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1 Introduction

This paper presents field evidence suggesting tight links between political outcomes and
spatial variation in the electorate’s values along the moral universalism-particularism
continuum. In recent years, there has been a surge of interest in studying the deter-
minants of voting patterns, likely because the traditional income-based cleavage has
become less important in organizing the structure of political conflict (e.g., Guriev and
Papaioannou, 2020; Gethin et al., 2022; Danieli et al., 2022). This naturally raises the
question of what other factors may drive these divisions. Among the candidate explana-
tions is heterogeneity in moral orientation, which in turn has led to efforts to develop
frameworks to understand and measure the values that might underlie social and moral
disagreement. One prominent approach has focused on differences in universalist versus
particularist orientation. A particularist or communal morality emphasizes relationship-
specific obligations (loyalty and treating in-group members well), whereas a universalist
morality emphasizes equal treatment and impartiality. Arguably, one reason why hetero-
geneity in universalism is attracting attention in the literature is that many contentious
issues (such as immigration, LGBTQ rights, affirmative action, race relations, EU integra-
tion, national pride, and “America first”) directly tap into values that relate to people’s
moral boundaries. Indeed, recent work has shown that universalist values and prefer-
ences are consistently predictive of left-wing policy views and voting (e.g., Graham et
al., 2009; Haidt, 2012; Waytz et al., 2019; Enke, 2020; Kivikangas et al., 2021; Enke et
al., 2022; Cappelen et al., 2022).

Thus far, this literature has been entirely survey-based. Most commonly, researchers
link policy views and voting to measures of universalism that are derived from hypo-
thetical survey questions, lab-experimental games or psychological questionnaires. Yet,
akin to prominent discussions in behavioral and experimental economics, the use of hy-
pothetical questions (or lab settings) raises important concerns about ecological validity.
As highlighted by Levitt and List (2007), to the extent that lab and naturally-occurring
environments differ on dimensions such as observability and contextual cues, there is
no strong a priori reason to expect a tight connection between decisions in surveys (or
experiments) and ecological behavior. For instance, in our context one concern is that
the heterogeneity in universalism present in surveys does not necessarily reflect varia-
tion in deep values but rather heterogeneity in virtue signaling. Similarly, people may
“reverse engineer” their stated values in surveys and experiments to comply with what
they perceive to be the party line (Hatemi et al., 2019).

In this paper, we study the link between moral universalism and political behavior by
focusing exclusively on real-stakes decisions. We develop a new measure of district-level
universalism that is (i) based on financial choices that voters make in a natural setting
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and (ii) directly corresponds to theoretical models of universalism (Tabellini, 2008). In
these models, universalism is formalized as the slope of altruism as a function of social
distance – a full universalist exhibits altruism that is invariant to social distance, whereas
a particularist’s altruism decreases with distance. Thus, higher universalism means that
a given altruism budget is allocated more uniformly across recipients that are socially
close or distant.

Motivated by this formalization, we measure a congressional district’s universalism
using large-scale charitable donations data from a non-profit organization,DonorsChoose,
a crowdfunding platform that allows individuals to donate directly to classroom projects
that teachers across the U.S. post on its website. We obtain access to data on roughly 4
million donations worth about $305 million that cover almost every congressional dis-
trict in the United States.

For each district, we estimate how much donations decrease as a function of the ge-
ographic distance to the recipient. Importantly, we only leverage variation in to whom
the population in a given district donates, not howmuch they donate (or receive) overall.
While districts differ formany reasons in howmuch they donate or receive onDonorsChoose,
our analysis nets out these district-specific level effects and only focuses on the slope of
giving as a function of distance. Thus, for example, our measure does not depend on
how close people live to schools that are more needy.

While geographic distance is a natural proxy for the “social distance” formalized in
theoretical models of universalism, it has the drawback that it does not capture other
aspects of distance and familiarity. For example, residents of districts with high geo-
graphic mobility may donate more to distant schools because they have previously lived
in the recipient area. We thus leverage as a comprehensive summary measure of social
distance the Facebook friendship distance between two districts (Bailey et al., 2018).
We think of this measure as a rich proxy for social distance that incorporates elements
of geographic, ethnic, political, religious, income and educational distance. When de-
fined based on friendship distance, heterogeneity in universalism captures that people
in some districts primarily donate to places where they have many social ties, while
giving in other districts is largely invariant to the presence of social ties.

Universalism defined with respect to geographic and friendship distance are highly
correlated. Hence, we combine the two indices into a summary measure of district uni-
versalism. We use this spatial measure to shed light on across-district variation in polit-
ical outcomes, focusing on (i) which legislators get elected to the U.S. House of Repre-
sentatives and (ii) legislators’ behavior in Congress once elected. In contrast to previous
work on universalism, we seek to explain not only across- but also within-party variation
in roll-call voting and political language.

The spatial heterogeneity in political outcomes that we study has attracted consider-
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able public attention because it is seen as contributing to political gridlock and affective
polarization. Focusing on U.S. House races in particular entails the significant practical
advantage that we can analyze a large number of races, unlike prior research on uni-
versalism that has focused on studying a few specific case studies (in particular, recent
presidential elections; Enke, 2020).

We consider three outcomes: (a) local vote shares, (b) DW-NOMINATE scores of
elected representatives, and (c) the universalism of these representatives. DW-NOMINATE
scores measure the ideological position of congress members, based on their roll-call
voting behavior. To quantify politician universalism, we apply the extended Moral Foun-
dations Dictionary (Hopp et al., 2021) to speeches in Congress and campaign tweets in
U.S. House races.

We find that district-level universalism is highly predictive of Democratic vote shares
in House elections. This across-party result, using our ecological, real-stakes measure
of universalism, is consistent with findings from prior work that had documented simi-
lar patterns using survey-based universalism measures. The magnitude of the estimated
link between universalism and vote shares is surprisingly large. The raw correlation,
r = 0.50, is substantially higher than those of economic variables that are often linked
to political behavior, such as median household income and share of population with
a college degree. Furthermore, the relationship between district universalism and vote
shares is robust to controlling for income, education, White ethnic share, latitude, dis-
tance from the coast and state fixed effects.

Next, we show that district universalism is also strongly predictive of the behaviors of
elected House members. That is, legislators from more universalist districts have more
left-leaning DW-NOMINATE scores. Moreover, universalism is significantly correlated
with roll-call voting even controlling for the legislator’s party. This last result is surpris-
ing, given the amount of variation in roll-call voting explained by party allegiances.

To better understand the mechanisms behind the link between district universalism
and electoral outcomes, we examine whether universalist districts elect more universal-
ist legislators. We find that legislators from more universalist districts use substantially
more universalist moral language in their congressional speeches, even when we focus
on within-party comparisons. District universalism is substantially more predictive of a
legislator’s speech universalism than the district’s average Democratic vote share. This
finding strongly suggests that district universalism exerts an independent effect on rep-
resentatives’ behavior that goes beyond partisanship.

In our final set of results, we provide some exploratory analyses to shed light on
why universalist districts have more universalist representatives. There are two primary
margins of selection: (i) more universalist candidates run in more universalist districts;
and (ii) conditional on the set of candidates, more universalist districts elect more uni-

3



versalist candidates. We cannot evaluate these two possibilities using the congressional
speech data, since it includes only election winners. To measure the universalism of all
candidates, we extract and analyze the language used in the campaign tweets of the
near-universe of candidates in the 2022 U.S. House general elections. We find that dis-
trict universalism is strongly predictive of tweet universalism within the set of election
winners, but not so in the set of election losers. This suggests that the main margin of
selection is that more universalist districts elect more universalist candidates.

Contribution and related literature. We provide the first evidence derived from field
data on the link between universalism and voting. Enke (2020) studies across-county
variation in vote shares in presidential elections but relies on a hypothetical psychologi-
cal questionnaire to quantify universalism. Moreover, in contrast to previous work, our
focus is on documenting, across a large number of races, that universalism explains not
only across- but also within-party variation in outcomes. In doing so, we also link to
work on repesentation that studies the district-level link between voter policy prefer-
ences and outcomes (Tausanovitch and Warshaw, 2013). This work shows that districts
in which people hold more left-wing policy views (e.g., on redistribution or immigra-
tion) have higher Democratic vote shares. Our paper adds to this literature by studying
the values (or utilility functions) that underlie differences in policy views, ideology and
voting, rather than taking policy views as primitives.

We interpret the correlations reported in this paper as suggesting that a main reason
for the large geographic political disagreement in the U.S. is that people differ in towards
whom they allocate a given altruism budget. This intuitively resonates with the fact that
many policy debates reflect what appear to be different views on one’s moral boundaries.
Our emphasis on how people spend their altruism budgets also sheds light on whether
Democrats or Republicans are more generous, an actively debated topic in the economics
of philanthropy literature (e.g. Yang and Liu, 2021). Work in this area has found mixed
results (or that both sides donate roughly the same amounts). Our findings indicate that
it may be more fruitful to explore the composition rather than level of giving.

In this spirit, our work also connects to the literature that has linked experimental
or survey measures of social preferences such as inequality aversion or equity-efficiency
preferences to political views (e.g. Fisman et al., 2017; Kerschbamer and Müller, 2020;
Epper et al., 2020). Consistent with individual-level survey evidence (Enke et al., 2022;
Cappelen et al., 2022), we highlight that a key component of cross-partisan differences
is not only heterogeneity in how people view “self versus other” tradeoffs, but instead
the slope of prosociality as a function of social distance (“us versus them”).

Section 2 develops our new measure of district universalism and explains how we
quantify politicians’ universalism. Section 3 presents the results and Section 4 concludes.
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2 Data and Measurement of Universalism

We wish to study U.S. House races and the subsequent Congressional behavior of Rep-
resentatives as a function of district universalism. Our unit of analysis is thus a congres-
sional district and the candidates that stand for election.1

2.1 Estimating District Universalism

Data. We propose a new economic (real-stakes) measure for a district’s universalism
that directly builds on theoretical models of universalism (Tabellini, 2008; Enke, 2019;
Enke et al., 2022). In these models, a person’s degree of universalism is formalized as the
degree to which altruism decreases as a function of social distance. Thus, universalism
is about the slope of generosity rather than its level.

We leverage data from DonorsChoose, an American non-profit organization that pro-
vides an online “crowdfunding” platform for public school teachers. On one side of the
platform, teachers post funding requests for projects such as field trips, classroom furni-
ture, and purchases of basic school supplies or technology. On the other side are potential
donors, who visit the website and donate to individual projects. Appendix C.1 provides
screenshots and a description of the platform’s layout and functionality. Notably, poten-
tial donors’ ability to search through and filter projects based on location is highly salient.
The visual ordering of projects on the platform is according to need, which is defined by
a combination of (i) time to the project’s expiration; (ii) remaining funds needed; and
(iii) general neediness of the school.

The geographic scope of the data is broad and comprehensive: DonorsChoose re-
ported in June 2019 that since the platform’s inception in 2000, teachers in 82% of
public schools in the United States had posted 1.4 million projects. We received data
that allow us to match all individual donations made on DonorsChoose between March
2000 and October 2016 to their recipient projects. These data report the school’s ZIP
code and the first three digits of each donor’s ZIP code. We drop observations for which
the donor ZIP code is missing. Appendix C.2 reports summary statistics. Overall, our
data include about 4 million donations worth approximately $305 million. The mean
number of donations per district in our final dataset is 9,068 (median of 6,133).

Empirical Approach. Our universalism measure captures how a district’s donations to
another district change as a function of distance. For this analysis, we aggregate indi-

1We focus on House races for two related reasons. First, our district-level analysis allows for greater
statistical power due to the larger number of candidates and races, relative to the Senate. Second, voter
universalism varies considerably across districts within states (as reflected in our own data), such that
Senate-level analyses eliminate much of the variation of interest.
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vidual donation data to the district level and construct a dyadic dataset comprised of all
possible donor-recipient district pairs. Appendix C.3 provides details on the matching
methodology used. In this dyadic dataset, the donation amount in each cell is computed
from 21 donations, on average.

We estimate a district’s universalism as (the negative of) the extent to which do-
nations from a given donor district decline as a function of distance. The left panel of
Figure 1 illustrates this approach for two donor districts from California. For each donor
district, we provide a binned scatter plot of the log donation amount as a function of log
geographic distance to the recipient district. Our interest is in the slope of this function.
In these plots, the donation and distance data are both residualized from donor and
recipient fixed effects. That is, as explained below, we hold fixed the level of donations
from and to a given district, and only leverage variation in the slope.

Formally, denote the set of districts and its elements by x ∈ X . For each donor district
i and recipient district j, denote a distance measure between the two districts by di, j

and the log total dollar amount of donations by pi, j. Further denote by Sx ∈ {0, 1} an
indicator variable for each donor district and by Rx ∈ {0, 1} an indicator variable for
each recipient district. Our estimating equation is then given by:

pi, j = α+
∑

x

θx

�

di, j × Sx

�

+
∑

x

γxSx +
∑

x

βxRx + εi, j (1)

The primary measure of interest is the vector of θx , which captures the extent to which
donations in a district decline as distance increases.

Importantly, the estimating equation includes donor and recipient fixed effects to
control for spatial variation in donation rates for reasons unrelated to universalism. For
instance, a given donor district may have disproportionately many users ofDonorsChoose
or be richer on average, hence leading to higher overall donation amounts. Similarly, a
given recipient district may post many projects on the DonorsChoose website or be very
poor, and hence receive many donations. Our specification nets out these level effects.
As a result, the estimates of universalism, θx , capture how strongly donations decrease
as a function of distance, holding fixed how much each district donates and receives.
For instance, this means that universalism is not mechanically lower in districts that are
poorer or have less well-equipped schools.

To address concerns of measurement error in the estimation of district-level univer-
salism, θx , we shrink these coefficients to the sample mean by their signal-to-noise ratio;
see Appendix C.3.1. Universalism is measured very precisely at the district level due to
the large underlying sample of donations, so the shrinkage does not meaningfully im-
pact our results – the correlation between the raw and shrunk measures is r > 0.99.
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Distance types and resulting universalism measure. In the specification presented
above, our distance measure is the log geographic distance between two districts’ cen-
troids. A potential problem with interpreting the universalism measure based on this
approach is that it might be confounded by heterogeneity in social or economic ties. For
example, suppose that left-leaning districts in general had more frequent or stronger
social ties to geographically distant districts than right-leaning districts. Left-leaning
districts may, for example, have higher mobility, different friendship patterns, and dis-
tinct economic interactions and trade patterns relative to right-leaning districts. Ideally,
one would like to assess a district’s degree of universalism also with respect to a more
encompassing proxy for social distance.

To generate a proxy for social distance, we use friendship distance as constructed
from Facebook data by Bailey et al. (2018). The intuition behind this so-called Social
Connectedness Index (SCI) is that it gives the probability that two randomly drawn
Facebook users from two districts are friends on Facebook. Formally, it is computed
as SC I = FB_Connectionsi, j/(FB_Usersi ∗ FB_Users j). We work with -log(SCI) as our
measure of distance.

We view the measure of friendship distance as a summary statistic of social distance
that aggregates a wide variety of demographic and social dimensions, such as ethnic
distance, age distance, ideological distance, income distance, educational distance, and
so forth. In working with this measure, universalism captures that giving depends less
on friendship distance. In other words, compared to a universalist district, a particularist
district gives relativelymore to places where people havemany friends, and less to places
where they have fewer friends. Loosely speaking, heterogeneity in universalism with
respect to friendship distance captures that people in some (particularist) districts show
more favorable treatment toward regions where they have many friends, while people
in other (universalist) districts treat regions with many friends or strangers equally well.

The measure of friendship distance is attractive for various reasons. First, as noted
above, districts may differ in their geographic distribution of social ties. Second, districts
are unevenly distributed across space – for example, those along the coast will, by def-
inition, have a larger geographic distance to some districts than those in the Midwest.
The friendship distance measure takes this into account because (unlike geographic di-
atance) the SCI measure is naturally bounded by [0,1].

The right panel of Figure 1 shows an illustration for two donor districts from New
York. In this example, district NY-21 donates relatively more to places where its residents
have more friends and less to places where they have fewer friends.

Universalism computedwith respect to geographic and friendship distance are highly
correlated (r = 0.73). We aggregate the geographic-based and the friendship-based uni-
versalism measures into a composite measure by computing the z-score of the average
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of the two z-scores. Below, we always report robustness checks based on each measure
separately. Figure 2 shows the heterogeneity in our composite universalism measure
across districts.

Correlates. A district’s universalism is correlated with log median household income
(r = 0.45), share of population with a college degree (r = 0.44), log distance to the
coast (r = −0.52) and share of the population which is White (r = −0.37). We control
for these variables in our analyses below, though we note that some of themmay be seen
as bad controls.

To quantify geographic variation in universalism, previous work has relied on the
Moral Foundations Questionnaire (Graham et al., 2013; Haidt, 2012). The universalism
measure constructed by Enke (2020) exhibits a correlation of r = 0.52with ourmeasure.
Taking into account measurement error, this suggests that these two measures plausibly
capture the same underlying concept, though we highlight that the main advantages of
the measure we use in this paper are (i) its ecological and real-stakes nature and (ii) its
tight connection to formal theories of universalism.

2.2 Estimating Politician Universalism from Text

Extended Moral Foundations Dictionary. The eMFD is a standard analytical tool in
moral psychology (Hopp et al., 2021). It is a considerably more sophisticated successor
of the original Moral Foundations Dictionary (MFD, see Graham et al., 2009). It consists
of a bag-of-words that probabilistically assigns a total of 3,270 terms to different moral
categories. Unlike the original MFD, which was constructed purely based on researcher
intuitions, the eMFD reflects the result of a crowd-sourced text-annotation task. Hopp
et al. (2021) selected a set of 3,000 news articles and then asked 550 online workers on
the Prolific platform to annotate these texts. Each annotator was tasked with highlight-
ing passages of text that contained content related to one of the moral “foundations”
prescribed by Moral Foundations Theory (Haidt, 2012; Graham et al., 2017) that can
be aggregated into the particularism-universalism distinction (Enke, 2020).

Hopp et al. (2021) identify 3,270 terms that were annotated relatively often. For
each of these terms, the researchers compute the probability that it was marked as an
instance of each moral category. Based on these probabilities (weights), we construct
an index of the relative frequency of universalist language. This index is analogous to
the one proposed by Enke (2020), except that in the current paper (i) it is applied to
the richer eMFD and (ii) it takes into account the probability weights with which each
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moral keyword belongs to a particular category.2
Formally, denote by w f

i the (probability) weight of word i for category f and by x i

the word’s frequency in a text. Denote by N the number of words in the eMFD and by
L the length of a document.3 The relative frequency of universalist language in a given
text is then given by:

Rel. freq. universalist language=
∑N

i x i(wuniv
i −wpar t ic

i )

L
(2)

We calculate this statistic at the level of a text and then average at the politician level.
Because this index is more precisely estimated for some politicians than for others (some
give longer and more frequent speeches than others), we apply a standard Bayesian
shrinkage to this raw index and shrink it to the sample mean using an observation’s
signal-to-noise ratio, using a method that is identical to the approach we use to shrink
district universalism to the sample mean (see Appendix C.3.1).

We apply this procedure to two corpuses of political text: congressional speeches and
campaign tweets. These two datasets serve different purposes. Congressional speeches
allows us to link a district’s universalism to legislators’ behavior in the policy-making pro-
cess. By construction, however, this dataset only allows us to estimate the universalism
of House race winners. Campaign tweets, by contrast, allow us to analyze all candidates
in a race.

Appendix Table 8 provides an overview of the most frequently used moral target
words in the eMFD that appear in the two datasets.

The measure of candidate universalism derived using this procedure is noticeably
distinct from standard ways of quantifying partisan speech. For example, in the Congres-
sional speeches data described below, the correlation between candidate universalism
and the score of partisanship developed in Gentzkow et al. (2019) is r = 0.20.

Congressional speeches. To estimate the universalism of members of the U.S. House of
Representatives, weworkwith the congressional speeches dataset provided by Gentzkow
et al. (2019). The two most recent Congresses in the dataset are the 113th and 114th
Congress. Given that the 112th Congress was based on a different districting, we work
with the two later sessions, for a total of 872 observations for which we can also compute
district universalism using contemporaneous data.

For each of these legislators, we compute the relative frequency of universalist lan-

2Universalist “foundations” are care/harm and fairness/cheating, and particularist foundations are
loyalty/betrayal and authority/subversion.

3Throughout, we compute text universalism after removing stop words–frequent words that convey
little content.
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guage, averaged across all days on which the legislator spoke.⁴ Appendix Figure 5 shows
a histogram of politician-level universalism, separately by party. Two main patterns
emerge. First, Democrats are more universalist, on average. Second, there is also large
within-party variation in speech universalism.

Campaign tweets. To quantify the moral content of politicians’ campaign messaging,
we rely on their tweets because the vast majority of candidates in U.S. House races
in recent years have made use of Twitter. Because Twitter’s Academic API only allows
researchers to access the most recent 3,200 Tweets of each user, we focus on the 2022
House races. As a result, we do not necessarily observe the same candidates both on
Twitter and in the Congressional speeches dataset.

Candidate Twitter handles were pulled manually using the Google search engine
and Ballotpedia, a U.S. politics website where candidates often provide links to their
Twitter accounts. Out of 1,056 candidates in the 2022 U.S. House elections, we obtain
Twitter handles for 865 of them. Out of the 853 Democrats and Republicans candidates,
we obtain Twitter handles for 796. Missing candidates are almost always those with
very small vote shares. Tweets were scraped on four separate occasions: November 26th,
2022, December 26th, 2022, February 18th, 2023, and March 22nd, 2023. We clean the
text by removing mentions (for example, @RepAOC), links, numbers, emojis, and stop
words. We then remove tweets that have no words, such as tweets that are only links or
pictures. The resulting dataset consists of 2,471,613 tweets, including 1,344,595 tweets
from 400 Democrats and 1,035,948 tweets from 396 Republicans.

There are two types of Twitter accounts: “campaign” accounts and “official” ac-
counts; the latter are limited to current representatives, usually incumbents. Out of 865
candidates with at least one Twitter account, 503 only have a campaign account, 24
only have an official account and 338 have both. To avoid a loss of data, we compute the
universalism index described above separately for each account type and then average
the z-scores of these two measures to arrive at a summary measure for each politician.
In those cases in which only one account type is used, we use the universalism index
from that account. All results discussed below are robust to working only with campaign
accounts.

Appendix Figure 5 shows a histogram of politicians’ tweet universalism. Again, Democrats
are more universalist, on average. Because the Twitter data include both election win-
ners and losers, this pattern illustrates that the average cross-party differences in the

⁴Whenever a legislator was replaced during a congress, we aggregated the universalism scores of the
speeches of both the original and the substitute legislators into a single district-congress speech universal-
ism score. Such replacements are infrequent, occurring in only 9 cases during the 113th Congress, and 3
cases during the 114th Congress.
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congressional speeches data (for which we only observed the winners) do not just re-
flect differences in “selection” but also underlying across-party differences.

3 Results

3.1 District Universalism and Two-Party Vote Shares

We begin by analyzing what we refer to as the congressional data, which contains the
two-party vote shares as well as the DW-NOMINATE score and the speech universalism
of the district’s representative, for each district and Congress (113th and 114th).

Figure 3 presents a binned scatter plot that visualizes the correlation between uni-
versalism and Democratic vote shares (r = 0.50, p < 0.01). Columns (1)–(3) of Table 1
provide corresponding regression analyses. The point estimate in the bivariate specifica-
tion in column (1) implies that a one standard deviation increase in district universalism
is associated with an increase in Democratic vote share of around thirteen percentage
points. This correlation is robust to the inclusion of controls for median income, share of
population with a college degree, White ethnic share and geography (see column (2))
and also state fixed-effects (column (3)).

Traditional political economy analyses highlight the importance of variation in in-
come (Meltzer and Richard, 1981) and education (Gethin et al., 2022) for electoral
outcomes. Yet the correlation between vote shares and universalism that we identify is
substantially stronger than those relating vote shares to log median household income
(r = 0.05) or share of population with a college degree (r = 0.14).

While the quantitativemagnitude of the link between district universalism andDemo-
cratic vote shares is striking, we see these findings as a point of departure rather than
the main results of our paper, for two reasons. First, the link between county-level uni-
versalism and county vote shares in presidential elections has already been noted by
Enke (2020) (though this earlier work measured universalism based purely on survey
responses rather than the theory-guided real-stakes measure we use). Second, the corre-
lation documented above is essentially a between-party comparison. We next consider
within-party variation in district universalism and representative behavior.

3.2 Behaviors in the U.S. Congress

Despite strong party discipline, legislators’ roll-call voting behavior in the Congress as
summarized by their DW-NOMINATE score exhibits somewithin-party variation. Columns
(4)–(7) document that district universalism is strongly linked to the DW-NOMINATE
score of the district’s representative (higher scores reflect higher conservatism). The
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variance explained in these regressions is as high as in analyses with Democratic vote
shares as the outcome.

Column (6) documents that this correlation continues to be statistically highly signif-
icant even when we compare politicians from the same party. While the point estimate is
notably lower, this is unsurprising given that there is only modest within-party variation
in DW-NOMINATE scores (as reflected in the very high proportion of variance explained
in column (6)). We report these results because we believe that – as in the analyses of
speeches reported below – they show that universalism is relevant for political outcomes
above and beyond pure partisanship. At the same time, we highlight that controlling for
the legislator’s party affiliation is almost surely a bad control given that party member-
ship and universalism are tightly linked. The relationship is similar in column (7) when
we additionally control for state fixed effects (though only marginally significant).

Finally, we study whether universalist districts elect more universalist representa-
tives, as proxied by the moral content of congressional speeches. This provides a more
direct link between voter preferences and legislator behavior, and may also be less con-
founded by the party discipline that governs roll-call votes. Columns (8)–(11) of Table 1
present the results. We find a strong link between district universalism and the represen-
tative’s universalism as expressed in congressional speeches. A one standard deviation
increase in district universalism is associated with an increase of speech universalism
by 25% of a standard deviation. Interestingly – and in contrast to our results on roll-
call votes – this relationship is largely unchanged when we only leverage within-party
variation in speech universalism (columns (10) and (11)). Furthermore, the results are
even robust to controlling for a district’s average Democratic vote shares in recent pres-
idential elections, as a proxy for general partisanship. This correlation again suggests
that universalism is relevant for both (i) understanding differences in partisanship and
(ii) variation in outcomes conditional on partisanship.

Overall, we interpret the results in this section as strongly suggesting that a district’s
degree of universalism is relevant for understanding the large heterogeneity in themake-
up of the U.S. Congress, including the nature of within-party variation in roll-call voting
and Congressional speeches.

Robustness checks. A first concern given our research question is the uneven geo-
graphic distribution of red and blue districts across space, because it implies that very
long-range donations are mechanically more likely to originate from (coastal) blue dis-
tricts. Appendix Tables 2 and 3 document that the results in Table 1 are very similar
when we measure universalism based on geographic distance or Facebook friendship
distance, rather than our composite measure. The robustness check that uses Facebook
friendship distance alone is particularly informative, because it shows that the results

12



using geographic distance are not simply driven by the fact that Democratic districts
have closer social connections to faraway places (e.g., due to migration).

Appendix Table 4 presents robustness checks in which we recode geographic distance
as a binary variable, based on a threshold of 50 miles, such that the uneven distribution
of districts across space is less relevant. The results are very similar to those presented
above.⁵

Finally, a potential concern is that donations to nearby schools on the DonorsChoose
platform do not reflect generosity towards friends and neighbors but, instead, personal
incentives to fund the classroom of one’s own child. A related concern is that there is
across-district variation in how well-informed people are about their local neighborhood
schools (or variation in how effective schools are at local fundraising). To address these
concerns, we redo all analyses described above using a geographic distance universalism
measure that is constructed after excluding all donations that go to a school in the
donor’s state of residence. Appendix Table 5 shows that the results are very similar.

3.3 WhyDoUniversalist Districts Have Universalist Representatives?

Two different selection mechanisms could give rise to the link between district univer-
salism and legislators’ universalism: (i) more universalist candidates might run in more
universalist districts; and (ii) conditional on the set of candidates, more universalist dis-
tricts might elect more universalist candidates. We cannot explore this distinction using
congressional speech data because we only observe election winners.

To study potential selection mechanisms, we turn to an analysis of campaign tweets
in 2022 House races. We look, in particular, at the relationship between candidate and
district universalism for district winners versus losers.Intuitively, if selection operates
through who selects to run ((i) above), then both winner and loser tweet universal-
ism should be correlated with district universalism. If voters select more universalist
candidates ((ii) above) then we expect a stronger relationship between candidate uni-
versalism and district universalism for winners relative to losers. Figure 4 shows the link
between candidate and district universalism separately for winners and losers of House
elections. In the sub-sample of winners there is a clear positive relationship (r = 0.33,
p < 0.01), while this relationship is absent within the set of losers. In Appendix Table 6,
we present regression results that confirm these relationships.

We do not wish to over-interpret the entire absence of a relationship in the set of
losers, for two reasons. First, candidates who lost the primary elections of the winning
party, who might be a more relevant set of losers, were not included in this analysis.

⁵We note that one coefficient of interest – on speech universalism – is no longer significant (p < 0.14)
when we control for whether the legislator is a Democrat.
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Second, candidate universalism is substantially more noisily estimated in the Twitter
data than in campaign speeches (tweets are shorter than speeches). However, we do take
these results to suggest that the evidence favors the second type of selection described
above (universalist districts electing universalist candidates) rather than the selection of
candidates into races.

4 Discussion

We make three contributions in this paper. First, we develop a new, real-stakes and
theory-guidedmeasure of district-level universalism that improves on previous measures
based on unincentivized surveys. Second, our results help to make sense of the large ge-
ographic heterogeneity in political outcomes across space, such as the make-up of the
U.S. Congress and the voting behavior and speeches of elected Representatives. This geo-
graphic variation is widely discussed in popular discourse, but economic variables alone
have not been very successful in explaining this spatial heterogeneity. We have shown
that variation in universalism (descriptively) explains more than 20% of the variation in
vote shares and DW-NOMINATE scores across districts. Our findings thus suggest that
a considerable fraction of the geographic political divide may result from disagreement
over univeralist versus particularist moral ideals.
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Figure 1: Donations as a function of distance. In the left panel, we illustrate regression equation (1) for
two example districts. In the right panel, we show the analogous pattern for a second pair of districts,
using Facebook friendship distance. All variables are residualized of donor and recipient district fixed
effects.

Figure 2: District-level map of composite universalism, computed as the z-score of the average of univer-
salism with respect to geographic and friendship distance.
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Table 6: Candidate tweet universalism of election winners and losers (118th Congress)

Dependent variable:
Candidate tweet universalism

Winners Losers All

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

District universalism 0.31∗∗∗ 0.0020 0.18∗∗∗ 0.0020
(0.06) (0.08) (0.05) (0.08)

District universalism × 1 if winner 0.30∗∗∗
(0.09)

1 if winner -0.25∗∗∗
(0.08)

Observations 409 432 841 841
R2 0.10 0.00 0.03 0.07

Notes. OLS estimates, robust standard errors (clustered at district level) in
parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

C Background on Donors Choose

C.1 Visual layout and functionality of the DonorsChoose platform

We ensure our results are not artifacts of the layout or functionality of the DonorsChoose
website. To do so, we examined all available screenshots of the platform’s layout and
functionality since its inception.

Throughout the relevant time period, it is not the case that projects are sorted by
closest proximity to each donor on the website. Instead, for a significant portion of
our sample period, the default sort for projects on the platform was by urgency, which
DonorsChoose defines as a combination of the lowest cost to complete, highest economic
need, and fewest days left to expiration of the project.

The website’s layout also does not vary across space. That is, to the best of our knowl-
edge, at any given time all donors observe the same platform layout regardless of loca-
tion, and given the default sort, they observe exactly the same projects when they first
arrive at the platform. Below, we present a screenshot of the DonorsChoose platform as
accessed in June 2019.

Throughout our sample period, the options available to filter and sort projects were
constant. Most importantly, the ability to search through and filter projects based on
location was and continues to be a salient (usually the highest) option available on the
screen. This feature makes a donor’s selection of a project based on geography particu-
larly straightforward, and potentially enhances the case for our claim that geographic
distance is a relevant metric employed by donors in selecting projects.
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Figure 7: Screenshot of DonorsChoose platform in June 2019. Note the ability to search for projects
near any given geographical location at the top of the page, the options available to the donor with
which to filter projects, and the “Double Your Impact” promotion applied to the topmost project presented.
Additional options available with which to filter projects included the project’s target age group, request
type (e.g., art supplies, books, classroom basics, etc.), project type (classroom projects or professional
development), and buckets for amount needed ($50 and under, $100 and under, etc.).
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C.2 Summary Statistics

Category Statistic

Number of donations (overall) 3,958,705
Number of donors (overall) 1,265,589
Number of projects (overall) 1,203,259
Average donation amount (overall) $76.96
Median donation amount (overall) $25

Average number of donations by a CD to a recipient CD 20.80
Median number of donations by a CD to a recipient CD 4
Max number of donations by a CD to a recipient CD 11,701
Min number of donations by a CD to a recipient CD 0

Average donation amount by a CD to a recipient CD $1,600.21
Median donation amount by a CD to a recipient CD $143.06
Max donation amount by a CD to a recipient CD $1,259,881.46
Min donation amount by a CD to a recipient CD $0

Average total number of donations by a CD 9,068
Median total number of donations by a CD 6,133
Max total number of donations by a CD 245,891
Min total number of donations by a CD 1,194

Average total donation amount by a CD $697,692.10
Median total donation amount by a CD $334,298.60
Max total donation amount by a CD $24,278,288.33
Min total donation amount by a CD $56,997.79

C.3 Additional Notes on Methodology

Data Cleaning. Our raw data consist of 6,211,940 individual donations made between
March 2000 and October 2016. Beginning in 2007, donations are made to projects in
all states in the United States plus the District of Columbia.

In addition to dropping observations with missing geographic or donation data, we
exclude donations in which either the donor or the recipient school is located outside
of the 50 states and the District of Columbia.

Aggregation to Congressional District level. ZIP codes provided in the DonorsChoose
data were used to map donors and projects to their respective congressional districts.
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Note that for reasons of anonymity, donor ZIP codes were truncated at the first three
digits, which added a layer of uncertainty to CD mappings, beyond the usual fuzziness
of ZIP-to-CD mappings. Thus, through data provided by the United States Census Bu-
reau, every donation was first mapped to all possible full ZIP codes corresponding to the
truncated ZIP code from DonorsChoose, and then in turn to a given CD based on all pos-
sible congressional districts that each one of these possible full ZIP codes could map to.
Because this mapping is not one-to-one, when aggregating donations to relevant source
CDs, all observations were weighted by the degree of a fuzzy match to relevant CDs. For
example, if based on the provided ZIP code a donation could have originated from either
MA-2 or MA-3, this donation would appear twice in our merged data once all donations
were mapped to donor congressional districts. In turn, each of these two observations
would then be weighted by the share of the 3-digit ZIP code area population in each of
these congressional districts when aggregating donation statistics by pairs of donor and
recipient CDs.

C.3.1 Bayesian Shrinkage

Our raw regression coefficients θi form unbiased but imprecise estimates of universalism.
To reduce measurement error and generate more precise estimates of this parameter, we
“shrink” our estimates toward the mean θ of the average across CDs, producing a shrunk
coefficient θ s

i that is a weighted average of θi and θ :

θ s
i = wiθi + (1−wi)θ . (3)

As in Chetty and Hendren (2018), the weights wi are selected to minimize the mean-
squared prediction error, so that

wi =
Var(θi)− E[se2

i ]

Var(θi)− E[se2
i ] + se2

i

.

Var(θi) represents the variance of the raw coefficients across CDs, and sei the standard
error of the coefficient for CD i.

C.3.2 Social Distance Data

Data on the social connectedness and the “relative probability of friendship” between
pairs of counties in the United States was obtained from Facebook. The construction
of these data is covered in Bailey et al. (2018). The Social Connectedness Index (SCI)
reflects the aggregate number of Facebook friendship links within or between counties.
The “relative probability of friendship” normalizes for county populations by dividing
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the SCI by the product of the number of Facebook users in each of the two counties.
We aggregate this “relative probability of friendship” data to the congressional dis-

trict level by using the aggregation procedure described in Bailey et al. (2021). Since
mappings from county to congressional district are not one-to-one, the aggregation from
county to this geographic level accounts for the possibility of a fuzzy match, by weight-
ing observations by the share of the county population in each possible congressional
district that a given county could map to.

This aggregation from county-pair SCIs and relative probabilities of friendship forms
our measure of “friendship distance.’. Specifically, we define the social distance between
a donor in geographic entity i and a recipient in a geographic entity j of the same level
as − ln(rel. prob. of friendshipi, j).

D Most common eMFD words

Table 8: 20 most frequent eMFD words in congressional speeches and Twitter datasets

Congressional speeches Twitter

Ranking Term Frequency Term Frequency

1 people 114479 people 147823
2 time 99601 thank 132456
3 president 99435 day 121791
4 speaker 86166 great 121579
5 going 64816 need 120531
6 work 61930 time 117335
7 states 60363 support 116429
8 country 58531 new 115816
9 want 57966 work 113041
10 act 56262 help 111810
11 senator 53195 house 104364
12 know 51902 act 101395
13 support 51841 vote 95292
14 house 51201 president 91653
15 need 50814 families 84498
16 state 50044 proud 83479
17 committee 48681 like 82746
18 new 48471 health 82428
19 government 48054 country 79314
20 think 47174 community 76554
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