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Abstract
This paper estimates the effect of automatic voter registration (AVR) on voter turnout in California and
Oregon. AVR systems register to vote all eligible individuals who transact with proscribed government
agencies, most commonly the Department of Motor Vehicles (DMVs). The article isolates one part of
the causal impact of AVR on turnout by taking advantage of a temporal feature of license renewals.
Many individuals interact with the DMV periodically due to the need to renew drivers’ licenses.
Because licenses in both California and Oregon expire on birthdays, an individual’s birth date can be trea-
ted as an exogenous variable discriminating between some individuals who are registered to vote in time
for the election, while others are not. Our instrumental variable analysis compares registration and voting
rates for individuals with birth dates prior and subsequent to the voter registration deadline. After calcu-
lating a causal effect of AVR on turnout at the individual level, we extrapolate this AVR “birthday” effect to
overall voter turnout for these states.

Keyword: Causal inference

1. Introduction
Automatic voter registration (AVR) systems register to vote all eligible individuals who transact
with proscribed government agencies, most commonly the Department of Motor Vehicles
(DMVs), barring opt-out. Twenty states plus the District of Columbia have authorized some
form of this policy since 2015, with several additional states considering adoption.1 Notably,
this is more than the number of states adopting “active” motor voter laws in the 1980s and
early 1990s, a trend that sparked national legislation—the National Voter Registration Act
(NVRA)—that passed in 1993 (Knack, 1995).2

Straightforward analysis of the effect of AVR on voter turnout is hindered by various causal
inference problems. AVR is implemented in a state all at once, making it difficult to construct
a reasonable counterfactual. The base turnout rate of AVR-registered voters is biased upward
because of the presence of voters in this pool who would have registered through traditional
means and voted regardless of AVR. Temporal comparisons will be potentially biased either
upward or downward, due to omitted variables particular to each election cycle: variation in
the offices with competitive races, the level of excitement for individual candidates, or money
spent on mobilization efforts. Likewise, geographic cross-sectional analysis within a state is

© The Author(s), 2023. Published by Cambridge University Press on behalf of the European Political Science Association. This is an Open
Access article, distributed under the terms of the Creative Commons Attribution licence (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted re-use, distribution and reproduction, provided the original article is properly cited.

1National Conference of State Legislators. “Automatic Voter Registration”; http://www.ncsl.org/research/elections-and-
campaigns/automatic-voter-registration.aspx (accessed 8 January 2021).

2Knack (1995) defines “active” motor voter laws as those laws that provide all driver’s license applicants with the oppor-
tunity to register to vote without requiring a witness or notarization of mailed registration forms.
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potentially biased because the areas with high AVR take up rates are systematically different than
areas with low AVR usage in a myriad of ways potentially correlated with turnout.3 Like temporal
analysis, these omitted variables could bias estimation of the effect of AVR on turnout either
upward or downward. For example, high AVR usage geographies with younger demographics
could negatively bias turnout estimates whereas high AVR usage in geographies with competitive
races could positively bias turnout estimates. These causal inference challenges make it difficult to
isolate the turnout effects of this important and rapidly spreading election reform.

Our insight in this paper is to take advantage of an exogenous reason why an individual is
registered to vote through AVR—the voter’s birth date—and use this exogenous reason as a
way to gain causal leverage on the impact of AVR on turnout. In a number of states, driver’s
licenses expire on birthdays, causing some individuals to be more likely to visit the DMV, and
hence be registered or have their records updated via AVR, in the period prior to their birthday.
This is important because only those individuals registered prior to the registration deadline are
eligible to vote in a subsequent election. Therefore, the precise date of one’s birthday has an influ-
ence on potential voting patterns, long after one turns 18 years old and gains initial voting
eligibility.

We take advantage of this exogenous variation, comparing the registration and turnout rates of
individuals born prior to the registration deadline to individuals born after the registration dead-
line (within a reasonable time range—see below for details). This point of causal leverage allows
us to construct precise estimates of the effect of AVR on voter turnout for two states, California
and Oregon. The results are confirmed with a sensitivity analysis that leverages the additional pre-
dictive power of birth year on license renewal patterns. We then construct causal estimates of
AVR on registration, disentangling AVR registrants who are likely to register outside of DMV vis-
itation or with previously implemented motor voter registration opportunities. The results show a
significant and positive impact of AVR on turnout, particularly in back-end AVR systems.

2. Literature review
All states except North Dakota require voter registration, and these records are used by election
administrators for election planning and administration, such as for assembling voter lists, dis-
tributing ballots, and allocating voting equipment. Ever since the Help America Vote Act of
2003 required states to maintain centralized voter registration databases, these lists have become
an essential part of election administration (Kropf and Kimball, 2011) and voter contact and
mobilization (Hersh, 2015).

While there are varying views on the need for voter registration, scholars have shown for dec-
ades that registration acts as a barrier to participation. In response, many states, and eventually
the Federal Government, took action to reduce the burdens created by registration requirements.
AVR is, in this respect, only the most recent version of an extension of the motor voter laws that
became commonplace in the American states in the 1980s and 1990s. These laws culminated in
the passage of the National Voting Registration Act of 1993 (NVRA), which among other things,
mandated that states offer voter registration at government service agencies. DMVs became an
important part of the voter registration system in the states, although always in a voluntary,
opt-in manner on behalf of the registrant.

Motor voter laws have been extensively studied by academic researchers. These laws add
voters to the rolls (Wolfinger and Hoffman, 2001) and produce more representative voter rolls
in terms of income and age (Hill, 2003; Rugeley and Jackson, 2009). Wolfinger and Hoffman
(2001) note that the impact on representativeness is particularly pronounced when the legislation
is effectively implemented in state agencies beyond the DMV, especially public assistance

3A study of AVR in Oregon shows that census blocks that have higher proportions of automatically registered voters have
higher proportions of younger, less well-educated, and lower income residents. See Griffin et al. (2017).
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offices (see also Williamson et al., 2018). The effect of motor voter laws on turnout, however, is
less clear. The strongest effects were found in states voluntarily implementing their own motor
voter programs prior to NVRA. These results hold cross-sectionally (Franklin and Grier, 1997)
as well as in fixed effect models using time-series cross-sectional data (Knack, 1995; Rhine,
1995). Single-state analyses provide mixed results, with positive effects found by Highton and
Wolfinger (1998) in Colorado and Hanmer (2009) in two of four states analyzed (Michigan
and North Carolina). Work by Piven and Cloward (2000) highlights the variance in implemen-
tation among states adopting these laws prior to the national legislation, potentially explaining
these mixed effects. Putting aside variance, Brown and Wedeking (2006) argue that motor
voter laws “alter(ed) the long standing relationship between registration and turnout” precisely
because the laws succeeded in adding many new registrants to the rolls, but among those with
a low propensity to turn out to vote.

Regardless of policy or implementation, however, the causal relationship between changes to
registration laws, composition of the rolls, and ultimately turnout remains difficult to isolate. The
endogeneity of motor voter laws must be considered, even in fixed effects analysis. The conditions
that lead states to adopt motor voter laws might be the very conditions that foster stronger voter
turnout, regardless of the policy change. Thus even positive and significant results cannot neces-
sarily be attributed causally to the passage of motor voter legislation.

The adoption of the NVRA is, of course, not endogenous to state-specific characteristics.
However, estimating an overall effect of the national legislation is dubious, in part because of
the extremely varied commitment to implementation (Highton and Wolfinger, 1998). Knack
(1999) points out that the first presidential election following the implementation of NVRA
had the lowest voter turnout rate since 1924 in addition to the lowest aggregate decline since
1920. Hanmer (2009) found positive and significant results in turnout for the subset of states
that actively implemented NVRA, but Brown and Wedeking (2006) found no lasting changes.
This research faces some of the same causal inference problems that we wrestle with here: vari-
ation in implementation by state means that the potential problem of state-level endogeneity
again arises, calling into question any significant findings.

There is good reason to believe that AVR might be more successful than previous motor voter
laws at increasing voter turnout. Research has confirmed the substantial effects of moving from
opt-in to opt-out systems (Sunstein and Thaler, 2008), which means the net cast by AVR will
be much wider than traditional motor voter laws. Indeed, non-rigorous analysis of turnout is
encouraging: Oregon’s voter turnout as a percentage of the voting eligible population increased
4.1 percent from 2012 to 2016, the highest of any state during that time period, and increased
another 9 percent in 2020 (national turnout increased 7.5 percent from 2016 to 2020).
California’s 2018 midterm turnout increased by a whopping 18.9 percent from 2014 levels.4

Unfortunately, these non-rigorous analyses, while suggestive, are not a good way to produce pre-
cise estimates of the turnout effects of AVR. Comparing a state’s subsequent voter turnout to pre-
vious years or other states could either overestimate or underestimate AVR’s effect size; one simply
cannot disentangle AVR from other factors influencing state voter turnout, such as voter interest.
This is true even with more sophisticated comparative methods, such as the use of synthetic con-
trols (McGhee et al., 2019). Although matching and weighting states based on previous turnout, as
is done in synthetic control models, increase the equivalency of comparison groups based on his-
torical metrics, it still cannot account for differences that arise in any given state election; an usu-
ally competitive gubernatorial race or initiative campaign will differentially affect a state from its
synthetic control matches in the post-treatment period. This is particularly true for analysis of
recent policy adoptions, such as AVR, where the post-treatment period is short.

4Pillsbury, George with Julian Johannesen. “America Goes to the Polls 2016.” Non-profit Vote and The US Elections
Project. Available at https://www.nonprofitvote.org/documents/2017/03/america-goes-polls-2016.pdf/ (accessed 15
November 2018).
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Research on Oregon’s AVR, the first state to adopt the policy, has some additional preliminary,
positive research findings. Two studies, published by Demos and The Center for American
Progress, attempt to triangulate the effect of Oregon’s AVR on voter turnout by identifying
those individuals who registered and voted in 2016 but were unlikely to do so in the absence
of AVR. McElwee et al. (2017) found that 89,000 new voters registered by AVR in 2016, and,
in total, there were 53,000 more new voters in 2016 than in 2012. Using the latter estimate in
their calculation, they suggest that AVR may have increased voter turnout by 2 percent.
Similarly, Griffin et al. (2017) estimate that 40,000 individuals voted because of AVR in the
2016 election that otherwise wouldn’t have. This would account for 1.9 percent of voters in
2016. This estimate was derived by counting the number of individuals who voted and registered
via AVR who fit the following criteria: (1) were not registered during the 2008, 2010, 2012, or
2014 elections, (2) were old enough that they could have been registered and voted since 2008,
and (3) did not return their registration postcard to indicate partisanship.

Unfortunately, triangulating new voters in this way still does not fully address causal inference
concerns. Both of these approaches may underestimate or overestimate the true effect on voter
turnout. Leveraging differences in turnout over time makes the estimate subject to differences
beyond the adoption of AVR. Variation in the candidates running for office in 2012 and 2016
may have resulted in differences in voter interest, causing the increase in new voters.
Alternatively, the increase in new voters may simply have been caused by population growth.
Indeed, the Oregon DMV reported a 48 percent increase in surrendered licenses from out of
state during that time interval, an increase of over 30,000 individuals. Failure to take into account
additional voters from out of state may also unduly inflate the triangulated estimates provided in
McElwee et al. (2017) and Griffin et al. (2017), as these individuals would have no Oregon voter
history but may nonetheless be likely voters with or without AVR.5 On the other hand, these
authors may have underestimated the effect of AVR on voter turnout by ignoring the effect on
the youth vote or other individuals who simply did not fit their specific criteria.

An additional complication in the literature probing the effect of AVR is that not all AVR sys-
tems are equivalent. Most prominently, AVR systems can be either “front-end” (sometimes also
called “automated” voter registration) or “back-end.” Under the front-end system, a citizen is
given an opportunity to register to vote (or have their registration records updated due to an
address change) during a DMV transaction, and the citizen needs to positively assent to the
change. Under the back-end system, eligible citizens are automatically registered, and have an
opportunity to opt-out later in response to a postcard mailer. By nature of examining both a
front-end (California) and back-end (Oregon) state, this paper is able to give some insight
into potential differential efficacy of producing new voters.

Overall, existing analyses of the turnout effects of motor voter laws and AVR have mixed or
tenuous results, which is much like the broader literature on the effect of all electoral reforms on
voter turnout (see e.g., Kousser and Mullin, 2007; Gronke et al., 2008; Mycoff et al., 2009;
Neiheisel and Burden, 2012; but also Gerber et al., 2013; Leighley and Nagler, 2013; Burden
et al., 2014; Holbein and Hillygus, 2016). In particular, researchers note that there is a trade-off
between lowering the costs of voting, and making it more difficult for parties to mobilize voters
(Hanmer, 2009; Burden et al., 2014). In this way, lowering registration and voting costs does not
necessarily guarantee increases in voter turnout. Rigorous analysis is necessary to confirm the
effects of any policy change. The analysis in this paper identifies a new way to isolate the causal
impact of AVR on turnout by using the citizen’s birth date as an exogenous variable that is related
to registration via AVR but is unrelated to turnout.

5New voters in the Robert et al. analysis increased by 62 percent.
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3. Evidence for the relationship between voter registration and birthdays
Our analytical approach leverages within-state variation in voting rates by registrant birth date,
producing a matched comparison group that varies only by their exposure to the AVR system.
We compare turnout rates of voters with birth dates prior to an AVR deadline to those with
birth dates after that deadline using instrumental variable analysis. Our registration and turnout
data are from the state of Oregon in 2016 and 2018 and the state of California in 2018.

We expect a systematic relationship between effective voter registration dates and birthdays
because of DMV policy as driver’s licenses expire on birth dates in both states (license renewal
is required every five years in California and every eight years in Oregon). The relationship
between birthdays and registration dates will be strong for AVR-registered voters and small
but present for traditionally registered voters due to pre-existing motor voter policy as well as
age-induced voter eligibility.

Figure 1 displays the distribution of all voters in Oregon (2016) and California (2018) voter
files based on the difference between their birth date and their effective voter registration date
for AVR and non-AVR registrants.6 The x-axes display the difference in calendar days between
these two events, with a maximal difference of 182 days prior and subsequent to one’s birth
date. The figure shows that the relationship between birth date and registration date is stronger
for AVR than for non-AVR-registered voters. In 2016 in Oregon, effective registration dates most
commonly fall in the month following one’s birthday, peaking precisely 25 days post-birthday.
Much of this delay is due to AVR policy that potential voters have 21 days to opt-out of regis-
tration or choose a political party, with the remainder presumably due to administrative process-
ing time. In California, the modal AVR registrant has an effective registration date that falls one
day prior to their birth date. This more proximate relationship is due to the fact that California
operates a “front-end” AVR system, wherein a voter’s opportunity to opt-out of registration
occurs at the time of their DMV visit.7 This difference, as well as the availability of online and
by mail renewal in California, likely explains differences in the strength of the explanatory
power of birthdays between the two states.

Statistical analysis presented in Table 1 confirms that AVR-registered voters are more likely
than traditionally registered voters to have effective registration dates proximate to their birthday.
Here we will define “proximity” as 30 days prior or subsequent to one’s birthday. Examining
voters registered in the each state’s calendar year of AVR adoption, we estimated a logistic regres-
sion with the dependent variable coded as 1 if the voter’s effective registration date is within 30
days (prior or subsequent) to their birthday. The independent variables in each regression are
dichotomous indicators of whether the voter was registered traditionally or by AVR. The mar-
ginal effects from this estimation suggest that registration through AVR increases your probability
of having effective registration dates in proximity to your birthday by 7.9 percent in the state of
Oregon (2016) and 23.6 percent in California (2018), each estimate relative to traditionally regis-
tered voters.8

It is important to note that AVR is not the only reason that there is a relationship between
birth dates and registration dates. Age-induced voter eligibility as well as new license procurement
leads to voter registration subsequent to one’s birthday, a relationship strengthened in states with

6Data on method of registration were not available for Oregon in 2018. The Oregon Secretary of State Office provided this
information to the researchers for Oregon 2016. Source of registration is readily available in the California voter file, which
defines AVR with source codes DL44 and RBM (see https://elections.cdn.sos.ca.gov/ccrov/pdf/2018/may/18109cik.pdf).

7We are unable to provide information for 2018 in Oregon because, after 2017 due to a change in state statute, the state no
longer reports the birthdate and only birth year in the publicly released file. We acknowledge the Elections Division of the
Secretary of State of Oregon for providing us a release file with a flag for registrations that fell into the date range we needed to
perform our analysis.

8In the state of Oregon, voters registered by AVR Phase 2 are omitted from the analysis. Phase 2 was a retrospective effort
to register individuals who made a qualifying transaction under AVR at the DMV in 2014 and 2015. These potential voters
were all registered in July 2016, and as such there is no relationship between their birth date and effective registration date.
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pre-registration laws. A second reason is pre-existing motor voter policies. As previously noted, a
myriad of state and federal laws and administrative policies have made the DMV a source for
voter registration for some time. To accurately assess the effect of AVR, it will be important to
account for proximate registrations and voting turnout that would have occurred under previous
motor voter opportunities.

4. Methods: instrumental variable analysis
Now that we have established the relationship between birth dates and voter registration, we turn
to the methodology we employ: instrumental variable analysis. This technique is used when cor-
relation between the explanatory variables and the error term is suspected. In the case of AVR, we
are concerned that registrations with AVR are correlated with other factors that affect voter

Figure 1. Relationship between birth date and registration date.
Note: California data limited to registrants following AVR implementation in April 2018.
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turnout, biasing estimation. An instrumental variable (IV) is a third variable that is correlated
with your explanatory variable, but not with omitted variables of concern (the error term),
thus allowing a causal estimate untainted by endogenous correlations.

A dichotomous variable coding birthdays just prior and subsequent to a cutoff date is a valid
instrument in the case of AVR. As previously illustrated, birthdays are correlated with AVR date
due to driver’s license renewal policy. Those registered to vote prior to registration deadlines will
be eligible to vote in a given election, whereas those who are registered after the deadline will not
be eligible. The timing of one’s birthday, at least within a subset of the calendar year (discussed in
greater depth below), is not correlated with any known factors that affect voter turnout, hence
making it a valid exogenous indicator.

Instrumental variable analysis will provide us with an estimate of the Local Average Treatment
Effect (LATE). The LATE is the causal estimate of the treatment for the subset of individuals who
receive the treatment only through the causal pathway of the instrument. In the language of
Angrist et al. (1996), it is the average treatment effect for the “compliers.” Compliers receive
the treatment if and only if the instrument is switched on. In this study, the LATE is the treatment
effect for those who are registered to vote in time for the general election only as a result of the
timing of their birthday, and who would otherwise not have been registered.

It is useful to break down the type of registrants who will drive the LATE estimate. Imagine
there are five types of potential voters, a spectrum of individuals for whom the likelihood of
AVR having a causal impact varies based on their vote propensity and on the method of regis-
tration. For shorthand, we will call the voter types “already voters,” “would-be voters,” “cost-
conscience voters,” “uninterested voters,” and “anti-voters.” Summaries of registration methods
(depending on the value of the instrument) and our predictions for the likelihood that AVR
will impact (assist) these voters are listed in Table 2.

Already voters are those individuals who pre-exist in the voter rolls prior to AVR implemen-
tation. They may be interested in politics and vote with regularity. The likelihood that these voters
are impacted by AVR is comparatively low. Would-be voters are those individuals who are not yet
registered to vote, perhaps due to a recent move or otherwise change in eligibility, but would

Table 1. AVR registrants are more likely to register close to birth date

OR 2016 CA 2018

AVR 0.504*** 1.207***
(0.006) (0.002)

Constant −1.502*** −1.462***
(0.003) (0.002)

Observations 1,014,592 4,950,985
Log likelihood −497,777 −2,851,478
Akaike inf. crit. 995,559 5,702,960

Notes: Logistic regression with dependent variable coded as 1 if registration date is within 30 days of birth date. Robust standard errors in
parentheses.
*p<0.1, **p<0.05 , ***p < 0.01.

Table 2. Theoretical predictions for the impact of AVR on turnout

Voter type Vote likelihood
Registration
(any method) if Z = 0

Registration
(any method) if Z = 1 AVR likelihood Angrist IV typology

Already High High High Low Always takers
Would-be High High High Medium Always takers
Cost-conscious Medium Low High High Compliers
Uninterested Low Low High High Compliers
Anti-voter Zero Zero Zero Zero Never takers

Political Science Research and Methods 861
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achieve registration in time for the voter registration deadline regardless of AVR. These indivi-
duals may or may not register via AVR, depending on whether they happen to go to the
DMV in advance of the voter registration deadline. These voters would likely cast votes at
rates similar to the already voters.

In contrast, cost-conscious and uninterested voters would only register to vote because of AVR.
These are the individuals who we expect to be influenced by the instrument; if their birthday falls
prior to voter registration deadlines, then they will register to vote in time for the election. If their
birthday falls after the deadline, they will not register in time for the election.9 We expect cost-
conscious and uninterested voters to exclusively register by AVR, and cost-conscious voters will
vote at higher rates. These two voter types will drive the LATE estimate.

Finally, anti-voters are individuals opposed to voter registration and voting, opting out of AVR
if registration is proposed (or done automatically). By nature of their absence in the voter file,
these individuals do not appear in our analysis. We view this omission as non-consequential
since both their voting outcome and registration status are unaffected by the instrument.

This typology of voters highlights how descriptive statistics of the turnout rates of automatic-
ally registered citizens overemphasize the effects of AVR. These registrants are a combination of
would-be voters, cost-conscious voters, and uninterested voters. However, because would-be
voters would most likely find other means of registration in the absence of AVR, their presence
in the pool of AVR registrants overstates the causal impact of the policy. In contrast, this instru-
mental variable analysis will provide a causal effect on cost-conscious and uninterested voters, the
groups that would be unlikely to register to vote at all in the absence of AVR. Following the lan-
guage of Angrist (1990), these groups of individuals constitute the “compliers” and their treat-
ment effect constitutes the LATE and provides us a valid causal estimate of the turnout effects
of AVR.

4.1. Data

These data for this study come from voter registration files in Oregon (2016 and 2018) and
California (2018). We limit the scope of the analysis in several ways. Most significantly, we
limit each data file to voters who updated or initiated their registration while AVR was in
place.10 This is the pertinent subset of the data for our purposes, as inference is drawn based
on the timing of one’s registration transaction for those individuals whose birthdays affect that
timing. Individuals who did not change their registration status in a given calendar year are extra-
neous because, by definition, they were not affected by AVR. Their presence in the data weakens
the strength of our instrument, since the relationship between birthdays and registration timing is
stronger in the time interval when AVR is in place.

We also limit our analysis based on the registrant’s particular birthday. This follows guidance
from critiques of previous research exploiting birthdays as an exogenous variable for instrumental
variable analysis (Angrist, 1990, Angrist and Krueger, 1992). Buckles and Hungerman (2013)
bring to light the limits of the exogeneity of birth dates. Using data on maternal characteristics,
they show that mothers who give birth to children in the winter are systematically different than
mothers who give birth to children in the summer, namely they are more likely to be teenagers,
unmarried, and lack a high school degree (Buckles and Hungerman, 2013). Because the maternal

9Note that birthdays determine only the timing of registration, not whether or not registration occurs at all.
10We do not limit our data by the method of registration in this analysis. Some voters in this pool updated or registered via

AVR, while others updated or registered by traditional means. There is an important reason why we do not code this as regis-
tration specifically via AVR prior to the deadline. “Always takers” will sometimes register through AVR, and sometimes regis-
ter through traditional means. The option they choose depends on their birthdate. If their birthdate precedes the election,
they will register using AVR, whereas if their birthday follows the election they will register traditionally. It is important
that there is no correlation between the instrument and instrumented variable for the “always takers.” This is only achieved
if the instrumented variable is any form of registration.
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characteristics associated with winter birthdays may also be associated with voting patterns, we
choose to confine our sample to registrants whose birthdays occur during an interval of time fol-
lowing the voter registration deadline and the election, compared to mirror interval proceeding
that block of time.

This subset has several additional properties advantageous to our particular data analysis
needs. First, it omits individuals who were ineligible to vote in the general election due to age
requirements. Previous research has hypothesized that those born before and after the election
are differentially affected by voter mobilization and, perhaps, persistent enthusiasm or lack
thereof (Holbein and Hillygus, 2016; Nyhan et al., 2017). Individuals in this time window do
exhibit a higher relationship between birth date and registration date than the general population,
simply because registration surges at this point in the election cycle. This surge is apparent both
for traditional and AVR. We will mitigate this concern by testing for the existence of differential
registration bias between the birthday intervals analyzed.

Our instrumented variable is a dichotomous variable, coded one if the voter is registered to
vote by the general election voter registration deadline and zero otherwise. Our primary IV is
a dichotomous indicator for birthdays that occur prior to a cutoff date: the voter registration
deadline in California and 21 days prior to the voter registration deadline in Oregon. In
Oregon, the cutoff date varies from the voter registration deadline due to the fact that AVR regis-
trants have 21 days to opt-out of registration. Twenty-one days prior to the voter registration
deadline is thus the latest date by which visits to the DMV would result in on-time AVR without
affirmative action by the individual. In California, the voter registration deadline is the analogous
date.11

Figure 2 presents equivalence tests for covariates based on our instrument (Hartman and
Hidalgo, 2018). Equivalence tests begin with the initial hypothesis that the data are unbalanced,
and only reject this hypothesis if they provide sufficient statistical evidence in favor of consist-
ency. This test avoids bias favoring finding balance between small samples. The shaded regions
in the figures represent the range of values for which equivalency cannot be rejected. The dots
represent odds-ratios for differences between the relevant time intervals. The tests are powered
to detect a 1 percent difference in proportions, a deviation considered anecdotally to be of sub-
stantive value by previous research on voter turnout (Green and Gerber, 2019). As is evident in
the figure, we largely achieve statistical equivalency for both time periods under consideration.
Regardless, the differences present within both the narrower birthday window and the full calen-
dar year are substantively small in size, and as we will show later, much smaller than what we find
for voter turnout. The results constitute important evidence for the independence of our instru-
ment. As balance appears better in the narrower birthday window, these tests bolster confidence
in our decision to rely on a smaller subset of voters based on their birth date.

We also test for differential voter registration bias. As noted by Nyhan et al., differential voter
registration bias can also bias turnout estimates (Nyhan et al., 2017). Registration might vary
based on birthdays for two reasons. First and non-consequentially, birth patterns vary over the
course of a year, which would naturally lead to variation in the rate of registration. Second, pol-
itical campaigns may differentially mobilize voters based on their birthdays, particularly those
whose birthdays fall prior or subsequent to the election. To test for differential mobilization
within our intervals, we use federal CDC natality data as a baseline for population by birthdays.12

We conduct a t-test for the number of registered voters as a proportion of births based on our
registration cutoff dates. We find statistically significant registration differences between people

11To be precise, our analysis compares voter-eligible registration and voter turnout for voters with birth dates between 8/
16-9/28 and 9/27-11/8 in Oregon 2016, 8/15-9/24 and 9/25-11/6 in Oregon 2018, and 10/7-10/22 and 10/23-11/6 in
California 2018.

12It would be better to use state data, as birth trends are affected by weather patterns. Unfortunately, day-by-day natality
data are not available at the state level.
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with birthdays before and after the registration deadline using the full calendar year, but not
in our more narrowly chosen time interval prior to election day. We will return to the issue of
differential registration bias in an additional sensitivity analysis.

5. Results
Following Angrist (1990), instrumental variable analysis starts with a calculation of Wald esti-
mates. Wald estimates are the ratio of the difference of proportion of the outcome y (voter turn-
out) for the group z = 1 (pre-registration cutoff birthdays) and the group z = 0 (post-registration
cutoff birthdays) to the difference in proportions of the variable x (registration by the election
deadline) for the group z = 1 and the group z = 0.13 The first-stage estimates represent the differ-
ences in voting-eligible registration rates between birthday intervals among registrants who made
alterations to their registration status. Table 3 presents the construction of Wald estimates for the
relevant state elections. As previously discussed, we limit the data to individuals who registered by
any method while AVR was in place and have birthdays falling in mirror time intervals based on
registration cutoff dates and the date of the general election.

Figure 2. Testing for covariate equivalency, full implementation period versus narrowed time interval.
Notes: Equivalence tests were conducted using the protocol described in Hartman and Hidalgo (2018) and the R package equivtest. As
all covariates were dichotomous, the exact Fisher binomial two-sided test for two samples was employed. The x-axis of the equivalence
range depicts odds-ratios.

13Wald = (E[ y|z = 1]− E[ y|z = 0])/(E[x|z = 1]− E[x|z = 0]).
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Table 3. Wald estimates for effect of AVR on turnout

Interval
1 (N )

Interval
2 (N )

Interval 1 reg.
rate

Interval 2 reg.
rate

Registration difference
[95% C.I.]

Interval 1 vote
rate

Interval 2 vote
rate

Turnout difference
[95% C.I.]

Wald estimate
[95% C.I.]

Oregon 2016 139,308 128,019 0.834 0.814 0.02*** [0.017, 0.023] 0.624 0.619 0.00489*** [0.001, 0.009] 0.244** [0.0647, 0.423]
Oregon 2018 101,527 95,183 0.778 0.753 0.0252*** [0.022, 0.029] 0.473 0.469 0.00412* [−0.0002, 0.009] 0.163* [−0.008, 0.337]
California

2018
234,091 212,321 0.801 0.714 0.0871*** [0.085, 0.090] 0.653 0.644 0.00894*** [0.006, 0.012] 0.103*** [0.071, 0.135]

Notes: Rates computed as proportions. Confidence intervals of first and second stage obtained through difference in proportions test. Confidence intervals of Wald estimate derived from 2SLS.
***p < 0.01, **p < 0.05, *p < 0.1.
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The estimates for Oregon 2016 and 2018 show that those registrants with birthdays that fall 21
days prior to the registration deadline were 2 percent more likely to be registered in time for the
election relative to those with birthdays following the cut-off date. Although this number is small
in magnitude, it is statistically significant and much larger than any difference in covariates such
as party membership or demographic characteristics. In California, registrants with birthdays
prior to that state’s voter registration deadline were almost 9 percent more likely to be registered
in time for the general election compared to individuals with later birthdays. The increased
strength of the instrument in California may reflect the ability of Californians to renew by
mail or online, a convenience that could potentially lead individuals to take action closer to
their expiration date. Overall, by nature of the relatively late date of the general election in the
calendar year, both groups are highly likely to be registered to vote on time for the election.
For example, among Oregon 2016 registrants, 83.4 percent of individuals with birthdays prior
to our registration cutoff date were eligible to vote in the general election, compared to 81.4 per-
cent in the later birthday interval.

The second-stage estimates represent the differences in voter turnout rates between birthday
intervals. Again, the raw differences are small in magnitude—less than 1 percent in California
2018 and less than half a percent in Oregon 2016 and 2018—but are nonetheless statistically sig-
nificant in Oregon 2016 and California 2018. Registrants with birthdays before the relevant voter
registration cutoff dates are more likely to vote than registrants with later birth dates.

AWald estimate is equivalent to the coefficient of a two-stage least squares IV regression with
no covariates and a dichotomous instrument. As with the coefficients from IV regressions, it
should be interpreted as the LATE, or treatment effect on the compliers. Here we see that
birthday-induced voter registration increases the likelihood of voting by 0.24 in Oregon 2016,
0.17 in Oregon 2018, and 0.1 in California 2018. Voters use AVR both to newly register and
to update their registration, so this statistic is the combined effect for both groups. In
California, which provides a data field indicating new registrations, 24.7 percent of all
AVR-registered individuals are new registrants. In Oregon, no new registration field is available,
so we rely on having no data on voter history for the previous general election as a proxy for new
registrations. Using this metric, 99.7 percent of AVR registrants were new registrants in 2016. The
source of registration was not made available for Oregon 2018 so no descriptive statistics are
available.14 The vast difference between California 2018 and Oregon 2016 is likely due to admin-
istrative decisions on what registration changes to attribute as “AVR.” In later estimates, we will
focus only on new registrations to make comparisons as similar as possible.

As previously stated, the Wald estimate is the causal effect for the compliers, the subgroup of
the population that would register if and only if their birthday happens to fall before the AVR
voter registration cutoff date. As we will address in the next section, calculating the number of
compliers is important in understanding the magnitude of the overall effect of AVR. Finally,
this causal effect may encompass multiple policies. In particular, this estimation strategy cannot
disentangle the effects of previous motor voter policies from the effects of AVR. As such, the cau-
sal estimate must be interpreted as the aggregate impact of all motor voter policies. We will return
to this limitation later in the paper.

To bolster confidence in our results, we conduct placebo tests in years prior to AVR implemen-
tation. Using the Oregon 2016 and California 2018 voter files, we limit the analysis to voters who
updated or originated their registration four years prior, and look only at age-eligible individuals
in those years. In Oregon, we repeat this exercise both for what would have been the AVR cutoff
date (21 days prior to the registration deadline) in addition to the actual voter registration dead-
line. We move the interval of birthdays considered to reflect this difference based on the precise
historical election date. These analyses, reported in Table 4, find some significant results for

14The Oregon voter file indicates voter histories using the tags “YES” or “NO” for each election. No data available is indi-
cated by a “–.”
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Table 4. Placebo Wald tests

Interval 1 (N ) Interval 2 (N )
Interval

1 reg. rate
Interval

2 reg. rate
Registration

difference [95% C.I.]
Interval

1 vote rate
Interval

2 vote rate
Turnout

difference [95% C.I.]
Wald

estimate [95% C.I.]

OR 2012—AVR cutoff 26,648 25,388 0.796 0.788 0.0081 [0.001, 0.015] 0.621 0.62 0 00107 [−0.007, 0.009] 0.132 [−0.879, 1.14]
OR 2012—registration deadline 13,810 12,342 0.798 0.781 0.0167 [0.007, 0.027] 0.625 0.62 0.0048 [−0.007, 0.017] 0.286 [−0.398, 0.97]
California 2014 24,889 22,450 0.833 0.82 0.0124 [0.006, 0.019] 0.416 0.41 0.00523 [−0.004, 0.014] 0.422 [−0.301, 1.15]

Notes: Rates computed as proportions. Confidence intervals of first and second stage obtained through difference in proportions test. Confidence intervals of Wald estimate derived from 2SLS.
***p < 0.01, **p < 0.05, *p < 0.1.
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registration, but not for turnout. Further, the registration effects are smaller than what we esti-
mate under AVR. This mostly aligns with our expectation that traditional motor voter legislation
was less effective at AVR in terms of bolstering registration and turnout.

We now add covariates to this estimation using a two-stage least squares IV regression. In the
first stage, instruments predict the explanatory variable of interest. In the second stage, the model
estimated values in stage one are used to predict the dependent variable. As before, our instru-
ments are birthday indicators, the instrumented explanatory variable is any registration prior
to the voter registration deadline, and the dependent variable is voter turnout. There is no two-
stage least squares estimator for dichotomous outcomes and estimates are derived from linear
probability models in both stages.15

We controlled for several demographic variables. We code for residency in a populous county
dichotomously, coded as one if you live in a county with over 150,000 residents, and zero other-
wise. We also include control variables that measure whether or not the voter is registered as a
Democrat, Republican, or with a third party, the omitted category being an unaffiliated voter.
We control for race and gender using imputations.16 Finally, we include a continuous variable
for the age of the potential voter at the time of the election.

Our estimation appears in Table 5. Diagnostic tests confirm that our instrument has sufficient
strength. Following the rule of thumbs put forward by Stock and Watson (2007), the F-tests com-
paring the sum of squared residuals from first-stage models with and without our instrument is
above 10, F = 187 in Oregon 2016, F = 177 in Oregon 2018, and F = 4628 in California 2018.
Robust standard errors were employed in these calculations.

The two-stage results largely conform to the Wald estimate, showing that AVR increases one’s
likelihood of voting by 0.29 in Oregon 2016, 0.22 in Oregon 2018, and 0.1 in California 2018.
Again, the previous caveats apply. We must interpret these results as the LATE, as a combined
effect for new and updated registration, as well as a combined effect for AVR and previous
motor voter policies.

Table 5 also presents results limited to new registrations.17 These results show that much of the
variation in turnout estimates has to do with variation in the proportion of registrants that are
new voters. The act of updating one’s registration before or after the registration deadline, not
surprisingly, has a much lower impact on turnout likelihood than failing to register prior to
the deadline. Limiting the data in this way, we see a much higher voter turnout rate from
California’s AVR, 38.2 percent, but little difference in Oregon. The control variables behave
expectedly, with age, race identified as white, urban residency, and partisan political affiliation
all positively associated with voting.

6. Subgroup analysis
The effects presented above are a combination for all registrations. The next step in the analysis is
to consider heterogeneous treatment effects. Fortunately, it is possible to rerun our estimation
within subgroups to gauge such important variation. Table 6 presents the results of a series of
two-stage least squares analyses, each run on a different subgroup population. As with our pri-
mary analysis, we are leveraging exogenous differences in birth dates to construct our estimates,
comparing voters whose birth dates fall before and after an AVR cutoff date for voter eligibility. In
order to make Oregon and California as most comparable as possible, we limit the analysis to new
registrants during AVR implementation periods.

15IV probit estimation, which allows for non-linear estimation of a dichotomous instrument, but not outcome, produced
substantively similar results.

16We imputed race and gender using the wru and gender packages in R. Race is imputed using county-level census data in
addition to surnames. Gender is imputed based on year of birth and given names.

17New registrants are defined has having no voter history in the prior general election and the “New Registration” voter
status reason code in California.
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Subgroup analysis reveals several interesting variations in effect sizes. We see differences in the
effect of gender on turnout. In both California and Oregon, the effect of AVR on turnout is stron-
ger for women than men. Specifically, in Oregon 2016 the effect size for women is 0.47 compared
to 0.18 in men. The gap is smaller in that state in 2018, but still substantial. In California, the
overall effect for women was 0.34 compared to 0.25 for men. Explanations for this unexpected
policy consequence are worth considering. A straightforward interpretation is that barriers to
voter registration are more significant for women than men and that AVR reduces this disparity.
Alternatively, however, it may simply be more a function of the recent political climate than the
policy per se, with women differentially energized to vote conditional on eligible registration.

Age is also an important determinant for AVR-induced turnout. In both states, we see a trend
toward larger effect for younger registrants. This is particularly true in California, where the turn-
out rate estimated for those aged 18–23 is 72 percent. This age group has null results in Oregon,
likely due to the fact that the eight year expiration cycle in that state means that registrants in this
age category would not yet be eligible for license renewal. In Oregon in both years of analysis, the
largest effects are for age grouping of 31–40.

The results based on race suggest consistently strong turnout effects for whites. Across all three
models, the coefficient for whites was somewhat larger than the coefficient in the full model. No
significant effects were found for either Blacks or Asian Americans in any model, though this

Table 5. Instrumental variable analysis on turnout

Dependent variable: voter turnout

OR 2016 OR 2018 CA 2018

All New All New All New

Registration 0.288*** 0.287*** 0.218*** 0.220*** 0.101*** 0.382***
(0.085) (0.083) (0.084) (0.070) (0.016) (0.051)

Pop. county 0.040*** 0.038*** 0.051*** 0.076*** −0.013*** −0.016*
(0.002) (0.003) (0.002) (0.004) (0.004) (0.009)

White 0.153*** 0.144*** 0.085*** 0.086** 0.029 −0.091
(0.030) (0.036) (0.032) (0.043) (0.031) (0.068)

Black 0.110*** 0.113*** 0.094*** 0.064 −0.028 −0.156**
(0.030) (0.036) (0.033) (0.044) (0.031) (0.068)

Hispanic 0.096*** 0.085** 0.061* 0.033 −0.084*** −0.176***
(0.030) (0.036) (0.032) (0.043) (0.031) (0.068)

Asian 0.118*** 0.111*** 0.099*** 0.049 −0.036 −0.153**
(0.031) (0.037) (0.033) (0.044) (0.031) (0.068)

Democrat 0.310*** 0.334*** 0.295*** 0.352*** 0.174*** 0.184***
(0.005) (0.004) (0.005) (0.007) (0.002) (0.004)

Republican 0.308*** 0.335*** 0.238*** 0.285*** 0.123*** 0.151***
(0.003) (0.004) (0.004) (0.007) (0.002) (0.005)

Third party 0.221*** 0.242*** 0.165*** 0.197*** 0.069*** 0.088***
(0.003) (0.005) (0.005) (0.009) (0.003) (0.007)

Age 0.002*** 0.002*** 0.002*** 0.001*** 0.005*** 0.001***
(0.0001) (0.0001) (0.0001) (0.0001) (0.00004) (0.0001)

Female 0.024*** 0.031*** 0.024*** 0.037*** 0.018*** 0.028***
(0.002) (0.002) (0.002) (0.004) (0.001) (0.003)

Unkwn. gender −0.007* −0.005 0.049*** 0.105*** −0.059*** −0.019***
(0.004) (0.005) (0.004) (0.006) (0.003) (0.005)

Constant −0.078 −0.080 −0.053 −0.063 0.292*** 0.145*
(0.069) (0.068) (0.069) (0.067) (0.033) (0.078)

Weak instruments 187.4 199.4 176.8 224.5 4628.4 421.1
Observations 267,327 157,222 196,711 68,422 446,412 86,548

R2 0.164 0.187 0.110 0.180 0.101 0.163

Note: Second stage of a two-stage least squares instrumental regression (linear probability model). Dependent variable is voter turnout.
Omitted categories are race identified as other, non-affiliated partisanship, and male-identified gender.
***p < 0.01, **p < 0.05, *p < 0.1.

Political Science Research and Methods 869

ht
tp

s:
//

do
i.o

rg
/1

0.
10

17
/p

sr
m

.2
02

3.
5 

Pu
bl

is
he

d 
on

lin
e 

by
 C

am
br

id
ge

 U
ni

ve
rs

ity
 P

re
ss

https://doi.org/10.1017/psrm.2023.5


Table 6. Results by subgroups for new registrants

OR 2016 Aged 18–23 Aged 24–30 Aged 31–40 Aged 41–60 Aged 61+ Female Male Pop. county Non-pop. county White Black Hispanic Asian

Registration −0.264 0.280* 0.494*** 0.258** 0.286* 0.467*** 0.179* 0.288*** 0.284** 0.309*** 0.404 −0.033 0.184
(1.030) (0.166) (0.177) (0.118) (0.159) (0.149) (0.107) (0.102) (0.143) (0.087) (0.816) (0.395) (0.405)

F 1.7 47 43.2 97.6 52.8 62.8 121.2 132 67.5 179.8 2.1 9.4 10.6
n 33,982 31,872 32,280 39,021 20,067 71,540 76,885 108,934 48,288 130,864 6718 14,199 5288
R2 0.029 0.173 0.171 0.192 0.24 0.182 0.17 0.181 0.198 0.19 0.164 0.125 0.143

OR 2018
Registration −0.76 0.14 0.42*** 0 29*** 0.27** 0.21* 0.34*** 0.16* 0 33*** 0.25*** −0.65 0.23 0.16

(0.93) (0.15) (0.13) (0.10) (0.13) (0.13) (0.09) (0.09) (0.11) (0.08) (0.96) (0.21) (0.27)
F 2.6 45.4 62.1 103 68.8 67.1 142.7 136.9 90 191 2.2 23.6 16.1
n 17,441 14,269 14,224 14,874 7614 27,170 31,102 48,249 20,173 54,838 3637 7377 2481
R2 −0.49 0.17 0.14 0.17 0.24 0.18 0.16 0.16 0.18 0.19 −0.53 0.15 0.15

CA 2018
Registration 0.72*** 0.39*** 0.12 0.33*** 0.30*** 0.43*** 0.37*** 0.39*** 0.23 0.49*** −0.9 0.31*** 0.11

(0.16) (0.12) (0,12) (0.08) (0,12) (0.09) (0.07) (0.05) (0.26) (0.06) (4.37) (0,10) (0.14)
F 47.2 72.9 84.6 168.9 93.5 140.1 214.8 404.3 17.4 279.2 0.1 102.3 55.2
n 29,110 15,711 14,440 18,316 8971 36,833 38,316 83,612 2936 45,112 2371 27,373 11,642
R2 0.07 0.16 0.11 0.15 0.17 0.17 0.17 0.16 0.13 0.17 −1.29 0.14 0.08

Notes: Coefficients estimate the effect on turnout of AVR prior to deadline from a series of IV regressions calculated using the AER package in R. Robust standard errors are in parentheses and calculated with the
sandwich package.
***p < 0.01, **p < 0.05, *p < 0.1.
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finding may simply be the result of limited power. Indeed, no subgroup regression with less than
20,000 observations obtained significance. The Hispanic population in California was signifi-
cantly affected by AVR, boosting turnout for this group by 0.31. Results based on county popu-
lation suggest a somewhat stronger effect in populous counties, at least in midterm elections.

7. Sensitivity analysis
Instrumental variable analysis is a useful tool for casual estimates of endogenous phenomenon,
but is not without pitfalls. In political science research, exclusion restrictions are often violated,
leading to overestimates of causal effects, which can be particularly problematic in the presence of
weak instruments (Lal et al., 2021). In order to bolster confidence in our turnout results, we con-
duct a sensitivity analysis using a second IV and alterative research design.

While one’s birth date is predictive of the timing of one’s DMV visit within the calendar year,
one’s birth year is additionally predictive. Figure 3 displays the relationship between birth year
and AVR in Oregon 2016 and California 2018 and 2019. As is clear in the figure, AVR is
more likely in even years in the state of Oregon, and every fourth year in the state of
California, at least for a subset of birth years. While the cause of California’s pattern is unknown
to the researchers, Oregon’s even-year pattern is explained by prior statute. Specifically, until
2001, Oregon statute required that individuals with even-year birth dates renew their licenses
in even years, while odd-numbered birth years renew in odd years (ORS 807.130(1)). The nulli-
fication of this statute in 2001 explains the end of the pattern for birth years starting in 1985, as
this is the first birth year cohort to obtain a new license, at age 16, under the revised statute.

This new instrument—high-probability birth years—allows us to examine the effect of AVR on
voter turnout using an alternative research design. Instead of comparing individuals who register
before or after the voter registration deadline, in this secondary analysis we compare individuals
who register to those that do not. This allows us to more carefully address concerns of differential
registration bias (Nyhan et al., 2017). Although the voter file only contains information on regis-
tered individuals, the existence of state-specific single-year age census data allows us to accurately
impute missing data for the unregistered. Specifically, using census single-year age estimates as a
proxy for the eligible voting population,18 we subtract the total number of voters registered in
each birth year. Although we do not have any additional demographic information for the

Figure 3. Relationship between birth year and AVR.
Notes: Square markers represent birth years noted as high-probability birth years to predict license renewal.

18The census provides single-year estimates based on 1 July of this year. This means that in 2018 year estimates, for
example, that someone with a birthday of 1 August 2000 would be counted as “17” years old, even though they turn 18
in that calendar year. To better align birth years with population counts, we take the average of the age n and n− 1 estimates
in order to simulate counts as of 1 January instead of 1 July.
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unregistered population, we do know that, by nature of their lack of registration, they did not vote
in their states’ relevant general election.

In this analysis we limit our data to new registrants and unregistered individuals in the AVR
implementation periods of Oregon 2016 and California 2018.19 We consider only new registrants
whose effective registration date is prior to the voter registration deadline in each state. Finally,
because the instrument is only predictive of registration within a subset of birth years, we
limit the data to only these relevant generational cohorts, those aged 31–84 in Oregon and
39–59 in California.20 The first stage of the 2SLS regression predicts registration and the second
stage predicts turnout. The results appear in Table 7. As is evident from the first-stage F statistic,
the instrument has sufficient predictive power. The point estimates are similar for the state of
California and (39.5 versus 38.2 percent) and almost identical for the state of Oregon (29.4 versus
28.7 percent). The attenuated affect in California is likely explained by the exclusion of younger
registrants, a group which had a particularly strong treatment effect in the subgroup analysis.

8. Registration and total turnout effect
The turnout rates presented above do not necessarily inform the magnitude of the effect of AVR
in each state. As previously mentioned, the results constitute the increase in vote likelihood due to
AVR for the compliers (those who registered in time to vote only by chance of the timing of their
birth date). It is possible for a state to have a large turnout effect, but few compliers, an outcome
theoretically of lower substantive importance than a policy that produces a small turnout effect
but has many compliers. Hence, to fully understand the effect of AVR, it is important to estimate
the number of people registered to vote due to the policy that would not otherwise be registered.

For the purposes of estimating AVRs, there are two counterfactuals that must be considered.
First, a subset of AVR registrants would seek out voter registration independent of visiting the
DMV. Second, another subset of AVR registrants would have registered through previously avail-
able motor voter opportunities, but only conditional on visiting the DMV. In this section we seek
to estimate both populations for Oregon and California. To simplify the comparison, we limit
estimates to new registrants only.

Table 7. IV sensitivity analysis

Dependent variable: voter turnout

OR 2016 CA 2018

Registration 0.294*** 0.395***
(0.021) (0.061)

Age 0.0002** 0.0001**
(0.0001) (0.00001)

Constant 0.263*** 0.009*
(0.020) (0.005)

Weak instruments 1601 81.4
Observations 463,098 4,696,017
R2 0.313 0.510

Note: Second stage of a two-stage least squares instrumental regression (linear probability model with high-probability birth year as
instrument).
****p < 0.01, **p < 0.05, *p < 0.1.

19It is not useful to analyze updaters in this research design, as we would necessarily expect individuals who are updating
their registration via AVR to have higher turnout rates than non-registrants, even if the act of updating via AVR had no sub-
stantive effect on voting patterns. This was not the case in our last analysis, as we compared turnout rates of people who
updated before and after the voter registration deadline.

20The earliest birth year included in Oregon, 1932, was chosen because that is the last year for which single-year age census
estimates are available.
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To start this exercise, we begin with the actual number of AVR registrants who registered
between May and October in the first year of AVR implementation in each state. We use the
voter registration files to calculate this figure, aggregating registrants with effective registration
dates in this time period.21 There were 88,737 such new registrants in Oregon (2.9 percent of
Voting Eligible Population (VEP)) and 286,067 new registrants in California (1.1 percent of
VEP).

To estimate the proportion of these voters that would have registered by other means in the
absence of DMV visitation, we look more closely at how our instrument predicts both traditional
registration and AVR-specific registration. We use the instrument employed in our sensitivity
analysis, birth year not birth date, in this calculation for two reasons. First, birthdays that fall
right before the registration deadline are outliers in terms of traditional registration rates and
may yield inappropriate extrapolations. Second, it is better to include the unregistered population
in the denominator of these calculations.22 For these analyses we use the same subset of data
described in the sensitivity analysis.

We find that high-probability birth years are associated with increases in AVR by 6.9 percent in
Oregon and 9.6 percent in California. In contrast, low-probability birth years are associated with
significant increases in traditional registration, 0.4 percent in Oregon and 2.0 percent in
California.23 This latter correlation represents voters that, by nature of their lack of visit to the
DMV, are seeking out traditional forms of registration. The ratio of traditional to AVR predicted
by our instrument suggests that at minimum 3.9 percent of Oregon AVR registrants and 28 percent
of California AVR registrants would find other means to register in the absence of a DMV visit.

The second subset of AVR registrants that should not be included in our turnout estimates are
those that would have registered under prior DMV motor voter policies. To capture this popu-
lation it is necessary to turn to historical data on registration patterns. We conduct a logistic
regression predicting the likelihood that a voter registers in accordance with the birth year instru-
ment before and after AVR implementation. For example, in the state of Oregon, the dependent
variable was coded as one if the registrant has an even-numbered birth year and even-numbered
registration year or an odd-numbered birth year and odd-numbered registration year, zero other-
wise. We include registrations that occurred from 2006 to 2016 in Oregon and from 2008 to 2018
in California. The regression included dummy variables to control for midterm and presidential
year registrations, as those years have much higher overall registration numbers. The results
showed significant increases in the strength of the instrument following AVR implementation
in both states. Specifically, Oregonians increased the likelihood of a correspondence between
their registration year and birth year from 0.7 to 1.6 percent following the implementation of
AVR. Californians increased the likelihood of correspondence from 0.76 to 2.7 percent following
implementation. Proportionally, these statistics suggest that 46 percent of Oregonian and 28 per-
cent of Californian AVR registrants would have registered via motor voter policies in place in pre-
vious years.

The turnout estimates presented previously provide a LATE estimate for compliers. As such,
this precludes any influence of a differential turnout rate by those individuals who would other-
wise find themselves registered outside a visit to the DMV. In contrast, voters that would have
registered counterfactually by pre-existing motor voter policies are included in the original turn-
out calculations. If this group of registrants turned out to vote at higher rates than those that
would register only in the presence of AVR, it could cause an upward bias in our total turnout
estimate. For this reason, it is necessary to estimate historical turnout for traditional motor voter
registrants.

21To maximize comparability between states we include only registrants in Oregon’s Phase 1 AVR implementation.
22The census does not provide estimates of birthday prevalence by date and state.
23Significance determined by a difference of proportions test.
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To gauge differential turnout of this group we again rely on historical registration and turnout
data available in voter files. We limit the data to new voters with effective registration dates in
each states’ first year of AVR implementation as well as the previous two general elections. We
reconstruct the original turnout model, relying on birth date timing within a calendar year,
but interact both the instrument and pre-deadline registration indicator with a dummy variable
indicating the presence of AVR. In both the California and Oregon models, the interaction term
is negatively signed but insignificant (p = 0.58 in Oregon and p = 0.60 in California). Although
the differences cannot be distinguished from zero with any level of traditional confidence, the
marginal effects estimated for both states would suggest that motor voter registrants vote at
3.4 percent higher rates in Oregon and 1.2 percent higher rates in California, each relative to
AVR registrants. To ensure the most conservative estimate, we use these estimates to calculate
a lower-bound estimate of the turnout rate of voters that would register only with AVR. Given
the proportion of AVR registrants that likely would have registered counterfactually by motor
voter in each state, this brings the point estimates of AVR turnout down to 25.7 percent in
Oregon and 37.8 percent in California.

Combining all estimates reported above, we estimate that, from May to October, Oregon regis-
tered 45,790 individuals who would not have registered by any other mean in the absence of AVR.
California registered 154,462 such individuals. Given each state’s AVR-specific turnout estimate,
this would lead to 11,766.03 (0.39 percent of VEP) new voters in Oregon and 58,313 (0.23 percent
of VEP) new voters in California.

What drives the significant variation between Oregon and California in these calculations?
There are many important, substantive differences in how voters interact with AVR, motor
voter, and DMV license renewal in each state. As previously noted, California is a front-end
AVR system whereas Oregon is back-end. Additionally, Californians have shorter license renewal
periods, five years rather than eight, which means that they will be touched by motor voter pol-
icies more frequently. At the same time, Californians have option to renew by mail or online,
negating the need to physically visit the DMV and interact with a DMV agent. In Oregon, pre-
vious motor voter statute prior to AVR required that all departmental personnel verbally ask
DMV visitors about whether they would like to register to vote (ORS 247.017 c.2013). In contrast,
in the state of California, this query existed in written form in California’s license renewal form.24

These differences in DMV interactions and motor voter implementations could understandably
have significant effects on the types of voters that get registered.

These aggregate estimates of turnout are, at best, estimates. The method described here disen-
tangles traditional motor voter policies from AVR and accounts for voters that would find other
means to register to vote. However, the entirety of all estimates is based on the population of
voters that renews their licenses. Other causes of DMV visitations, such as procuring a new
license, likely engage a different population with a different propensity to turnout out and/or reli-
ance on AVR for registration. At present, it is unknown whether the causal effect of AVR on turn-
out is substantively different than those who visit the DMV for other purposes.

9. Conclusion
This paper uses an innovative method to estimate the causal impact of AVR on voter turnout in
Oregon and California. We leverage the relationship between birth date and driver’s license expir-
ation as an exogenous variable to help isolate who is impacted by AVR. Because license expiration
occurs on one’s birth date, we can use this information to produce a causal estimate of the effect
of AVR on registration and turnout. We compared turnout rates of registrants whose birthdays

24For example, see the DL 44 REV. 10/2008 form available at https://www.bidsync.com/DPXViewer/DL_44_Eng__Pt_1.
pdf%3Fac=auction&auc=224148&rndid=442373&docid=1175916.
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fall before and after a cut-off date for eligible voter registration using AVR (the registration dead-
line in California and 21 days prior to the registration deadline in Oregon).

Our findings suggest that having a birthday in the latter interval, which would allow you to be
registered at the DMV in time for the registration deadline, resulted in a 29 percent increase in
turnout likelihood for Oregonians in 2016, 22 percent increase for Oregonians in 2018, and 10
percent increase for Californians in 2018. However, the seemingly large discrepancy between
states was shown to be a result of the fact that California’s AVR system produces many more
updates to registrations, as opposed to new registrations, an act with a much smaller marginal
effect on turnout. Considering only new registrants, individuals who registered to vote contin-
gently on visiting the DMV, turned out to vote 29 percent of the time in Oregon and 38 percent
in California. These results were largely confirmed with a sensitivity analysis employing and alter-
native instrument.

The somewhat larger turnout conversion in California, however, must be taken into consider-
ation with differences in the numbers of new registrants. Our analysis shows that Oregon’s back-
end system, all else equal, registers more individuals vis-à-vis California. This is true even
accounting for the fact that Oregon appears to have had more robust prior motor voter registra-
tions success, likely due to the requirement of in-person transactions. Accounting for both prior
motor voter policies, differences in voter conversions, and variation in the number of registrants,
we estimate that six months of AVR implementation increased turnout as a percentage of VEP by
0.39 percent in Oregon 2016 and 0.23 percent in California 2018.
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