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Beliefs about the incidence of voter fraud inform how people view the trade-off between electoral
integrity and voter accessibility. To better inform such beliefs about the rate of double voting, we
develop and apply a method to estimate how many people voted twice in the 2012 presidential

election.We estimate that about one in 4,000 voters cast two ballots, although an audit suggests that the true
rate may be lower due to small errors in electronic vote records. We corroborate our estimates and extend
ouranalysis usingdata fromasubset of states that share social security numbers,making it easier toquantify
who may have voted twice. For this subset of states, we find that one suggested strategy to reduce double
voting—removing the registration with an earlier registration date when two share the same name and
birthdate—could impede approximately 300 legitimate votes for each double vote prevented.

INTRODUCTION

At the heart of the current “voting wars” (Hasen
2012) lie different beliefs about the incidence of
voter fraud (Ansolabehere and Persily 2008;

StewartIII,Ansolabehere,andPersily2016).Thesebeliefs
in turn shape the evolving nature of voting rights (Minnite
2010), making it critical to quantify and clarify how often
such fraudactually occurs (Alvarez,Hall, andHyde2009).

Voter fraud could come inmany forms, including the
casting of multiple ballots (i.e., double voting), illegal
ballots (e.g., noncitizen voting), or other peoples’ bal-
lots (i.e., voter impersonation).1 After extensive

research, Levitt (2007) and Minnite (2010) conclude that
little to no voter fraud—of any stripe—has occurred in
recent U.S. elections. One of their primary pieces of ev-
idence is that few people have been successfully prose-
cuted for voter fraud. Not everyone, however, accepts
these conclusions, both because such prosecutions are
dependent on the investigation of, or at least allegations
by, legal authorities (Fund 2004) and because voter fraud
may be difficult to detect when it is done well (Ahlquist,
Mayer, andJackman2014;ChristensenandSchultz2013).

We focus specifically on double voting, which is one of
“themostcommonassertionsofvoterfraud”andafactor in
structuring policy about the removal of voter registrations
(Levitt 2007, 12). Identifying double voters is particularly
challenging because the information in publicly available
state voter files—stitched together to create a national
file—is necessarily limited due to privacy concerns. In-
formation on social security numbers is particularly useful
for determining whether two registrations belong to one
person, but this information is not included in public voter
files even when known by a state. The only variables
consistently reported across states about each registration
are first name, last name, and date of birth (DOB). Al-
though approximately three million pairs of 2012 vote
records share these three attributes, some of these parings
represent two distinct voters rather than one double voter.

Wefirst develop a statistical technique to estimate the
aggregate amount of double voting using a national
voterfile. Roughly speaking, we estimate the number of
double voters by subtracting the number of distinct
voters that we expect to share the same first name, last
name, and DOB from the number of observed matching
pairs. We build on McDonald and Levitt’s (2008)
probabilistic birth-date model for our estimation
strategy and extend their work in four ways, accounting
for nonuniformity in the distribution of birthdays,
producing analytic confidence intervals, explicitly ac-
counting for measurement error in vote history, and
looking at the entire country instead of a single state.
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1 Voter fraud shouldbedistinguished fromelection fraud, in the sense
that voter fraud is driven by voters, whereas election fraud is not. For
example, if a state or local election official manipulated vote totals or
a campaign operative manipulated voters’ absentee ballots, it would
be election fraud, but not voter fraud.
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If registration records in our national voter file are
never wrongly marked as having been used to vote, we
estimate that about one in 4,000 votes cast in 2012 were
double votes. But inaccurate marking of vote records
would cause our estimate tooverstate thenumberof true
double votes. In fact, a 1.3% clerical error rate would be
sufficient to explain all of these apparent double votes.
Unfortunately, no data exist to make a definitive state-
ment about the error rate nationwide. However,
a comparison we make of vote records in a poll book to
vote records in a voter file supports the idea that enough
measurement error exists to explain at least some, and
potentially nearly all, of the apparent double votes.

Afterweuseanationalvoterfile toproduceourestimate
of double voting, we use data generated by the Interstate
Crosscheck Program, a consortium of states that share
detailed registration information with each other, to vali-
date the result. The data include all of the cases in which
a registration record in a single state in the consortium had
the same first name, last name, and DOB as a registration
record in any other participating state, plus an indicator for
whether the last four digits of each registration’s social
security number (SSN4) is known and an indicator for
whether the two are the same. Using these data, we first
identify cases in which both registration records have
aknownSSN4andwereusedtovote,andthencalculatethe
share of these cases in which the SSN4s match. In the
national voter file, we estimate that 97% of the votes cast
with the samefirst name, last name, andDOBwere cast by
two distinct individuals. If we limit our focus toCrosscheck
states, we estimate that fully 99.4% of votes cast with the
same name and DOB were cast by distinct individuals. In
the consortium data, where we can measure this statistic
more directly, we estimate this quantity to be 99.5%.

The more fine-grained consortium data also allow us
to better quantify the balance between voter accessibility
and electoral integrity at the heart of the current voting
wars.Fewerthan10of theroughly26,000knownduplicate
registrations we identified in the consortium data were
used to cast two votes in 2012. By contrast, we identified
more than2,500cases inwhichonly the registrationrecord
with an earlier registration date was used to vote in 2012.
This ratio is particularly important when evaluating pol-
icies such as Indiana’s, which instructed local registrars
to cancel registrations that share a common first name,
last name, andDOBwith a registration in another state if
the Indiana registration had an earlier registration date
[Ind. Code Ann. 3-7-38.2-5(d)(2); see generally Com.
Cause Indiana v. Lawson, 937 F.3d 944 (7th Cir. 2019)].
Our results suggest that such a strategy would eliminate
more than 300 registrations used to cast a seemingly le-
gitimate vote for every double vote prevented. More
broadly, these findings highlight that the number of reg-
istration records that share common observable charac-
teristics and the number of duplicate registrations are
poor proxies for the number of double votes.

THE MEASUREMENT OF VOTER FRAUD

The Supreme Court has voiced concern that percep-
tions of voter fraud “drive[] honest citizens out of the

democratic process and breed[] distrust of our gov-
ernment” [Purcell v. Gonzalez, 549 U.S. 1, 4 (2006)].
This suggests an important scholarly role for the mea-
surement of voter fraud: if there is little voter fraud, it is
particularly important for this tobedocumented and for
the public to be made aware.

To this end, the recent growth of election forensics
has ushered in a host of new measurement methods to
detect patterns consistent with various conceptions of
electoral fraud (see, e.g.,Ahlquist,Mayer, and Jackman
2014; Beber and Scacco 2012; Cantú and Saiegh 2011;
Christensen and Schultz 2013; Cottrell, Herron, and
Westwood 2018; Fukumoto and Horiuchi 2011; Hood
and Gillespie 2012; Mebane 2009; Montgomery et al.
2015). But little existing election forensics work
examines the issue of double voting, despite the fre-
quency with which it is alleged (Levitt 2007).

McDonald and Levitt’s (2008) study of double voting
withinNewJersey in the2004presidential election is the
mostextensivework todateon the topic.McDonaldand
Levitt identify 884 pairs of vote records that have the
same first name, last name, and DOB. Via simulation,
they estimate the number of vote records that would be
expected to share these observable characteristics by
drawing the year of birth for a vote record at random
from the empirical age distribution of voters and as-
suming that birthdays within years follow a uniform
distribution. Using this method, McDonald and Levitt
put a 95% confidence interval of 300–500 people voting
twice in New Jersey in this election. If this estimate is
correct and the rate of intrastate double voting in New
Jersey is representative of the rate in the rest of the
county, it would imply that more than 10,000 intrastate
double votes were cast across the country during the
2004 presidential election.

In the sections that follow, we build on work by
McDonald and Levitt (2008) and by Yancey (2010) to
estimate the number of people who cast two bal-
lots—either in the same state or in two different
states—in the 2012 U.S. presidential election. In addi-
tion to expanding the scope of analysis using a national
voter file, we deal with two statistical challenges that
McDonald and Levitt identify in their approach. First,
our model accounts for both name and day-of-birth
periodicity. Second, we allow for the possibility that
some registration records are incorrectly marked as
being used to cast a ballot. McDonald and Levitt note
that failure to account for either issue can inflate esti-
mates of double voting. Indeed, we estimate that the
actualnumberofdouble votes is fewer thanone-tenthof
what their approach suggests.

Our approach departs from many of the standard
strategies for record linkage (see, e.g., Elmagarmid,
Ipeirotis, andVerykios 2007).For example, recentwork
by Enamorado, Fifield, and Imai (2019) is part of
a broader set of Bayesian mixture models that generate
posterior probability estimates that record i from
dataset A and record j from dataset B are associated
with the same observation, even when the number of
overlapping variables between the two datasets is in-
consistent or some of the variables are measured with
error [see also Sadinle (2017) and Steorts, Hall, and
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Fienberg (2016)]. These models are well suited for es-
timating the likelihood that a specific registration in
stateAanda specific registration in stateBbelong to the
same person based on all the information that can be
assembled about each registration.

Estimating the total number of double votes, how-
ever, presents a number of challenges to existing
Bayesian record-linkage models. National voter files
contain a limited set of consistent identifiers, making it
difficult to conclusively determine whether a particular
pair of vote records represents the same individual
voting twice. In theory, one could aggregate over the
posterior probabilities that each pair of records comes
from the same individual and interpret this sum as the
estimated number of double votes. But the infrequency
of double voting brings into question the accuracy of the
posterior probabilities. Indeed, previous work suggests
that the performance of existing Bayesian record-
linkagemodels declineswhen the overlap—the share of
observations fromonedataset that also are contained in
the other—decreases (Enamorado, Fifield, and Imai
2019; McVeigh and Murray 2017). For example,
Enamorado, Fifield, and Imai show classification errors
increasewhen the overlap is reduced from50% to 20%.
Because double voting is rare, overlap is less than 1% in
our setup, even if we engage in the forms of blocking
suggested by Enamorado, Fifield, and Imai. If this low
amount of overlap generates even small inaccuracies in
estimates of posterior probabilities, these inaccuracies
can be consequential because the probabilities get ag-
gregated over such a large number of potential pairings.

Alternatively, we could apply a threshold to the
posterior probabilities to determine whether any given
pairing should be considered a match, as is common in
the Bayesian record-linkage literature (Fellegi and
Sunter 1969). For example, Enamorado, Fifield, and
Imai (2019) apply thresholds between 0.75 and 0.95
when definingwhether voter registration records in two
datasets are a match. But in our setting, our results
indicate that the probability that two vote records that
share the samefirstname, lastname,andDOBbelong to
the same individual is less than 0.05, hindering efforts to
apply this threshold strategy.

Because our quantity of interest is the total number of
people casting two ballots, there are several advantages
of modeling the aggregate number of matches instead of
trying to identify specific double voters. Whereas most
existing record-linkage models consider only the overall
match quality of two fields, we consider the actual values
in those fields. As a result, our method can naturally
account for the varying popularity of names and non-
uniform birth-date patterns. Relatedly, most record-
linkage approaches evaluate the match quality of two
records in a given field independent of the information
contained inotherfields.Bycontrast, ourmodelaccounts
for interactions between someone’s first name andDOB
thataffect the likelihood that twopeoplewho share these
characteristics are, in fact, the same person. Such flexi-
bility can be incorporated into existing record-linkage
methods, but this typically comes with significant com-
putational overhead or loss of theoretical guarantees
(Enamorado, Fifield, and Imai 2019). Thus, although we

believe in theory that the number of double votes could
beestimatedvia record-linkagemodels,doing soappears
to require a nontrivial extension of existing methods.

We also take steps to address some of the weaknesses
of our approach relative to the standard strategies for
record linkage. Bayesian record-linkage models are
betterequipped thanours fordealingwithdatarecording
errors (e.g.,misspellednames)andmissingdata.Wetake
two actions to dealwith this. First we preprocess the data
to correct some data recording errors. Second, we ex-
clude some observations that we think are particularly
likely to have data errors and then scale our estimates to
account for the missing and excluded data.

Our statistical approach has applications beyond esti-
mating the incidence of double voting.Ansolabehere and
Hersh (2017) develop the terms “matchability” and
“identifiability” to define two contrasting goals of record
linkage. Their focus is on voter identification laws, in
which identifiability refers to the identification of the
specific individualswhopossess the identificationrequired
to vote and matchability refers to quantifying differences
over groups (e.g., racial groups) in the likelihood of
possession. Our approach to studying matchability with-
out first establishing identifiability may be useful in
informing similarly broad political debates, particularly
when linking datasets with two key properties. First, that
there is a reasonable chance distinct records match on
DOB and the other identifiers available in the two
datasets, perhaps because identifiers are limited to pre-
serve anonymity. Second, that few observations in the
two datasets are true matches. For example, there have
beenmultiple cases in recent years inwhich a substantial
number of individuals on a list of potential noncitizens
share common identifierswitha registeredvoter (Garner
2019). Our method could be applied to determine how
many people on such a list are actually registered to vote.

DATA

This study uses three sources of data: (1) a national voter
file, with first name, last name, and DOB; (2) a com-
parison of local poll books with an analogous local voter
file; and (3) a list of cases in which voter registration
records in different states had a common first name, last
name, and DOB, supplemented with information about
whether the registrationrecords sharedacommonSSN4.

Each source of data plays a distinct role. The national
voter file, which comes fromTargetSmart, a data vendor,
isusedtoestimatetherateofdoublevoting.Thepollbook
comes from Philadelphia, Pennsylvania, and is used to
suggest the degree ofmeasurement error in vote records,
although it cannot offer a nationally representative es-
timate.Finally, themultistatematchwasgeneratedby the
consortium of states known as the Interstate Crosscheck
Programand is used toboth validate themodel result and
quantify the implications for election administration.

National Voter File

To estimate the number of people who voted twice in
the 2012 election, we useTargetSmart’s national voter
file, which lists the first name, last name, DOB, and
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turnout history associated with each voter registra-
tion.2 The 126,444,926 vote records in these data
provide a nearly comprehensive list of 2012 general
election participation.3

One limitation of our approach is that we need to
observe first name, last name, and DOB to include
a vote record in our analysis. Thus, we exclude 1,019,
3,145, and 1,498,005 vote records from all of our anal-
yses because we do not have information on the first
name, last name, or DOB, respectively. While we scale
our estimates to account for the fact these vote records
are not included in our analysis, this requires an as-
sumption that vote records missing at least one of these
threefieldswere equally likely to be used to double vote
as vote records missing none of these fields.

A second limitation of our approach is that mea-
surementerror in registration recordsmay influenceour
estimated rate of double voting. Such bias could point in
either direction. An error could eliminate the dis-
tinguishing feature between two actually unique vote
records, creating the appearance of a double vote, or
introduce such a distinguishing feature, masking what
would otherwise have been detected as a double vote.

Section A.4 in the Appendix highlights a number of
forms of measurement error in the TargetSmart data.
Across all years, we found an improbable 14% of 2012
vote records that were associated with a first-of-the-
month birthday. McDonald (2007) notes that first-of-
the-month birthdays are sometimes used by election
officials to identify missing information and drops
records with such “placeholder” dates of birth. We
follow the same strategy here and remove these records
fromour baseline analysis thatmight otherwise cause us
to overestimate the number of double votes.

We similarly are concerned that some states generally
have poor record-keeping practices, which might in-
troduce an unknown bias into our estimate. Ansolabe-
here and Hersh (2010) conclude that voter registration
data fromsomestates,mostnotablyMississippi, perform
consistently worse than others across a range of data
validation exercises. We take advantage of the in-
formation contained in both residential addresses and
generational suffixes (e.g., “Jr.” and “Sr.”) to generate
two related measures of the accuracy of a state’s voter
records. It is highly unlikely that two voters with the
same first name, last name, and DOB would be reg-
istered to vote at the same address. Although most
states have almost no cases like this, seven states, in-
cluding Mississippi, have a significant number of such
pairings. Our suspicion that many of these cases rep-
resent fathers and sons who are incorrectly noted as
having a commonDOB is bolstered by the finding that
many of these pairings do not share a common suffix.

Because this suggests that there is substantial mea-
surement error in voter records in these states, we drop
these states from our baseline analysis.4

Our preferred sample includes 104,206,222 of the
126,444,926 vote records contained in the full dataset.
Weexplain in theResults sectionhowweadjustourfinal
estimate toaccount for thedropped records. Indoing so,
we make an additional assumption that registration
records with a first-of-the-month birthday and from the
sevendropped states are used to cast double votes at the
same rate as all other registration records.

Finally, we address measurement error in names.
Two vote records that should be associated with the
same person might not be if each has a similar, but not
identical, first name. To reduce the possibility that such
measurement error causes us to underestimate the
number of double votes, the Appendix details how we
use commercial software to resolve each first name to
a standardized form.

Ultimately, though, this preprocessing approach cannot
address all problems of exact matching vote records. For
example,whilewecorrect transcriptionerrors infirstnames,
we cannot address the case of outright voter evasion, in
which registration records are purposely misleading. That
remains a weakness of our inferential approach, although
the problem is likely mitigated by established practices of
checking registration information against other state data-
bases. To better understand the consequences of mea-
surement error, we present a sensitivity analysis in the
Appendix that shows how our estimate of the number of
double votes may be affected by such error.

Philadelphia Vote Record Audit

As we discuss in the next section, our estimate of the
number of double votes depends on the rate at which
registration records are erroneously marked as being
used to vote. While we selected Philadelphia in part out
ofgeographical convenience,wealso thought theprocess
it uses to translate its poll books into vote records would
make it middle-of-the-road in terms of the incidence of
such errors. There are three general approaches to the
task of generating electronic vote records. Some juris-
dictions use an electronic poll book, which automatically
updates the voter file and, thus, should be the least error-
prone. But in 2012, only a quarter of voters used an
electronic poll book to check-in to vote (Election As-
sistanceCommission2013).Other jurisdictionsmanually
key in the informationaboutwhovoted,whichweexpect
to be the most error-prone method. The third method,
which is illustrated by the Philadelphia poll book dis-
played in Figure 1, is to attach a bar code to each reg-
istration record, which should be scanned after the
election if it is used to vote. We expect this will generate
more error than an electronic poll book, but less error
than when the information gets manually entered.2 TargetSmart sometimes supplements its data with commercially

sourced DOBs. We include these observations in our baseline analysis,
although we also report results when such observations are dropped.
3 The FEC reported that just more than 129million votes were cast in
the 2012 presidential election.While the vote recordsmost likely to be
removed, such as those with a known change of address (McDonald
2007), also may be used disproportionately to cast double votes, our
almost total coverage makes underestimating fraud less of a concern.

4 In four of the seven states we drop, more than 50%of the vote records
have commercially sourced birthdays, suggesting some of the measure-
menterror is causedbyhowcommercially sourcedbirthdaysare linked to
voterrecords.Amongthestates includedinourbaselineanalysis,onlytwo
have comparable levels of commercially sourced birthdays.
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Because of the local variation in updating voter history,
however, our audit is meant only to be illustrative, not
representative, of the error rate in the population.

We knew of no existing data that were useful for
estimating thisquantity.Tofill this gap,weconductedan
audit in which we compared data on who voted in the
2010 midterm election in Philadelphia according to the
poll books with who voted according to an electronic
voter file produced onDecember 8, 2010. Our principle
interest is in identifying falsepositives: registrations that
had an electronic record of voting, but were not listed as
having voted in a poll book.

Auditors validated 11,676 electronic registration
records with a record of voting and 17,587 electronic
registration records without a record of voting in 47
randomly selected precincts in Philadelphia.

Interstate Crosscheck Multistate Match
with SSN4

The Interstate Crosscheck Program is a consortium of
states that share individual-level voter registration data
in an effort to eliminate duplicate registrations and
prevent (or prosecute) double voters. According to
Crosscheck’s Participation Guide (see Section A.10 in
the Appendix), administrators return to each partici-
pating state a list of registrations in that state that share
the same first name, last name, and DOB as a regis-
tration in another participating state. Most of our
analysis focuses on 2012, in which Crosscheck handled
more than 45 million voter registration records and
flagged more than a million.

We obtained the list of 100,140 and 139,333 pairings
that Crosscheck provided to the Iowa Secretary of State
before the 2012 and 2014 elections, respectively. In ad-
dition to the first name, last name, and DOB, these data
include the middle name, suffix, registration address,
county of registration, date of voter registration, voter
registration status (i.e., active or inactive), and the last
four digits of a registrant’s social security number (SSN4)
in both the Iowa voterfile and the voter file of the state of
thematched registration. For the Iowa registration, it also
includes the voter registration number. For privacy rea-
sons, Iowa removed the SSN4 before providing us with
these data, instead including an indicator for whether the

SSN4 was missing for the Iowa registration, an indicator
for whether the SSN4 was missing for the other state’s
registration, and an indicator for whether the SSN4 was
the same in Iowa and the other state.5

Knowledge of SSN4 match allows us to better assess
whether a specific pairing reported by Crosscheck
represents the same individual registered twice or two
distinct individuals, each registered a single time.Only 1
in 10,000 distinct people with the same first name, same
last name, and same DOB would also share the same
SSN4 by chance. So, pairings that share all four
attributes in common are likely the same person reg-
istered twice. And absent transcription error, regis-
trationswith different SSN4s are for twodistinct people.

To assess the frequency with which votes are cast
using the registration recordsflaggedbyCrosscheck,we
merged the Crosscheck data with the TargetSmart
national voter file. We exactly matched records on first
name, middle name, last name, DOB, and state.6 Be-
cause our TargetSmart data were generated after our
Crosscheck data, a registrant’s information may have
changed between when Crosscheck identified its pair-
ings and when the TargetSmart data were compiled. In
addition, some of the information reported to Cross-
check may not have been reported to TargetSmart,
particularly if such information is privileged or confi-
dential.Becauseweare concerned that some registrants
in Crosscheck will fail tomatch to their own vote record
in TargetSmart, we also merged the Iowa-specific
registration records flagged by Crosscheck with a con-
temporaneous Iowa voter file using the voter registra-
tion number that is contained in both sources.

METHODOLOGY

Wenowdetail our statistical approach toestimating the
incidence of double voting. At a high level, we start

FIGURE 1. Example of a Philadelphia Poll Book After an Election

5 We sent a public records request to every state that participated in
Crosscheck in 2012 to get similar data. Iowawas theonly state thatwas
able toprovideuswith thedata in suchaway thatallowedus toobserve
all three of these indicators.
6 It is appropriate to use the middle name in this match because we
assume thatwe are generallymatching to the exact registration record
identified by Crosscheck.
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with the set of apparent double votes (i.e., vote records
with the same first name, last name, and DOB) and
then subtract the number ofmatches onewould expect
to occur by chance—a procedure we formalize in the
first sub-section that follows.We showhow to compute
the number of these coincidental matches in the next
sub-section by modeling the relationship between
names and dates of birth. In the final sub-section we
describe how to derive more precise estimates of
double voting that account for two forms of mea-
surement error: (1) inaccuracies in recorded birthdays
and (2) inaccuracies in recorded turnout.

Adjusting for Doppelgängers

We start by making two key assumptions. First, we
assume that the voter file is a completely accurate
reporting of whether a registration was used to vote in
a given election. When this assumption holds, double
voting is the only explanation for why the same in-
dividual would be recorded as having voted twice. We
revisit this assumption in the last sub-section when we
investigate the effect of recording errors on our esti-
mate. Second, we assume that an individual votes at
most twice. We make this simplifying assumption
because few people are registered to vote more than
twice (Pew 2012) and about 95% of the cases in which
vote records match on name and DOB involve only
two records.

Given this, we decompose the number of people k
who voted twice in a given election into the sum

k ¼�
f
�
l
�
y

kf ;l;y; (1)

where kf,l,y is the number of double voters with the first
name f and the last name l who were born in year y.
Although we cannot observe kf,l,y, we can estimate it by
combining three quantities. The first is nf,l,y: the number
of vote records in a given election with the first name f,
last name l, and birth year y. The second ismf,l,y: among
the nf,l,y vote records, mf,l,y is the number of pairs of
records having the samebirthday. Finally, the third ispb|
f,l,y: the probability of having a birthday b conditional on
having thefirst name f, last name l, andbeingborn inyear
y.7

Theorem 1, which is presented in the Appendix,
shows how we combine these three quantities to es-
timate kf,l,y.

8 Roughly, starting with the number of
observed matches mf,l,y, we subtract the number of
pairs expected to match by chance alone. Specifically,
we have

k̂f ;l;y ¼ mf ;l;y � nf ;l;y
2

� �
�
i

p2bijf ;l;y

� �.
1��

i

p2bijf ;l;y

� �
:

(2)

Theorem 1 further provides an analytic bound on the
variance of k̂f ;l;y, which in turn yields confidence
intervals on our estimate of double voting. To derive
these expressions, we treat mf,l,y as the realization of
a random variable,Mf,l,y, that depends on (1) the actual
number of double votes cast (which we treat as a fixed
but unknown quantity) and (2) the number of pairs of
vote recordsmatchingonbirthday just bychance (which
we treat as random). The remaining two terms, nf,l,y and
pb|f,l,y, are considered to be fixed.

To evaluate equation (2), we need values for nf,l,y,
mf,l,y, and pb|f,l,y. The first two can be directly observed
from the voter file, but the birthday distribution pb|f,l,y
must be estimated, as we describe next.

Modeling the Birthday Distribution

For simplicity, one could take pb|f,l,y to be uniform
across days of the year, but that would miss important
patterns in the birthday distribution, including perio-
dicities in birth day-of-week and seasonal correlation
between first names and birthdays. Figures 2 and 3
illustrate these patterns. First, using data on 2012
voters born in 1970, Figure 2 shows that the same
number of people are not born on all days. For ex-
ample, people are more likely to be born during au-
tumn than during other parts of the year and
on weekdays than on weekends. Second, Figure 3
shows that certain first names are more frequently
observed among people born in certain points of the
year and in certain years.

In addition to our assumptions about no measure-
ment error and amaximum of two votes per person, we
assume pb|f,l,y can be well approximated as follows.
Define db,y as the day of the week on which birthday
b occurred in year y. For instance, dSeptember 25, 1970 5
Friday. LetB,F, andDbe randomvariables that specify
the birthday, first name, and birth day-of-week of
a random voter. Then we estimate pb|f,l,y by

p̂bjf ;l;y ¼
bPr B ¼ b jF ¼ fð Þ bPr D ¼ db;y

� �
�b9

bPr B ¼ b9 jF ¼ fð Þ bPr D ¼ db9;y
� � : (3)

Section A.1 in the Appendix provides theoretical
justification for the specific form of our estimator. The
constituent factors in equation (3) are estimated as
follows. First,

bPr D ¼ dð Þ ¼�f 9�y9�b9rf 9;y9;b91 db9;y9 ¼ d
� �

�f 9�y9�b9rf 9;y9;b9
; (4)

where rf,y,b is the number of vote records with the first
name f, birthday b, and birth year y. Second, for
a smoothing parameter u 5 11,000 that maximizes
model fit,9 we set

7 pb|f,l,y is shorthand for Pr(B 5 b|F 5 f, L 5 l, Y 5 y).
8 In the theorem,we assume that the observedbirthdays are the union
of two random samples: (1) an unknown number of independent,
randomdraws fromadiscrete birthday distribution and (2) copies of k
observations from the first sample, corresponding to k double votes.

9 This u maximizes the likelihood of observing the data under the
model, as estimated on a random 1% sample of vote records held out
when constructing p̂bjf ;l;y.
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bPr B ¼ b jF ¼ fð Þ ¼ u bPr B ¼ bð Þ þ�y9 6¼y rf ;y9;b

�b9 u bPr B ¼ b9ð Þ þ�y9 6¼y rf ;y9;b9
� � ;

(5)

where

bPr B ¼ bð Þ ¼ �f 0�y9 rf 9;y9;b

�b9�f 9�y9 rf 9;y9;b9
: (6)

Our estimates of Pr(D 5 d) and Pr(B 5 b) in
equations (4) and (6) aggregate over all voters to

FIGURE 2. Distribution of (Cleaned) Birthdays in 1970 in the National Voter File

FIGURE 3. Examples of Names Among 2012 Voters with a Nonuniform Date of Birth Distribution, by
Day (a) or Year (b) of Birth.

Note: For example, those with the name June were likely born in the month of June, and those with the name Josefina were likely born on
March 19, the associated name day.
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generate the empirical distributions. Our estimate of
Pr(B 5 b|F 5 f) in equation (5) averages the birthday
distribution specific to eachfirst name fwith the overall
distribution aggregated over all first names in every
year, excluding observations fromyear y to remove the
effect of a specific registrant’s own data when esti-
mating the probability that he or she was born on
a given day.10

Figure 4 shows the modeled distribution of birthdays
of voters born in 1970 for five different first names and
how they compare to the empirical distribution of
birthdays. The names in the plot are ordered from top to
bottom based on their popularity among voters. For
names such as Michael, which have a mostly uniform
birthday distribution in a year, our model captures day-
of-week and seasonal effects well. In addition, for names

with nonuniform birthday distributions and different
levels of popularity, such as Patricia, June, or Autumn,
our method is able to capture the cyclic popularity of the
first names. Finally, for highly infrequent names, such
as Madeleine, our model captures only aggregate,
non–name-specific day-of-week and seasonality trends.

To investigate the finite-sample properties of our es-
timator k̂f ;l;y in equation (2), we carry out a simulation
exercise, described in detail in the Appendix (Section
A.5). In brief, we first generate 100 synthetic voter files
with a known number of double votes k. We then apply
our full statistical procedure, including approximation of
the birthday distribution pb|f,l,y, to estimate the number of
double votes in each synthetic dataset. Across a range of
values for k, we find that our estimation strategy does
a good job of recovering the number of double votes
(FigureA.5).Wefurtherfind that our analytic confidence
intervals for k̂ are somewhat conservative. Among the
100 synthetic datasets, the 95% confidence intervals al-
wayscontainedthecorrectvalue,andthe80%confidence
intervals contained thecorrect value in98of the100cases.
Thispattern isexpectedastheanalyticexpressionderived
in Theorem 1 is an upper bound on the standard error.

FIGURE 4. Modeled Distribution of Birthdays for Voters Born in 1970 for Five Different First Names vs.
theEmpiricalDistributionofBirthdays forVoterswithThoseFirstNames (AggregatedAcrossAll Years)
and the Empirical Distribution of Birthdays for Voters with Those First Names Born in 1970.

Note:Acrossall years (in 1970),weobserve1,669,641 (39,583) voters namedMichael; 894,836 (7,621) voters namedPatricia; 60,464 (299)
voters named June; 10,956 (120) voters named Autumn; and 7,084 (42) voters named Madeleine.

10 In theory, pb|f,l,y is the birthday distribution of the actual voters. In
practice, however, we estimate this distribution over the set of vote
records. Implicitly, this procedure assumes that any double voting
does not substantially alter the true birthday distribution. In Section
A.5, we show via simulation that indeed our estimate is reliable over
a large range of plausible double voting.
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Accounting for Measurement Errors

As discussed earlier, voter files often suffer from two
significant sources of error. First, the birthdates for some
observations are particularly likely to be recorded
incorrectly—including those in certain states and those
listed as having first-of-the-month birthdates. We ac-
cordingly perform our primary analysis on a subset that
excludes these records,but that restriction can itself skew
estimates if not handled appropriately. Second, a voter
file does not provide a completely accurate account of
who did and who did not vote in a given election. Such
discrepancies may indeed be relatively common; as
Minnite (2010, 7) describes, the “United States has
a fragmented, inefficient, inequitable, complicated, and
overly complex electoral process run on Election Day
essentially by an army of volunteers.”

Here,wedescribea statisticalprocedure tocorrectboth
for our sample restriction and for misrecorded votes. But
before doing so, it is useful to understand how measure-
ment error can produce the appearance of a double vote.
In the run-up to the 2016 election, a local television station
reported that Charles R. Jeter, Jr., a North Carolina state
representative, voted twice in the2004presidential election,
once in North Carolina, where he was living at the time,
and once in SouthCarolina, where he grewup.While Jeter
had not voted in SouthCarolina in 2004, hismother had.A
poll manager made a mistake and Jeter’s mother signed
the poll book next to her son’s “deadwood” registration
instead of her own registration on the line (Ochsner 2016),
creating an illusory double vote.

A thought experiment illustrates howerrors likethese
in the recording of votes in a voter file could generate
a substantial number of cases of illusory double voting.
Imagine a world with 140 million registration records, 100
million of which were used to cast a ballot in an election. If
a vote record is mistakenly attached to a nonvoting regis-
tration in 1% of the cases, this would result in one million
records, or 2.5% of nonvoting registrations, being in-
correctly marked as being used to cast a ballot. Some
numberoftheseregistrationrecordsaredormantdeadwood
registrations of people who moved to, and voted in, a dif-
ferent jurisdiction. Assuming recording errors are assigned
randomly,wewouldgenerate2,500 illusorydoublevotes for
every 100,000 voters that have a deadwood registration.

To correct for such errors, we assume voter registra-
tions go through a stochastic update process in which
eachrecordisduplicatedwithprobabilitypuanddropped
with probability pr. Proposition 2, which is presented in
the Appendix, estimates the original number of double
voters before the update happened, korig, based on the
number of double voters that end up in the updated
sample,K, and thenumberof vote records in theupdated
sample, N.11 In particular, we have

k̂orig ¼ K

1� prð Þ2 � 2pu

� Npu

1þ pu � pr þ puprð Þ 1� prð Þ2 � 2pu
� � :

(7)

To see how equation (7) can be used to account for
measurement errors, let fp represent the probability of
a falsepositive, suchthataregistrationrecordthatwasnot
used to cast a ballot nonetheless has a vote record as-
sociated with it. Similarly, let fn represent the probability
of a falsenegative, such that a registration record thatwas
usedtocastaballotdoesnothaveavoterecordassociated
with it. In addition, let c be the number of cases where
avoterhasaduplicate registration record inanother state
and let n be the total number of votes in the election.

In the context of equation (7), pu is the probability of
a vote record getting duplicated in the voter file, which
corresponds to cases where a deadwood registration for
a voter in another state is wrongly recorded as having
voted. We can thus set pu to be c(1 2 fn)fp/n.

12 Fur-
thermore, pr is the probability of a vote record getting
dropped, which is the same as the false negative rate, and
so pr 5 fn. Finally, K is the number of double voters we
observe before adjusting for measurement errors, which
can be estimated from Theorem 1.

To carry out this approach, we need an estimate of the
number of deadwood registrations for voters (c) as well
as the probability of observing false-positive (fp) and
false-negative(fn) vote records inavoterfile.Toestimate
deadwood registrations,we follow aprocedure similar to
theoneoutlined inTheorem1,whichwedetail inSection
A.7 of the Appendix. We estimate fn and fp via our
Philadelphia audit, as described below.

Equation (7) can likewise be used to adjust for our
exclusion of recordswith suspect birthdates. Specifically,
we set the drop rate pr to the proportion of records that
were excluded and set the duplication rate pu to 0. In this
case, equation (7) simplifies to k̂orig ¼ K= 1� prð Þ2.

RESULTS

Baseline Results

We begin our analysis by excluding observations with
data quality issues, as described earlier, to obtain our
preferred sample of just more than 104 million vote
records.Within our preferred sample, there are 763,133
pairs of 2012vote records that share the samefirst name,
last name, and DOB. Given our assumptions about
pb|f,l,y, we estimate that within our preferred sample there
were 21,724 (s.e.5 1,728) double votes cast in 2012 using
Theorem 1. Using Proposition 2, we scale the results of
our analysis on our preferred sample to account for the

11 While inTheorem1both thenumberofdoublevotesand thenumber
of vote records were fixed quantities, under the setting of Proposition 2
both are treated as random variables because they are generated after
a stochastic update process. Hence, they are shown by K and N, re-
spectively. We can observe the realized value of N directly from the
voter file, andwe can estimate the realized value ofK using Theorem 1.

12 Assuming c voters have a duplicate registration record in another
state, we can estimate c(1 2 fn) of them to have their votes correctly
recorded. Of the duplicate registration records for these c(1 2 fn)
voters, we expect c(1 2 fn)fp of them to be incorrectly recorded as
voted.Therefore, the proportionof voters that are duplicatedbecause
of measurement errors is c 1�fnð Þfp

n .
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observations we excluded. Given that the FEC reported
that just more than 129 million votes were cast in the
2012 presidential election (Federal Election Commis-
sion2013), 19.3%of votesweredroppedwhengenerating
our preferred sample. Equation (7) shows we can ac-
cordingly generalize the rate of double voting in the
broader population by multiplying the
estimated number of double voters in our preferred
sample by 1.53. Thus,we estimate therewere 33,346 (s.e.
5 2,652) double voters in the full populationof 129million
voters, or about 1 for every 4,000 voters.13

TablesA.3 andA.4 in theAppendix demonstrate the
sensitivity of our results to a number of the assumptions
we make in our analysis. Table A.3 focuses on sample
restrictions, and shows that the estimated number of
double votes would be substantially higher if we did not
exclude observations with a first-of-the-month birth-
day,14 would be somewhat higher if we kept states
despite issues with multigenerational households, and
would be similar if we excluded commercially sourced
dates of birth. Table A.3 also shows that using our
preferred birthday distribution, rather than a uniform
distribution, reduces the estimated number of double
votes in our preferred sample by approximately 25%.A
little underhalf of this reduction results fromaccounting
for periodicity that affects allfirst names anda little over
half of this reduction results from accounting for name-
specific periodicity. Finally, Table A.4 shows that our
results are not particularly sensitive to the standardi-
zation of the first name and assumptions about the
smoothing parameter u in our birthday distribution
function.

Our method produces a substantively different esti-
mate of the rate of double voting than McDonald and
Levitt’s (2008) on our preferred sample.McDonald and
Levitt’s method generates an estimate of about 200,000
double votes, which is about ten times larger than what
we estimate using our method. Most of the difference is
because their method fails to account for the higher
number of distinct voters who share a common first
name, last name, and DOB because of the changing
popularity of first names over years. The remainder of
the difference is a function of the nonuniformity of the

distributionoffirst nameswithin years thatwediscussed
in the previous paragraph.

Accounting for Measurement Error in
Vote Records

We next explore how measurement error in vote
records affects our estimates of double voting. As the
earlier Charles Jeter example highlighted, it is the
combination of voters having a deadwood registration
and clerical error in recording vote history that leads to
false double votes. In this section, we first provide
estimates of deadwood registration. Given this esti-
mate, we then calculate the implied rate of double votes
as a function of the amount of measurement error.
Finally, we use an audit to calibrate the amount of
measurement error.

We observe 1,837,112 pairs in our preferred sample
of the voter file in which two registration records in
different states shared the same first name, last name,
andDOB, andexactly one of them is recorded as having
voted. Applying Theorem 2 gives us an estimate of
1,597,732 (s.e. 5 22,197) 2012 voters who have a du-
plicate registration.

Figure 5 shows how our estimate of double voting
changes with respect to different hypothetical error
rates. If we assume fp 5 fn 5 f as the clerical error rate,
thenwe should plug inpu ¼ 1;597;7323 f3 1�fð Þ

104;206;222 andpr5 f in
Proposition 2 to correct for measurement error. In the
figure, we additionally apply Proposition 2 to scale up
our estimates to account for records that we dropped to
createourpreferred sample.Wefind that a clerical error
rate of 1.3%would be sufficient to explain nearly all the
apparent double voting.

We use our Philadelphia poll book audit data to give
a rough approximation of the clerical error rate. Our
audit, which is described inmore detail in SectionA.6 in
the Appendix, found that 1% of registrations without
a vote record in the poll book nonetheless have an
electronic vote record.This suggests that, at aminimum,
our unadjusted estimate overstates the incidence of
double voting. If our Philadelphia audit were repre-
sentative of the false-positive rate in the population,
Figure 5 indicates that our estimatewould drop to about
10,000 double votes, or about 1 double vote per 13,000
votes cast. These audit results, however, are onlymeant
to be illustrative of the false-positive rate in the
population.

Multiple notes of caution are discussed inmore detail
in Section A.6. The false-positive rate in Philadelphia
may be larger than the rate in the general population,
perhaps because Pennsylvania is known to have more
voter file discrepancies (Ansolabehere and Hersh
2010), but it may also be smaller because the local office
has a large, professionalized, and experienced staff.
Furthermore, while a small but growing number of
jurisdictions use an electronic poll book to record vote
history, Philadelphia’s poll-book-and-bar-code ap-
proach likely produces fewer errors than a sign-in sheet
with no bar codes, which requiresmanual entry. Finally,
note that we are measuring the translation error

13 We can observe which registrations were used to cast a ballot, but
not which registrations were used to cast a vote in any given contest.
Thus,wecannotuse thesedata todistinguishbetweengenerallyvoting
twice in two states and specifically voting twice in two states, but for
different offices. While it is both a federal and a state crime to vote
twice in the same election, the National Conference of State Legis-
lature (2018) has suggested that what constitutes the “same election”
may be ambiguous in the latter, more specific circumstance. That
would suggest our estimate is conservative.
14 We specified Equations (3)–(5) knowing that observations with
first-of-the-month birthdays would be dropped in our baselinemodel.
Although our estimates are sensitive to the inclusion of these
observations, we would specify these equations differently to better
account for the excess number of people with a first-of-the-month
birthday if wewere trying to estimate the number of double voteswith
these observations remaining in the sample. Beyond first-of-the-
monthbirthdays,wealso show inSectionA.5 that aonepercent rateof
measurement error inDOBcauses us to underestimate the number of
double votes by 2.2 to 2.5%.
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between the poll book and the voter file, but that
translation error is just one type of possible clerical
error. Theremaybeerrors in the poll book itself, such as
in the Charles Jeter example, that our audit would not
detect. For example, Hopkins et al. (2017) report that
105 individuals were forced to file a provisional ballot in
a recent state election because their registration was
wronglymarked in the poll book as having been used to
vote earlier in the day.Ultimately, all we can conclude is
that measurement error likely explains a sizable por-
tion, and possibly nearly all, of the double votes that we
estimated via Theorem 1 under the assumption of no
such measurement error.

Model Validation

In the previous subsection, we estimated that about 1 in
35 vote records that shared the same first name, last
name, andDOB in our preferred sample of the national
voter file were double votes, assuming nomeasurement
error in vote records. In this subsection, we validate our
model by presenting the same ratio in the Crosscheck
data, using SSN4 to identify double votes between
Iowa and the other participating states.

Table 1 looks at the registration pairings identified
by Crosscheck based on first name, last name, and
DOB in which SSN4 information is available for both
records in the match. The incidence of likely double
votes—cases in which the SSN4 matched and both
registration records were used to cast a ballot—is
extremely low. In fact, there are only seven cases in
2012 in which both registration records with the same
SSN4 were used to cast a vote. By contrast, there were
1,476 cases in which both registration records with
different SSN4s were used to vote. Thus, the proba-
bility of a registration pairing sharing an SSN4 con-
ditional on both registrations beingused to cast a ballot
was about 1 in 200 in 2012. The same quantity in 2014
was about 1 in 300.

Despite the benefit of SSN4 information, it is im-
portant to consider that, as a result, Table 1 relies on
anonrandomsubset ofpotential double registrants.The
incidence of double voting may differ between regis-
tration records with known and unknown SSN4s.
Moreover, the data presented in Table 1 are generated
from a nonrandom subset of states. This could be
problematic for the purposes of validation to the extent
that the incidence of double voting in Crosscheck states
is higher or lower than the incidence of double voting in
the nation. On the one hand, states that permit no-
excuse absentee voting, such as Iowa, seeminglymake it
easier to cast two ballots than states that do not. A state
may also opt in to Crosscheck, in part, because it
believes the rate of double voting is higher in the state.
On the other hand, states involved in Crosscheck may
take more actions than the typical state to deter double
voting.15

To facilitate a better comparison between our model
and Table 1, we use our model to generate a parallel
estimate of the number of double votes between Iowa
and other Crosscheck states. To do so, we first estimate
the number of double votes between all Crosscheck
states and then subtract our estimates of (1) the number
of double votes between Crosscheck states other than
Iowa and (2) the number of double votes within Iowa.16

This Crosscheck-specific model estimates that one in
150, or about 0.6%, of vote records with the same first
name, last name, andDOBare double votes.Given that
Table 1 shows the observed ratio in theCrosscheck data
is 0.5%, this lends strong support to our modeling
approach.

Implications for Election Administration

Table 1 shows that, based on the subset of pairings with
SSN4data, 70–75%of registrationswhichmatch onfirst
name, last name, and DOB are in fact double regis-
trations. Crosscheck recommends canceling the regis-
tration with an earlier date of registration in these cases
with anSSN4match, provided there is alsomiddlename
consistency (see the Crosscheck participation guide
reproduced in Section A.10). Indiana is at least one
state that largely codified this practice [Ind. Code Ann.
3-7-38.2-5(d)(2); see generally Com. Cause Indiana
v. Lawson, 937 F.3d 944 (7th Cir. 2019)].

Yet, problems remain evenwhen it is known that two
registration records belong to the same person partly
because states provide different information in the date
of registration field. Some states use the voter regis-
tration date to represent the date that a registration was

FIGURE 5. How the Estimated Number of
Double Votes Changes Based on the Clerical
Error Rate

15 Measurement error in vote history could also cause some Cross-
check registration records used to cast a ballot to not have a vote
record attached to it. But Section A.8 in the Appendix shows very
similarpatterns in2012 if turnout in Iowa isdirectlymeasured fromthe
voterfile, andwe restrict the analysis to states inwhich fewer than10%
of vote records have a birthday on the first of the month.
16 We exclude Arizona, Michigan, and Missouri from the list of
Crosscheck states to track Table 1, which also effectively drops these
states because of the lack of SSN4 information. We also drop Mis-
sissippi because of our general concerns about data quality discussed
in earlier.
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initiated, whereas others use it to represent the date
a registration was last modified. As a result, the regis-
tration record with the earlier registration date is not
necessarily thedeadwood registration. Inparticular, the
active registrationmayhave theearlier registrationdate
when individuals return to the state where they were
previously registered to vote. Imagine a voter who
initially registers to vote in state A in 2012, then moves
to and votes in state B in 2014, before finally moving
back to and voting in stateA in 2016. The voter’s date of
registration in state A may be the earlier of the two if
state A either reactivates the initial registration and
does not update the registration date or creates a new
registration but nonetheless assigns the voter to their
original registration date.

Table 1 confirms that while more single ballots were
cast using the registration with the later date of regis-
tration in a pair, the registration with the earlier reg-
istration date in a pair was used to cast a single ballot
2,542 times. Thus, canceling the record with the earlier
registration date would risk impeding more than 300
votes for every double vote prevented.

It is true that, as mentioned earlier, these data focus
on a nonrandom subpopulation over which the rate of
double voting is potentially particularly low. But even if
the number of double votes were five to ten times
higher—to reflect the incidence of double voting we
estimated in the national voter file—we would still
conclude that such a strategywould result inmanymore
impeded votes for every double vote prevented.

A final difficulty implied by Table 1 is that a majority
of the potential double registrations identified by
Crosscheck have at least one unknown SSN4. In 2012,
the full dataset contained 100,140 pairs of registrations
with the same first name, last name, and DOB, so the
fact that 25,987 pairs had matching SSN4s and 8,913
pairs did not have matching SSN4s means that 65,240,
or 65.1%, pairs of registrations had at least one un-
known SSN4. Likewise, 64.9% pairs of registrations
had at least one unknown SSN4 in 2014.

Thus, although a majority of the pairs identified by
Crosscheck appear to be the same person registered in
two states, more often than not an election adminis-
trator will not have enough information to distinguish
between good and bad matches. An administrator who
nonetheless believes that aggregate match quality is
sufficiently high to justify dropping the registrationwith

the earlier registration date would impede even more
votes.

DISCUSSION

The evidence compiled in this article suggests that
double voting is not currently carried out in such
a systematic way that it presents a threat to the integrity
of American elections. We estimate that at most only 1
in 4,000 votes cast in 2012 were double votes, with
measurement error in turnout records possibly
explaining a significant portion, if not all, of this.

Scholars have been concerned about the (mis)mea-
surement of voter fraud because sometimes the twin
goals of improving both electoral integrity and voter
accessibility come into conflict. One reason that people
disagree about how to run elections is that they focus on
either accessibility or integrity, without much consid-
eration of this trade-off. For example, when speaking
out against a voter identification law, aDemocratic state
representative argued that “if even one person is dis-
enfranchised … that will be one person too many”
(PeopleForTheAmericanWay2012).RepublicanKris
Kobach used similar logic but instead contended that
“one case of voter fraud is [one] too many” (Lowry
2015). Such statements promote a debate that focuses
on maximizing accessibility or integrity, without any
consideration for the other dimension.

But many election administration policies fall along
a continuum from promoting accessibility, with some
potential loss of integrity, to protecting integrity, but
potentially disenfranchising legitimate voters. For ex-
ample, the adoption of absentee ballots made it easier
for people to access a ballot, particularly those who are
elderly or disabled (Barreto 2006; Miller and Powell
2016), while also introducing new ways through which
fraudulent ballots could be cast (Fund 2004, 47–50).
Likewise, when maintaining voter registration records,
there is a trade-off between reducing deadwood and
potentially removing legitimate registrations.

This article highlights how emphasizing election in-
tegrity when maintaining voter registration records
without consideration for voter accessibility is likely to
lead to poor election administration. Such list mainte-
nance is particularly necessary in the United States,
where a decentralized election apparatus produces

TABLE 1. Vote Records Among Registration Pairings with Known SSN4s

Year of data
2012 2014

SSN4 match Yes No Yes No
# Of registrations (reg.) 25,987 8,913 34,189 14,766

Which reg. used to vote:
Both 7 1,476 9 2,809
One (earlier reg. date) 2,542 1,678 2,018 3,418
One (later or unknown reg. date) 9,430 2,581 8,613 2,709
Neither 14,008 3,178 23,549 5,830

One Person, One Vote
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duplicate registrations as people move across juris-
dictions. But it is also difficult because, as we demon-
strate, sparse individually identifying information often
makes it hard to definitively conclude whether two
registrations belong to the same person, at least without
significant investigation. Moreover, even when it is
known two registrations belong to the same person, we
highlight that it is oftennoteasy todifferentiatebetween
the active and deadwood registration, at least using
a single variable such as registration date.

Our findings that double voting is not threatening the
integrity of American elections may come as a surprise to
anumberofAmericanswhoreporton surveys thatdouble
voting is not rare. Stewart III, Ansolabehere, and Persily
(2016) find that about 25% of the public believes that
voting more than once happens either commonly or oc-
casionally (as opposed to infrequently or never), whereas
another 20% report being unsure how often it happens.
Suchbeliefsaredriven,at least inpart,by the lackofaclear
differentiation inpublic reportingbetween (1) registration
records that share common observable characteristics, (2)
duplicate registrations, and (3)doublevotes. Forexample,
in 2013,Crosscheck circulatedFigureA.6 in theAppendix
which reported that it had identified 1,395,074 “potential
duplicate voters”—registration records with a common
first and lastnameandDOB,per (1)—among the15 states
participating in theprogramat thetime.Ouranalysisof the
100,140 records flagged in Iowa in 2012 allows us to better
understand how many of these pairings represented du-
plicate registrations and how many of these duplicate
registrationsactuallyproduceddoublevotes.Of the34,900
pairings in which the SSN4 is known for both records,
25,987 had the same SSN4.We thus estimate that roughly
three-quarters of the registrations flagged by Crosscheck
were, in fact, duplicate registrations, although election
administratorsoften lack thenecessarySSN4todetermine
whether a particular match is good or bad. More impor-
tantly, fewer than 10 of the known 25,987 duplicate reg-
istrations were used to cast a ballot twice. This shows that
there can be a large number of registration records that
share common observable characteristics and duplicate
registrations, without almost any double votes. Reporting
the first two quantities in place of the last risks confusing
the public about the integrity of American elections.

SUPPLEMENTARY MATERIAL

To view supplementary material for this article, please
visit https://doi.org/10.1017/S000305541900087X.

Replication materials can be found on Dataverse at:
https://doi.org/10.7910/DVN/QM15HX.
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Cantú, Francisco, and Sebastián M. Saiegh. 2011. “Fraudulent De-
mocracy? An Analysis of Argentina’s Infamous Decade Using
Supervised Machine Learning.” Political Analysis 19 (4): 409–33.

Christensen, Ray, and Thomas J. Schultz. 2013. “Identifying Election
Fraud Using Orphan and Low Propensity Voters.” American
Politics Research 42 (2): 311–37.

Cottrell,David,MichaelC.Herron, andSean J.Westwood. 2018. “An
Exploration of Donald Trump’s Allegations of Massive Voter
Fraud in the 2016 General Election.” Electoral Studies 51 (2):
123–42.

Election Assistance Commission. 2013. 2012 Election Administration
and Voting Survey. URL: https://www.eac.gov/sites/default/files/
eac_assets/1/6/2012ElectionAdministrationandVoterSurvey.pdf

Elmagarmid, Ahmed K., Panagiotis G. Ipeirotis, and Vassilios S.
Verykios. 2007. “Duplicate Record Detection: A Survey.” IEEE
Transactions on Knowledge and Data Engineering 19 (1): 1–16.

Enamorado, Ted, Benjamin Fifield, and Kosuke Imai. 2019. “Using
a Probabilistic Model to Assist Merging of Large-Scale Adminis-
trative Records.” American Political Science Review 113 (2):
353–71.

Federal Election Commission. 2013. Federal Elections 2012:
Election Results. URL: https://transition.fec.gov/pubrec/fe2012/
federalelections2012.pdf.

Fellegi, Ivan P., and Alan B. Sunter. 1969. “A Theory for Record
Linkage.” Journal of the American Statistical Association 64 (328):
1183–210.

Fukumoto, Kentaro, and Yusaku Horiuchi. 2011. “Making Out-
siders’VotesCount:DetectingElectoral Fraud throughaNatural
Experiment.” American Political Science Review 105 (3):
586–603.

Fund, John. 2004. Stealing Elections: HowVoter Fraud ThreatensOur
Democracy. San Francisco, CA: Encounter Books.

Garner,Amy. 2019.“InaccurateClaimsofNoncitizenVoting inTexas
Reflect a Growing Trend in Republican States.” Washington Post
(February 6).

Hasen, Richard L. 2012. The Voting Wars. New Haven, CT: Yale
University Press.

Hood,M.V., andWilliamGillespie. 2012.“TheyJustDoNotVote like
They Used to: A Methodology to Empirically Assess Election
Fraud.” Social Science Quarterly 93 (1): 76–94.

Hopkins, Daniel J., Marc Meredith, Michael Morse, Sarah Smith,
JesseYoder. 2017.“VotingBut for theLaw:Evidence fromVirginia
on Photo IdentificationRequirements.” Journal of Empirical Legal
Studies 14 (1): 79–128.

Levitt, Justin. 2007. The Truth About Voter Fraud. New York, NY:
Brennan Center for Justice.

Lowry, Bryan. 2015. “Kobach’s Voter Prosecutions Draw Scrutiny to
Proof-of-Citzenship Requirement.” Wichita Eagle (October 18).

McDonald, Michael P. 2007. “The True Electorate: A Cross-
Validation of Voter Registration Files and Election Survey De-
mographics.” Public Opinion Quarterly 71 (4): 588–602.

McDonald, Michael P., and Justin Levitt. 2008. “Seeing Double
Voting: An Extension of the Birthday Problem.” Election Law
Journal 7 (2): 111–22.

McVeigh, Brendan S., and Jared S.Murray. 2017. “Practical Bayesian
Inference for Record Linkage.” arXiv e-prints.

Sharad Goel et al.

468

ht
tp

s:
//

do
i.o

rg
/1

0.
10

17
/S

00
03

05
54

19
00

08
7X

D
ow

nl
oa

de
d 

fr
om

 h
tt

ps
://

w
w

w
.c

am
br

id
ge

.o
rg

/c
or

e.
 L

an
e 

M
ed

ic
al

 L
ib

ra
ry

 / 
St

an
fo

rd
 U

ni
ve

rs
ity

 M
ed

ic
al

 C
en

te
r,

 o
n 

23
 A

pr
 2

02
0 

at
 1

8:
12

:5
1,

 s
ub

je
ct

 to
 th

e 
Ca

m
br

id
ge

 C
or

e 
te

rm
s 

of
 u

se
, a

va
ila

bl
e 

at
 h

tt
ps

://
w

w
w

.c
am

br
id

ge
.o

rg
/c

or
e/

te
rm

s.



Mebane, Walter R. 2009. “Election Forensics: The Second-Digit
Benford’s Law Test and Recent American Presidential Elections.”
InElection Fraud: Detecting andDeterring Electoral Manipulation,
eds. R. Michael Alvarez, Thad E. Hall, and Susan D. Hyde.
Washington, DC: Brookings Institution Press, 162–81.

Miller, Peter, and Sierra Powell. 2016. “Overcoming Voting Obsta-
cles: The Use of Convenience Voting by Voters with Disabilities.”
American Politics Research 44 (1): 28–55.

Minnite,Lorraine.2010.TheMythofVoterFraud. Ithaca,NY:Cornell
University Press.

Montgomery, JacobM., Santiago Olivella, Joshua D. Potter, Brian F.
Crisp. 2015. “An Informed Forensics Approach to Detecting Vote
Irregularities.” Political Analysis 23 (4): 488–505.

National Conference of State Legislatures. 2018. Double Voting.
URL: https://www.ncsl.org/research/elections-and-campaigns/
double-voting.aspx.

Ochsner, Nick. 2016. WBTV News (July 27).
People For The American Way. 2012. “SC African American Min-

isters: Voter Id Decision Shows Continued Need for Voting Rights
Act.” Press Release.

Pew. 2012. Inaccurate, Costly, and Inefficient: Evidence that America’s
Voter Registration System Needs an Upgrade. URL: https://
www.pewtrusts.org/-/media/legacy/uploadedfiles/pcs_assets/2012/
pewupgradingvoterregistrationpdf.pdf.

Sadinle,Mauricio. 2017. “BayesianEstimation ofBipartiteMatchings
forRecordLinkage.” Journalof theAmericanStatisticalAssociation
112 (518), 600–12.

Steorts, Rebecca C., Rob Hall, and Stephen E. Fienberg. 2016. “A
Bayesian Approach to Graphical Record Linkage and Dedupli-
cation.” Journal of the American Statistical Association 111:
1660–72.

Stewart, III Charles, Stephen Ansolabehere, and Nathaniel Persily.
2016. “Revisiting PublicOpinion onVoter Identification andVoter
Fraud in an Era of Increasing Partisan Polarization.” Stanford Law
Review 68 (6): 1455–89.

Yancey, William E. 2010. “Expected Number of Random Duplica-
tions within or between Lists.” In JSM Proceedings, Survey Re-
search Methods Section. Alexandria, VA: American Statistical
Association, 2938–46.

One Person, One Vote

469

ht
tp

s:
//

do
i.o

rg
/1

0.
10

17
/S

00
03

05
54

19
00

08
7X

D
ow

nl
oa

de
d 

fr
om

 h
tt

ps
://

w
w

w
.c

am
br

id
ge

.o
rg

/c
or

e.
 L

an
e 

M
ed

ic
al

 L
ib

ra
ry

 / 
St

an
fo

rd
 U

ni
ve

rs
ity

 M
ed

ic
al

 C
en

te
r,

 o
n 

23
 A

pr
 2

02
0 

at
 1

8:
12

:5
1,

 s
ub

je
ct

 to
 th

e 
Ca

m
br

id
ge

 C
or

e 
te

rm
s 

of
 u

se
, a

va
ila

bl
e 

at
 h

tt
ps

://
w

w
w

.c
am

br
id

ge
.o

rg
/c

or
e/

te
rm

s.


