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1 Introduction

One of the main tenets of observational studies is that post-treatment variables should not be in-

cluded in an analysis because naively conditioning on these variables can block some of the effect

of interest, leading to post-treatment bias (King, Keohane and Verba, 1994). While this is usually

sound advice, it seems to contradict recommendations from the process tracing literature that in-

formation about mechanisms can be used to assess the plausibility of an effect (Collier and Brady,

2004; George and Bennett, 2005; Brady, Collier and Seawright, 2006).

e front-door criterion (Pearl, 1995) and its extensions (Kuroki andMiyakawa, 1999; Tian and

Pearl, 2002a,b; Shpitser and Pearl, 2006) resolve this apparent contradiction, providing a means for

nonparametric identi cation of treatment effects using post-treatment variables. Importantly, the

front-door approach can identify causal effects even when there are unmeasured common causes of

the treatment and the outcome (i.e., the total effect is confounded). e basic idea is the following.

Suppose the total effect of a treatment on an outcome can be partitioned into a set of pathways and

constituent effects. Further suppose that although the total effect is confounded, the constituent

effects are identi ed. When the constituent effects are identi ed, the front-door adjustment pro-

vides a formula for combining these constituent effects into the total effect. Furthermore, unlike

traditional path analysis, the front-door adjustment allows for heterogeneous effects and does not

require parametric assumptions.

While front-door adjustment seems to be a powerful tool for data analysts, it has been used

infrequently (VanderWeele, 2009) due to concerns that the assumptions required for point identi-

cation will rarely hold (Cox and Wermuth, 1995; Imbens and Rubin, 1995). A number of papers

have proposed weaker and more plausible sets of assumptions (Joffe, 2001; Kaufman, Kaufman and

MacLehose, 2009; Glynn and Quinn, 2011) that tend to correspond to conceptions of process trac-

is can happen when there is an unmeasured common cause of the treatment and outcome, but there are no
unmeasured common causes of the treatment and themediators or of themediators and the outcome (precise conditions
are discussed below).
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ing. However, these approaches rely on binary or bounded outcomes, and even in large samples

these methods only provide bounds on causal effects (i.e., partial instead of point identi cation).

Additionally, these bounds on effects typically include zero. Recently, Glynn and Kashin (2013)

developed bias formulas that allow the front-door assumptions to be weakened via sensitivity anal-

ysis. is allows for any type of outcome variable and increases the possibility that the front-door

approach will be informative (e.g., establishing that zero is not a plausible value for the effect).

In this paper, we demonstrate that the bias described inGlynn andKashin (2013) can sometimes

be removed by a difference-in-differences approach when there is one-sided noncompliance and an

exclusion restriction. Glynn and Kashin (2013) showed that with one-sided noncompliance, the

front-door estimator implies substituting treated noncompliers for controls. For example, if you

want to study the effect of signing up for a program, the front-door estimator compares the outcomes

of those that sign up (the treated) to the subset of those that sign up but do not show up (the treated

noncompliers). Contrast this with standard approaches (e.g., matching and regression) that would

compare those that sign up (the treated) with those that do not sign up (the controls).

e front-door difference-in-differences approach extends the front-door approach in the fol-

lowing manner. First, we identify the treated units of interest, which we will refer to as the group of

interest. Second, if we can identify a group of treated units distinct from our group of interest, for

which we believe the treatment should have no effect, then a non-zero front-door estimate for this

group can be attributed to bias. We will refer to this group as the differencing group. For example,

in the context of the application to follow, we consider the effects of an early in-person (EIP) voting

program on turnout for elections in 2008 and 2012. One differencing group we consider is poten-

tial voters that used an absentee ballot in the previous election. EIP was unlikely to have an effect

on these voters, as they had already demonstrated their ability to vote by another means of early

voting. erefore, we consider non-zero front-door estimates of the turnout effect for this group to

be evidence of bias.

If we further assume that the bias for this group is equal to the bias for our group of interest,
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then by subtracting the front-door estimator from this group from the front-door estimator for the

group of interest, we can remove the bias from our front-door estimate. Note that if the bias from

the differencing group is larger than the bias for the group of interest and/or the treatment has an

effect for the differencing group, then this differencing approach can provide a lower bound on the

effect of the program.

However, we demonstrate that the bias for each group is related to the proportion of compli-

ers in the group, and therefore, an equal bias assumption is untenable without an additional ad-

justment. For example, when an exclusion restriction holds such that treatment has no effect for

treated noncompliers, then the front-door bias is due entirely to the imputation of the missing po-

tential outcomes for the treated compliers. is means that the front-door bias for a group of units

is approximately proportional to the compliance rate for that group (the assumptions necessary for

the bias to be exactly proportional to the compliance rate are discussed below). erefore, when the

compliance rates differ between the group of interest and the differencing group, we will oen need

to re-scale the front-door estimator for the differencing group in order tomake the bias comparable.

is will be described in detail below.

e paper is organized as follows. Section 2 presents the bias formulas for the front-door ap-

proach to estimating average treatment effects on the treated (ATT), both for the general case and

the simpli cation for nonrandomized program evaluations with one-sided noncompliance and an

exclusion restriction. Section 3 presents the difference-in-differences approach for front-door esti-

mators for the simpli ed case and discusses the required assumptions. Section 4 presents an appli-

cation of the front-door difference-in-differences estimator to election law: assessing the effects of

early in-person voting on turnout in Florida. Section 5 concludes.
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2 Bias for the Front-Door Approach for ATT

In this section, we present the bias formulas for the front-door approach for estimating the average

treatment effect on the treated (ATT). is is oen the parameter of interest when assessing the

effects of a program or a law. e beginning of this section parallels the early discussion in Glynn

and Kashin (2013), but is important for the development of the difference-in-differences estimator

presented in this paper. For an outcome variable Y and a binary treatment/action A, we de ne

the potential outcome under active treatment as Y(a1) and the potential outcome under control as

Y(a0). Our parameter of interest is the ATT, de ned as τatt = E[Y(a1)|a1]− E[Y(a0)|a1] = μ1|a1 −

μ0|a1 . We assume consistency, E[Y(a1)|a1] = E[Y|a1], so that the mean potential outcome under

active treatment for the treated units is equal to the observed outcome for the treated units such

that τatt = E[Y|a1] − E[Y(a0)|a1]. e ATT is therefore the difference between the mean outcome

for the treated units and mean counterfactual outcome for these units, had they not received the

treatment.

We also assume that μ0|a1 is potentially identi able by conditioning on a set of observed co-

variates X and unobserved covariates U. To clarify, we assume that if the unobserved covariates

were actually observed, the ATT could be estimated by standard approaches (e.g., matching). For

simplicity in presentation we assume that X and U are discrete, such that

μ0|a1 =
∑
x

∑
u

E[Y|a0, x, u] · P(u|a1, x) · P(x|a1),

but continuous variables can be handled analogously. However, even with only discrete variables

we have assumed that the conditional expectations in this equation are well-de ned, such that for

all levels of X andU amongst the treated units, all units had a positive probability of receiving either

treatment or control (i.e., positivity holds).

Note that we must assume that these potential outcomes are well de ned for each individual, and therefore we are
making the stable unit treatment value assumption (SUTVA).
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e front-door adjustment for a set of measured post-treatment variables M can be written as

the following:

μfd0|a1 =
∑
x

∑
m

P(m|a0, x) · E[Y|a1,m, x] · P(x|a1).

We can thus de ne the large-sample front-door estimator of ATT as:

τfdatt = μ1|a1 − μfd0|a1 .

ebias in the front-door estimate of ATT, which is entirely attributable to the bias in the front-door

estimate of μ0|a1 , is the following (see Appendix A.1 for a proof):

Bfd
att =

∑
x

P(x|a1)
∑
m

∑
u

P(m|a0, x, u) · E[Y|a0,m, x, u] · P(u|a1, x)

−
∑
x

P(x|a1)
∑
m

∑
u

P(m|a0, x) · E[Y|a1,m, x, u] · P(u|a1,m, x).

As discussed in Glynn and Kashin (2013), it is possible for the front-door approach to provide an

unbiased estimator for the ATT even in the presence of an unmeasured confounder that would

bias traditional back-door techniques such as matching and regression adjustment. Speci cally, the

front-door bias will be zero when three conditions hold: (1) E[Y|a1,m, x, u] = E[Y|a0,m, x, u], (2)

P(m|a0, x) = P(m|a0, x, u), and (3) P(u|a1,m, x) = P(u|a1, x). e rst will hold when Y is mean

independent of A conditional on U,M, and X, while the latter two will hold if U is independent of

M conditional on X and a0 or a1.

For the difference-in-differences estimators we consider in this paper, we use the special case

of nonrandomized program evaluations with one-sided noncompliance. Following the literature in

econometrics on program evaluation, we de ne the program impact as the ATT where the active

treatment (a1) is assignment into a program (Heckman, LaLonde and Smith, 1999), and when M
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indicates whether the active treatment (a1) was actually received. We use the short-hand notation

m1 to denote that active treatment was received andm0 if it was not.

Assumption 1 (One-sided noncompliance)

P(m0|a0, x) = P(m0|a0, x, u) = 1 for all x, u.

Assumption 1 implies that only those assigned to treatment can receive treatment, and the front-

door large-sample estimator reduces to the following under this assumption:

τfdatt = μ1|a1 − μfd0|a1

= E[Y|a1]−
∑
x

∑
m

P(m|a0, x) · E[Y|a1,m, x] · P(x|a1)

= E[Y|a1]−
∑
x

E[Y|a1,m0, x]︸ ︷︷ ︸
treated non-compliers

·P(x|a1). (1)

is formula is interesting because it does not rely upon outcomes of control units in the calcula-

tion of the potential outcome under control for treated units. is is a noteworthy point that has

implications for research design that we will revisit subsequently. Compare this to the standard

back-door large-sample estimator for ATT:

μfdatt = μ1|a1 − μbd0|a1

= E[Y|a1]−
∑
x

E[Y|a0, x]︸ ︷︷ ︸
controls

·P(x|a1). (2)

Roughly speaking, standard back-door estimates match units that were assigned treatment to simi-

lar units that were assigned control. On the other hand, front-door estimates match units that were

assigned treatment to similar units that were assigned treatment but did not receive treatment.
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e simpli ed front-door ATT bias can be written as the following (see Appendix A.2):

Bfd
att =

∑
x

P(x|a1)
∑
u

E[Y|a0,m0, x, u][P(u|a1, x)− P(u|a1,m0, x)︸ ︷︷ ︸
ε

] (3)

+
∑
x

P(x|a1)
∑
u

{E[Y|a0,m0, x, u]− E[Y|a1,m0, x, u]︸ ︷︷ ︸
η

}P(u|a1,m0, x). (4)

However, ε can be re-written as:

ε = P(u|a1, x)− P(u|a1,m0, x)

= P(m1|a1, x)[P(u|a1,m1, x)− P(u|a1,m0, x)].

Assumption 2 (Exclusion restriction)

No direct effect for noncompliers: E[Y|a1,m0, x, u] = E[Y(a0)|a1,m0, x, u].

Assumption 2 implies that the treatment does not have an effect on the outcome for noncom-

pliers. When combined with the consistency assumption, Assumption 2 can also be written as

E[Y(a1)|a1,m0, x, u] = E[Y(a0)|a1,m0, x, u]. If this exclusion restriction holds, then η simpli es to

the following (see Appendix A.3):

η = P(m1|a1, x, u){E[Y(a0)|a1,m1, x, u]− E[Y(a0)|a1,m0, x, u]}.

Assumption 3 (Constant compliance rates across values of u within levels of x)

P(m1|a1, x, u) = P(m1|a1, x) for all x and u.

If we further assume that compliance rates are constant within levels of x, then bias simpli es to the
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following:

Bfdatt =
∑
x

P(x|a1)P(m1|a1, x)
∑
u

E[Y|a0,m0, x, u][P(u|a1,m1, x)− P(u|a1,m0, x)] (5)

+
∑
x

P(x|a1)P(m1|a1, x)
∑
u
{E[Y(a0)|a1,m1, x, u]− E[Y(a0)|a1,m0, x, u]}P(u|a1,m0, x). (6)

is simpli cation implies a common and observable scaling factor to the bias within levels of x,

P(x|a1)P(m1|a1, x), and this will be important for the difference-in-differences estimators discussed

in the next section.

e bias can be simpli ed further in cases of clustered treatment assignment. Because the front-

door estimator uses only treated units under Assumption 1, it is possible that all units within levels

of x were assigned in clusters such that U is actually measured at the cluster level. We present an

example of this in the application, where treatment (the availability of early in-person voting) is

assigned at the state level, and therefore all units within a state (e.g., Florida) have the same value of

u. Formally, the assumption can be stated as the following:

Assumption 4 (u is constant among treated units within levels of x)

For any two units with a1 and covariate values (x, u) and (x′, u′), x = x′ ⇒ u = u′.

Note thatAssumption 4 is only a statement about the treated units, and it does notmake any assump-

tion about the values of u among control units. If this assumption holds, then the bias simpli es

further to:

Bfd
att =

∑
x

P(x|a1)P(m1|a1, x){E[Y(a0)|a1,m1, x, u]− E[Y|a1,m0, x, u]}. (7)

3 Front-door Difference-in-Differences Estimators

If we de ne the front-door estimator within levels of a covariate x as τfdatt,x, then the front-door

estimator can be written as a weighted average of strata-speci c front-door estimators where the
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weights are relative strata sizes for treated units:

τfdatt =
∑
x

P(x|a1)τfdatt,x.

If we further de ne the group of interest as the stratum g1 and the differencing group as the stratum

g2, then the front-door estimators for these groups can be written as:

τfdatt,g1 =
∑
x

P(x|a1, g1)τfdatt,x,g1 ,

τfdatt,g2 =
∑
x

P(x|a1, g2)τfdatt,x,g2 .

Using these components, the front-door difference-in-differences estimator can be written as

τfd−did
att =

∑
x

P(x|a1, g1)
[
τfdatt,x,g1 −

P(m1|a1, x, g1)
P(m1|a1, x, g2)

τfdatt,x,g2

]
. (8)

Hencewithin levels of x, the front-door difference-in-differences estimator is the difference between

the front-door estimator from the group of interest and a scaled front-door estimator from the dif-

ferencing group, where the scaling factor is the ratio of the compliance rates in the two groups.

en, the overall front-door difference-in-differences estimator is a weighted average of the estima-

tors within levels of x, where the weights are determined by the group of interest proportions of x

for treated units.

Intuitively, the scaling factor is necessary because it places the front-door estimate for the differ-

encing group on the same compliance scale as the front-door estimate for the group of interest. e

necessity of this adjustment can bemost easily seen in (7) in that the bias is scaled by the compliance

proportion.

In order for the front-door difference-in-differences estimator to give us an unbiased estimate

of the ATT in the group of interest, we need subsets of the assumptions that follow. If we further
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de ne bias within levels of x as Bfd
att,x, then the assumption we need for the differencing group is the

following:

Assumption 5 (No effect for the differencing group)

τfdatt,x,g2 = Bfd
att,x,g2 for all x.

Note that Assumption 5 can oen be weakened. If we believe there are effects for the differencing

group, but these have the same sign for the group of interest, then subtracting the scaled estimated

effect from the differencing group will remove too much from the estimated effect in the group

of interest. For example, if we believe that effects for the group of interest and the differencing

group would be positive, then the front-door difference-in-differences estimator would tend to be

understated. If we additionally believe that the bias in the front-door estimator is positive prior to

the differencing, then the front-door and front-door difference-in-differences estimator will bracket

the truth in large samples.

We also need to assume that the bias in the group of interest (g1) can be removed using the bias

from the differencing group (g2):

Assumption 6 (Bias for g1 equal to scaled bias for g2 within levels of x)

Bfd
att,x,g1 =

P(m1|a1,x,g1)
P(m1|a1,x,g2)B

fd
att,x,g2 for all x.

If Assumptions 1, 5, and 6 hold, then τfd−did
att has no large-sample bias for τatt (see Appendix B.1 for

a proof). However, the interpretation of Assumption 6 depends on whether Assumptions 2, 3, or 4

hold. If Assumptions 2 and 3 hold, then Assumption 6 will hold when the sums over u in (5) and

(6) are equal across g1 and g2.

Assumption 6 is much easier to interpret when Assumptions 2 and 4 hold. When Assumption 4

holds such that the treated units are assigned in clusters and unobserved variables in the assign-

ment mechanism (u) are constant within levels of x, then Assumption 7 is sufficient to imply that

Assumption 6 holds (see Appendix B.2 for a proof).
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Assumption 7 (Equal bias across compliance groups for g1 and g2)

{E[Y(a0)|a1,m1, x, g1]−E[Y(a0)|a1,m0, x, g1]} = {E[Y(a0)|a1,m1, x, g2]−E[Y(a0)|a1,m0, x, g2]} for

all x.

is is the case for the application in the next section, where treatment (the availability of early

in-person voting) is assigned at the state level, and therefore all units within a state (e.g., Florida)

have the same value of u. Note that Assumption 7 is analogous to the parallel trends assumption for

standard difference-in-differences estimators, except the trend is across compliance groups instead

of time.

4 Illustrative Application

In this section, we present front-door and front-door difference-in-difference estimates for the aver-

age treatment effect on the treated (ATT) of an early in-person voting program in Florida. We want

to evaluate the impact that the presence of early voting had upon turnout for some groups in the

2008 and 2012 presidential elections in Florida. In traditional regression or matching approaches

(either cross sectional or difference-in-differences), data from Florida would be compared to data

from states that did not implement early in-person voting. ese approaches are potentially prob-

lematic because there may be unmeasured differences between the states, and these differences may

change across elections. One observablemanifestation of this is that the candidates on the ballot will

be different for different states in the same election year and for different election years in the same

state. e front-door difference-in-differences approach allows us to solve this problem by con n-

ing analysis to comparisons made amongst modes of voting within a single presidential election in

Florida.

Additionally, by restricting our analysis to Florida, we are able to use individual-level data from

the Florida Voter Registration Statewide database, maintained since January 2006 by the Florida

Department of State’s Division of Elections. is allows us to avoid the use of self-reported turnout,
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provides a very large sample size, and makes it possible to implement all of the estimators discussed

in earlier sections because we observe the mode of voting for each individual. e data contains

two types of records by county: registration records of voters contained within voter extract les and

voter history records contained in voter history les. e former contains demographic information

- including, crucially for this paper, race - while the latter details the voting mode used by voters in

a given election. e two records can be merged using a unique voter ID available in both le types.

However, voter extract les are snapshots of voter registration records, meaning that a given voter

extract le will not contain all individuals appearing in corresponding voter history le because

individuals move in and out of the voter registration database. We therefore use voter registration

les from four time periods to match our elections elections of interest: 2006, 2008, and 2010 book

closing records, and the 2012 post-election registration record. Our total population, based on the

total unique voter IDs that appear in any of the voter registration les, is 16.4 million individuals.

Appendix C provides additional information regarding the pre-processing of the Florida data.

Information on mode of voting in the voter history les allows us to de ne compliance with the

program for the front-door estimator (i.e., those that utilize EIP voting in the election for which we

are calculating the effect are de ned as compliers). Additionally, we use information on previous

mode of voting to partition the population into a group of interest and differencing groups. In

order to maximize the data reliability we de ne our group of interest as individuals that used EIP in

a previous election (e.g., 2008 EIP voters are the group of interest when analyzing the turnout effect

for the 2012 election). In other words, we are assessing what would have happened to these 2008

EIP voters if the EIP program had not been available in 2012. To calculate the EIP effect on turnout

for the 2012 election, we separately consider 2008 and 2010 EIP voters as our groups of interest. For

the 2008 EIP effect on turnout, we rely upon 2006 EIP voters as our group of interest. An attempt to

de ne the group of interest more broadly (e.g., including non-voters) or in terms of earlier elections

(e.g., the 2004 election) would involve the use of less reliable data, and would therefore introduce
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methodological complications that are not pertinent to the illustration presented here. erefore,

the estimates presented in this application are con ned only to those individuals that utilized EIP

in a previous election and hence we cannot comment on the overall turnout effect.

We consider two differencing groups for each analysis: those who voted absentee and those that

voted on election day in a previous election. When considering the 2012 EIP effect for 2008 EIP

voters, for example, we use 2008 absentee and election day voters as our differencing groups. It is

likely that the 2012 EIP program had little or no effect for 2008 absentee voters and perhaps only a

minimal effect for 2008 election day voters, as these groups had already demonstrated an ability to

vote by othermeans. erefore, any apparent effects estimated for these groupswill be primarily due

to bias, and this bias can then be removed from the estimates for the group of interest. As discussed

in earlier sections, the estimates from the differencing groups must be scaled according to the level

of compliance for the group of interest. Finally, the existence of two differencing groups allows us to

conduct a placebo test by using election day voters as the group of interest and the absentee voters

as the differencing group in each case. is analysis is explored below.

Despite the limited scope of the estimates presented here, these results have some bearing on

the recent debates regarding the effects of early voting on turnout. ere have been a number of

papers that nd null results for the effects of early voting on turnout (Gronke, Galanes-Rosenbaum

andMiller, 2007; Gronke et al., 2008; Fitzgerald, 2005; Primo, Jacobmeier andMilyo, 2007; Wol n-

ger, Highton and Mullin, 2005), and Burden et al. (2014) nds a surprising negative effect of early

voting on turnout in 2008.⁴ However, identi cation of turnout effects from observational data us-

ing traditional statistical approaches such as regression or matching are hampered by unobserved

Following Gronke and Stewart (2013), we restrict our analysis to data starting in 2006 due to its greater reliability
than data from 2004. We also might like to extend the group of interest to those that did not vote in a previous election,
but we avoid assessing either 2008 or 2012 EIP effects for these voters because it is difficult to calculate the eligible
electorate and consequently the population of non-voters. In their analysis of the prevalence of early voting, Gronke
and Stewart (2013) use all voters registered for at least one general election between 2006 and 2012, inclusive, as the
total eligible voter pool. However, using registration records as a proxy for the eligible electorate may be problematic
(McDonald and Popkin, 2001). By focusing on the 2008 voting behavior of individuals who voted early in 2006, we
avoid the need to de ne the eligible electorate and the population of non-voters.

⁴Burden et al. (2014) examine a broader de nition of early voting that includes no excuse absentee voting.
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confounders that affect both election laws and turnout (Hanmer, 2009). e front-door estimators

presented here provide an alternative approach with useful properties. First, front-door adjustment

can identify the effect of EIP on turnout in spite of the endogeneity of election laws that can lead

to bias when using standard approaches. Furthermore, unlike traditional regression or matching

based estimates, the front-door estimators considered here only require data from Florida. is

means that we can effectively include a Florida xed effect in the analysis, and we do not have to

worry about cross-state differences. Furthermore, unlike estimators that make comparisons across

time, the turnout comparisons of the front-door estimators are entirely within a presidential elec-

tion. is means that we can effectively include a Florida/year xed effect in the analysis, and we do

not have to worry about the ballot or election differences skewing turnout numbers across elections.

We also include county xed effects in the analysis in order to control for within-Florida differences.

4.1 Results

e front-door difference-in-differences estimates for the 2012 EIP program are presented in Fig-

ure 1. e estimates all utilize county xed effects and are calculated separately across the racial

categories.⁵ e orange and the blue estimates are for the 2008 EIP voters (the group of interest),

with 2008 absentee voters and 2008 election day voters as the differencing groups, respectively. e

former, for example, is constructed as the difference between front-door estimates for 2008 early

voters and the front-door estimates for 2008 absentee voters, with the front-door estimates for the

differencing group scaled by the ratio of early voter compliance to absentee voter compliance as

shown in 8. e green estimates in Figure 1 represent the placebo test, with 2008 election day voters

standing in as the group of interest and the absentee voters as the differencing group.

For the 2008 EIP voters, the 2012 EIP program estimates (orange and blue) are positive and

⁵We calculate the FD-DID estimates within each county and then average using the population of the group of
interest as the county weight. Due to very small sample sizes in a few counties, we are occasionally unable to calculate
front-door estimates. In these cases, we omit the counties from the weighted average when calculating the front-door
estimates with xed effects. We note that due to their small size, these counties are unlikely to exert any signi cant
impact upon the estimates regardless.
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signi cant at the 99% level (based on 10,000 block bootstraps at the county level). ere is some

evidence of differences between the racial categories, but these differences change depending on

which differencing group is used. e green estimates are mostly indistinguishable from zero, in-

dicating that the placebo tests have mostly been passed. e slightly positive green effect for black

voters indicates either that there is bias and perhaps a difference-in-differences-in-differences ap-

proach should be used (the estimatewould remain positive), or that the 2012 EIP programgenuinely

has an effect for black 2008 election day voters. is is possible if some voters were able to vote on

election day in 2008, but not in 2012. e slightly negative green estimate for whites again indicates

either bias, or perhaps a negative effect of the 2012 EIP program for white 2008 election day voters.

Note that even if we believe this estimate, the weighted average of the orange and the green effects

for whites (i.e., the 2012 EIP effect for the 2008 EIP and election day voters together) produces a

slightly positive estimate, albeit this estimate is indistinguishable from zero. In sum, the evidence

points to a slightly positive turnout effect of the 2012 EIP program on the 2008 EIP users.

In order to make a more direct comparison to the results of Burden et al. (2014), which nds a

negative EIP effect for the 2008 election, we present front-door difference-in-differences estimates

for the 2008 EIP program in Figure 2. We present the estimates for 2006 EIP voters as the group

of interest, using 2006 absentee voters (orange) and 2006 election day voters (blue) as the differ-

encing groups. Unfortunately, we cannot present the estimates with the group of interest and the

differencing groups de ned in terms of 2004 behavior because the data from 2004 are not reliable

(as mentioned above). e placebo test is constructed as the difference in front-door estimates

between 2006 election day voters and 2006 absentee voters (green). As before, the EIP program

estimates are positive and signi cant at the 99% level. All placebo tests, with the exception of the

white estimate, are indistinguishable from zero, giving us con dence in the estimated EIP effects.

Even if the slightly negative placebo estimate for whites indicates a true negative effect of the 2008

EIP program, and not bias, the weighted average of the orange and the green effects (i.e., the 2008

EIP effect for the 2006 EIP and election day voters together), produces a slightly positive estimate,
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Figure 1: Front-door estimates for the turnout effect in 2012 for voters who voted early in 2008 (by race).
All estimates include county xed effects. 99% block bootstrapped con dence intervals are based on 10,000
replicates.
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albeit this estimate is indistinguishable from zero. erefore, as opposed to Burden et al. (2014), we

do not nd any evidence that the presence of an EIP program in Florida decreased turnout in 2008.

On the contrary, we nd evidence that early voting increased turnout for the subset of individuals

who voted early in 2006. Moreover, comparing the point estimates across races, we nd some ev-

idence that the program had a disproportionate bene t for African-Americans. It is also notable

that the size of the estimated EIP effect for 2008 is more than double the estimated EIP effect for

2012 when looking at EIP voters as the group of interest across all races. e difference in effects

and also the differences between races might be attributed to two factors. First, since our estimates
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for the 2008 EIP program are obtained using groups de ned by 2006 midterm election behavior,

we note that midterm election early voters are likely different than presidential election year voters.

Second, the nature of the early voting program changed between the 2008 and 2012 elections, as

described in Gronke and Stewart (2013). One of the most signi cant alterations to the program

was a near-halving of the early voting period from 14 days to 8 days. is change might possibly

reduce the effect of the EIP program in 2012 when compared to 2008.

Figure 2: Front-door estimates for the turnout effect in 2008 for voters who voted early in 2006 (by race).
All estimates include county xed effects. 99% block bootstrapped con dence intervals are based on 10,000
replicates.
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In order to isolate the consequences of the change in the early voting program from changes

in the construction of the group of interest and differencing groups, we re-estimate the effects of
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the 2012 EIP program using 2010 EIP voters as the group of interest, and using 2010 absentee (or-

ange) and election day voters (blue) as the differencing groups. Placebo tests are reported using

2010 election day voters as the group of interest and 2010 absentee voters as the differencing group

(green). ese results are presented in Figure 3, and they are quite similar to the results in Figure 2.

is provides some evidence that if we were able to obtain reliable data from the 2004 election, our

estimates for the 2008 EIP program using 2004 EIP voters as the group of interest, and using 2004

absentee (orange) and election day voters (blue) as the differencing groups, would likely have pro-

duced something similar to Figure 1. However, the estimates in Figure 2 are slightly larger than

estimates in Figure 3. is is consistent with the reduction in the early voting window for the 2012

election.

5 Conclusion

In this paper, we have developed front-door difference-in-differences estimators for nonrandom-

ized program evaluations with one-sided noncompliance and an exclusion restriction. ese esti-

mators allow for asymptotically unbiased estimation via front-door techniques, even when front-

door estimators have signi cant bias. Furthermore, this allows for program evaluation when all of

the relevant units have been assigned to treatment.

We illustrated this technique with an application to the effects of an early in-person (EIP) vot-

ing program on turnout in Florida in 2008 and 2012. We found that for two separate differencing

groups, the program had small but signi cant positive effects. is result provides some evidence to

counter previous results in the literature that early voting programs had either no effect or negative

effects. Hence it is likely that unmeasured confounders were present in those analyses. Addition-

ally, we nd some evidence that EIP effects were larger for blacks than for whites. However, this

evidence is more tenuous.

Finally, the results in this paper have implications for research design and analysis. First, the
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Figure 3: Front-door estimates for the turnout effect in 2012 for voters who voted early in 2010 (by race).
All estimates include county xed effects. 99% block bootstrapped con dence intervals are based on 10,000
replicates.
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Florida EIP example demonstrates the importance of collecting post-treatment variables that rep-

resent compliance with or uptake of the treatment. Second, the front-door difference-in-differences

analysis shows that variation in treatment may not be necessary if variation in compliance is mea-

sured. is should make a number of studies feasible that have heretofore been unexamined.
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A ATT Proofs

A.1 Large-Sample Bias
e bias in the front-door estimate of E[Y(a0)|a1] is the following:

Bfd
a1 = μfd0|a1 − μ0|a1
=

∑
x

∑
m

P(m|a0, x) · E[Y|a1,m, x] · P(x|a1)−
∑
x

∑
u

E[Y|a0, x, u] · P(u|x, a1) · P(x|a1)

=
∑
x

∑
m

P(m|a0, x)
∑
u

E[Y|a1,m, x, u] · P(u|a1,m, x) · P(x|a1)

−
∑
x

∑
u

∑
m

E[Y|a0,m, x, u] · P(m|a0, x, u) · P(u|x, a1) · P(x|a1)

=
∑
x

P(x|a1)
∑
m

∑
u

P(m|a0, x) · E[Y|a1,m, x, u] · P(u|a1,m, x)

−
∑
x

P(x|a1)
∑
m

∑
u

P(m|a0, x, u) · E[Y|a0,m, x, u] · P(u|a1, x)

Note that the bias will be zero when Y is mean independent of A conditional on U,M, and X (i.e.,
E[Y|a1,m, x, u] = E[Y|a0,m, x, u]) and U is independent of M conditional on X and a0 or a1 (i.e.,
P(m|a0, x) = P(m|a0, x, u) and P(m|a1, x) = P(m|a1, x, u)). Hence, again it is possible for the
front-door approach to provide an unbiased estimator when there is an unmeasured confounder.

A.2 Nonrandomized Program Evaluation with One-Sided Noncompliance
In the special case of nonrandomized program evaluations with one-sided noncompliance, the
front-door and the back-doorATTbias can bewritten as the following, utilizing the fact thatP(m0|a0) =
1 and P(m0|a1) = 0:

Bfdatt = μ1 − μfd0|a1 − (μ1 − μ0|a1)

= μ0|a1 − μfd0|a1
= −Bfda1
=

∑
x

P(x|a1)
∑
u

E[Y|u, a0,m0, x]P(u|a1, x)

−
∑
x

P(x|a1)
∑
u

E[Y|u, a1,m0, x]P(u|a1, x,m0)
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Adding and subtracting
∑

x P(x)
∑

u E[Y|a0,m0, u] · P(u|a1,m0):

=
∑
x

P(x|a1)
∑
u

E[Y|u, a0,m0, x] · [P(u|a1, x)− P(u|a1, x,m0)]

−
∑
x

P(x|a1)
∑
u
{E[Y|u, a1,m0, x]− E[Y|u, a0,m0, x]} · P(u|a1,m0, x)

Bbdatt = μ1 − μbd0|a1 − (μ1 − μ0|a1)

= μ0|a1 − μbd0|a1
= −Bbda1
=

∑
x

P(x|a1)
∑
u

E[Y|u, a0,m0, x] · [P(u|a1, x)− P(u|a0, x)]

A.3 Bias Simpli cation
We can expand η from (4) as:

η = −{E[Y|a1,m0, x, u]− E[Y|a0,m0, x, u]}
= −{E[Y|a1,m0, x, u]− E[Y|a0, x, u]} due to one-sided noncompliance
= −{E[Y|a1,m0, x, u]− E[Y(a0)|a0, x, u]} due to consistency
= −{E[Y|a1,m0, x, u]− E[Y(a0)|a1, x, u]} due to ignorability conditional on u and x
= −E[Y|a1,m0, x, u]
+ {E[Y(a0)|a1,m0, x, u]P(m0|a1, x, u) + E[Y(a0)|a1,m1, x, u]P(m1|a1, x, u)}

If Assumption 2 holds (i.e. E[Y|a1,m0, x, u] = E[Y(a0)|a1,m0, x, u]), then this simpli es further:

η = −E[Y|a1,m0, x, u]
+ E[Y(a0)|a1,m0, x, u]P(m0|a1, x, u) + E[Y(a0)|a1,m1, x, u]P(m1|a1, x, u)
= E[Y(a0)|a1,m0, x, u][P(m0|a1, x, u)− 1] + E[Y(a0)|a1,m1, x, u]P(m1|a1, x, u)
= −E[Y(a0)|a1,m0, x, u][P(m1|a1, x, u)] + E[Y(a0)|a1,m1, x, u]P(m1|a1, x, u)
= P(m1|a1, x, u)]{E[Y(a0)|a1,m1, x, u]− E[Y(a0)|a1,m0, x, u]}
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B Front-Door Difference-in-Differences Proofs

B.1 No Large-Sample Bias in the Front-door Difference-in-Differences Esti-
mator

First de ne τatt,x = E[Y(a1)|a1, x] − E[Y(a0)|a1, x]. It is well known that τatt =
∑

x τatt,xP(x|a1).
erefore in order to show that τfd−did

att has no bias, we need only show a lack of bias for τatt,x within
levels of x. If Assumptions 5 and 6 hold, then the front-door difference-in-differences estimator has
no large-sample bias:

τfd−did
att,x = τfdatt,x,g1 −

P(m1|a1, x, g1)
P(m1|a1, x, g2)

τfdatt,x,g2

= τatt,x + Bfd
att,x,g1 −

P(m1|a1, x, g1)
P(m1|a1, x, g2)

τfdatt,x,g2

= τatt,x + Bfd
att,x,g1 −

P(m1|a1, x, g1)
P(m1|a1, x, g2)

Bfd
att,x,g2 by Assumption 5

= τatt,x + Bfd
att,x,g1 − Bfd

att,x,g1 by Assumption 6
= τatt,x

B.2 Assumptions 1, 2, 4, and 7 Imply Assumption 6
Invoking Assumptions 1, 2, and 4, we can apply the simpli ed bias expression in (7) to write the
front-door bias within strata of x for both groups:

Bfd
att,x,g1 = P(m1|a1, x, g1){E[Y(a0)|a1,m1, x, u, g1]− E[Y|a1,m0, x, u, g1]}

Bfd
att,x,g2 = P(m1|a1, x, g2){E[Y(a0)|a1,m1, x, u, g2]− E[Y|a1,m0, x, u, g2]}

Assumption 2 allows Assumption 7 to be re-written as the following:

E[Y(a0)|a1,m1, x, g1]− E[Y(a0)|a1,m0, x, g1] = E[Y(a0)|a1,m1, x, g2]− E[Y(a0)|a1,m0, x, g2]
E[Y(a0)|a1,m1, x, g1]− E[Y|a1,m0, x, g1] = E[Y(a0)|a1,m1, x, g2]− E[Y|a1,m0, x, g2]

erefore using the re-written Assumption 7, we can show that the expression of front-door bias for
g2, when scaled, is identical to the front-door bias for g1:

P(m1|a1, x, g1)
P(m1|a1, x, g2)

Bfd
att,x,g2 =

P(m1|a1, x, g1)
P(m1|a1, x, g2)

P(m1|a1, x, g2){E[Y(a0)|a1,m1, x, u, g2]− E[Y|a1,m0, x, u, g2]}

= P(m1|a1, x, g1){E[Y(a0)|a1,m1, x, u, g2]− E[Y|a1,m0, x, u, g2]}
= P(m1|a1, x, g1){E[Y(a0)|a1,m1, x, u, g1]− E[Y|a1,m0, x, u, g1]}
= Bfd

att,x,g1
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C Data Speci cs
To construct our population of eligible voters, we examine individuals that have appeared in one of
four voter registration snapshots: book closing records from10/10/2006, 10/20/2008, and 10/18/2010,
as well as a 2012 election recap record from 1/4/2013. is yields a total population of 16,371,725
individuals that we are able to subset by race (Asian / Paci c Islander, Black (not Hispanic), His-
panic, White (Not Hispanic), and Other). Note that the Other category contains individuals who
self-identify as American Indian / Alaskan Native, Multiracial, or Other, as well as individuals for
whom race is unknown. In cases where race changes across the voter registration records, we use the
latest available self-reported race. Such changes affect only 1.1% of observations. e breakdown
of the the population by race is presented in the rightmost column of Table 1.

We use voter history les from 08/03/2013 to subset the population by voting mode in each
election. e voter history les required pre-processing before we could use them for estimation.
As mentioned in Gronke and Stewart (2013) and Stewart (2012), there is an issue of duplication
of voter identi cation numbers within the same election. In some cases, this duplication is rather
innocuous because the voting mode is identical across records. In these cases, we simply remove
duplicate records and include the voter in our analysis. In other cases, voters are recorded as both
having voted in a given election and not having voted (code “N”). In these cases, we assume that
the voter did indeed cast a ballot and use that code. Finally, there are a few instances in which a
voter is recorded to have voted in multiple ways. For example, a voter history le may indicate
that a voter voted both absentee and early at a given election. While Gronke and Stewart (2013)
indicates that voters may legitimately appear multiple times in the voter history le, this makes the
task of stratifying by voting mode difficult. As a result, we choose to exclude individuals who are
recorded to have voted using more than one mode. When analyzing the 2008 election subsetting
by 2006 voting modes, we exclude 385 individuals. e corresponding numbers for analysis of the
2012 election subsetting using 2008 and 2010 voting groups are 1951 and 2998, respectively. ese
gures are dwarfed by the sample sizes and thereby highly unlikely to exert any serious effect upon

our estimates.
We also made several choices regarding the de nition of voting modes. Speci cally, we classi-

ed anyone who voted absentee (code “A”) and whose absentee ballot was not counted (code “B”)
as having voted absentee. We classi ed anyone who voted early (code “E”) and anyone cast a pro-
visional ballot early (code “F”) as having voted early. Finally, we classify anyone who voted at the
polls (code “Y”) and cast a provisional ballot at the polls (code “Z”) as having voted on election day.
We do not use the code “P”, which indicates that an individual cast a provisional ballot that was not
counted since we cannot ascertain whether it was cast on election day, early, or as an absentee voter.

Another difficulty with the data is de ning the eligible electorate and thus individuals who did
not vote. While the voter history les have a code “N” for did not vote, most individuals who do not
vote are not present in the voter history les at all. For example, for the 2008 election there were no
“N” codes at all in the voter history les. erefore, we count an individual as not having voted in a
given election if they appeared in the voter registration les at one point but are either not present
in the voter history le for that election or are coded as “N”.
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Table 1: Voting modes as percent of population in 2006, 2008, and 2010 elections. Note that percentages
of individuals who did not vote, whose provisional ballots were not counted, or who are dropped due to
con icting voting modes are not shown.

2006 2008 2010
Election Election Election

Race Early Absentee Day Early Absentee Day Early Absentee Day Total
Asian 2.87 2.61 12.21 15.15 10.45 20.43 4.75 5.69 13.76 233664
Black 2.81 1.85 16.86 27.67 7.14 16.97 6.41 4.24 18.57 2159473
Hispanic 2.46 2.83 12.46 15.05 8.60 22.72 4.11 6.01 13.37 2049683
White 5.89 5.60 23.16 14.48 13.57 25.32 7.39 9.05 20.63 11179293
Other 2.60 2.43 11.97 13.67 8.12 19.31 3.87 4.19 12.26 749612

Table 2: Compliance as percent of voting groups in 2006-2008, 2008-2012, and 2010-2012 transitions. Note
that percentages of individuals who did not vote, whose provisional ballots were not counted, or who are
dropped due to con icting voting modes are not shown.

2006-2008 2008-2012 2010-2012
Election Election Election

Race Early Absentee Day Early Absentee Day Early Absentee Day
Asian 55.43 12.14 27.59 37.48 8.50 12.68 57.16 9.12 24.65
Black 71.53 18.66 53.70 49.12 12.35 19.48 67.91 15.05 43.65
Hispanic 56.70 8.98 29.50 33.18 6.81 11.02 53.03 7.31 21.63
White 53.87 9.19 22.98 40.54 7.69 12.33 56.69 7.11 20.41
Other/Unknown 55.42 10.43 28.10 37.15 7.33 11.06 57.43 8.28 24.50
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