the same regressions limiting our sample to only the
15 states that have normal schools, far asylums, and close asylums. This addresses concerns of treatment
effect heterogeneity by state, where that heterogeneity is correlated with the number of close or far asylums.
The results are similar.
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In Figures A8 and A9, we show all eleven variables that we look at as outcomes in the
main paper. In the majority of cases we cannot rule out spillovers that are the size of the
effect on normal school counties or zero.
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(b) Some College
.7

.7
5

.8
.8

5
.9

.9
5

Av
er

ag
e 

Va
lu

e 
in

 A
sy

lu
m

 C
ou

nt
y 

(D
as

he
d)

-.0
2

-.0
1

0
.0

1
.0

2
.0

3
Ef

fe
ct

 o
f N

or
m

al
/C

lo
se

 A
sy

lu
m

 C
ou

nt
y 

(S
pi

ke
s)

0 25 50 75 100
Parents' Income Percentile

Normal Close Asylums

(c) High School
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Figure A8: Comparison of Normal School vs. Far Asylums and Close vs. Far Asylums
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(a) Married
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(b) Teen birth (women-only)
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(d) Staying with Parents
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Figure A9: Comparison of Normal School vs. Far Asylums and Close vs. Far Asylums
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D.4 Detail on Comparing Chetty et al. (2018) and Chetty and
Hendren (2018) Results

In Table A40, we show alternative specifications for Table 3, columns (1) and (2). In the
main text, we used separate weighting schemes for the baseline results using the Chetty
et al. (2018) data, in which the regressions were unweighted, and the causal-effects-on-people
results using the Chetty and Hendren (2018) data, in which the results were weighted with
precision weights. These are reproduced in column (1) and column (5) in Table A40.

In this section, we additionally show three alternative specifications. Column (2) uses the
same data as Column (1) but the weights from Column (5). The point estimate is slightly
lower, but the standard error increases by a factor of 2. The very large increase in standard
error is why we do not prefer this regression for our main specification. Column (4) uses
the same data as Column (5), but is unweighted as in Column (1). While columns (1) and
(4) are both unweighted, a few observations have an outcome in the Chetty et al. (2018)
data (column 1) but not the Chetty and Hendren (2018) data (column 4), so implicitly those
counties get zero weight in column (4). Here, the point estimate also falls slightly, but the
standard errors also increase. Chetty and Hendren (2018) suggests that the weights are
necessary to account for the fact that some of the coefficients are quite noisy, so we prefer
Column (5) as our main specification. Finally, as another check on the comparability of the
two datasets, we also look at college attendance as measured in Chetty and Hendren (2018),
but using the sample of permanent residents. Using this sample the effect can be interpreted
as an effect on the place, and is measured per childhood, not per year. The differences
between Columns (1) and (3) are how college attendance is measured, and also that Column
(1) included people that lived in the county for part of their childhood, weighted to reflect
how many years they spent there. Column (3) is a bit noisier, but the point estimate is
actually larger, and still statistically significant. Overall, this exercise justifies why we prefer
Columns (1) and (5): because they maximize power, but also shows that the positive point-
estimates seem to be robust to alternative specifications.

Table A40: Effect on College Attendance, 25th percentile parental income, Robustness

(1) (2) (3) (4) (5)
Some College
Age 25+

Some College
Age 25+

Attended College
Age 18-23

Attended College
Age 18-23

Attended College
Age 18-23

Normal 1.397∗ 0.804 1.870∗ 0.0725 0.143+

(0.680) (1.204) (0.864) (0.0898) (0.0764)
Observations 324 305 324 305 305
Weights Unweighted Precision Weights Unweighted Unweighted Precision Weights
Scale Per Childhood Per Childhood Per Childhood Per Year Per Year
Interpretation Effect on Place Effect on Place Effect on Place Effect on Person Effect on Person

Standard errors clustered by state. + p < 0.1, ∗ p < .05, ∗∗ p < .01. Outcome data in
columns 1 and 2 are from Chetty et al. (2018), and outcome data in columns 3-5 are
from Chetty and Hendren (2018).

Table A41 shows a similar analysis for income, and is an expanded version of Table 3
columns (3) and (4). Again, the alternative weighting schemes which make the regressions in
Columns (1) and (5) more comparable are also less powerful, and while the point-estimates
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are still positive, they are not statistically significant. In this case, the point estimate on
permanent residents in Column (3) does differ from our main results, but we cannot rule out
a positive effect.

Table A41: Effect on Income Percentile, 25th percentile parental income, Robustness

(1) (2) (3) (4) (5)
Family Income

Percentile, 2014-15
Family Income

Percentile, 2014-15
Family Income

Percentile, Age 26
Family Income

Percentile, Age 26
Family Income

Percentile, Age 26
Normal 0.755+ 0.467 -0.0464 -0.00952 0.0773+

(0.434) (0.808) (0.460) (0.0983) (0.0436)
Observations 324 305 324 305 305
Weights Unweighted Precision Weights Unweighted Unweighted Precision Weights
Scale Per Childhood Per Childhood Per Childhood Per Year Per Year
Interpretation Effect on Place Effect on Place Effect on Place Effect on Person Effect on Person

Standard errors clustered by state. + p < 0.1, ∗ p < .05, ∗∗ p < .01. Outcome data in
columns 1 and 2 are from Chetty et al. (2018), and outcome data in columns 3-5 are
from Chetty and Hendren (2018).

Table A42 shows a similar analysis for marriage, and is an expanded version of Table 3
columns (5) and (6). As with the other two outcomes in Tables A40 and A41, the alternative
weighting schemes which make the regressions in Columns (1) and (5) more comparable are
also less powerful, and while the point-estimates are still positive, they are not statistically
significant. In this case, the point estimate on permanent residents in Column (3) is also
positive but not statistically significant.

Table A42: Effect on Marriage, 25th percentile parental income, Robustness

(1) (2) (3) (4) (5)
Married
2015

Married
2015

Married
Age 26

Married
Age 26

Married
Age 26

Normal 1.662∗ 1.011 0.501 0.138 0.0856+

(0.817) (1.709) (0.807) (0.201) (0.0470)
Observations 324 300 324 305 300
Weights Unweighted Precision Weights Unweighted Unweighted Precision Weights
Scale Per Childhood Per Childhood Per Childhood Per Year Per Year
Interpretation Effect on Place Effect on Place Effect on Place Effect on Person Effect on Person

Standard errors clustered by state. + p < 0.1, ∗ p < .05, ∗∗ p < .01. Outcome data in
columns 1 and 2 are from Chetty et al. (2018), and outcome data in columns 3-5 are
from Chetty and Hendren (2018).
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D.5 Causal Effects on Children at the 75th Percentile of Parental
Income

Table A43 is the same table as Table 3, but for children born to parents at the 75th percentile
rather than the 25th percentile. For every outcome, the effect using the Chetty and Hendren
(2018) data are insignificant.

Table A43: Causal Effects on Children: College Attendance, 75th percentile parental income

(1) (2) (3) (4) (5) (6)
Some College
Age 25+

Attended College
Age 18-23

Family Income
Percentile, 2014-15

Family Income
Percentile, Age 26

Married
2015

Married
Age 26

Normal 0.775 0.0142 0.240 0.0206 0.648 0.0176
(0.478) (0.0486) (0.201) (0.0433) (0.548) (0.0636)

Observations 324 305 324 305 324 300
Weights Unweighted Precision Weights Unweighted Precision Weights Unweighted Precision Weights
Scale Per Childhood Per Year Per Childhood Per Year Per Childhood Per Year
Interpretation Effect on Place Effect on Person Effect on Place Effect on Person Effect on Place Effect on Person

Standard errors clustered by state. + p < 0.1, ∗ p < .05, ∗∗ p < .01. Outcome data in
column 1, 3, and 5 are from Chetty et al. (2018), and outcome data in columns 2, 4, and
6 are from Chetty and Hendren (2018).
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D.6 Education Results by Race and Sex

In this appendix, we present the effect of normal schools on educational attainment, by race
and gender.

Note that the sample of counties is different across races due to data availability, making
comparisons across race difficult. For example, there are 324 counties in the regressions
comparing college attainment of White individuals in normal school versus asylum counties,
but only 172 counties in the regressions for Black individuals.

In Figure A10, we show the results from Figure 2, by race. The effects on high school
attainment are very large for Hispanics, especially at the lower end of the income distribution.
For at least some college, there is a large effect for Black children whose parents are at the
top of the income distribution. And for college degrees, there is a large effect for Hispanic
children with parents at the top of the income distribution. The results at the top of the
distribution contrast with the results averaging across races being the least significant at the
top of the distribution.

For Black individuals from higher-income families the effects on at least some college are
larger in magnitude than the effects on four-year degree attainment (and they are statistically
significant). If the increase in those with exactly some college (e.g., at least some college
minus at least a four-year degree) were statistically significant, this could imply that regional
public universities are inducing additional enrollment but completion rates are low. However,
this increase is not statistically significant.

For sex, presented in Figure A11, the most interesting result is that across the income
distribution, the effect on 4-year college degrees is stronger for women, though the confidence
intervals overlap. For high school degrees, the result is slightly stronger for men, at least at
the bottom of the income distribution, though again the confidence intervals overlap.

112



0
.2

.4
.6

.8
1

Av
er

ag
e 

Va
lu

e 
in

 A
sy

lu
m

 C
ou

nt
y 

(D
as

he
d)

-.2
-.1

0
.1

.2
.3

Ef
fe

ct
 o

f N
or

m
al

 C
ou

nt
y 

(S
pi

ke
s)

0 25 50 75 100
Parents' Income Percentile

White Black
Hispanic Asian

(a) At least 4-year College Degree, Age 25 and
over

.4
.6

.8
1

Av
er

ag
e 

Va
lu

e 
in

 A
sy

lu
m

 C
ou

nt
y 

(D
as

he
d)

-.1
-.0

5
0

.0
5

.1
Ef

fe
ct

 o
f N

or
m

al
 C

ou
nt

y 
(S

pi
ke

s)

0 25 50 75 100
Parents' Income Percentile

White Black
Hispanic Asian

(b) At Least Some College, Age 25 and over

.6
.7

.8
.9

1
Av

er
ag

e 
Va

lu
e 

in
 A

sy
lu

m
 C

ou
nt

y 
(D

as
he

d)

-.1
-.0

5
0

.0
5

.1
Ef

fe
ct

 o
f N

or
m

al
 C

ou
nt

y 
(S

pi
ke

s)

0 25 50 75 100
Parents' Income Percentile

White Black
Hispanic Asian

(c) At least HS Graduate or GED, Age 19 and
over

Figure A10: Effect of a normal school on education, by race. Dots with spikes
represent the estimated effect of a normal school on the outcome variable, conditional on
state fixed effects. Outcome variables are measured at different percentiles of the parents’
income distribution, which is the x-axis. The spikes span the 95 percent confidence intervals,
with the cross-bars at the 90 percent confidence intervals. Standard errors are clustered at
the state level. The estimates and confidence intervals correspond to the y-axis on the left-
hand side of the figure. The dashed lines show the mean of the outcome variable in asylum
counties, and correspond to the y-axis on the right-hand side of the figure.
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Figure A11: Effect of a normal school on education, by sex. Dots with spikes represent
the estimated effect of a normal school on the outcome variable, conditional on state fixed
effects. Outcome variables are measured at different percentiles of the parents’ income dis-
tribution, which is the x-axis. The spikes span the 95 percent confidence intervals, with the
cross-bars at the 90 percent confidence intervals. Standard errors are clustered at the state
level. The estimates and confidence intervals correspond to the y-axis on the left-hand side
of the figure. The dashed lines show the mean of the outcome variable in asylum counties,
and correspond to the y-axis on the right-hand side of the figure.
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Table A44: Comparison of likely parents of migrant children in normal school vs. asylum
counties, interacted with age

(1) (2) (3)
Highest Education Num. Adults Employed Log Parental Income

Normal -0.235 -0.0327 -0.0775
(0.142) (0.0212) (0.0623)

Age X Normal 0.00421 0.000910 0.000710
(0.0115) (0.00184) (0.00361)

Observations 6089 6089 6079

Standard errors clustered by state
+ p < .1, ∗ p < .05, ∗∗ p < .01, ∗∗∗ p < .001

D.7 Is there evidence that children moving into normal school
regions at later ages are different than children moving into
asylum regions at later ages?

One threat to our analysis based on the causal estimates on individuals, from Chetty and
Hendren (2018), is that it could be that the children who move into normal school counties
at later ages are systematically different than those who move into asylum counties at later
ages. In this appendix we test this hypothesis and do not find any evidence for it.

We use data from the 2005-2009 ACS to identify children of differing ages that moved
into PUMAs with either a normal school county or asylum county in the last year.63 We then
look at characteristics of their parents to see if they differ on several important observable
characteristics that may predict outcomes for the children. In particular, we investigate
whether parents of older children have more education, more income, or more working adults,
differentially in normal school relative to asylum counties.

It is important to note that we are not claiming that there are no differences in family
characteristics based on the child’s age when they migrate. Of course, migrant parents with
older children are going to look different than migrant parents with younger children. We
also are not concerned if there are overall differences in the migrants that move into normal
school counties or asylum counties; this is the endogeneity that the Chetty and Hendren
(2018) data is supposed to overcome. What would be a concern is if migrant parents with
older children look different than migrant parents with younger children, and this difference
depends on whether they move into a normal school or asylum county.

One issue with our approach is that the public ACS data do not identify the county
reliably for our sample. So we we expand our geographic definition to be based on the public
use microdata area (PUMA), which we can observe in the public data. We then assign
households to normal school counties based on geographic crosswalks. For many counties,
the PUMA exactly coincides with the county, and for many others, the PUMA is larger but

632005-2009 is a bit later than the children that are tracked in the Chetty and Hendren (2018) study.
However, using the 1990 or 2000 census would require us to base these estimates on 5-year migration, which
means we cannot precisely estimate the age at which the child moves.
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Figure A12: Comparison of likely parents of migrant children in normal school vs. asylum
counties, by age of child. Each spike plots the coefficient and 95 percent confidence interval
from the regression in equation (A2).

has only one normal school or asylum county in it. For a few, the PUMA encompasses both
normal school and asylum counties. Unfortunately, this leads to bias in the direction of not
finding significant differences in normal school areas, but we do not think there is a better
approach with publicly-available data.

Limiting the sample to households that moved into the PUMA in the last year, we
calculate county-level average parental characteristics separately for households with children
at each age. For each county in our sample, we calculate the average of log income of the
child’s parents, the number of working parents of the child, and the average number of years
of schooling of the child’s most educated parent. For all these variables, we use the IPUMS
classification of likely parents to identify characteristics of the parents.

We then estimate the regression

yia = βNormali × a+ γNormali + δsa + ϵia

where yia is the average value for households with children of age a in county i, a is the age
of the child, and δsa is a state-age fixed effect. The unit of observation is at the county-age
level, and we include children age 0 to 18.

The results are in Table A44. None of the coefficients on Normal × a are significant,
which reassures us that we are not finding evidence of selection that would bias our results
based on the Chetty and Hendren (2018) data.

We also estimate separate regressions by age, in case of a non-linearity that is not captured
by our previous specification:

yia = βa × Normali + δsa + ϵia (A2)

A plot of the βa are in Figure A12. There is no clear trend or visual evidence of differential
effects by age.
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E Details on The Freshman Survey Analysis

We merge student zip codes to counties using the CDC County Cross Reference File (Centers
for Disease Control and Prevention, 1988). If the zip code is in a normal school and an asylum
county, we assign the zip code to the normal school county. Roughly 3% of the observations
that we classify as being from a normal school or asylum county reported a zip code that
merged to both a normal school and an asylum county. If the zip code is in multiple normal,
or in multiple asylum, counties we assign it to just one of the counties. If one of the counties
matches the county of the respondent’s university we choose that county. Roughly 3% of the
students who grew up in normal school or asylum counties reported zip codes that merged
to more than one normal or more than one asylum county.

We merge the public-access TFS data to the restricted-access TFS data in order to
obtain the IPEDS ID of the university the student is attending (in the restricted-access
data), by merging on TFS university code and year. A very small number of observations
in the public-access data have TFS code-year pairs that are not in the restricted-access TFS
data (roughly 3000 or .08%, coming from 62 TFS code-year pairs). Since we do not have
the IPEDS ID for these students’ universities, the variables denoting whether they attend a
previous normal school, and whether they attend a university in their county will be missing.
However, our main regressions focus on differences in reasons for choosing universities based
on the student’s home county. Thus, as long as the variable denoting their home county is
not missing they will be included in these regressions.

There are roughly 33,000 observations from the public-access data for whom we do not
obtain the county FIPS or other IPEDS variables for their university (roughly .9% of the
sample of individuals who grew up in normal school or asylum counties). As discussed
above, for roughly 3000 observations this is because the TFS university-year pair for the
observation in the public data is not in the restricted data, so we cannot obtain an IPEDS
ID for the university. For roughly 13,000, the TFS code-year pair is in the restricted-access
data, but there is not an IPEDS ID associated with that pair in the restricted-access data.
For the roughly 17,000 remaining observations, there is no IPEDS ID because the individual
is attending a university that is not Title-IV eligible, or is in a state or geographic area
without any normal schools or asylums in our data (Alaska, Hawaii, Puerto Rico, and the
Virgin Islands).64 For roughly 97% of these 17,000 observations, they are attending U.S.
service academies (specifically the U.S. Military Academy, U.S. Coast Guard Academy, and
U.S. Naval Academy). As discussed above, as long as these 33,000 observations have non-
missing home county FIPS codes, they will be included in the main analysis which does not
rely on the university the student attended. However, their universities will not be included in
the regression to test differential participation of universities in normal school versus asylum
counties, because these regressions are weighted by total bachelor’s degrees awarded by the
university that year. Because these universities are missing all IPEDS variables, they will be
excluded from this regression. This TFS participation regression addresses the concern that
we may be missing many individuals from some counties who stay close to home for college
if their college does not participate in TFS. However, this is less of a concern for the U.S.
service academies given that applicants to these academies must be nominated to apply, and

64We use a roster of Title IV eligible institutions in IPEDS.
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there are geographic restrictions on the number of students from each congressional district
in the U.S.65

For the roughly 30,000 individuals whose TFS code-year pair is in the restricted access
data, but missing data from IPEDS, we obtain their institution’s county using the insti-
tution’s zip code in the restricted data. We merge zip codes to counties using a similar
procedure as that described for student zip codes above. For these observations, if the in-
stitution zip code merges to a normal school and asylum county we keep the observation
from the normal school county. If any of the counties that merge to an institution’s zip
code are the same as any of the counties that merge to the student’s zip code, we use that
institution and student county. By using the institution zip code from TFS restricted data,
rather than IPEDS, we are able to include some additional observations when looking at
the outcome of whether a student attended a university in their home county. There are
roughly 600 individuals who are in the restricted and public TFS data, but missing data
from IPEDs and missing the institution zip code from TFS. These individuals attend five
different universities, and we obtain the university’s county using the institution’s city and
state in TFS. We look up the county name using the City-to-County Finder (StatsAmerica,
2023), and then obtain the county FIPS code using U.S. Census Bureau (2002).66 Further,
for the roughly 17,000 observations attending institutions that are not in our IPEDS roster,
we are able to impute that they are not attending a previous normal school, because all of
the universities that started as previous normal schools are in the IPEDS roster.

The TFS includes survey weights. These weights are at the institution-type by gender
by year level, and give more weight to students from types of universities that were less
likely to participate in TFS in a given year. The weights bring the “male and female counts
up to the national number of first-time full-time freshmen in each stratification cell” (Pryor
et al., 2010, p. 142). The weights are based on stratification groups based on institutional
race (e.g., predominantly non-black vs. predominantly black), type (e.g., four-year college,
university), control (e.g., public, private nonsectarian, Roman Catholic and other religious)
and selectivity. The exact groups differ slightly over the sample period. The TFS weights in
our dataset also assign zero weight to students at nearly all two-year colleges, at institutions
with low student response rates (in 2010 they report the threshold was 65% for four-year
universities and 75% for four-year colleges), and to part-time students, and non-first-time
college students (Pryor et al., 2010). There are a total of roughly 2.5 million individuals in
our sample who grew up in normal school or asylum counties and have positive TFS weights.

When merging TFS data with IPEDS enrollment data, a small fraction of universities
have response rates greater than one. This may be due to differences between the enrollment
measure in IPEDS (first-time undergraduate degree/certificate-seeking students) and the set
of students to whom the university administers the survey.

65Individuals attending the U.S. Air Force Academy did get merged to the university’s county FIPS code
even though it is not Title-IV eligible. However, this institution is not in a normal school or asylum county,
and so also will not be included in the regression testing differential participation of universities in normal
school versus asylum counties.

66For one city, O’Fallon, MO, the tool StatsAmerica (2023) does not yield the county name, and so we
obtain it from National Association of Counties (2023).
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E.1 Differences in TFS Participation Between Universities in Nor-
mal School and Asylum Counties

In this section we provide more details on our test for whether universities in normal school
counties are more likely to respond to TFS than universities in asylum counties. We note
that our main specification addresses many concerns about differential participation in TFS
by utilizing the TFS weights, which were designed to address differential TFS participation
by university type.

Using IPEDS, we construct a dataset of all four-year, Title-IV-eligible universities in
normal school and asylum counties in each year (using the university’s county FIPS code).
We construct a separate dataset of all the universities that respond to TFS in each year,
with students that have positive TFS weights. To do this, we first merge the full public
data (not limited to students who grew up in normal school or asylum counties) to the
restricted data with IPEDS ID, merging on TFS ID and year, keeping only observations
with positive TFS weights. We then collapse at the university-year level to obtain a dataset
with the universities responding to TFS in each year. We then merge this to the roster of
all universities in normal school and asylum counties in each year, and keep the universities
located in normal school and asylum counties.67 The university-year observations in the
full IPEDS roster that merge to TFS data are those that respond to TFS that year. The
remaining university-year observations do not respond to TFS.

We test for within-state-year differences in TFS participation between universities in
normal school counties and universities in asylum counties.68 Specifically, we estimate:

TFS participationjt = βNormalj + αst + ϵjt

We weight observations by the total number of bachelor’s degrees awarded by the university in
each year. This weighting incorporates that we should be less concerned if small universities
in asylum counties are not participating in TFS, as this is less likely to bias our results.
Similarly, we may also be less concerned if online universities in asylum counties are less
likely to participate in TFS, as these universities may be less likely to enroll local students.
We estimate an additional specification in which we exclude universities in any year for which
at least 50% of the university’s enrollment in 2018 was enrolled in distance education. The
distance education variable is not available in earlier years. Roughly 13% of the universities
in this specification did not merge to the 2018 roster, and for the purposes of this specification
we assume they were not “distance enrollment” universities.

We cluster standard errors at the county level. We find there is no statistically significant

67As we discuss above, this will drop universities in the public TFS that were not merged to an IPEDS
ID. However, as noted above, these numbers were small.

68A reader may also be interested in the raw averages by type of county. For universities in normal school
counties, the mean likelihood of TFS participation and students with positive TFS weights, over the years
from 1982-2010, is 16%, while in asylum counties it is 13%. Weighted by total bachelor’s degrees awarded
in each year, these means are 23% in both normal school and asylum counties. Not limiting to universities
with positive TFS weights, the weighted means are 36% in each type of county. There are 379 universities
across 168 normal school counties, and 198 universities in 66 asylum counties, that respond to TFS from
1982-2010. There are 308 universities with positive TFS weights across 136 normal school counties, and 155
universities in 62 asylum counties, that respond to TFS from 1982-2010.
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difference in TFS participation in a given year between universities in normal school counties
and same-state universities in asylum counties (Table A45).69

Table A45: University Participation in TFS: Universities in Normal School vs. Asylum
Counties

Y = Respond to TFS (1) (2)
Univ. in Normal School County -0.042 -0.042

(0.045) (0.045)
Sample All Exclude distance education
Observations 22,959 22,306
R-squared 0.140 0.142

Notes: + p < 0.1, ∗ p < .05, ∗∗ p < .01. Observations are at the university-year level. All regressions include
state-year fixed effects. Column 2 excludes universities in any year for which at least 50% of the university’s
enrollment in 2018 was enrolled in distance education. Observations are weighted by the total bachelor’s
degrees awarded by the university in that year. Standard errors are clustered at the county level. See text
for details.

E.2 Student’s Reported Zip Code

We identify students from normal school and asylum counties using the zip code they report
on the survey. Through 2000, students were asked for their address at the top of the survey,
including their zip code. Starting in 2001, students were asked for their “permanent/home
address,” including their zip code. In this section we address the possibility that students
report their address at the university rather than their family’s address, which we are using
as a measure for where the student grew up.

If students are reporting zip codes for their residence in college, we would expect many of
the reported zip codes would match the university’s zip code. This does not seem to be the
case. Of the people with positive TFS weights whom we classify as growing up in a normal
school or asylum county, based on their reported zip code, only 3% are reporting a zip code
that is the same as their university. This suggests students are not filling out their address
using their residence in college.

In addition to asking students for their address, the survey separately asks students
for the distance between the college and their “permanent home.” As a second test, we
compare the zip codes reported to the separate question on home-university distance. If the
people who report the same zip code as their university (or a zip code in the same county
as their university) are actually reporting their college residence, we would not expect them
to report home-university distances that are closer relative to the full sample of students we

69The point estimate is -.042 with a standard error of .045. In the regression sample, the weighted mean
of the dependent variable in asylum counties is .234. We focus on showing no differential participation
between universities in normal school and asylum counties. When we look at students’ differential likelihood
of attending college close to home (equation 1), we include state fixed effects. Thus, participation of farther
universities, for example in other states, should matter more similarly for students growing up in normal
school and asylum counties.
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have classified as being from normal school or asylum counties. We do this comparison for
people whose reported home zip code is in the same county as their university, as well as for
people whose reported zip code is the same as their university.

Among all the students we have classified as being from normal school or asylum counties,
and who have positive TFS weights, roughly 11% report the university is less than or equal
to 10 miles from their permanent home and 23% within 11-50 miles. Among students
whose reported zip code is in the same county as their university, and who have a non-
missing response to the home-university distance question (roughly 23% of the sample), those
percentages are 40 and 48%.70 This suggests that for most students, they are reporting the
zip code where they grew up rather than where the university is located. Some may report
their residence in college, but this fraction appears small. Only roughly 73,000 students
report a zip code that is the same as their university’s zip code, and have a non-missing
response to the home-university distance question, and positive TFS weight. Of those, 39%
report their permanent home is within 10 miles of the university, and an additional 8.4%
report it is within 11-50 miles. While roughly 50% report farther homes despite reporting a
zip code that is the same as their university’s, and this is potentially consistent with reporting
college residence, the overall number of these individuals is low (roughly 1.6% of the overall
sample of people we have classified as having grown up in normal school or asylum counties,
and who have non-missing responses to the home-university distance question and positive
TFS weights).

Finally, we test whether there is a discontinuous change in the results in 2001 consistent
with the survey asking for “permanent/home address” instead of simply for the “address.”
We run the following regression:

Attending university within 10 miles of homeit = βtNormalit + αst + ϵit

where an observation is an individual answering in year t, but we weight it by one divided
by the total number of observations for that county. αst is a state-year fixed effect. The
weighting means that if we replace βt with β and αst with αs, i.e. removing the time
dimension from the regression, then the results would be identical to our main specification.
We cluster standard errors at the level of the student’s home state. The results with the
time dimension are in Figure A13, and there is no obvious jump in 2001.

E.3 More Questions from the Freshman Survey

In this section, we show the differential answers from many more questions in The Freshman
Survey. As in Section 3, we regress the answer to the question on a dummy for having a
home zip code in a normal school county, with state fixed effects (regression specification
(1)).

In Table A46, we show the likelihood of going to a college in various distance bins. We

70As we note above, a very small fraction of zip codes are in multiple counties. For this exercise, for each
individual we merge to all the counties associated with their home zip code. We then determine whether any
of these counties matches the university’s county, and obtain the distribution of home-university distance
for those individuals whose reported zip code is in their university’s county (using just one observation per
individual).
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Figure A13: Differential probability of going to university within 10 miles, students from
normal and asylum counties, conditional on state, by year

previously showed the first column in Table 4, but we show all the other bins of distance
asked in the survey here for completeness. We see that students from normal school counties
are less likely to be attending universities between 10 and 100 miles away. Other distances
are not statistically significant.

Table A46: Differential Likelihood of Attending a College that is Various Distances from
Home, for Children Growing Up in Normal or Asylum Counties

Home-University Distance (miles)

(1) (2) (3) (4) (5)
≤10 11-50 51-100 101-500 >500

Grew up in normal school county 0.0462∗∗ -0.0303∗ -0.0302∗ 0.0163 -0.00194
(0.0131) (0.0148) (0.0116) (0.0139) (0.00714)

Observations 324 324 324 324 324
R2 0.283 0.231 0.255 0.225 0.630

Standard errors clustered by state. * p<0.05, ** p<0.01, *** p<0.001

Observations are at the county level. All regressions include state fixed effects.

In Figure A14, we show the results from many more questions that were asked in The
Freshman Survey. As in Figure 5, the point is the regression coefficient from (1), and the
spikes show 90 and 95 percent confidence intervals. We manually chose the questions from
the survey that we thought would reflect differences in the composition of freshman from
normal school and asylum counties, as well as questions about their academic preparedness
and application behavior. We split the questions into eight categories: cost factors, location
factors, job factors, college applications, information, academic factors, demographic char-
acteristics, and other. In general, many of these questions are similar to ones in the main
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text, so these are presented to show that the results are robust to these other measures. In
particular, for questions that ask students to rank the importance of various factors, we now
include an indicator variable for just “very” important as an outcome variable. In the main
text, we looked only at an indicator variable for “very” or “somewhat” important.

E.4 Robustness to Year Fixed Effects

In this section, we explore whether aggregating survey answers across years meaningfully
changes our results. To do this, we take advantage of the individual-level data, and run the
following regression where i is an individual instead of a county:

yit = βNormali + αst + ϵit

Using individual-level data allows us to compare students to other students from the same
state and same year but in a different county. To make these results otherwise comparable,
we weight the individual-level observations by the inverse of the number of observations
we observe in that county over all years, multiplied by the TFS weights.71 Under this
weighting scheme, if we only include state fixed effects, the results are identical to our main
specification. As before, we cluster standard errors by state.

Our results are in Table A47 and Figure A15. The results are not meaningfully different
than the results we presented in Table 4 and Figure 5.

Table A47: Differential Likelihood of Attending University Close to Home

(1) (2) (3) (4)
Attend Univ.
within 10mi

Attend Former-Normal
within 10mi

Attend Univ
in county

Attend Former-Normal
in county

Grew up in normal school county 0.0525∗∗∗ 0.0717∗∗∗ 0.131∗∗∗ 0.165∗∗∗

(0.0122) (0.0106) (0.0278) (0.0221)
Observations 2483010 2477038 2531208 2525784

Standard errors clustered by state. * p<0.05, ** p<0.01, *** p<0.001

Observations are at the individual level and weighted so each county has equal total weight. All regressions include state-year fixed effects.

E.5 Splitting by Parental Income

A reader might be interested in whether our main results from the TFS analysis differ by
parental income.

To perform this analysis, we split our sample by the median income of self-reported
parental income in each year. In particular, students were asked to report a bin of their
parents’ income. We found the median bin, and classified everyone strictly below the median
bin as lower-income. Then we estimated the regressions separately for the high- and low-
parental income students. The results are generally fairly similar for both groups, evidenced
in Figure A16.

71An alternative approach would have been to collapse the data to the county-year level and run this
regression without weighting. However, there are many county-years with very few observations and so the
results are noisier.
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Chose college because of special ed.; V./S. Important

Chose college because grads' in top grad. sch.; V. Important
Chose college because grads' in top grad. sch.; V./S. Important

Chose college because of online ed.; V. Important
Chose college because of online ed.; V./S. Important

-.04 -.02 0 .02

(f) Academic Factors

Dad educ: Some HS

Dad educ: HS

Dad educ: Some college

Dad educ: College

Dad educ: Grad. sch

Mom educ: Some HS

Mom educ: HS

Mom educ: Some college

Mom educ: College

Mom educ: Grad. sch

Race: White

Male

Age (10s)

Log parent income

-.06 -.04 -.02 0 .02 .04

(g) Characteristics

Going to college to prove to others; V. Important

Going to college to prove to others; V./S. Important

Going to college to find purpose; V. Important

Going to college to find purpose; V./S. Important

Chose college because size; V. Important

Chose college because size; V./S. Important

Chose college because applied early; V. Important

Chose college because applied early; V./S. Important

Chose college because religious affil.; V. Important

Chose college because religious affil.; V./S. Important

Chose college because social reput.; V. Important

Chose college because social reput.; V./S. Important

Chose college because racial composition; V. Important

Chose college because racial composition; V./S. Important

Chose college because campus safety; V. Important

Chose college because campus safety; V./S. Important

-.04 -.02 0 .02 .04 .06

(h) Other

Figure A14: The difference in Freshman Survey answers between college freshman who grew
up in normal school counties versus asylum counties. For some questions that were on a
three point scale, we report the difference in students reporting the top choice (“Very”) or
the top two choices (“Very” and “Somewhat”). These are abbreviated as “V.” and “V./S.”
in the above figure. Spikes represent 95 percent confidence intervals and cross-hatches are
at the 90 percent confidence intervals. Standard errors clustered by state.
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Chose college because applied early

Applied to one college

SAT score (1000s)

Age (10s)

Race: White

Log parent income

Mom educ: HS

Mom educ: Grad. sch

Going to college because no job

Going to college for better job

Chose college because of graduates' jobs

Chose college because academic reputation

Going to college to become cultured

Going to college to find purpose

-.04 -.02 0 .02 .04

(a) Characteristics of Students

Chose college because could not afford 1st choice
Likely to have job to pay for college

Likely to have full-time job in college
Chose college because wanted to live at home

Plan on living with family freshman year
Financing college via family and friends

Financing college via loans
Likely to Transfer

Chose college because of online ed.
Chose college because of visit

Chose college because of parents
Chose college because of teacher

Chose college because of private counselor
Chose college because of friend

Chose college because wanted to live near home
Going to college because friends going

Chose college because friends attending
-.05 0 .05

(b) Geographic Frictions of College Attendance

Figure A15: Differential answers to The Freshman Survey by students who grew up in normal
school counties relative to same-state same-year students who grew up in asylum counties.
For questions that are answered on a five point scale, we create a dummy variable if the stu-
dent answered that the reason was “Very important/good” or “Somewhat important/good.”
Spikes are 95 percent confidence intervals and cross-hatches are 90 percent confidence inter-
vals. Standard errors clustered by state.

As we had discussed in the paper, the estimates from the TFS analysis potentially reflect
effects of proximity to a historical normal school on who chooses to attend college, as well as
effects of proximity on the characteristics of the children. Both of these may differ by parental
income levels, making interpretation of the differences by parental income more difficult.
Further, Figure 2 showed effects on college attainment even above the 50th percentile of the
parental income distribution.

125



Chose College Because Applied Early
Applied to One College

SAT score (1000s)
Age (10s)

Race: White
Log parent income

Mom educ: HS
Mom educ: Grad. sch.

Going to college bcause no job
Going to college for better job

Chose college becuase of graduates' jobs
Chose college because academic reputation

Going to college to become cultured
Going to college to find purpose

-.04 -.02 0 .02 .04

High-income Low-income

(a) Characteristics of Students

Chose college because could not afford 1st choice
Likely to have job to pay for college

Likely to have full-time job in college
Chose college because wanted to live at home

Plan on living wiht family freshman year
Financing college via family and friends

Financing college via loans
Likely to transfer

Chose college because of online ed.
Chose college because of visit

Chose college because of parents
Chose college because of teacher

Chose college because of private counselor
Chose college because of friend

Chose college because wanted to live near home
Going to college because friends going

Chose college because friends attending

-.05 0 .05 .1

High-income Low-income

(b) Geographic Frictions of College Attendance

Figure A16: Differential answers to The Freshman Survey by students who grew up in normal
school counties relative to same-state students who grew up in asylum counties. For questions
that are answered on a five point scale, we create a dummy variable if the student answered
that the reason was “Very important/good” or “Somewhat important/good.” Spikes are 95
percent confidence intervals and cross-hatches are 90 percent confidence intervals. Standard
errors clustered by state.
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