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Abstract

Precinct-level election results are an essential tool in the study of American elec-
tions, but they require substantial work on the part of both election administrators
and academics to collect, standardize, and release on a statewide or national scale. To
motivate these efforts, we describe the many important uses of these data, and also
evaluate their limitations. Reviewing the major uses for precinct-level election results,
we identify several areas where the added granularity of precinct data makes it possible
to answer questions that cannot be fully addressed using just county- or district-level
election data. Some areas are: creating and adjusting electoral districts; analyzing
hyper-local phenomena like municipal regulations, public communication, or economic
activity; the uses of voting technology; and statistical tests that require smaller units
of geography or ones with reasonably uniform population sizes. We also identify some
areas where more granular data may not be more useful: precinct data do not have
demographics attached in the way that counties do, it can be difficult to use precinct
data for problems that require geographic information (as precinct boundaries are not
static), and some problems with aggregate data like ecological inference are not resolved
when precinct-level results are used (though they may be less severe). Understanding
the uses of precinct-level election results is important both for researchers and practi-
tioners, since both groups put substantial time and resources into releasing these data,
as well as choosing how they are shaped and which variables are included.

*This draft prepared for the Election Science, Reform, and Administration Conference, 2023.



Introduction

In addition to simply reporting an accurate tally of votes to the public, election results in
the United States are useful for investigating a wide variety of political questions. Over
decades, academics have used election returns to investigate salient voter issues and other
political phenomena. Non-academics, including local election officials and politicians, have
also utilized election data for important purposes. However, most of the election data used
for analysis are those at high levels of aggregation: news organizations and governments
primarily report election results at the state level, and the lowest level of aggregation widely
available is at the district level, where returns are often reported by individual counties or
townships. Precincts are the smallest geographic unit for which election results are reported,
though data at this level of granularity is quite rare. This is primarily because collecting and
publishing this data presents significant logistical challenges. The MIT Election Data and
Science Lab (MEDSL) is one of several organizations that have taken up this task, and they
have published standardized precinct-level election returns for all 50 states and the District
of Columbia for every major election since 2016.

The primary motivation of this paper is to provide insight into how election data at the
precinct level can be used by both researchers and practitioners for an array of political
purposes. The first section contains a brief history of precinct data collection and an overview
of the challenges involved with precinct data publication, followed by a literature review
of how this data have been utilized in recent years. The final section details the various
examples for which precinct-level election returns are useful, using data from MEDSL’s
extensive repository. The following section will outline scenarios for which more granular

data aren’t useful and explore their limitations.



Background

It’s likely that the first effort to collect nation-wide precinct-level election data was the Record
of American Democracy, which has data dating back to 1984 (King, Gary and Palmquist,
Bradley and Adams, Greg and Altman, Micah and Beniot, Kenneth and Gay, Claudine and
Lewis, Jeffrey B. and Mayer, Russ and Reinhardt, Eric 1997). Since then, various research
institutions and non-profit organizations have taken up the task of collecting, cleaning, and
publishing precinct returns: in addition to MEDSL, OpenElections OpenElections (2023) has
compiled the majority of federal races for all 50 states since 2000, and the Voting and Election
Science Team has collected precinct returns as well as shapefiles for numerous races since
2012 (Harvard Dataverse 2023). Additionally, the Redistricting Data Hub advocates using
precinct data for redistricting purposes (for example, ensuring that precinct boundaries are
drawn to allow for maximum competitiveness). Despite increased efforts to collect this data,
certified election returns at the precinct-level remain quite rare. This is primarily because
collecting, standardizing, and publishing these returns presents significant challenges. States
have the freedom to choose when and in which formats to publish their election data, which
often results in precinct-level returns that are incomplete or missing. Additionally, there
are no universal naming or formatting conventions across states, so efforts to standardize
precinct data requires extensive time and resources. With nearly 180,000 across the country
and over ten million unique combinations of candidates and precincts in a general election,

collecting, cleaning, and publishing these data becomes a significant undertaking.



Literature Review

Over the last several decades, precinct-level election data has been utilized for voting and
non-voting purposes alike. This literature review summarizes several of the research areas
for which precinct data has been used, as well as examples of how this data has been applied

by politicians and other practitioners.

Election and Voting-Related Applications of Precinct-Level Elec-

tion Data

Election data has been used to explore a wide variety of academic questions, but precinct-level
data has been utilized in specific ways. In his 2006 paper “Election Forensics: The Second-
digit Benford’s Law Test and Recent American Presidential Elections,” Walter Mebane
Mebane Jr. (2006) used precinct-level election returns to test whether second digits of vote
totals appear with frequency as described by Benford’s Law (a metric used to determine
whether voting technology is flawed. This analysis has had profound implications for the
narrative surrounding election fraud in recent years. Additionally, Karp and Banducci (2000)
used Oregon’s precinct data merged with census data to determine how all-mail voting would
increase participation and alter the composition of the electorate. They found that all-mail
voting would have the biggest impact for local and primary elections, and additionally, vot-
ing by mail is likely to have the biggest effect on turnout for those who are already likely
to vote. Precinct data has also been used in research exploring the relationship between
geography and political polarization. In “Spatial Scale and the Geographical Polarization
of the American Electorate,” Rhola et al. (2018) utilized precinct data for the 2008, 2012,
and 2016 Presidential elections to determine whether political polarization is correlated with
geography. Through their research, they found that polarization was greater at the precinct
level than the county and state levels. In a thematically similar piece, Gregory Martin and

Steven Webster’s paper Martin and Webster (2020) exploring the relationship between ge-



ographic mobility and political preferences reported that location has a marginal effect on
political preference. Political science research focusing on political representation, voter en-
gagement, and identity have also relied on precinct data for their analyses. Pelissero et al.
(2000) used precinct data from Chicago to assess the impact of Asian voters and political
organizations on political participation. Their paper reports that larger Asian populations
are correlated with greater voter registration but lower turnout. Miller and Crosnick (1999)
utilized Ohio precinct data to determine whether the order in which candidates are listed on
a ballot affects the share of votes they receive, discovering that candidates listed first on the
ballot were advantaged by 2.5As for research on voting and identity, Hersh and Nall (2015)
used geocoded precinct returns to explore the relationship between income and partisanship
across the U.S. They found that income-based voting is heavily correlated with race, and
correlation between income and partisanship differs based on geographic region and racial
homogeneity. In their unique article, Gebru et al. (2017) collected data on automobiles from
50 million Google Street View images spanning 3,068 zip codes, 39,286 voting precincts, and
200 US cities to estimate social demographic information and voting preferences for each
area. Using a logistic regression model to estimate income and voter preferences based on
vehicle type, they found strong associations of Democratic precincts with sedans and Repub-
lican precincts with extended-cab pickup trucks. Another significant area of political science
literature that has relied on precinct data is research on gerrymandering and redistricting re-
form. In the piece “Locating the Representational Baseline: Republicans in Massachusetts”,
Duchin et al. (2019) investigate why Republican candidates do not have more favorable
electoral outcomes in the state, discovering that these outcomes are not attributable to par-
tisan gerrymandering but a true distributional disadvantage. Furthermore, Saxon (2020))
simulated voting districts using precinct level election returns to develop new software that
identifies optimal arrangements for “compactness” according to 18 different definitions. In a
related piece, Gurnee and Shmoys (2021) demonstrate that redistricting efforts that mainly

focus on compactness (rather than political and demographic information) “explicitly op-



timize for arbitrary piecewise-linear definitions of fairness.” Additionally, Henderson et al.
(2018) use simulated House maps (created by precinct data) to analyze whether nonparti-
san redistricting efforts make for more politically competitive districts, ultimately finding
that, overall, this is not the case. In order to evaluate the efficacy of Pennsylvania’s 2022
redistricting plan, Warshaw (2022) used precinct-level data from recent statewide elections
to calculate the partisan bias in state house elections under the state’s new plan. He found
that the new redistricting arrangement facilitates a slight GOP bias, allowing the party to
almost always win a majority of seats. Precinct data has even been used to develop complex
mathematical models- Chikina et al. (2017) investigated how Markov chains can be applied
to avoid bias in Congressional districting. In some cases, precinct data has also been useful
for purposes outside of the academic sphere. In a 2014 article for the Journal of Economic
Perspectives, Nickerson and Rogers (2014) detail the ways in which political campaigns have
used precinct data to guide their electoral strategy and gain deeper insight into their con-
stituencies. For instance, campaigns can merge Census data and precinct information onto
relevant information in voter databases. Precinct data is also useful in determining which
localities are most heavily contested, and this information is helpful for campaigns when

considering where to invest the most resources.

Other Applications of Precinct-Level Election Data

While precinct-level returns have certainly been impactful in the election space, they have
also had utility in other areas of research. Since 2020, precinct data has been utilized by
public health researchers to investigate the widespread effects of the COVID-19 pandemic and
evaluate public perceptions and responses. Using MEDSL precinct data to proxy for political
partisanship, Barrios and Hochberg (2021), find that a higher percentage of Trump voters
in a county is correlated with a lower perception of COVID risk (these findings replicated
former work done by Allcott et al. (2020)). In a related project, researchers at the University

of Michigan utilize the same data source to analyze beliefs, constraints, and risk preferences



about COVID across identity groups, including gender and partisanship (though this source
uses county-level totals) (Fan et al. 2020). Researchers have also used precinct-level data
to analyze the impacts of policies and social movements. Laniyonu (2019) used precinct
data as well as US Census data to explore the effects of local policing on voter turnout
and candidate preference in New York City. This study found that areas with concentrated
efforts of policing experienced different patterns in turnout over time, and stopping the
intensity of policing was strongly associated with support Democratic mayoral candidates.
As another example, researchers Mullin and Rubado (2017) aggregate precinct-level vote
returns to water service areas in order to investigate the relationship of political partisanship
to local policy responses to drought in Texas between 2010-2013. Trounstine (2020) maps
precinct-level election data from several California cities onto demographic data to determine
whether partisanship and racial identity affect voter support for redistricting development.
Economists and data scientists have also utilized precinct-level election data in their work.
Asquith et al. (2021) matched precinct vote totals to Census Voting Districts to investigate
the connection between social capital determinants and local labor market networks. They
found that neighborhoods with a larger Republican vote share (among other factors) are
correlated with more active labor networks. As another example, Hayatpur et al. (2021)
used MEDSL data as a “guided scenario” to present to study participants in their research
about how virtual reality can be used to enhance spatial reasoning skills. As this section has
demonstrated, precinct-level election data have had far-reaching implications for academic
research as well as policy outcomes. The next portion of this paper will detail the specific
reasons why this information is useful, utilizing data from MEDSL’s repository as well as

other sources.



Benefits of Precinct Data

Exploring Local Variations

Put simply, one of the biggest benefits of using precinct-level data is that it allows for a more
nuanced analysis of variations at the local level. Just as county and district-level results
give one much more precise information about local phenomena than, say, state-level data,
precinct data can be used to explain patterns at a local level much more holistically than
data at a higher level of aggregation. A surprising amount of information about sub-county
races is lost if one just reports at the county level.

To put this into perspective, Figure 1 displays the total number of office-county-state
name combinations in MEDSL’s precinct data for the given years compared to the total
number of name combinations only contested at the precinct level. It should be noted that the
share of sub-county races decreases over time simply because the lab did not collect as much
local data as time went on. Even so, one would miss about 1 in 5 office categories contested
in each county in 2018 if they used county data as opposed to precinct data. Put another
way, over 20 percent of local data is lost reporting at a higher level of aggregation- data
that could provide essential information to explaining characteristics and patterns among

and within localities.

Year Total Office-County-State Combos Only Contested Sub-County
Combos at the Sub-County Level Share
2016”7 43,856 18,209 42%
2018%* 46,227 9,746 21%
2020% 30,747 4,269 14%




Exploring Vote Modes

In addition to simply gaining more accurate and nuanced information, precinct data can
be useful for exploring geographic variation in the distribution of vote modes. Gaining
insight into the way Americans vote is crucial to many political decisions, particularly when
considering where and how resources should be allocated. To demonstrate this in practice,
Figure 1 compares the share of absentee votes across all counties in North Carolina in 2020

with the share of absentee votes across all North Carolina precincts in the same year.
North Carolina, 2020
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The story told by these graphs is an interesting one: the county-level spread on the left
depicts the absentee vote share across all North Carolina counties as hovering between 10 and
20 percent (which is on par with what the national average has been since 2000) (Stewart
IIT 2023). However, the precinct distribution on the right depicts a different spread, and
for a particular reason: the small bar on the far right of the precinct graph demonstrates
the share of North Carolina precincts containing an absentee vote share of 100 percent (not
impossible, but also unlikely to occur in the real world). In fact, those data points are
not real precincts at all; they are non-geographic precincts that the state has designated to
“hold” all of the absentee votes in their counties. This, in turn, dramatically drives up the
percentage of precincts with an absentee vote share of 0 percent, as evidenced by the tallest
bar in the graph. Misleadingly, this bar actually represents plenty of precincts that have a
much greater share of absentee voting. However, the precinct spread still displays important
and accurate information about the distribution of data at this low level of aggregation, as

the points in the middle are likely an accurate representation of the ground truth. This case



serves not only as a prime example of how using precinct data provides more nuance than
more aggregated data, it demonstrates the importance of being aware of external variables
that may be affecting a distribution (in this case, the creation of non-geographic precincts).
Though mode analysis at the precinct level is susceptible to skew (just as are data at other
levels of aggregation), the information such analyses provides is valuable and essential for

gaining insight into voting behavior.

1 Limitations of Precinct Data

Longitudinal Analysis

One primary way in which precinct-level election returns are not useful for research is when
one is interested in observing patterns over time. This is simply because precinct bound-
aries are not static; when precinct boundaries change, so too do the characteristics within
precincts. Everything from the number of voters within each precinct to the partisan makeup
of these areas changes with each redistricting cycle. Figure 2 depicts a recent example of the
effects of redistricting, showing the difference in the Democratic vote share in U.S. House
Race District 7 across all of Baltimore City, Maryland’s precincts for 2020 and 2022. Balti-
more underwent re-precincting between 2020 and 2022, and this likely accounts for a lot of
the changes observed in the vote share. In particular there is a considerable difference in the
number of precincts that have a Democratic vote share between 94 and 99 percent. While
it’s possible that other factors were contributing to this significant increase over time, the

majority of the change was most likely simply due to boundaries changing.
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Distribution of Democratic Vote Share for US House Race Dist. 7 Across Precincts in
Baltimore City, MD: 2020-2022
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Another example of how redrawing boundary lines can affect precinct analyses can be
seen in Figure 3. These images are aerial views of Boston’s third voting ward, with the
map on the left showing the division of precincts within the ward in 2020 and the right map
showing how it looks currently after having undergone reprecincting. Having gained nine
precincts in the redistricting process, it would be unhelpful to do any sort of longitudinal

analysis at the precinct level in this case.
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Ecological Inference

A crucial thing to be aware of when working with precinct data is the all-too-common
ecological inference problem (also known as the cross-level problem). This is where one is
interested in behavior of a certain population but only data at a higher level of aggregation is
available and then that data must be used to make inferences about the population of interest
(Tam Cho and Manski 2008). In the case of election data, there are often discrepancies at the
county and precinct levels. Figures 4 and 5 demonstrate ecological inference by comparing

the partisan vote share by race in North Carolina in 2020.
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Figure 4 shows the distribution of the share of white Democratic voters across all coun-
ties in North Carolina in 2020, and Figure 5 shows the distribution of the share of white
Democratic voters across all precincts within Wake County (one of the state’s largest.) Both
spreads look similar, but if one were to use county level data to try and make inferences
about race and partisanship at the precinct level, they’d be missing important nuances. For
example, there is a large cluster of localities in the precinct distribution that are majority
white but only about 50 percent Democrat that are not present in the county data. The
county spread depicts that it is more common for heavily white areas to be more politically

polarized.

Conclusion

Precinct-level election returns have been an asset to a wide range of political projects, for
those directly relating to elections as well as other areas. This paper has outlined the his-
tory of precinct-level data collection in the United States and has contributed a substantial
literature review on the ways in which these data have been applied in recent decades. Fur-
thermore, we have identified further areas of study and types of analyses for which granular
election data can be useful, including observing patterns in voting technology and geographic
patterns at the local level. We have also explored scenarios where the utility of these data
may be limited, namely when tracking and analyzing changes over time. Precinct-level elec-
tion returns require substantial effort to collect and standardize, which largely explains the
relative rarity of accurate datasets. We hope that this paper has demonstrated the unique
contributions these data can make in the election space and beyond, and by extension, that

efforts to carry out this work are worth supporting and preserving.
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