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Abstract
This paper studies the impact of social learning on the formation of close-knit communities. It
provides empirical support to the hypothesis, put forth by the historian Fred Shannon in 1945, that
local soil heterogeneity limited the ability of American farmers to learn from the experience of
their neighbors, and that this contributed to their “traditional individualism.” Consistent with this
hypothesis, I establish that historically, U.S. counties with a higher degree of soil heterogeneity
displayed weaker communal ties. I provide causal evidence on the formation of this pattern in a
Difference-in-Differences framework, documenting a reduction in the strength of farmers’ communal ties following migration to a soil-heterogeneous county, relative to farmers that moved to a
soil-homogeneous county. Using the same design, I also show that soil heterogeneity did not affect
the social ties of non-farmers. The impact of soil heterogeneity is long-lasting, still affecting culture
today. These findings suggest that, while understudied, social learning is an important determinant
of culture.
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Introduction

Social learning has been the focus of a large literature in economics, dating back to at least Griliches
(1957). The majority of the existing research has emphasized the “learning” component in “social
learning,” while the “social” component stood for the form of learning, and often, for the underlying
structure of social ties that might affect its efficiency. This paper emphasizes the “social” component,
and asks– what happens to the strength of communal ties when meaningful and beneficial learning
takes place through relationships with others?
An ideal experiment to answer this question would randomize individuals to environments that enable varying degrees of social learning, allow them to form communities, and study the short- and
long-run impact on culture. Such an experiment is of course not feasible, but history provides a variation that comes very close. During the settlement of the United States, millions of individuals migrated
to new environments with unknown characteristics, hoping to establish their own farm. Their resources
were limited, and their survival on the new land depended on the ability to produce sufficient yield to
support themselves and their families. This required them to quickly discover the optimal locationspecific farming practices. One possible strategy farmers could follow was “learning by doing,” i.e.
an individual trial and error. Another and potentially more efficient strategy was to engage in social
learning and to build on the experience of their neighbors. However, substantial heterogeneity of soil
in their area implied that the optimal farming practices were highly local, which limited the effectiveness of social learning. According to the historian Fred Shannon (1945), farmers’ inability to rely on
learning from others fostered their “traditional individualism.”
I provide the first empirical evidence supporting Shannon’s “Social Learning Hypothesis.” I use
detailed spatial soil data to construct a novel county-level measure of local soil heterogeneity. Then,
using this measure, I establish a negative historical association between soil heterogeneity and a closeknit social structure. I also provide suggestive evidence supporting limited social learning as a probable
channel. I then proceed to document and discuss the persistence of this association. Finally, I provide
causal evidence on its formation in a Difference-in-Difference framework, documenting the impact of
soil heterogeneity on the culture of farmers that migrated within the U.S.
To measure local soil heterogeneity that is most relevant for the effectiveness of farmers’ social
learning I rely on soil taxonomy. The taxonomy is designed to facilitate predictions of agricultural
output under different systems of management, implying that two plots of land with different optimal
farming practices are differentiated into different taxonomic classifications. I use detailed soil data
from the Digital General Soil Map of the United States (STATSGO2) (Soil Survey Staff, 2017b) to
construct a county-level “Soil Heterogeneity Index” (SHI) for counties in the contiguous U.S. The
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SHI captures the average degree of dissimilarity of soil across neighboring locations in the county. It
ranges from 0 to 1 and equals the average probability that a given location in the county has different
soil properties than a randomly selected location close-by.
A fundamental challenge in historical research on the strength of communal ties is the lack of data. I
overcome this challenge by proxying close-knit communities with the centrality of communal identity
in individuals’ self-definition, and inferring the later from children naming patterns. This approach
builds on two strings in the literature. First, it builds on the seminal contributions of Hofstede et al.
(2010), Triandis (1995), and Markus and Kitayama (1991), which highlight that members of close-knit
cultures tend to define themselves with reference to groups. The centrality of relationships with ingroup members in individuals’ self-definition is considered the fundamental difference between closeknit and loose-knit social structures. Triandis et al. (1990) provide empirical support for the use of the
importance of social groups in individuals’ self-identity as a proxy for close-knit social networks.
Second, it builds on a rich literature that uses naming patterns to identify cultural tendencies in historical data, based on the assumption that first names carry information regarding parental culture and
social identity. In particular, naming patterns have been used in the economics literature to measure
social identification with different groups, such as race (Fryer and Levitt, 2004), ethnicity (Fouka,
2019), a nation (Abramitzky et al., 2020; Russo, 2019), and socioeconomic status (Olivetti and Paserman, 2015). To infer the communal identity content in children’s first names, I follow Fryer and Levitt
(2004) and construct a “Local Name Index" (LNI) using children’s first names in the full count census
data between 1850-1940. The LNI captures the probability that a name is given to a “local” (i.e., from
the same county or state) child relative to a child in different locations in the U.S. A high value implies
a distinctively local name. I validate the LNI as a meaningful measure of close-knit social structure
using contemporary data from Enke (2020).
Using those two novel measures I document the robust negative historical association between soil
heterogeneity and close-knit communities. I find that communities in counties with a high local soil
heterogeneity exhibit a loose-knit social structure. That is, parents living in high local soil heterogeneity counties have a lower tendency to choose names that signal the local identity. In my preferred
specification, an increase in local soil heterogeneity from a complete homogeneity (SHI = 0) to a complete heterogeneity (SHI = 1) is associated with about 2.49 (p − v al ue < 0.001) points decrease in the
county’s average LNI. This association is robust to many variations in measurement and specification,
including alternative definitions of the LNI, alternative definitions of the SHI, and using alternative
ways to account for spatial auto-correlation.
I also document a similar impact of soil heterogeneity on two alternative measures of close-knit
social structure: religious diversity and the strength of family ties. I construct a religious diversity
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index using county-level data on the number of members in religious institutions by denomination.
The index captures the degree to which multiple cultural-religious identities exist within a community.
I construct a measure of the strength of family ties using census data on family structure and the choice
of living arrangements. I find that an increase in local soil heterogeneity is associated with a higher
religious diversity and weaker family ties. Those findings suggest that the impact of soil heterogeneity
on culture and personality may have originated with communal ties, but eventually extended to other
forms of social relationships and in-groups.
I then proceed to provide suggestive evidence supporting a social learning hypothesis interpretation
of the those patterns. First, I show that the relationship between soil heterogeneity and close-knit communities remains mostly unaffected when I additionally control for the share of farmers. This suggests
that the reduced-form association with culture is not explained by an impact on the development of
non-agricultural industries or urbanization more generally (Fiszbein, 2019). Second, I show that soil
heterogeneity does not matter for culture if there are no farmers in the county, and that it matters more
the more farmers there are. Although not causally identified, those results are suggestive of an association between soil heterogeneity and culture that operates through an impact on farmers’ attributes
and social ties. I also document a positive relationship between local soil heterogeneity and actual
agricultural diversity, as expected if indeed soil heterogeneity implied that optimal farming practices
were highly local and limited the effectiveness of farmers’ social learning. Finally, I find a negative
association between local soil heterogeneity and the rate of fertilizers adoption, which is consistent
with soil heterogeneity limiting farmer’s social learning.
Having established a reduced-form historical association between local soil heterogeneity and closeknit communities, I continued to study its persistence. First, I establish that the impact of soil heterogeneity weakened over time, as the impact of an increase from a complete soil homogeneity to a
complete soil heterogeneity on children’s LNI drops from −4.98 (p −v al ue < 0.001) in 1850 to −1.00
(p − v al ue = 0.218) in 1940. Second, using survey data on individual’s moral values (Graham et al.,
2011), I document a negative association between soil heterogeneity and communal morality in the
long-run. An increase from a complete soil homogeneity to a complete soil heterogeneity in the county
of residence is associated with about 0.05 standard deviation drop in respondents’ communal moral
values, with no impact on individualizing moral values.
My preferred interpretation for this pattern focuses on cultural persistence, rather than a continuing
impact of soil heterogeneity on farmers’ social learning. The massive migration of farmers has long
ended, the share of the population engaged in agriculture declined, and farmers’ access to precise
information on soil management had substantially grown. Those facts might explain the weakening of
the association between the SHI and the LNI over time. While social learning may continue to shape
3

local culture in general, farmers’ limited ability to engage in social learning due to soil heterogeneity is
unlikely to be a central force that continues to actively shape local culture today. Yet soil heterogeneity
shaped the nature of social relationships at “critical juncture” in history– when farmers first arrived at
new locations, new communities were formed, norms and ways of living were determined, and local
institutions were established. Under those circumstances, a long-lasting impact on culture seems quite
plausible.
Finally, I provide causal evidence on the formation of the association between soil heterogeneity
and close-knit communities. I focus on the nineteenth century and exploit within-family variation in
naming patterns in a Difference-in-Differences framework across families that migrated within the U.S.
First, I use children’s year and state of birth to identify families that moved across states. Then, using
an LNI measure in which the state of birth is defined as “local,” I study the naming pattern of children
in families that migrated to counties with varying degrees of soil heterogeneity, born before and after
their family had moved.
I document a decrease in communal identification among farmers that moved to soil-heterogeneous
counties, relative to farmers that moved to soil-homogeneous counties, with no impact across nonfarmers migrating to the same locations. The LNI of children born to farmers after they had moved to
a county with a complete soil heterogeneity decreased by 3.25 (p − v al ue < 0.001) points, relative to
the change in the LNI of farmers’ children born after a move to a soil-homogeneous county. Importantly, there are no differences in the levels of children’s LNI born before the move across families that
migrated to different soil heterogeneity environments. This lack of pre-trends suggests that there was
no selective migration on prior levels of communal identification. When I study non-farmers’ naming
patterns I find a similar lack of pre-trend, but also a lack of differences after the move. The causal
impact of soil heterogeneity on the culture of farmers along with a null impact on that of non-farmer
provides strong support to the social learning hypothesis. Similar to the correlational evidence above,
this pattern substantially reduces the likelihood that the relationship between soil heterogeneity and
close-knit communities is explained by channels different than an impact on farmers’ attributes and
social ties.
Related Literature. Considerable research across the social sciences focused on the cultural, psychological, moral, and political differences between close-knit versus loose-knit social structures. Often
referred to as the most fundamental difference across cultures, this cleavage has been referenced to
in the literature by different terms, such as “Individualism” versus “Collectivism” (Hofstede et al.,
2010; Triandis, 1995), “Independence” versus “Interdependence” (Markus and Kitayama, 1991), and
“Autonomy” versus “Embededdness” (Schwartz, 1994). While the vast majority of the literature had
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focused on documenting the cleavage and studying its effects, a smaller literature explored its historical
roots.
According to the influential evolutionary approach to culture (Boyd and Richerson, 1988), the two
cultural syndromes may have been chosen by different societies because each of them may be a successful strategy in a particular environment. Past work provided empirical evidence supporting an
ample of different hypotheses regarding certain aspects of the environment that may be conducive
to either a close-knit or a loose-knit social structure, including the in-group cooperation hypothesis
(Talhelm et al., 2014; Buggle, 2018; Ang, 2019), the modernization hypothesis (Greenfield, 2009), the
pathogen prevalence hypothesis (Fincher et al., 2008), and the voluntary-settlement hypothesis (Turner,
1921; Kitayama et al., 2006; Varnum and Kitayama, 2011; Bazzi et al., 2020; Beck-Knudsen, 2019)
or the more general residential mobility hypothesis (Oishi et al., 2007, 2009). This paper contributes
to this interdisciplinary literature by advancing the “Social Learning Hypothesis” as another potential
cause. Although this hypothesis was put forth by the historian Fred Shannon 75 years ago, it received
very little attention in the literature that followed. This is the first paper to provide causal evidence
supporting it.
Apart from Shannon’s historical writing, the only other existing research I am aware of that points
to social versus individual learning as a possible explanation for close-knit versus loose-knit social
structure is Chang et al. (2011), which argues that East–West cultural differences resulted from differential use of social versus individual learning in response to differences in the degree of stability of
the environment over time. However this study focus on environmental variability over time, and not
across space,1 and does not provide any causal evidence or even direct correlational evidence. Other
studies in social psychology have also associated social learning with a close-knit social structure, but
they seem to think of causality as running from culture to social learning, and not the other way around
(Yaveroglu and Donthu, 2002; Mesoudi et al., 2015).
The findings of this paper speak more generally to two areas of research- a literature on the historical roots of culture, cultural persistence and cultural change (e.g. Bisin and Verdier, 2001; Nunn and
Wantchekon, 2011; Alesina et al., 2013; Galor and Özak, 2016; Abramitzky et al., 2020; Giuliano and
Nunn, 2020), and the broad literature about the individualism-collectivism cleavage in social psychology (Hofstede et al., 2010; Markus and Kitayama, 1991; Triandis, 1995) and in economics (Bazzi et
al., 2020; Beck-Knudsen, 2019; Buggle, 2018; Gorodnichenko and Roland, 2011, 2017, 2015; Enke,
2019, 2020).
This study also adds to a growing empirical literature that has emerged in recent years focusing on the
impact of farmers’ settlement of the U.S. on local long-run culture and economic development (Bazzi
1 From

this prospective, this study is more closely related to the hypothesis advanced by Giuliano and Nunn (2020).
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et al., 2020; Fiszbein, 2019; Raz, 2018; Mattheis and Raz, 2019; Smith, 2019). Although each line of
research focuses on different aspects of the farmers’ settlement, each provides supporting evidence for
how formative was the period of westward expansion and how persistent are its impacts.
Finally, this paper also ties into the large literature in economics on social learning, and in particular
on social learning in agriculture (Griliches, 1957; Besley and Case, 1994; Foster and Rosenzweig,
1995; Conley and Udry, 2010) and on heterogeneity and social learning (Ellison and Fudenberg, 1993;
Munshi, 2004; Yamauchi, 2007). To the best of my knowledge, this is the first paper to study the effects
of social learning on culture.
Outline. The paper proceeds as follows. Section 2 defines key concepts and lays out a conceptual
framework. Section 3 establishes a historical association between soil heterogeneity and close-knit
communities. Section 4 establishes and discuss persistence of this association, while section 5 provides
causal evidence on its formation. Section 6 offers concluding remarks.

2

Definitions, Conceptual Framework and Research Hypotheses

This section defines two key term– “Close-knit Communities” and “Soil Heterogenity”, lays out a
conceptual framework for thinking about the association between them, and states testable research
hypotheses.

2.1

“Close-knit Communities”

Considerable research across the social sciences focused on a fundamental cleavage across cultures: in
some cultures, social networks are close-knit and individuals are interdependent within their in-group.
Their self-definition is tied to the in-group and their relationships with others, they tend to prioritize the
goals of their in-group, pay attention to group memberships in determining their social relationships,
and their behavior is largely shaped by in-group norms. In others, social networks are loose-knit.
Individuals are autonomous and independent, they prioritize their personal goals over the group, and
shape their behavior and relationships with others based on personal attributes.
This cultural divide is often referred to by different terms, such as “Individualism” versus “Collectivism” (Hofstede et al., 2010; Triandis, 1995), “Independence” versus “Interdependence” (Markus
and Kitayama, 1991), and “Autonomy” versus “Embededdness” (Schwartz, 1994).2 , 3 While those
2 And recently

in the economic literature, focusing on moral values, “Universalism” versus “Communalism” (Enke, 2020).
to describe differences in personality attributes among individuals within cultures, “Idiocentrism” versus “Allocentrism” (Triandis, 1995, 2001).

3 Or
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terms may be used to highlight different aspects of social life and do not only constitute differences in
terminology, by-and-large they capture the same fundamental cultural cleavage. Although this cultural
cleavage is often associated with the differences between the West and East Asia, in fact differences
can exist even within much smaller geographies. Significant differences were documented across regions within a country (Vandello and Cohen, 1999; Varnum and Kitayama, 2011; Talhelm et al., 2014;
Bazzi et al., 2020). Moreover, individuals within the same culture may exert more or less individualist
(or collectivist) personal attributes (Triandis, 2001; Graham et al., 2009; Enke, 2020).
This paper focuses on cultural differences across communities within the U.S. I adopt the terminology “Loose-knit Communities” versus “Close-knit Communities” to make this focus salient. By this
I mean the extent to which communities within the U.S. are characterized by close-knit social networks, their members are interdependent, and the community constitutes an important component of
individuals’ self-definition.

2.2

Soil Heterogeneity

Soil is a naturally occurring mixture of minerals, organic ingredients, liquid, and gases, with a definite
form, structure, and composition, resulting from a unique combination of parent material, climate,
living organisms, landscape position and time. It is characterized by distinguishable layers, formally
referred to as “horizons,” that resulted from natural processes such as additions of materials, losses,
transfers, and transformations of energy and matter. The nature of a soil depends on all of its layers,
and many of its properties can not be determined from the surface alone. This implies two important
facts: first, significant differences in soil properties can exist even within short distances. Second, most
people are unaware of those differences (Soil Survey Staff, 1999; Soil Survey Staff, 2017a).
The multidimensional characteristics of soil are continuously varying across space. This poses a
challenge for the classification of soils. Soil scientists’ solution to the problem was a practical one
- soil taxonomy was designed to facilitate “predictions of the consequences of specific uses of soils,
commonly in terms of plant growth under specified systems of management but also in terms of engineering soil behavior after a given manipulation” (Soil Survey Staff, 1999, p. 18). Therefore, the
properties that differentiate taxa are the ones that are most important for that purpose. This makes
soil taxonomy particularly useful for this study, as it implies that two plots of land that are different in
terms of optimal farming practices will be differentiated to different taxonomic classifications. Moreover, differentiating properties are generally not affected by cultivation or similar human activities.4
4 “[...]

the differentiate keep an undisturbed soil and its cultivated or otherwise human-modified equivalents in the same
taxon insofar as possible. Changes produced by a single or repeated plowing that mixes the surface soil to a depth of 18 to
25 cm (7 to 10 in), for example, have the least possible effect on the placement of a soil in soil taxonomy. Truncation by
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This fact is important from a research design point of view, as it significantly alleviates concerns of the
endogeneity of modern-day soil classification to a particular history of human farming practices.
I use detailed geo-referenced soil data from the Digital General Soil Map of the United States
(STATSGO2) (Soil Survey Staff, 2017b) to construct a county-level “Soil Heterogeneity Index” (SHI),
which captures the average dissimilarity of soil across neighboring farmers in the county. Specifically,
the index ranges from 0 − 1 and measures the average probability that a given location in the county
has different soil properties than a randomly selected location close-by. See Appendix D.1 for more
details on the construction of the SHI.
Figure 1 plots the county-level SHI for counties in the contiguous U.S. in 2000, after partialling out
state fixed effects.5 , 6 A darker color implies a higher soil heterogeneity. The figure makes clear that
the degree of local social heterogeneity is not uniform across the country. Importantly, there is also
substantial variation in SHI within states, which is the variation that will be exploited in the preferred
specifications of the empirical analysis below (sections 3 - 4).

2.3

Soil Heterogeneity, Social Learning, and Culture

American farmers that settled the frontier had to adapt to new and unfamiliar environments. Their
transitional practices were often meet with failures. To succeed they had to be dynamic and innovative
(Shannon, 1945; Olmstead and Rhode, 2008, 2011). However, according to the historian Fred Shannon
(1945), the high degree of soil heterogeneity in the U.S. limited their ability to learn from the experience
of their neighbors. Farmers often tried to follow the guidance of local agricultural society or imitate
the agricultural practices of successful farmers in the area, failing to appreciate the fact that their
plots different soil characteristics, and “got worse crops than before” (p. 4). Their inability to rely
on social learning forced them to rely instead only on themselves, which fostered their “traditional
individualism”.
Unfortunately, Shannon did not discuss the explicit channel through which limit social learning
strengthen farmers’ “individualism.” I consider two main plausible channels. First, in an environment
of low soil heterogeneity, social interactions were useful since they had the potential of increasing
erosion does not change the classification of a soil until horizons or diagnostic features important to the use or identification
of the soil have been lost. Consequently, insofar as possible, the diagnostic horizons and features should be those below
the part of the soil affected by human activities. However, significant changes in the nature of the soil by humans cannot
be ignored” (Soil Survey Staff, 1999, p. 16).
5 I present the figure after partialling out state fixed effects since the underlying soil surveys tend to very by state. For the
same reason, I also include state fixed effects in my preferred empirical specification.
6 While the underlying soil data is assumed to be time-invariant in the empirical analysis in this paper, county boundaries
changed over the years, therefore leading to different county-level SHI data for different years.
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farmers’ output through social learning. It thus seems plausible that in such environments farmers
were more likely to invest in social relationships with their neighbors. Over time this would contribute
to the development of a close-knit community and a high degree of communal interdependence.
A related channel involve an impact on personal attributes rather than incentives to investment in
social relationship. In an environment where social learning is relatively more effective due to low soil
heterogeneity, individuals’ may eventually come to place greater value on the actions of others. This
channel is similar to the hypothesis advanced by Giuliano and Nunn (2020), that the stability of the
environment across generations makes it more likely that past-traditions will be optimal for the current
generation. Individuals will therefore place greater value on tradition, and cultural persistence will
be greater. The second channel is a horizontal version of the same logic, applied within a generation
across members of the community rather than across generations, with the “interdependent-self,” who
is attentive to others (Markus and Kitayama, 1991), serving as an analog to the “traditionalist.”7
Soil heterogeneity may also strengthen “traditional individualism” regardless of social learning. A
third related channel focus on the heterogeneity of actions. In a relativity homogeneous soil environment, the variance in the actual farming practices was likely to be lower. Put simply, farmers in such
regions were more likely to be all growing the same crops, at the same time, using the same inputs and
techniques. This is likely to hold simply because the optimal practices would be more homogeneous,
and would thus hold regardless of whether farmers learned them individually or socially. Over time,
this could have contributed to the development of a “tight” culture which places a strong emphasis on
norms. Tight cultures tend to be collectivist and their members tend to be interdependent (Triandis,
1995, 2001).
All three channels generate the same prediction regarding the impact of soil heterogeneity on the
formation of close-knit communities with interdependent members. Since I can not directly observe
social learning or investment in social relationships, I am unable to empirically disentangle those three
channels.8 It may very well be that all three channels have some merit. Yet the first two channels
seem to most closely match Shannon’s line of thought, and therefore, also constitute the preferred
interpretation advanced by this paper. I refer to the combination of the two channels as the “Social
Learning Hypothesis”.
7 There

is also a parallel to be drawn between the those two channels, that focus on social learning, and the hypothesis
that in-groups cooperation more generally contributes to the development of a collectivist culture (Talhelm et al., 2014;
Buggle, 2018). In some sense, knowledge sharing is a form of cooperation. However, even under this interpretation, it is
important to note that social learning is a much more limited form of cooperation. American farmers generally did not
collaborate working on the same plot, and social learning did not require them to spend a significant share of their working
time with others.
8 However in the empirical analysis below I present some suggestive evidence that specifically support social learning as
the channel.
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The social learning hypothesis can be reformulated in terms of relative soil heterogeneity to generate
the following testable prediction:
Prediction 1 (Close-knit Communities)
Communities located in a higher soil heterogeneity environment are less likely to have close-knit social
networks with interdependent members.
In theory, there could be other channels that may relate soil heterogeneity to close-knit communities
but generate different predictions. One channel that seems particularly plausible ex-ante, is that in an
environment of high soil heterogeneity there might be a greater scope for farmers to co-insure against
adverse agricultural shocks. This is because different soil types imply a different level of exposure to a
variety of agricultural shocks (e.g., flooding or crop-specific shocks). Note, however, that according to
this channel farmers in a soil-heterogeneous location stand to benefit more from local cooperation and
stronger social ties, relative to farmers in a soil-homogeneous location. Providing empirical support
for Prediction 1, therefore, disputes the importance of this channel.
There could also be other potential channels by which soil heterogeneity might impact the formation of close-knit communities that do not involve farmers’ attributes or their social engagement in
particular. For example, local soil heterogeneity is likely to cause local agricultural diversity, which
was found to foster industrialization and innovation (Fiszbein, 2019). More broadly, soil heterogeneity
might have a direct impact on non-agricultural production, trade cost, or construction costs,9 and therefore modernization of the economy. This, in turn, may impact the formation of close-knit communities
(Greenfield, 2009). Another confounding channel may be settlers’ diversity. If settlers were seeking
and able to locate environments with similar properties as the one they were familiar with back home,
higher local soil heterogeneity might cause a higher degree of birthplace diversity, as different soils
may attract settlers from different locations. This in turn might result in a loose-knit social structure. If
such confounding channels hold merit, then Prediction 1 may be validated by the data even if the social
learning hypothesis is false. The following testable prediction would allow to assess the plausibility of
such channels:
Prediction 2 (Soil Heterogeneity Only Impact Farmers)
Soil heterogeneity should only directly impact the attributes and communal ties of farmers.
9 That

is, after controlling for other geo-climatic characteristics.
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3

The Historical Association of Soil Heterogeneity and Culture

This section studies the historical association between soil heterogeneity and culture. I discuss and
validate a proxy measurement of close-knit communities in historical data, present the estimation
framework, and document a robust negative association between local soil heterogeneity and closeknit communities. I also provide suggestive evidence supporting a social learning interpretation of this
association, and document similar findings using other proxy measures of close-knit social structure.

3.1

Measuring the Strength of Communal Ties in Census Data

A fundamental challenge in studying the historical impact of soil heterogeneity on the strength of
communal ties is the lack of systematic historical data on the later. The premise of this paper is that the
degree to which local social networks are close-knit can be inferred from children naming patterns.10
Research in social psychology documented that individual members of close-knit social networks tend
to define themselves with reference to groups. The foundational study of Hofstede et al. (2010) notes
that individualism versus collectivism is “reflected in whether people’s self-image is defined in terms
of ’I’ or ’we’.” The seminal work by Markus and Kitayama (1991) argues that the importance of
relationships with others in individual’s self-definition is the most significant difference between closeknit and loose-knit social structures.11 The influational research by Triandis (1995) similarly identifies
the definition of the self as a central defining attribute of individualism versus collectivism. Triandis
et al. (1990) provides empirical support for the use of the centrality of social groups in individuals’
self-identity as a proxy for close-knit social networks.12
My approach builds on this line of thought and uses the degree of communal identification to proxy
for a close-knit social structure. I use children naming patterns to measure the extent to which parents identify with the local community. This follows a rich literature that uses first names to identify
cultural tendencies in historical data. It relies on the assumption that names contain a deep cultural
component since parents choose children’s first names that reflects their own cultural identity, believes,
and preferences. In economics, naming patterns have been used to measure parental desire to identify
10 In

section 3.5, I present two alternative measures, one that focuses on religious diversity and another that focuses on the
strength of ties within the family.
11 “The most significant differences between these two construals [independent and interdependent] is in the role that is
assigned to the other in self-definition. [...] for the interdependent self, others are included within the boundaries of the self
because relations with others in specific contexts are the defining features of the self. [...] With an independent construal
of the self, others are less centrally implicated in one’s current self-definition or identity” (Markus and Kitayama, 1991,
p. 245-246).
12 In Triandis et al. (1990), individuals across different cultures are asked to respond to the “I am ...” question. The
percentage of responses that were linked to a social group (e.g. family, religion or location) was found to be positively
correlated with collectivism.
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with a racial group (Fryer and Levitt, 2004), an ethnic group (Fouka, 2019), the nation (Abramitzky et
al., 2020; Russo, 2019), and socioeconomic status Olivetti and Paserman (2015), as well as to measure
parental taste for uniqueness versus fitting-in (Bazzi et al., 2020; Beck-Knudsen, 2019).
To measure a first name’s communal identification content, I follow Fryer and Levitt (2004) and
construct a “Local Name Index" (LNI) using children’s first names in the full count census data between
1850-1940 (Ruggles et al., 2020; Minnesota Population Center, 2019).13 , 14 The LNI is defined as
LN I f i r st

name,l ,g ,t

= 100 ×

P r ( f i r st name|l , g , t )
P r ( f i r st name|l , s, t ) + P r ( f i r st name| − l , g , t )

(1)

where l is the geographical level defined as “local” - the contemporaneous county or state, g is
the child’s gender, and t is the census year. The index has an intuitive interpretation– it captures the
probability that a name is given to a local child relative to a child in different locations in the U.S.
It ranges from 0 to 100, where a value of 100 reflects a distinctively local name and a value of zero
reflects a distinctively “outsider’s” name.15 Note that the LNI is invariant to the size of the population
in different localities and to the general popularity of a given name. My main interest is in an LNI
measure where “local” is defined as the county, but results are similar when local is defined as the
state.
To get some intuition for the LNI measure, consider the following example. In 1940, about 0.49%
of boys in the U.S. were named “Billie”.16 However, there was substantial regional variation in the
popularity of the name. In Arkansas, about 2.03% of boys were given that name, while in Massachusetts
only about 0.0005%. Those striking regional differences in the popularity of the name “Billie” meant
that the name caries information regarding the likely state of birth. Put differently, naming their child
“Billie’ was a good way for parents in Arkansas to signal their group identity.17 As a result, a “Billie”
in Arkansas is assigned with a high LNI of 81.42, reflecting a name that is highly local to the state, but
13 Fouka

(2019) and Abramitzky et al. (2020) uses the same procedure to construct a “German Name Index” and a “Foreignness Index”, respectively.
14 1850 is the first year in which first names were recorded. 1940 is the last year for which full count data is available. Data
is unavailable for 1890.
15 In constructing the LNI, I follow Bazzi et al. (2020) and restrict the baseline sample to white native-born children between
the age of 0 to 10 with native-born parents to remove variation in naming patterns that are associated with demographic
rather than culture. Results are robust to variation in the sample selection.
16 That is, they appear in census records as “Billie.” Their official name may very well be “William.” I am agnostic to this
question, as communal identification is likely, and arguably, more likely, to present itself also in the name that is used in
practice in social contexts rather than only in names that appear in formal records.
17 More generally, “Billie” is a good “Southern name”.
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a very low LNI of 0.11 in Massachusetts.18 , 19
Figure 2 plots the county-level LNI for the contiguous U.S. in 1940. Darker colors imply a higher
LNI. Clear non-random spatial cultural patterns emerge from the map. The Northeast, the “rust belt”
and the West Coast tend to have a low LNI, reflecting loose-knit social networks, while the south, the
“wheat belt” and areas with a high fraction of Mormons (Utah and parts of Nevada and Idaho) tend
to have a high LNI, reflecting close-knit social networks. Moreover, within states, counties that are
home to large cities (e.g., Fulton County, Georgia, where Atlanta is located) tend to exhibit weaker
communal ties than other counties in the state.
I validate the LNI as a measure of close-knit communities using contemporary measures of communal values from Enke (2020), which relates communal values and voting patterns. Table 1 presents the
results. I find that higher LNI in 1940 (the latest year for which I have data) correlates with a higher
contemporary relative importance of communal values (columns 1-2), higher vote share for Trump in
2016 (columns 3-4), and a higher 2016 Trump vote share relative to previous Republican presidential candidates (columns 5-6). Those results provide important validation for the LNI. Moreover, they
suggest that differences in the degree to which communities are close-knit are persistent.

3.2

The Estimation Framework

I study the relationship between soil heterogeneity and local culture with the following estimation
framework:
Cul t ur e ct = βSoi l Het er og enei t y c + θs(c)t + X c Γ + ²ct

(2)

where Cul t ur e ct is a cultural outcome of interest in county c in year t , θs(c)t is a state-by-year
fixed effect, and X c is a vector of time-invariant geo-climatic controls, which includes in the baseline
specification average temperature, average precipitation, average slope, average elevation, average ab18 The

name “Billie” presents similar spatial patterns for girls, with an LNI of 77.09 in Arkansas and 2.43 in Massachusetts.
A similar pattern also exists using the name "Billy" for boys, with an LNI of 75.74 in Arkansas and 1.09 in Massachusetts.
19 It is important to note that the LNI is designed to capture a different variation than measures of first name commonness
used in Bazzi et al. (2020) and Beck-Knudsen (2019). The LNI is destined to capture the group identity component
in a name, while name commonness is design to capture a desire to fit-in versus standing out. The reason the two
might generate different patterns, is that a relatively uncommon name might sometimes actually reflect a desire to signal
identification with a particular group rather than a desire to stand out (i.e. and not identify with any group). As a result,
even when a name commonness measure is defined over the local geography rather than the national level the LNI and a
measure of first name commonness might result in different patterns. For example, only about 0.003% of boys in the U.S.
were named “Waytt” in 1940, implying an uncommon name. The name was quite uncommon even in Alabama- the state
with the highest share- 0.015%. Yet the name was relatively much more common in Alabama than outside of it, leading
to a high LNI of 85.45 in Alabama, much higher than the lowest LNI of 5.30 in Pennsylvania.
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solute agricultural productivity, flow accumulation, and river density. I also include a smooth control
for location with a second-order polynomial in latitude and longitude, which absorbs all omitted geoclimatic characteristics that change smoothly across space. β is the coefficient of interest, representing
the relationship between the degree of local soil heterogeneity and the cultural outcome of interest.
I cluster observations at arbitrary grid-cells to account for spatial auto-correlation, as proposed by
Bester et al. (2011). This approach is considerably less computationally demanding in large samples
compared to Conley (1999) spatial standard errors. The baseline specification uses a grid size of
100 square miles, but results are robust to using grid-cells of difference sizes, as well as other (nonarbitrary) clusters.

3.3

Main Result: Communal Identity

I find a robust negative relationship between soil heterogeneity and the strength of communal identity,
proxying for close-knit communities more generally. Table 2 reports the estimates of equation 2 when
the dependent variable is the county-level LNI in which “local” is defined as the county, for four
different specifications. Across all specification I find that soil heterogeneity decreases the strength of
communal identification, thereby providing empirical support to Prediction 1.
The specification in column 1 does not include any controls. It suggests that an increase from a
complete soil homogeneity (SHI = 0) to a complete soil heterogeneity (SHI = 1) is associated with a
decrease of about 4.52 (p − v al ue < 0.001) points in children’s LNI. Columns 2-4 add controls to
address omitted variable bias concerns. In all columns, there is a large increase in R 2 relative to a
modest change in β, which results in |δ| > 1 and suggests that selection on unobservables is unlikely to
drive this association (Oster, 2019). The specification in column 2 includes state-by-year fixed effects.
The association between soil heterogeneity and children’s LNI is stronger relative to column 1, as
the point estimate decreases to about −5.51 (p − v al ue < 0.001) points. When I add observable geoclimatic controls in column 3, the point estimate drops to −2.91 (p −v al ue < 0.001). The specification
in column 4, which controls both for observable and unobserved geo-climatic characteristics, is my
preferred one. It suggests that children’s LNI is about 2.49 (p − v al ue < 0.001) points lower in
counties with complete soil heterogeneity relative to counties with complete soil homogeneity.
Robustness Checks. I document high robustness of the finding in Table 2. Appendix Figure C.1 documents robustness to alternative ways to account for spatial auto-correlation in the data for inference.
In all the alternatives I consider β from equation 2 is estimated with a high level of precision.
The result is also robust to alternative ways to compute the LNI in practice. Appendix Table C.1
documents that the result holds when I: (i) also include in the sample children with foreign-born parents
14

(column 2), (ii) also include in the sample children with native-born parents of all races (column 3), (iii)
include in the sample children of all races and any parental birthplace (column 4), (iv) only include in
the sample names that are observed at least 100 times nationally, to filter-out variation resulting from
unique spelling or transcription errors (column 5), and (v) define “local” as the state instead of the
county (column 6).
Finally, the finding is robust to different ways of defining the SHI. Appendix Table C.2 reports results
using alternative distances in the calculation of the SHI. The baseline SHI definition uses half of the
mean county size as a benchmark for the area considered of the heterogeneity calculation (column 1),20
however estimates are stable when I use smaller areas (columns 2-4) or larger areas (columns 5-7).

3.4

A Social Learning Story - Suggestive Evidence

The results thus far document a robust reduced-form relationship between soil heterogeneity and a
strong communal identity, but they do not explicitly point to social learning and farmers’ social dependence as the key channel. This section provides suggestive evidence supporting the social learning
hypothesis as the explanation for the reduced-form association.
3.4.1

Soil Heterogeneity Only Matters for Agriculture

I provide suggestive evidence that soil heterogeneity’s impact on culture is rooted in farmer’s attitudes
and social ties. The results below demonstrate that soil heterogeneity is associated with culture even
holding the share of farmers fixed, that soil heterogeneity does not matter at all for culture if no one is
engaged in agriculture, and that it matters more the higher the share of farmers. An important caveat
for this empirical exercise is that the share of individuals that are engaged in agriculture is potentially
a “bad control”, especially over a long period, since it might be endogenous to soil heterogeneity.
Therefore, estimates from this exercise should not be given a causal interpretation. Instead, they are
only meant to provide suggestive evidence regarding likely (or unlikely) channels.
I report the results in Table 3. Column 1 reports my preferred specification for estimating the association between the SHI and the LNI (also in Table 2, column 4). In column 2, I add to the RHS
of equation 2 the share of children in-sample that are from farmers’ families.21 Holding the overall
share of farming in the county fixed, the estimate of β is slightly lower than in Table 2, but the negative
association between soil heterogeneity and close-knit social networks remains significant. Importantly,
this result implies that the association does not simply operate through an impact on manufacturing and
20 See

Appendix D.1 for details on the construction of the SHI.
that what matters here is not the share of farmers per se, but the share of parents that are farmers.

21 Note
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urbanization (Fiszbein, 2019).
In column 3, I also add the interaction between soil heterogeneity and the share of farmers. The
results suggest that, first, the main effect of soil heterogeneity is insignificant, implying that soil heterogeneity is not associated with culture when there is no agricultural activity in the county. This
result is reassuring, since if soil heterogeneity only affects culture through farmers’ social learning, but
no one is engaged in agriculture, soil heterogeneity should not matter for culture. Second, the main
effect of the share engaged in agriculture is positive and significant, implying a strong (non-causal)
association between the share of farmers in a county and close-knit social networks. This matches the
previous findings in the literature, which documented an association between urbanization and individualism (Enke, 2020; Triandis et al., 1990; Vandello and Cohen, 1999). Third, the interaction term is
negative and significant, suggesting that soil heterogeneity matters more for culture the more agricultural a county is. This is exactly what we should expect to find if indeed the channel is an impact on
farmer’s social ties. For the median share of farmers in the sample (40%), an increase from a complete
soil homogeneity to a complete soil heterogeneity is associated with about 5.02 × 0.40 = 2.01 points
decrease in the LNI.
Although not causally identified, those results provide empirical support to Prediction 2 and are
highly suggestive of an association between soil heterogeneity and culture that operates through an
impact on farmers’ attributes and social ties.
3.4.2

Soil Heterogeneity and Agricultural Diversity

According to Shannon’s social learning hypothesis, in areas of low soil heterogeneity the optimal farming practices were did not vary across space, which implied that farmers could learn from each other,
and their actions quickly converged to the optimum. In areas of high soil heterogeneity, on the other
hand, the optimal agricultural practices were highly location specific, and farmers had to individually
learn their unique optimum. While an association between local soil heterogeneity and agricultural
diversity does not rule out other explanations (see section 2), it is necessary for the social learning
hypothesis. In this section I therefore document the relationship between local soil heterogeneity and
agriculture diversity.
Using county-level data on the number of acres used in the production of different agricultural products for the years 1880-1935 (Manson et al., 2020), I calculate an agricultural diversity index defined
as one minus the the Herfindahl–Hirschman Index.22 The agricultural diversity index measures the
probability that two randomly drawn acres used in farms in a county are used to grow different agricul22 See

Appendix D.5 for details on the construction of the index.
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tural products. Intuitively, the index is meant to capture the degree to which farmers in the county are
cultivating the same agricultural products. An important caveat is that due to the aggregated nature of
the data, the diversity captured by the index could be a diversity across acres within a farm rather than
diversity across farmers in the county.
Using equation 2, I estimate the association between soil heterogeneity and agricultural diversity.
Table 4 reports the results. Across all columns, I find that soil heterogeneity increased agricultural
diversity. Depending on the controls includes in the analysis, I find that an increase from SHI = 0 to
SHI = 1 increases agricultural diversity by 0.542 to 0.828 standard deviations. This result is reassuring,
suggesting that the scope for social learning in a county with a high degree of local soil heterogeneity
may have been limited.
3.4.3

Soil Heterogeneity Lowers the Rate of Adoption of New Technology

I also provide suggestive evidence that soil heterogeneity limited the scope of farmers’ social learning.
I do so by documenting a negative reduced-from association between local soil heterogeneity and the
rate of adoption of fertilizers. I use county-level data on the number of farms reporting expenditures
on fertilizers for the years 1910-1930 (Manson et al., 2020) to calculate the rate of fertilizers adoption,
defined as the growth of the share of farms using fertilizers out of the total number of farms.
Using equation 2, I estimate the association between local soil heterogeneity and the rate of fertilizer adoption. I report the results in Table 5. Across all columns, I find that local soil heterogeneity
decreased the growth rate of the share of farms using fertilizers. Depending on the empirical specification, I find that an increase from a complete soil homogeneity to a complete soil heterogeneity
decreases the rate of adoption by 0.526 to 0.223 standard deviations. Columns 1-4 are parallel to the
columns in Tables 2 and 4, and demonstrate that the result is robust to the inclusion of fixed effects and
geo-climatic controls. Column 5 demonstrates that the higher rate of adoption is not explained by a
concave adoption function and a lower starting level of adoption. The parameter δ suggested by Oster
(2019) is larger from 1 (in absolute value) for all columns 2-5, which suggests that the association between local soil heterogeneity and a lower rate of new technology adoption is unlikely to be explained
by an omitted variable bias. The negative association between local soil heterogeneity and the rate of
fertilizers adoption is consistent with soil heterogeneity limiting farmers’ scope for social learning.
3.4.4

Confounding Channels

Finally, I provide evidence suggesting that the impact of soil heterogeneity on close-knit communities
did not operate through two confounding channels: agricultural inequality and birthplace diversity of
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settlers.
First, it is theoretically possible that a higher degree of local soil heterogeneity will contribute to
a higher degree of agricultural inequality due to a higher variation in the agricultural productivity of
land. A higher degree of agricultural inequality could, in turn, weaken communal ties and result in a
loose-knit social structure.
Second, if settlers were trying to find locations that resembled the agricultural conditions they were
familiar with back home, it may be the case that a higher degree of soil heterogeneity will cause a
higher degree of birthplace diversity, as different soils may attract settlers from different locations.
This in turn might result in a loose-knit social structure. A central consideration working against this
story is the fact that soil properties that differentiate soil into different taxonomic classifications can
not be determined from the surface alone, and therefore, are not likely to generate a strong selection.
Yet this possibility is nevertheless worth exploring.
I test both those possibilities in Table 6 by directly controlling for contemporary birthplace diversity
and agricultural inequality, as measured by the Gini coefficient for the distribution of farms’ size. As
in section 3.4.1 above, those variables are “bad control,” as the entire point of this exercise is that they
might be endogenous to soil heterogeneity. Therefore, the estimates in columns 2-4 of Table 6 should
not be given a causal interpretation. They only serve to provide suggestive evidence on channels.
Column 1 reports the result from my baseline specification of equation 2 (also in Table 2, column
4). Column 2 adds to the estimation equation the Gini coefficient for the distribution of farms’ size.23
The (non-causal) relationship between agricultural inequality and close-knit communities is negative,
as expected. However, there is little impact on the estimate of β. The point estimate of β slightly drops
(in absolute value) relative to that in column 1, but the difference is insignificant and the estimate of
β remains both economically and statistically significant. This suggests that agricultural inequality is
not a main driver of the negative association between soil heterogeneity and close-knit communities.
Column 3 reports similar patterns with regards to birthplace diversity, suggesting that it too is unlikely
to be a main driver of the association between soil heterogeneity and close-knit communities. Finally,
column 4 adds to the estimation equation both of the confounding factors. While the change in the
point estimate of β relative to the baseline specification is slightly larger in this case, the difference is
still insignificant, and here too the estimate of β remains both economically and statistically significant.
Those findings suggest that while these two confounding channels may hold some merit, they are far
from being a central part of the story.
23 Data

on the distribution of farms’ size does not exist for 1850. Therefore the analysis in columns 2 and 4 is carried out
over a smaller sample of 1860-1940.
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3.5

Alternative Measures

In this section I document that the relationship between local soil heterogeneity and close-knit social
structure holds more generally, by using two different proxies for close-knit social structure - religious
diversity and the strength of family ties.
3.5.1

Religious Diversity

I use county-level data on the number of members of religious institutions by denomination between
1850-1926 (Manson et al., 2020) to construct a county-level “Religious Diversity Index” (RDI), defined as one minus the Herfindahl–Hirschman Index.24 The index measures the probability that two
randomly drawn individuals from the population of members of religious institutions in a county belong to a different denomination. Intuitively, the index captures the degree to which multiple cultural
(religious) identities exist within a community in a given year. An important caveat is that the diversity captured by the index could be diversity across different communities within a county rather than
diversity within communities in the county.
I study the relationship between soil heterogeneity and the RDI using equation 2. Appendix A
presents the spatial variation in the RDI and reports the key results. I find that an increase in soil heterogeneity is associated with an increase of religious diversity. Appendix C.3 documents the robustness
of the results to alternative ways to account for spatial auto-correlation and alternative definitions of
the SHI.
3.5.2

The Strength of Family Ties

While my main interest is in the effect of soil heterogeneity on the formation of communities with
close-knit social networks, it seems plausible that the impact of soil heterogeneity on personality
extended more broadly to other forms of social relationships and other in-groups. To explore this
possibility, I use data on family structure and the choice of living arrangements from the full count
census data between 1860-1940 to construct a county-level measure of the “Strength of Family Ties”
(SFT).25 , 26 Research in social psychology identified family ties as a key factor that correlates with collectivism across cultures (Triandis et al., 1990; Triandis, 2001; Vandello and Cohen, 1999). Similarly,
in economics, strong family ties have been shown to correlate with many attributes that are associated
with close-knit social networks and interdependence more broadly, such as lower geographical mobil24 See

Appendix D.4 for details on the construction of the RDI.
is excluded because information regarding marital status was not recorded.
26 See Appendix D.3 for details on the construction of the SFT.
25 1850
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ity, generalized trust, and adverse attitudes toward changes (Alesina and Giuliano, 2010, 2011, 2014;
Alesina et al., 2015). SFT has the advantage that, like naming patterns, it is observable in historical
census data.
I study the relationship between soil heterogeneity and the SFT using equation 2. Appendix B
presents the spatial variation in the SFT and reports the key results. I find that an increase in soil
heterogeneity weakens family ties, which is consistent with a negative impact of soil heterogeneity on
interdependence more generally. One possibility is that the impact of soil heterogeneity on culture and
personality originated with communal ties, but eventually extended to other forms of social relationships and other in-groups. Appendix C.4 documents the robustness of the result to alternative ways to
account for spatial auto-correlation and alternative definitions of the SHI.

4

Persistence and Long-Run Impact

After documenting a reduced form relationship between soil heterogeneity and close-knit communities,
in this section I study the long-run impact of soil heterogeneity on close-knit social structure. I show
that while the historical association between soil heterogeneity and close-knit communities weakens
over time, soil heterogeneity is still associated with a lower importance of communal moral values.

4.1

Soil Heterogeneity and Communal Identity, Year-by-Year

The results presented in section 3 studied the association between soil heterogeneity and identification
with the local community polling together 1850-1940 in a panel specification. In Table 7, I report
results on the association year-by-year instead. The sign on the estimate of β is always negative, and
it is statistically significant in almost every period when estimated separately (columns 1-9). However,
the strength of the association seems to be weakening over time. The point estimate drops from −4.98
(p − v al ue < 0.001) in 1850 (column 1) to −1.00 (p − v al ue = 0.218) in 1940 (column 9). Importantly, this pattern is not the result of the change in sample that results from the continuing westward
expansion.27 The decline in magnitude over the years is consistent with soil heterogeneity mattering
more in early periods, in which farmers were migrating to new and unfamiliar locations and new communities were forming, and slowly decaying over time. It is also consistent with soil heterogeneity
mattering less as the economy was slowly transitioning out of agriculture.
27 In

fact, this pattern is even stronger when I fix the states in sample to the states that existed in 1850.
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4.2

The Long-Run

I use contemporary data on individuals’ morality to study the long-run impact of soil heterogeneity.
The psychologist Haidt (2008) distinguished between two main cultural approaches to morality. The
first is an “Individualizing” (or “universal”) approach, in which individuals are the fundamental units
of moral value, and people are encouraged to respect the rights of others, to stand for universal justice,
and to empathize with and care for the weak and vulnerable. The second approach is a “binding” (or
“communal”) one, in which the group serves as the fundamental source of moral value and individuals
are bind together into larger collectives which they are expected to serve. There is a clear analogy
between this distinction in the moral domain and the individualism-collectivism cultural cleavage.
Continuing this line of thought, Haidt and his collaborators developed the “Moral Foundations Theory” (Haidt and Graham, 2007), which argues that there are five psychological “foundations” of morality, and cultures differ from each other on the degree to which they base their morality on these foundations. Two of the foundations- Harm / Care, and Fairness / Reciprocity, correspond to the individualizing approach to morality, and three- In-group / Loyalty, Authority / Respect, and Purity / Sanctity,
to the binding approach. To measure the degree to which individuals’ moral judgment involves the
five foundations Graham et al. (2011) developed the “Moral Foundations Questionnaire” (MFQ) and
surveyed on www.yourmorals.org approximately 242, 000 Americans between 2008-2018.28 , 29
To study the association between soil heterogeneity and moral values I match MFQ respondents to
contemporary U.S. counties.30
4.2.1

The Estimation Framework

I study the relationship between soil heterogeneity and individuals’ morality in the following estimation
framework:
Mor al V al ues i ct = βSoi l Het er og enei t y c + θs(c)t + X c Γ + X i Λ + ²i ct

(3)

where Mor al V al ues i ct is a measure of the moral values of interest for individual i that resides
in county c , which was recorded in year t . θs(c)t is a state-by-year fixed effect, X c is a vector of
28 For

more details on the MFQ data and the five foundations see Appendix D.6.
use of this data in economics was pioneered by Enke (2020).
30 I match individuals to county using HUD USPS ZIP code to county crosswalk. Some zip code areas intersect more
than one county. In those cases, I match the respondent to all possible counties (i.e. “duplicate” the respondent). In
the analysis, I weight each observation by the ratio of residential addresses in the ZIP-county to the total number of
residential addresses in the entire ZIP code area (Wilson and Din, 2018), so that each respondent receives a total weight
of one.
29 The
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county level geo-climactic controls, and X i is a vector of pre-determined individual characteristics
fixed effects- age, gender and race. β is the coefficient of interest, representing the relationship between
the degree of local soil heterogeneity in i ’s county of residence and the outcome of interest. To account
for spatial auto-correlation I cluster observations at arbitrary grid-cells of size 100 square miles (Bester
et al., 2011).
4.2.2

Results

I find that local soil heterogeneity lowers the importance of the binding moral foundations. Table 8
reports the results. The association between soil heterogeneity and the two individualizing factorsCare / Harm, and Fairness / Reciprocity, is indistinguishable from zero (columns 1-2). However, there
is a negative association between local soil heterogeneity and all the three binding factors- In-group
/ Loyalty (column 3), Authority / Respect (column 4) and Purity / Sanctity (column 5). Moreover,
the magnitude of the association is comparable across those three factors- an increase from complete
soil homogeneity (SHI = 0) to complete soil heterogeneity (SHI = 1) is associated with 0.052-0.069
standard deviation drop in their importance.
Finally, in column 6, I report the estimate when the dependent variable is the first eigenvector from
a principal component analysis on the five foundations. I refer to this eigenvector as “Binding versus
Individualizing”, as it is not just the most important factor, explaining about 46% of the variance in
the data, but also the only eigenvector for which the signs of the loadings on the five foundations
corresponds to the “binding” versus “individualizing” distinction (positive for binding foundations,
negative for individualizing). I find that an increase from a complete soil homogeneity to a complete
soil heterogeneity is associated with a 0.064 standard deviation drop in binding versus individualizing
moral values.

4.3

Interpretation

This section documented a long-run association between soil heterogeneity and a lower importance of
binding moral values. What explains this association?
My preferred interpretation focuses on cultural persistence (Bisin and Verdier, 2001; Guiso et al.,
2006; Nunn and Wantchekon, 2011; Voigtländer and Voth, 2012; Alesina et al., 2013). Soil heterogeneity shaped the nature of social relationships of the initial farmers that settled the differed locations
across the U.S. Importantly, this impact occurred at a formative period, during which new communities
were created, and local institutions and social norms were established. Such an environment constitutes
a “critical juncture,” making long-lasting effects more plausible.
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On the other hand, it seems less likely that those long-run effects can be explained by a continuing
impact of soil heterogeneity on the scope for farmers’ social learning. Mass migration to settle and
farm new locations in the contiguous U.S. had long ended, and contemporary farmers have access to
precise and detailed information regarding the nature of soil on their plots. Moreover, only a small
fraction of the population is currently engaged in agriculture, making it hard to imagine an impact on
the culture of the general population.
An historical impact on culture that persists, rather than a continuing impact, is also consistent with
the pattern of a decaying association between soil heterogeneity and close-knit communities what
emerges when the data is analysed year-by-year (Table 7). The association was strongest while vast
regions of the U.S. were actively settled by farmers, and it got weaker as the frontier was closing and
the share of agriculture in the economy declined.

5

The Formation of Close-knit Communities

After documenting a reduced form relationship between soil heterogeneity and close-knit communities
and its persistence, I proceed to study the historical formation of this relationship. I present evidence
supporting a causal treatment effect interpretation of soil heterogeneity on culture. I focus on the
nineteenth century and exploit within-family variation in naming patterns across families that migrated
to counties with varying degrees of soil heterogeneity in a Difference-in-Differences framework. I
document a decrease in communal identity among farmers that moved to soil-heterogeneous counties
relative to farmers that moved to soil-homogeneous counties, along with a null impact on non-farmers
moving to similar locations.
To construct the sample, I follow the procedure in Bazzi et al. (2020): Using complete count census
data from 1850-1880, I first identify families that migrated within the U.S. using information on the
state of birth of their children.31 I restrict the baseline sample to include families that moved only
once, that is, families with children born in exactly two different states, where the later state is also the
current state of residence. Then, for each family, I proxy the year of migration using the information
on children’s age and state of birth. For example, consider a family who lives in Massachusetts 1850,
who has two children- the first was born in 1842 in New York and the second in 1846 in Massachusetts.
The proxy of the move year for that hypothetical family is 1844. Finally, I assign to each child i a birth
year relative to the year in which his/her family moved as bi = bi r t h year i − move year f (i ) . In the
example above, the values are b1 = −2 and b2 = 2, for the first and second child, respectively.
31 Note

that this procedure therefore misses other potential moves across counties within a state.
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5.1

Estimation frameworks

Difference-in-Differences. I identify the impact of local soil heterogeneity on parents’ name choices
in a Difference-in-Differences framework, comparing names of children born in families that migrated
to counties with varying degrees of local soil heterogeneity, before and after the family had moved.32
Regression takes the form:

LN I i b f c = δb + θ f (i ) +

7+
X

βb · δb · Soi l Het er og enei t y c + X i Ω + ²i b f c

(4)

b=−5+

where LN I i b f c is the LNI score with “local” defined as the state that is assigned to child i ,33 who was
born b years relative to the year his/her family f moved to state s(c), and currently resides in county c .
δb is a relative-year-of-birth fixed effect, which controls for the dynamics in naming patterns relative
to the move year in the baseline of families that moved into completely soil-homogeneous counties
(SHI = 0). θ f is a family fixed effect, which removes all of the variation relating to time-invariant
factors at the family level, including the family’s cultural background, their economic characteristics
at year t , the census decade, and the geo-climatic characteristics of the destination county, including
the main effect of soil heterogeneity. X i is a potential vector of child i characteristics, which I include
as a robustness check, and includes gender, birth order, and a 5-year cohort fixed effect. I cluster
the standard errors ²i b f c at the county-level (Bertrand et al., 2004). The coefficients of interest, βb ,
identify the dynamic in naming patterns of children who’s family moved to a county with a complete
soil heterogeneity (SHI = 1) relative to children who’s family moved to completely soil-homogeneous
counties. I normalize β0 to zero so that βb is interpreted as the effect relative to the year of migration.
The identifying assumption is that absent of soil heterogeneity, children naming patterns of in families that moved into different counties would have evolved similarly after the move. While this assumption can not be verified, I assess its plausibility by studying the pre-trends (βb<0 ) in equation
4.
I also estimate the “canonical” Difference-in-Differences specification:
32 This design resembles the designs in Bazzi et al. (2020) and Abramitzky et al. (2020).

The main difference between those
designs mine is that I am interested in the differential change in naming habits for families that moved into counties with
different levels of soil heterogeneity.
33 Note that since I only observe the state of birth and not the county of birth, I can not perform the analysis for an LNI in
which “local” is defined as the county.
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LN I i b f c = δb + θ f (i ) + β · 1{b > 0} · Soi l Het er og enei t y c + X i Ω + ²i b f c

(5)

My main interest is in estimating equations 4 and 5 for farmers’ families, as this is the group for
which, according to the social learning hypothesis and Prediction 2, should be directly affected by
soil heterogeneity. However, I report heterogeneous treatment results- the estimation for all families,
farmers’ families, and non-farmers’ families, since the comparison of effects across those groups is
compelling.
Triple-Difference.
Motivated by the heterogeneous treatment analysis across farmers’ and nonfarmers’ families, I also estimate the following Triple-Difference specification:

LN I i b f c =δb + θ f (i ) + δb · 1{ f ar mer f }+
7+
X

γb · δb · Soi l Het er og enei t y c +

b=−5+
7+
X

(6)

βb · δb · 1{ f ar mer f } · Soi l Het er og enei t y c + X i Ω + ²i b f c

b=−5+

In this specification, the coefficients of interest, βb , identify the dynamic in naming patterns of
farmers’ children relative to non-farmers’ children in families that moved to a county with complete
soil heterogeneity (SHI = 1) relative to the same difference for families that moved to completely
soil-homogeneous counties (SHI = 0). β0 is normalized to equal zero.
Note that the identification assumption in this specification is different than in the Difference-inDifferences specification. It requires that in the absence of soil heterogeneity, the trend in children
naming patterns of farmers’ and non-farmers’ families would have evolved similarly after the move
across different counties.
Finally, I also estimate a “canonical” Triple-Difference specification:

LN I i b f c =δb + θ f (i ) + 1{b > 0} · 1{ f ar mer f }+
γ · 1{b > 0} · Soi l Het er og enei t y c +
β · 1{b > 0} · 1{ f ar mer f } · Soi l Het er og enei t y c + X i Ω + ²i b f c

25

(7)

5.2

Results

Figure 3 presents the estimates for equations 4 and 6. In Figure 3(A), I present the estimates of βb
from equation 4 when the sample includes all families. The lack of trend in LNI prior to migration
suggests that there was no selective migration on prior levels of communal identification to counties
with varying degrees of soil heterogeneity. After the move, there is a sharp decline in LNI in high soil
heterogeneity counties relative soil-homogeneous counties. However, the precision of the estimates is
low. The effect peaks (in absolute value) three years after the move, before partially reverting toward
the pre-move levels of differences. The LNI of a child born to a family three years after they had
moved to a county with a complete soil heterogeneity (SHI = 1) was about 2.82 (p − v al ue = 0.058)
points lower relative to the LNI of a child born to a family who moved to a county with a complete soil
homogeneity (SHI = 1).
Figure 3(B) plots the estimates of βb from the same equation when the sample only includes farmers’
families. The dynamic in LNI is similar to the dynamic estimated using the full sample, however,
both magnitudes and precision are higher. The LNI of a child born to a farmers’ family one years
after a move to a county with SHI = 1 was about 2.92 (p − v al ue = 0.079) points lower relative to
that of a child born to farmers who moved to a county with SHI = 0. The impact intensified in the
next couple of year, with a 3.46 (p − v al ue = 0.047) points decrease in the second year and a 4.57
(p − v al ue = 0.009) points decrease in the third year. In the fourth year after the move to a high local
soil heterogeneity county the effect attenuates to a 3.41 (p − v al ue = 0.066) points decrease before
flattening out at about 2.5 point decrease starting from the fifth year, although insignificant.
The quick response of children’s LNI to soil heterogeneity also provides support the social learning
hypothesis. For newly migrated farmers the first few years were the most important period for learning.
During this period farmers located in an environment in which social learning was possible had a strong
incentive to socialize with their neighbors and pay close attention to their actions. After the first few
years, when framers had learned the optimal framing practices on their new land, those incentives
should have diminished. The dynamic reveled in Figure 3(B) - a discontinuous “jump” in the first
year, with a subsequent gradual strengthening of the effect over the a few years, followed by a partial
reversion, therefore matches the social learning interpretation. At the same time, this pattern does not
seem to match the expected dynamic of some of the alternative channels. For example, if the impact
is due to similarly of action that over time contributed to the development of a “tight” culture and a
strong emphasis on norms, then we would expect the effect to slowly pickup over time.
Figure 3(C) plots the DiD estimates when the sample only includes non-farmers’ families and reveals
no differential impact for families that moved to counties with different levels of soil heterogeneity.
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While the precision of the DiD estimates are generally not very high, contrasting the estimates for
farmers with those of non-farmers is compelling. A causal impact of soil heterogeneity on farmers’
attributes along with a null impact on the attributes of non-farmer, in line with Prediction 2, provides
strong evidence in favor of the social learning hypothesis. Those finding substantially reduce the likelihood that the reduced-form relationship between local soil heterogeneity and close-knit communities
documented in section 3.3 is explained by factors entirely different than farmers’ direct exposure to a
high versus low soil heterogeneity environment.
To drive the point home, I also report the estimates of the Triple-Difference specification (equation
6) in Figure 3(D). Before moving, there is no dynamic in the difference between the LNI of farmers’
children relative to non-farmers’ children in high soil heterogeneity counties and the LNI of farmers’ children relative to non-farmers’ children in low soil heterogeneity counties. However, after the
move, the differences between the LNI of farmers’ and non-farmers’ children grows in counties with
high soil heterogeneity relative to low soil heterogeneity counties. Three years after the move, the
triple-difference estimate reaches β3 = −5.09 (p − v al ue = 0.088) before partially reverting. While
statistical power in this exercise is relatively low, the trend documenting differential response to soil
heterogeneity within a county is striking.
Table 9 reports the estimates from the baseline “canonical” Difference-in-Differences design (equation 5, columns 1-3) and the Triple-Difference design (equation 7, column 4). The findings are consistent with the estimates from the dynamic specifications, however, the aggregation of the Post move
effects increases precision. The sample in column 1 includes all families. It suggests that the LNI of
children born to families following a move to a county with a complete soil heterogeneity was 1.83
(p − v al ue = 0.029) points lower relative to children who were born following a move to a fully
soil-homogeneous county. In columns 2 and 3, I estimate equation 5 separately for farmers’ and nonfarmers’ families, respectively. Column 2 documents a strong impact of soil heterogeneity on the culture of farmers. An increase in soil heterogeneity from SHI = 0 to SHI = 1 decreases the LNI score of
children born after the move by 3.25 (p −v al ue < 0.001) points. Column 3 documents the null impact
on non-farmers’ families. Finally, in column 4, I report the estimate of the canonical Triple-Difference
design, which suggests that the difference between the LNI score of farmers’ and non-farmers’ children born after migration to a county with complete soil heterogeneity was 4.02 (p − v al ue < 0.001)
points lower relative to the same difference among families that moved to a soil-homogeneous county.
Robustness. The Difference-in-Differences results in Table 9 are robust to adding individual controls
and to alternative sample construction. Appendix Table C.3 and Appendix Figure C.2 document the
robustness of the results to controlling for child’s gender, birth order and a 5-year cohort fixed effect.

27

Appendix Table C.4 documents robustness to also including in the sample families with foreign-born
parents (Panel A), non-white families (Panel B), or families that moved more than once (Panel C).

6

Concluding Remarks

This paper studies the cultural implications of social learning. During the settlement of the United
States, millions of farmer migrated to new and unfamiliar environments. To survive, they had to
quickly learn the optimal location-specific farming practices. In some locations, soil was relatively
homogeneous and farmers could learn from their neighbors, while in other locations high degree of
soil heterogeneity limited the scope for social learning. Those differences materialized into differences
in the cultural importance attached to the community. I show that historically, soil-heterogeneous
counties displayed weaker communal ties. I go beyond correlation by providing causal evidence on the
formation of this pattern. I document a decrease in the strength of communal ties of farmers following
migration to a soil-heterogeneous county. In contrast, the social ties of non-farmers were not affected
by soil heterogeneity. This pattern provides further support for a social learning interpretation of the
reduced-form association between soil heterogeneity and culture. Today, soil-heterogeneous counties
continue to be less communal.
The distinction between close-knit and loose-knit cultures is often considered to be the fundamental
cultural cleavage across human societies. This cleavage is the focus of considerable multidisciplinary
research across the social sciences. Studies in economics have related it to economics growth (Gorodnichenko and Roland, 2011, 2017) and contemporary political preferences (Graham et al., 2009; Enke,
2020; Enke et al., 2019). Understanding the deep roots of this cleavage is therefore meaningful and
important. I provide the first direct empirical evidence supporting the “Social Learning Hypothesis”,
put forth by the historian Fred Shannon 75 years ago, but received little to no attention since. The
findings of this paper suggest that, while understudied, social learning is an important factor in the
formation of close-knit communities.
This study opens up an avenue for future research on the cultural implications of social learning.
The empirical evidence provided in this paper is historical and reduced form in nature. Other research
designs, such as experimental designs, may shad light on the specific mechanisms in play. Specifically,
it may help to distinguish between the different channels by which social learning can affects the
strength of social ties, such as an impact on the incentives to invest in social relationships versus a
direct impact on personal believes and attitudes.
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Figures
F IGURE 1: C OUNTY-L EVEL S OIL H ETEROGENEITY I NDEX , 2000

Note: This figure plots the soil heterogeneity index (SHI) for counties in the contiguous U.S. in 2000. State fixed effects are
partialed out. Darker color implies a higher soil heterogeneity. See Appendix D.1 for a description of the SHI construction.

35

F IGURE 2: C OUNTY-L EVEL L OCAL NAME I NDEX , 1940

Note: This figure plots the county-level “Local Name Index” (LNI) in which “local” is defined as the county, for counties
in the contiguous U.S. in 1940. Data includes native-born white children between the age of 0 to 10 with native-born
parents in the 1940 Census. Darker color implies a higher local name index. See Appendix D.2 for a description of the LNI
construction.
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F IGURE 3: I DENTIFYING FARMERS ’ C ULTURAL R ESPONSE TO S OIL H ETEROGENEITY
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( A ) Difference-in-Differences: All Families

( B ) Difference-in-Differences: Farmers’ Families

( C ) Difference-in-Differences: Non-Farmers’ Families

( D ) Tripe-Difference: All Families

Note: This figure plots the estimates of βb and 95% confidence intervals from equations 4 and 6 when the dependent variable is children’s LNI where
“local” is defined as the state. The data is from the full count censuses between 1850-1880 (Ruggles et al., 2020; Minnesota Population Center, 2019). See
Appendix D for details on the data and variable construction. Standard errors clustered at the contemporaneous county.

Tables

TABLE 1: L OCAL NAME I NDEX C ORRELATES WITH C OMMUNAL M ORALITY

Dependent variable:
Rel. Importance
of Communal
Moral Values

Local Name Index

Number of Observations
Number of Clusters
R2
State Fixed Effects

Trump Vote
Share 2016

£
¤
∆ Tr ump −GOP

(1)

(2)

(3)

(4)

(5)

(6)

0.030∗∗∗
(0.005)

0.014∗∗∗
(0.005)

0.050∗∗∗
(0.009)

0.044∗∗∗
(0.010)

0.009
(0.007)

0.050∗∗∗
(0.007)

2,236
312
0.023

2,236
312
0.1

3,085
337
0.063

3,085
337
0.35

3,085
337
0.0022

3,085
337
0.43

X

X

X

Note: This table reports estimates of from regressions in which the independent variable is the 1940
children’s LNI in which “local” is defined as the county and the dependent variables are indicators of
communal morality from Enke (2020), standardized into z-scores. The data used to calculate the LNI
is from the 1940 full count census (Minnesota Population Center, 2019). Data on county-level relative
importance of communal values is from Enke (2020). Data on county-level presidential election vote
share is from Leip (2017). See Appendix D for details on the data and variable construction. Standard
errors clustered at arbitrary grid cells of 100 miles square in parentheses (Bester et al., 2011). ∗ p <
0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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TABLE 2: S OIL H ETEROGENEITY R EDUCES C OMMUNAL I DENTIFICATION

Dependent variable:
Local Name Index

Soil Heterogeneity

Oster δ for β = 0
Number of Observations
Number of Counties
Number of Clusters
R2
Dependent Variable Mean
Dependent Variable SD

(1)

(2)

(3)

(4)

−4.524∗∗∗

−5.511∗∗∗

−2.914∗∗∗

−2.486∗∗∗

(1.342)

(0.893)

(0.731)

(0.725)

23,435
3,499
338
0.0063
67.82
6.30

-153.79
23,435
3,499
338
0.47
67.82
6.30

2.82
23,435
3,499
338
0.53
67.82
6.30

2.52
23,435
3,499
338
0.55
67.82
6.30

X

X
X

X
X
X

State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

Note: This table reports estimates of equation 2 when the dependent variable is children’s LNI in which
“local” is defined as the county. The data is from the full count censuses between 1850-1940 (Ruggles
et al., 2020; Minnesota Population Center, 2019). See Appendix D for details on the data and variable
construction. Standard errors clustered at arbitrary grid cells of 100 miles square in parentheses (Bester
et al., 2011). ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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TABLE 3: S OIL H ETEROGENEITY A FFECTS FARMERS

Dependent variable:
Local Name Index

Soil Heterogeneity

(1)

(2)

(3)

−2.486∗∗∗

−1.426∗∗

(0.725)

(0.577)

0.719
(1.155)

9.143∗∗∗
(0.497)

12.235∗∗∗
(1.567)

Share Farmers

−5.021∗∗

Soil Heterogeneity ×
Share Farmers
Number of Observations
Number of Counties
Number of Clusters
R2
Dependent Variable Mean
Dependent Variable SD
State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

(2.381)
23,435
3,499
338
0.55
67.82
6.30

23,412
3,498
338
0.59
67.83
6.31

23,412
3,498
338
0.59
67.83
6.31

X
X
X

X
X
X

X
X
X

Note: This table reports estimates of equation 2 with an additional control for the share of farmers
(column 2) and additionally for the interaction between the share of farmers and soil heterogeneity
(column 3). The dependent variable is children’s LNI in which “local” is defined as the county. The
data is from the full count censuses between 1850-1940 (Ruggles et al., 2020; Minnesota Population
Center, 2019). See Appendix D for details on the data and variable construction. Standard errors
clustered at arbitrary grid cells of 100 miles square in parentheses (Bester et al., 2011). ∗ p < 0.10, ∗∗
p < 0.05, ∗∗∗ p < 0.01
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TABLE 4: S OIL H ETEROGENEITY I NCREASES AGRICULTURE D IVERSITY

Dependent variable:
Agriculture Diversity

Soil Heterogeneity

Oster δ for β = 0
Number of Observations
Number of Counties
Number of Clusters
R2

(1)

(2)

(3)

(4)

0.735∗∗
(0.357)

0.828∗∗∗
(0.259)

0.568∗∗
(0.241)

0.542∗∗
(0.253)

23,254
3,337
338
0.0066

35.31
23,254
3,337
338
0.34

4.89
23,254
3,337
338
0.37

4.45
23,254
3,337
338
0.37

X

X
X

X
X
X

State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

Note: This table reports estimates of equation 2 when the dependent variable is a county-level agricultural diversity index for the years 1880-1935, standardized into z-scores. The data is from (Manson et
al., 2020). See Appendix D for details on the data and variable construction. Standard errors clustered
at arbitrary grid cells of 100 miles square in parentheses (Bester et al., 2011). ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗

p < 0.01
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TABLE 5: S OIL H ETEROGENEITY D ECREASES THE R ATE OF F ERTILIZERS A DOPTION

Dependent variable:
Growth in Fertilizers Use
(1)
Soil Heterogeneity

(2)

(3)

(4)

−0.371∗∗ −0.526∗∗∗ −0.287∗∗∗ −0.280∗∗∗

(0.152)

(0.126)

(0.103)

(0.101)

(5)
−0.223∗∗

(0.095)
−0.443∗∗∗

Share Using Fertilizert −1

(0.062)
Oster δ for β = 0
Number of Observations
Number of Counties
Number of Clusters
R2
State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

8,751
3,036
336
0.0017

-11.49
8,751
3,036
336
0.19

4.33
8,751
3,036
336
0.21

4.41
8,751
3,036
336
0.22

2.89
8,751
3,036
336
0.22

X

X
X

X
X
X

X
X
X

Note: This table reports estimates of equation 2 when the dependent variable is the county-level growth
rate of share of farms using fertilizer, standardized into z-scores. The data is from (Manson et al., 2020).
See Appendix D for details on the data and variable construction. Standard errors clustered at arbitrary
grid cells of 100 miles square in parentheses (Bester et al., 2011). ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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TABLE 6: C ONFOUNDING C HANNELS

Dependent variable:
Local Name Index

Soil Heterogeneity

(1)

(2)

(3)

(4)

−2.486∗∗∗

−2.072∗∗∗

−2.211∗∗∗

−1.827∗∗

(0.725)

(0.750)

(0.721)

(0.749)

Farms’ size Gini

−0.821∗∗∗

−0.758∗∗∗

(0.106)

(0.109)

Birth Place Diversity

Number of Observations
Number of Counties
Number of Clusters
R2
Dependent Variable Mean
Dependent Variable SD
State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

−1.139∗∗∗

−1.174∗∗∗

(0.143)

(0.149)

23,435
3,499
338
0.55
68
6.3

21,602
3,417
338
0.54
68
5.9

23,435
3,499
338
0.56
68
6.3

21,602
3,417
338
0.54
68
5.9

X
X
X

X
X
X

X
X
X

X
X
X

Note: This table reports estimates of equation 2 with additional controls for the Gini coefficient on
the distribution of farm sizes (columns 2 and 4) and birthplace diversity index (columns 3-4). The
dependent variable is children’s LNI in which “local” is defined as the county. The data is from the full
count censuses between 1850-1940 (Ruggles et al., 2020; Minnesota Population Center, 2019). See
Appendix D for details on the data and variable construction. Standard errors clustered at arbitrary grid
cells of 100 miles square in parentheses (Bester et al., 2011). ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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TABLE 7: S OIL H ETEROGENEITY AND C OMMUNAL I DENTIFICATION , P ERIOD - BY-P ERIOD

Dependent variable: Local Name Index
Year

Soil Heterogeneity

1850

1860

1870

1880

1900

1910

1920

1930

1940

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

−4.978∗∗∗ −5.717∗∗∗ −4.188∗∗∗ −3.801∗∗∗ −2.078∗∗ −1.814∗∗ −1.783∗∗ −0.621 −1.002
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(1.199)

(1.584)

(1.215)

(1.086)

(1.003)

(0.892)

(0.870)

(0.800) (0.813)

Number of Observations
Number of Clusters
R2
Dependent Variable Mean
Dependent Variable SD

1,606
176
0.65
65.94
6.49

2,031
213
0.56
69.68
8.16

2,242
261
0.62
69.44
7.84

2,526
297
0.61
68.82
7.56

2,819
327
0.57
68.46
5.97

2,949
328
0.5
67.84
5.14

3,065
334
0.52
67.32
5.22

3,098
337
0.47
66.78
4.93

3,099
337
0.5
66.54
5.02

State Fixed Effects
Geoclimatic Controls
Smooth Location Controls

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

Note: This table reports estimates of equation 2 when the dependent variable is children’s LNI in which “local” is defined as the
county, estimated separately for each census year. The data is from the full count censuses between 1850-1940 (Ruggles et al.,
2020; Minnesota Population Center, 2019). See Appendix D for details on the data and variable construction. Standard errors
clustered at arbitrary grid cells of 100 miles square in parentheses (Bester et al., 2011). ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

TABLE 8: S OIL H ETEROGENEITY W EAKENS L ONG -RUN B INDING M ORAL VALUES

Dependent variable:
Individualizing

Soil Heterogeneity
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Number of Observations
Number of Counties
Number of Clusters
R2
State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls
Individual Controls

Binding

Care /
Harm

Fairness /
Reciprocity

In-group /
Loyalty

Authority /
Respect

Purity /
Sanctity

Binding
versus
Individualizing

(1)

(2)

(3)

(4)

(5)

(6)

−0.028

−0.052∗

−0.059∗∗

−0.069∗∗

−0.064∗∗

(0.017)

0.006
(0.017)

(0.027)

(0.026)

(0.029)

(0.032)

293,663
1,762
622
0.11

293,157
1,762
622
0.04

293,792
1,762
622
0.03

294,015
1,762
622
0.038

293,400
1,762
622
0.056

272,695
1,762
622
0.043

X
X
X
X

X
X
X
X

X
X
X
X

X
X
X
X

X
X
X
X

X
X
X
X

Note: This table reports estimate of equation 3 when the dependent variables are measures of the importance of different moral
foundations in individuals’ morality, standardized into z-scores. Individual controls include age, gender and race fixed-effects.
The data is from the individual responses to the MFQ (Graham et al., 2011) surveyed on www.yourmorals.org between
2008-2018. See Appendix D for full details on each dependent variable. Standard errors clustered at arbitrary grid cells of 100
miles square in parentheses (Bester et al., 2011). ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

TABLE 9: I DENTIFYING FARMERS ’ C ULTURAL R ESPONSE TO S OIL H ETEROGENEITY

Dependent variable: Local Name Index
Difference-in-Differences
Sample:

Post Move ×
Soil Heterogeneity

Triple-Difference

All
Households

Farmer0 s
Households

Non-Farmer0 s
Households

All
Households

(1)

(2)

(3)

(4)

−1.826∗∗

−3.245∗∗∗

(0.836)

(0.889)

0.772
(1.165)

0.773
(1.149)
−4.017∗∗∗

Post Move ×
Farmers0 Household ×
Soil Heterogeneity

(1.179)

Number of Observations
Number of Counties
R2
Dependent Variable Mean
Dependent Variable SD

1,203,908
2,559
0.37
54.22
13.66

713,881
2,472
0.35
54.40
13.42

490,022
2,477
0.39
53.95
14.00

1,203,903
2,559
0.37
54.22
13.66

Households Fixed Effects

X

X

X

X

Note: This table presents estimates of equations 5 and 7 when the dependent variable is children’s
LNI where “local” is defined as the state. The data is from the full count censuses between 1850-1880.
See Appendix D.2 for a description of the LNI construction. Standard errors clustered by county in
parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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A

Religious Diversity

This section studies the relationship between local soil heterogeneity “Religious Diversity Index”
(RDI). The index measures the probability that two randomly drawn individuals from the population of
members of religious institutions in a county belong to a different denomination. Intuitively, the index
captures the degree to which multiple cultural (religious) identities exist within a community. I focus
on RDI as a second alternative measure for close-knit social networks due to the centrality of religion
in personal and communal identity. Intuitively, the existence of many religious identities within the
community implies a loose-knit social structure at the community level.
To construct the index, I use county-level data on the number of members of religious institutions
by denomination between 1850-1926 (Manson et al., 2020). The RDI is defined as one minus the
Herfindahl–Hirschman Index over the share of members of religious denominations. Formally:
Rel i g i ous Di ver si t y I nd ex ct = 1 −

X
j

s c2 j t

where s c j t is the share of members of religious denomination j in county c in year t out of the total
number of members in religious institutions in county c year t . For more details on the data used in
the construction of the RDI see Appendix D.4. An important caveat is that the diversity captured by
the index could be diversity across different communities within a county rather than diversity within
communities in the county.
To get a sense of the variation in the data, I plot in Figure A.1 the county-level RDI in the contiguous
U.S. in 1926. A darker color implies a lower RDI score. Note that the national spatial patterns that
emerge from the map are somewhat different than the spatial pattern for the LNI (Figure 2) and the SFI
(Figure B.1), which is particularly visible in New England. The within state pattern are more similar.
Results. I find a robust relationship between local soil heterogeneity and close-knit communities as
measured by the RDI. Table A.1 reports estimates of equation 2 when the dependent variable is the RDI
for four different specifications.34 The specification in column 1 does not include any controls, and find
no relationship between the SHI and the RDI. However once state-by-year fixed affects are included
(column 2), the coefficient increases and the standard error decreases, so that the relationship becomes
significant. When observable and unobservable geo-climatic characteristics are included (columns 34) the point estimate drops in magnitude, but remains highly significant. My preferred specification
in column 4 suggests that an increase from a complete soil homogeneity (SHI = 0) to a complete soil
34 This

table is the analog of Table 2, which reports results when the dependent variable is the LNI.
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heterogeneity (SHI = 1) is associated with an increase of 0.416 (p−v al ue = 0.001) standard deviations
in the RDI. This result is robust to using alternative ways to account for spatial auto-correlation in the
data (Appendix Figure C.3) and alternative distances in the calculation of the SHI (Appendix Table
C.5). In column 5 I also control for birth place diversity. While birth place diversity seems to be
positively correlated with religious diversity, as expected, controlling for it does not have a significant
impact on the relationship between soil heterogeneity and religious diversity. Similar to the results
in section 3.4.4, this suggests that an impact on the diversity of settlers’ origin in not a key driver of
the association between soil heterogeneity and close-knit communities. Those results provide further
support to Prediction 1.

F IGURE A.1: R ELIGIOUS D IVERSITY I NDEX , 1926

Note: This figure plots the county-level “Religious Diversity Index” (RDI) in the contiguous U.S. in 1926. Darker color
implies lower RDI. Data is from Manson et al., 2020 See Appendix D.4 for a description of the RDI construction.
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TABLE A.1: S OIL H ETEROGENEITY I NCREASES R ELIGIOUS D IVERSITY

Dependent variable:
Religious Diversity
(1)

(2)

(3)

(4)

0.275
(0.217)

0.754∗∗∗
(0.144)

0.457∗∗∗
(0.126)

0.416∗∗∗
(0.129)

(5)
Soil Heterogeneity

0.113∗∗∗
(0.026)

Birth Place Diversity

Oster δ for β = 0
Number of Observations
Number of Counties
Number of Clusters
R2

0.393∗∗∗
(0.129)

19,881
3,317
338
0.00093

-3.34
19,881
3,317
338
0.35

-11.71
19,881
3,317
338
0.39

-19.58
19,881
3,317
338
0.4

-29.50
19,868
3,304
338
0.41

X

X
X

X
X
X

X
X
X

State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

Note: This table reports estimates of equation 2 when the dependent variable is the RDI. The data is
from Manson et al., 2020. See Appendix D for details on the data and variable construction. Standard
errors clustered at arbitrary grid cells of 100 miles square in parentheses (Bester et al., 2011). ∗ p <
0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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B

The Strength of Family Ties

This section studies the relationship between local soil heterogeneity and the “Strength of Family Ties”
(SFT). I focus on the SFT as an alternative measure for close-knit social networks for two main reasons. First, research in social psychology had identified family ties as a key factor that correlates with
interdependence across cultures (Triandis et al., 1990; Triandis, 2001; Vandello and Cohen, 1999).35
In the economics literature, strong family ties have been shown to correlate with many personal and
cultural feature, that in turn were associated with close-knit social networks and interdependence more
broadly, such as lower geographical mobility, generalized trust, and adverse attitudes toward changes
(Alesina and Giuliano, 2010, 2011, 2014; Alesina et al., 2015). The second reason is simply that,
much like naming patterns, information on family structure and the choice of living arrangements is
observable in historical census data.
I use data on family structure and the choice of living arrangements from the full count census data
between 1860-1940 to construct a time-varying county-level SFT measure.36 For a description of the
SFT construction see Appendix D.3.
To get a sense of the variation in the data, I plot in Figure B.1 the county-level SFT in the contiguous
U.S. in 1940. A darker color implies a higher SFT score. The spatial cultural patterns that emerge from
the map resemble the SHI spatial patterns (see Figure 1). The Northeast, the “rust belt” and most of the
West tend to have low SFT, while the South, the “wheat belt” and Utah tend to have high SFT. Within
states, counties that are home to large cities (e.g., Fulton County, Georgia, where Atlanta is located)
tend to have a lower SFT compared to other counties in the same state.
Results. I find a robust relationship between local soil heterogeneity and interdependence as measured by the SFT. Table B.1 reports estimates of equation 2 when the dependent variable is the SFT
for four different specifications.37 Across all specifications, I find that soil heterogeneity decreases the
SFT, thereby providing further validity to the empirical results supporting Prediction 1 that I reported
in section 3.3. Depending on the controls included in the regression, I find that an increase from a
complete soil homogeneity (SHI = 0) to a complete soil heterogeneity (SHI = 1) is associated with a
decrease of between 0.380 and 0.451 standard deviations in the SFT.
This result is robust to using alternative ways to account for spatial auto-correlation in the data
(Appendix Figure C.4), and alternative distances in the calculation of the SHI (Appendix Table C.6).
35 The

social psychology literature often use the term “family integrity.”
is excluded because in this year information regarding material status was not recorded.
37 This table is the analog of Table 2, which reports results when the dependent variable is the LNI.
36 1850
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F IGURE B.1: S TRENGTH OF FAMILY T IES , 1940

Note: This figure plots the county-level “Strength of Family Ties” (SFT) in the contiguous U.S. in 1940. Data includes
all individuals not living in group quarters in the 1940 Census. Darker color implies higher SFT. See Appendix D.3 for a
description of the SFT construction.
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TABLE B.1: S OIL H ETEROGENEITY R EDUCES THE S TRENGTH OF FAMILY T IES

Dependent variable:
Strength of Family Ties

Soil Heterogeneity

Oster δ for β = 0
Number of Observations
Number of Counties
Number of Clusters
R2

(1)

(2)

(3)

(4)

−1.323∗∗∗

−0.357∗∗

−0.424∗∗

−0.444∗∗

(0.299)

(0.181)

(0.170)

(0.178)

21,736
3,460
338
0.021

0.74
21,736
3,460
338
0.55

0.97
21,736
3,460
338
0.57

1.18
21,736
3,460
338
0.59

X

X
X

X
X
X

State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

Note: This table reports estimates of equation 2 when the dependent variable is the baseline countylevel SFT. The data is from the full count censuses between 1850-1940 (Ruggles et al., 2020; Minnesota
Population Center, 2019). See Appendix D for details on the data and variable construction. Standard
errors clustered at arbitrary grid cells of 100 miles square in parentheses (Bester et al., 2011). ∗ p <
0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C
C.1

Robustness Checks
Robustness of the Main Result

This Appendix section presents several robustness checks with the results discussed in section 3.3.
Appendix Figure C.1 documents robustness to alternative ways to account for spatial auto-correlation,
Appendix Table C.1 documents robustness to alternative definitions of the LNI, and Appendix Table
C.2 documents robustness to alternative definitions of the SHI.

F IGURE C.1: I NFERENCE ROBUSTNESS

Note: This figure plots the standard error of β from the preferred specification of equation 2 when the dependent variable
is the local name index (LNI), using different approaches for inference. The blue points represent the standard errors (on
the y-axis) using arbitrary grid-cell of different sizes (on the x-axis), as proposed by Bester et al. (2011). The numeric label
under each point indicates the number of spatial clusters. The green horizontal line plots the HC robust standard errors, the
dark blue horizontal line plots the standard errors when clustering at the county level, and the red horizontal line plots the
standard errors when clustering at the state level. The background color is indicative of the level of statistical significance.
The p-value is < 0.01 in the white area, and < 0.05, < 0.1 and > 0.1 in the light to dark shades of gray. See Appendix D for
details on the data and variable construction.
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TABLE C.1: A LTERNATIVE D EFINITIONS OF THE LNI

Dependent variable: Local Name Index

LNI definition

Soil Heterogeneity
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Number of Observations
Number of Counties
Number of Clusters
R2
Dependent Variable Mean
Dependent Variable SD
State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

Include
all races

Include
all races and
foreign-born
parents

At least
100 name
repetitions

State defined
as local

(2)

(3)

(4)

(5)

(6)

−2.486∗∗∗

−2.836∗∗∗

−2.458∗∗∗

−2.839∗∗∗

−2.416∗∗∗

−2.197∗∗∗

(0.725)

(0.723)

(0.704)

(0.709)

(0.721)

(0.746)

23,435
3,499
338
0.55
67.82
6.30

23,461
3,506
338
0.55
67.39
6.15

23,453
3,501
338
0.55
67.76
6.02

23,471
3,508
338
0.54
67.28
5.87

23,433
3,499
338
0.53
64.50
6.54

23,435
3,499
338
0.43
57.11
4.30

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

Baseline

Include
foreign-born
parents

(1)

Note: This table reports estimates of equation 2 when the dependent variable is children’s LNI under different definitions. “Local”
is defined as the county in columns 1-5 and as the state in column 6. The base sample include white native-born children between
the age of 0 to 10 with native-born parents in columns 1, 5, and 6. In column 2 the sample also includes children of foreign-born
parents, in column 3 it also includes non-white children, and in column 4 it includes all native-born children between the age of
0 to 10. Column 5 further restricts the sample to include names that are observed at least 100 time nationally within the same
year. The data is from the full count censuses between 1850-1940 (Ruggles et al., 2020; Minnesota Population Center, 2019). See
Appendix D for details on the data and variable construction. Standard errors clustered at arbitrary grid cells of 100 miles square
in parentheses (Bester et al., 2011). ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

TABLE C.2: A LTERNATIVE D ISTANCE FOR SHI C ALCULATION

Dependent variable: Local Name Index
SHI Cell Distance

Soil Heterogeneity
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Number of Observations
Number of Counties
Number of Clusters
R2
Dependent Variable Mean
Dependent Variable SD
State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

Baseline
25

10

15

20

30

35

40

(1)

(2)

(3)

(4)

(5)

(6)

(7)

−2.486∗∗∗

−2.210∗∗∗

−2.329∗∗∗

−2.423∗∗∗

−2.535∗∗∗

−2.575∗∗∗

−2.612∗∗∗

(0.725)

(0.788)

(0.744)

(0.726)

(0.732)

(0.742)

(0.755)

23,435
3,499
338
0.55
67.82
6.30

23,435
3,499
338
0.55
67.82
6.30

23,435
3,499
338
0.55
67.82
6.30

23,435
3,499
338
0.55
67.82
6.30

23,435
3,499
338
0.55
67.82
6.30

23,435
3,499
338
0.55
67.82
6.30

23,435
3,499
338
0.55
67.82
6.30

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

Note: This table reports estimates of equation 2 when the dependent variable is children’s LNI in which “local” is defined as the
county, when the SHI is calculated over different areas (cell distances). The data is from the full count censuses between 18501940 (Ruggles et al., 2020; Minnesota Population Center, 2019). See Appendix D for details on the data and variable construction.
Standard errors clustered at arbitrary grid cells of 100 miles square in parentheses (Bester et al., 2011). ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗

p < 0.01

C.2

Robustness of Difference-in-Differences and Triple-Difference Results
TABLE C.3: A DDING I NDIVIDUAL C ONTROLS TO D I D AND T RIPLE -D E STIMATES

Dependent variable: Local Name Index
Difference-in-Differences
Sample:

Post Move ×
Soil Heterogeneity

Triple-Difference

All
Households

Farmer0 s
Households

Non-Farmer0 s
Households

All
Households

(1)

(2)

(3)

(4)

−1.709∗∗

−3.054∗∗∗

(0.824)

(0.865)

0.791
(1.170)

0.844
(1.152)
−3.962∗∗∗

Post Move ×
Farmers0 Household ×
Soil Heterogeneity

(1.179)

Number of Observations
Number of Counties
R2
Dependent Variable Mean
Dependent Variable SD

1,203,908
2,559
0.37
54.22
13.66

713,881
2,472
0.35
54.40
13.42

490,022
2,477
0.39
53.95
14.00

1,203,903
2,559
0.37
54.22
13.66

Households Fixed Effects
Individual Controls

X
X

X
X

X
X

X
X

Note: This table presents estimates of equations 5 and 7 when the dependent variable is children’s LNI
in which “local” is defined as the state. The regressions also control for for child’s gender, birth order
and a 5-year cohort fixed effect. The data is from the full count censuses between 1850-1880 (Ruggles
et al., 2020; Minnesota Population Center, 2019). See Appendix D for details on the data and variable
construction. Standard errors clustered by county in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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F IGURE C.2: A DDING I NDIVIDUAL C ONTROLS TO D I D E STIMATES
( A ) Difference-in-Differences: Farmers’ Families

( B ) Difference-in-Differences: Non-Farmers’ Families
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Note: This figure plots the estimates of βb and 95% confidence intervals from equations 4 and 6 when the dependent variable is children’s LNI where
“local” is defined as the state. The regressions also control for for child’s gender, birth order and a 5-year cohort fixed effect. The data is from the full count
censuses between 1850-1880 (Ruggles et al., 2020; Minnesota Population Center, 2019). See Appendix D for details on the data and variable construction.
Standard errors clustered at the county in parentheses.

TABLE C.4: ROBUSTNESS OF D IFFERENCE - IN -D IFFERENCES E STIMATES TO S AMPLE S ELECTION

Dependent variable: Local Name Index
Sample:

All
Households

Farmer0 s
Households

Non-Farmer0 s
Households

(1)

(2)

(3)

Panel A: Include foreign-born parents
Post Move ×
Soil Heterogeneity

−2.150∗∗∗

−2.802∗∗∗

(0.800)

(0.837)

−0.991
(1.352)

Panel B: Include all races
Post Move ×
Soil Heterogeneity

−2.300∗∗∗

−3.673∗∗∗

(0.851)

(0.931)

0.081
(1.112)

Panel C: Include multiple moves
Post Move ×
Soil Heterogeneity
Households Fixed Effects

−1.738∗∗

−3.195∗∗∗

(0.825)

(0.875)

0.898
(1.152)

X

X

X

Note: This table presents estimates of equation 5 when the dependent variable is children’s LNI in
which “local” is defined as the state. The data is from the full count censuses between 1850-1880
(Ruggles et al., 2020; Minnesota Population Center, 2019). See Appendix D for details on the data and
variable construction. Standard errors clustered by county in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗
p < 0.01
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C.3

Robustness of Religious Diversity Result

This Appendix section presents several robustness checks for the result on the RDI. Appendix Figure
C.3 documents robustness to alternative ways to account for spatial auto-correlation, and Appendix
Table C.5 documents robustness to alternative definitions of the SHI.

F IGURE C.3: RDI. I NFERENCE ROBUSTNESS

Note: This figure plots the standard error of β from the baseline specification of equation 2 when the dependent variable is
the religious diversity index (RDI), using different approaches for inference. The blue points represent the standard errors
(on the y-axis) using arbitrary grid-cell of different sizes (on the x-axis), as proposed by Bester et al. (2011). The numeric
label under each point indicates the number of spatial clusters. The green horizontal line plots the HC robust standard
errors, the dark blue horizontal line plots the standard errors when clustering at the county level, and the red horizontal
line plots the standard errors when clustering at the state level. The background color is indicative of the level of statistical
significance. The p-value is < 0.01 in the white area, and < 0.05, < 0.1 and > 0.1 in the light to dark shades of gray. See
Appendix D for details on the data and variable construction.
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TABLE C.5: RDI. A LTERNATIVE D ISTANCE FOR SHI C ALCULATION

Dependent variable: Religious Diveristy Index
SHI Cell Distance

Soil Heterogeneity
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Number of Observations
Number of Counties
Number of Clusters
R2
State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

Baseline
25

10

15

20

30

35

40

(1)

(2)

(3)

(4)

(5)

(6)

(7)

0.416∗∗∗
(0.129)

0.387∗∗∗
(0.135)

0.404∗∗∗
(0.129)

0.413∗∗∗
(0.128)

0.415∗∗∗
(0.132)

0.411∗∗∗
(0.134)

0.406∗∗∗
(0.137)

19,881
3,317
338
0.4

19,881
3,317
338
0.4

19,881
3,317
338
0.4

19,881
3,317
338
0.4

19,881
3,317
338
0.4

19,881
3,317
338
0.4

19,881
3,317
338
0.4

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

Note: This table reports estimates of equation 2 when the dependent variable is the RDI, when the SHI is calculated over different
areas (cell distances).See Appendix D for details on the data and variable construction. Standard errors clustered at arbitrary grid
cells of 100 miles square in parentheses (Bester et al., 2011). ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

C.4

Robustness of Strength of Family Ties Result

This Appendix section presents several robustness checks for the result on the SFT. Appendix Figure
C.4 documents robustness to alternative ways to account for spatial auto-correlation, and Appendix
Table C.6 documents robustness to alternative definitions of the SHI.

F IGURE C.4: SFT. I NFERENCE ROBUSTNESS

Note: This figure plots the standard error of β from the baseline specification of equation 2 when the dependent variable is
the strength of family ties (SFT), using different approaches for inference. The blue points represent the standard errors (on
the y-axis) using arbitrary grid-cell of different sizes (on the x-axis), as proposed by Bester et al. (2011). The numeric label
under each point indicates the number of spatial clusters. The green horizontal line plots the HC robust standard errors, the
dark blue horizontal line plots the standard errors when clustering at the county level, and the red horizontal line plots the
standard errors when clustering at the state level. The background color is indicative of the level of statistical significance.
The p-value is < 0.01 in the white area, and < 0.05, < 0.1 and > 0.1 in the light to dark shades of gray. The data is from the
full count censuses between 1860-1940 (Ruggles et al., 2020; Minnesota Population Center, 2019). See Appendix D for
details on the data and variable construction.
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TABLE C.6: SFT. A LTERNATIVE D ISTANCE FOR SHI C ALCULATION

Dependent variable: Strength of Family Ties
SHI Cell Distance

Soil Heterogeneity
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Number of Observations
Number of Counties
Number of Clusters
R2
State-by-Year Fixed Effects
Geoclimatic Controls
Smooth Location Controls

Baseline
25

10

15

20

30

35

40

(1)

(2)

(3)

(4)

(5)

(6)

(7)

−0.444∗∗

−0.275

−0.354∗

−0.407∗∗

−0.468∗∗∗

−0.485∗∗∗

−0.499∗∗∗

(0.178)

(0.186)

(0.182)

(0.179)

(0.176)

(0.176)

(0.175)

21,736
3,460
338
0.59

21,736
3,460
338
0.59

21,736
3,460
338
0.59

21,736
3,460
338
0.59

21,736
3,460
338
0.59

21,736
3,460
338
0.59

21,736
3,460
338
0.59

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

X
X
X

Note: This table reports estimates of equation 2 when the dependent variable is the SFT, when the SHI is calculated over different
areas (cell distances). The data is from the full count censuses between 1860-1940 (Ruggles et al., 2020; Minnesota Population
Center, 2019). See Appendix D for details on the data and variable construction. Standard errors clustered at arbitrary grid cells
of 100 miles square in parentheses (Bester et al., 2011). ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

D

Data Sources and Variables Construction

D.1

Soil Heterogeneity Index

I use detailed geo-referenced soil data from the Digital General Soil Map of the United States (STATSGO2)
(Soil Survey Staff, 2017b), which maps soil areas that can be shown at a map of scale 1:250,000 in
the continental U.S., to construct a county-level “Soil Heterogeneity Index” (SHI). The index is meant
to capture the average dissimilarity of soil across neighboring farmers. I construct the SHI in the
following steps:
1. I convert the STATSGO2 map containing polygon features into a raster dataset containing finegrid cells of size 500 meters square (illustrated in Figure D.1).
2. For each cell, I calculate the probability that a randomly selected neighboring cell is of a different
soil type (illustrated in Figures D.2-D.3).
I define neighboring cells as cells that fall within a square of a given size around each cell (“the
considered area”) rather than in terms of actual distance (i.e. fall within a given circle around
each cell) to reduce computational demand. The size of the considered area affects the degree of
heterogeneity. The bigger the area, the more likely it is to have cells of different soil types. My
baseline SHI uses half of the mean size of U.S. counties in 2000 as a benchmark for the size of
the considered area. I document robustness to using different sizes of the considered area.
3. Last, I aggregate the SHI at the fine grid level to the county level by taking the mean grid-level
SHI within the county.
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F IGURE D.1: SHI C ONSTRUCTION . STATSGO2 DATA TO G RID -C ELLS

( A ) Underlying STATSGO2 Data

( B ) Grid-cells data

Note: This figure illustrates step (1.) of the county-level SHI construction - converting the STATSGO2 map containing
polygon features (Figure A) into a raster dataset containing fine-grid cells of size 500 meters square (Figure B).

F IGURE D.2: SHI C ONSTRUCTION . C ALCULATING SHI

FOR EACH

C ELL

( B ) 7 same-type cells out
of 21 neighboring soil
cells

( A ) Neighboring cells (in black)
around a given cell (in yellow)

( C ) SHI for given cell
is 1 − 7/24 = 0.67

Note: This figure illustrates step (2.) of the county-level SHI construction - calculating the the probability that a randomly
selected neighboring cell (in bold-black frame) is of a different soil type than a given cell (in bold-yellow frame).
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F IGURE D.3: SHI C ONSTRUCTION . SHI FOR EACH C ELL

( B ) Heat map representation

( A ) Numeric representation

Note: This figure illustrates the result of applying step (2.) of the county-level SHI construction to each cell. Figure (A)
represents the cell-level SHI numerically, and Figure (B) represents it as a heat map.
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D.2

Local Name Index

Definition. The LNI is defined as
LN I f i r st

name,l ,g ,t

= 100 ×

P r ( f i r st name|l , g , t )
P r ( f i r st name|l , s, t ) + P r ( f i r st name| − l , g , t )

(8)

where l is the geographical level defined as “local” - the contemporaneous county or state, g is the
child’s gender, and t is the census year. The index ranges from 0 to 100, where a value of 100 reflects
a distinctively local name and a value of zero reflects a distinctively “outsider’s” name. Note that the
LNI is invariant to the size of the population in different localities and to the general popularity of a
given name.
Data. I use data on children’s first names from the full count censuses between 1850-1940 (Ruggles
et al., 2020; Minnesota Population Center, 2019). The sample is restricted to only includes native-born
children between the ages of 0 to 10. The baseline sample is further restricted to only includes white
children with native-born parents. Alternative samples add to the baseline sample (i) children with
foreign-born parents (i) non-white children, and (iii) both.

D.3

The Strength of Family Ties

I use data on family structure and the choice of living arrangements from the full count censuses
between 1860-1940 (Ruggles et al., 2020; Minnesota Population Center, 2019) to construct a countylevel measure of the “Strength of Family Ties” (SFT).38
For each county-year, I calculate (i) the divorce-to-marriage ratio, (ii) the share of elderly people
living without a relative, (iii) the share of people living with at least one person who is not their
relative, and (iv) the mean size of families. Then, for each year, I conduct a principal component
analysis at the county-level using these variables as inputs. The first eigenvector, which I refer to as
the SFT, explains between 54 − 68% of the variance in the four variables, depending on the year. It is
also the only component with an eigenvalue that is larger than one in all years (2.15 − 2.73, depending
on the year).39 In all years the loading on the four variables always have the same sign (negative on
divorce-to-marriage ration, the share of elderly people living without a relative and the share of people
living with a non-relative, and positive on family size). Because there is no natural interpretation for
the SFT units, I standardize it into z-scores within each year to ease the interpretation of estimated
38 1850

is excluded because in this year information regarding material status was not recorded.
1860 the second component had an eigenvalue of 1.00. In all other years all other components are strongly smaller
than 1.

39 In
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effects.

D.4

Religious Diversity Index

Definition. The RDI is defined as
Rel i g i ous Di ver si t y I nd ex ct = 1 −

X
j

s c2 j t

where s c j t is the share of members of religious denomination j , in county c , and in year t , out of
the total number of members in religious institutions in county c year t . Note that the RDI equals
one minus the Herfindahl–Hirschman Index over the share of members of religious denominations.
It measures the probability that two randomly drawn individuals from the population of members of
religious institutions in a county belong to a different denomination.
The list of religious denominations for which data is collected varies across years. Therefore, and to
ease the interpretation of estimated effects, in the empirical analysis I standardize the RDI into z-scores
within each year.
Data. To calculate the index, I use county-level data on the number of members of religious institutions by denomination between for the years 1850, 1860, 1870, 1890, 1906, 1916, and 1926 (Manson
et al., 2020).

D.5

Agricultural Diversity

Definition. Agricultural diversity is defined as
Ag r i cul t ur al Di ver si t y ct = 1 −

X
j

s c2 j t

where s c j t is the share of acres used in the cultivation of agricultural product j , in county c , and
in year t , out of the total number of acres under cultivation in county c year t . Note that the index
equals one minus the Herfindahl–Hirschman Index over the share of acres used in the cultivation of
different agricultural products. The agricultural diversity index measures the probability that two randomly drawn acres used in farms in a county are used to grow different agricultural products. The
list of agricultural products for which data is collected varies across years. Therefore, and to ease the
interpretation of estimated effects, in the empirical analysis I standardize the index into z-scores within
each year.
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Data. To calculate the index, I use county-level data on the number of acres used in the production of
different agricultural products for the each decade between years 1880-1930, as well as 1925 and 1935
(Manson et al., 2020).

D.6

Other variables

LNI validation.
Relative importance of communal values. One minus the county-level variable named “universalist_vs_communal_values” which measures the relative importance of universalist vs. communal moral
values and taken from Enke (2020). Data is available on-line in the authors homepage. For details on
the construction of the variable, see Enke (2020).
Trump vote share 2016. County-level data on Trump’s vote share in the 2016 presidential election,
standardized into z-scores. Data from Leip (2017). The use if this variable to validate the LNI measure
is inspired by Enke (2020).
∆ [Trump - GOP].

County-level data on the difference between Trump’s vote share in the 2016
presidential election and the average vote share of Republican presidential candidates in the 20002012 presidential elections, standardized into z-scores. Data from Leip (2017). The use if this variable
to validate the LNI measure is inspired by Enke (2020).

Geo-climatic controls.
Average temperature.
County-level mean annual temperature (in Celsius degrees), calculated for
all contemporary U.S. counties in each decade using GIS and information on counties’ contemporary
borders from Manson et al., 2020 and a 5 arc-minutes mean annual temperature raster (baseline period,
1961-1990) from IIASA/FAO (2012).
Average precipitation. County-level mean annual precipitation (in mm), calculated for all contemporary U.S. counties in each decade using GIS and information on counties’ contemporary borders from
Manson et al., 2020 and a 5 arc-minutes mean annual precipitation raster (baseline period, 1961-1990)
from IIASA/FAO (2012).
Average elevation. County-level mean elevation (in meters), calculated for all contemporary U.S.
counties in each decade using GIS and information on counties’ contemporary borders from Manson
et al., 2020 and a 30 arc-second elevation raster (voild-filled DEM) from Lehner et al. (2008).
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Average slope. County-level mean slope (in radians), calculated for all contemporary U.S. counties in
each decade using GIS and information on counties’ contemporary borders from Manson et al., 2020
and a 30 arc-second elevation raster (voild-filled DEM) from Lehner et al. (2008).
Flow accumulation. County-level mean flow accumulation, defined as the amount of upstream area
(in number of cells) draining into each cell and measuring the measure of the upstream catchment area,
calculated for all contemporary U.S. counties in each decade using GIS and information on counties’
contemporary borders from Manson et al., 2020 and a 30 arc-second flow accumulation raster (voildfilled ACC) from Lehner et al. (2008).
River density. County-level river density, defined as share of county area in rivers or streams assuming
a fixed 10-meters width for all rivers and streams, calculated for all contemporary U.S. counties in each
decade using GIS and information on counties’ contemporary borders from Manson et al., 2020 and a
30 arc-second river network raster (voild-filled RIV) from Lehner et al. (2008).
Average absolute agricultural productivity. County-level average maximal potentially dollar value
of agricultural products in 1860 prices. Calculated for the following crops: barley, buckwheat, cotton,
flax, maize, oat, rye, sugercane, sweet potato, tobacco, rice, wheat, and white potato, using potential
production capacity rasters (in t/ha), under intermediate input level and rain-fed management, baseline
period, 1961-1990 from IIASA/FAO (2012), and data on the price of farm products 1859/1860 from
Manson et al., 2020.

Farmers.
Share farmers. The share of households in a county in the relevant sample with an occupation code
(1950 basis) of 100- ”Farmers (owners and tenants),” or 123 - “Farm managers,” out of the total number
of households in sample in the county with a valid occupation code.
Farmers’ household. A binary variable that equals one if the father’s occupation code (1950 basis)
is either 100- ”Farmers (owners and tenants),” or 123 - “Farm managers,” and zero if the father has
another valid occupation code.

Fertilizers.
Share Using Fertilizers. County level data on the share of farms reporting expenditure on fertilizers
out of the total number of farms for the years 1910-1930 (Manson et al., 2020).
Growth in Fertilizers Use. The growth in the share of farms using fertilizers from the previous period.
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Confounding Channels.
Farms’ size Gini. The Gini coefficient on the county-level distribution of farm sizes for the years
1860-1940 (Manson et al., 2020). The coefficient is calculated using the midpoint of each category
and 125% of the last (unbounded) category.
Birth Place Diversity. A county-level index that equals one minus the Herfindahl–Hirschman Index
over the share of household heads that were born in different countries (or regions) for the years 18501940 (Ruggles et al., 2020; Minnesota Population Center, 2019).

Moral Foundations Questionnaire (MFQ).
Data on individual responses to the MFQ (Graham et al., 2011), which was developed to measure the
degree to which individuals’ moral judgment involves the five foundations highlighted by the “Moral
Foundations Theory” (MFT) (Haidt and Graham, 2007). Data surveyed on www.yourmorals.
org between 2008-2018, and includes the individual responses of approximately 242, 000 Americans.
For more information on the MFT and its measure, including the full MFQ texts, see https://
moralfoundations.org/. Moral foundations scores range from 0 to 30, then standardized into
z-scores.
Harm / Care. Measures the importance of virtues such as kindness, gentleness, and nurturance.
Fairness / Reciprocity. Measures the importance of virtues such as justice, rights, and autonomy.
In-group / Loyalty.
group.

Measures the importance of virtues such as patriotism and self-sacrifice for the

Authority / Respect. Measures the importance of virtues such as leadership and followership, including deference to legitimate authority and respect for traditions.
Purity / Sanctity.
Measures the importance of virtues such as striving to live in an elevated, less
carnal, more noble way.
Binding versus Individualizing. The first eigenvector from a principal component analysis on the five
foundations above. It explains 46% of the variance in the five foundations and has an eigenvalue of
2.29. It is the only eigenvector for which the signs of the loadings on the five foundations corresponds
to the “binding” versus “individualizing” distinction (loads negatively on Harm / Care and Fairness /
Reciprocity, and positively on In-group / Loyalty, Authority / Respect and Purity / Sanctity).
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