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Abstract

Although natural experiments are increasingly prominent in the social sciences, they often have

more in common with traditional observational studies than with randomized experiments. We

illustrate our argument by examining the use of redistricting to estimate the personal vote. Strik-

ingly, even if voters were redistricted randomly, previous uses of redistricting would not identify

the causal effect of interest. We also find that the redistricting process is sufficiently nonrandom as

to require significant covariate adjustment to overcome confounding. To avoid these difficulties,

we propose a new design for estimating the personal vote and the partisan incumbency advantage

that relies on the implementation of multiple redistricting plans. Analyzing data from U.S. House

elections in California and Texas, we find that there is a large partisan incumbency advantage in

both states but that the effect of the personal vote is zero in Texas and small in California.
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1 Introduction

The number of political scientists who use natural experiments has increased considerably in

recent years (Dunning 2008). Such experiments have been used by scholars in a wide variety of

fields, including political participation (Brady and McNulty 2004; Huber and Arceneaux 2007;

Krasno and Green 2008; Lassen 2005), elections and electoral competitiveness (Carman, Mitchell,

and Johns 2008; Gordon and Huber 2007), political psychology (van der Brug 2001; Buetler and

Marechal 2007), ethnic politics (Abrajano, Nagler, and Alvarez 2005), comparative politics (Pos-

ner 2004; McCauley and Posner 2007), and bureaucracy (Whitford 2002).

Given the inherent difficulties of making causal inferences in the social sciences, it is unsur-

prising that natural experiments have become popular. Social scientists often wish to estimate the

causal effects of policies, institutions, and individual actions that they do not control. Experimen-

tal manipulations are rare. And in observational studies, the behavior of political actors plausibly

depends on unobserved factors.

Natural experiments offer a path to overcome these difficulties by possibly providing researchers

with an exogenous manipulation of a cause. The condition of exogeneity is crucial: a valid natural

experiment generates variation in a cause that is independent of all other competing factors that

may affect the outcome of interest. If this condition is not satisfied, the hoped for natural experi-

ment has less in common with an actual experiment than with an observational study. For example,

we might hypothesize that incumbent retirement can be used as a natural experiment to estimate

the incumbency advantage, but this approach will fail if incumbents who have reason to expect that

they will perform poorly in the following election are more likely to retire.1

Researchers generally recognize that exogeneity is a crucial condition for their natural experi-

ments to be valid and often spend substantial time justifying the exogeneity of the “naturally occur-

ring” variation they exploit. But less attention is usually given to another crucial feature of natural

experiments, namely, the extent to which the manipulation, even if exogenous, is the manipulation

1A more promising strategy is to use unforeseeable retirements (such as those caused by death), since these are
arguably independent of factors affecting expected electoral performance—see Cox and Katz (2002) for a discussion
of this strategy.
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needed to identify the causal effect of interest as opposed to some other causal effect. Although

this issue is critical in any research design, it is more pressing in a natural experiment where, by

construction, the manipulation is outside the control of the researcher and is therefore typically

only indirectly related to the effect of interest. Thus, although arbitrary events or interventions

may be appealing because they are a source of exogenous variation, they can force the researcher

to redefine the causal effect of interest, often without the researcher noticing or acknowledging that

this redefinition has taken place. To state it another way: even if one grants that the exogeneity

assumption holds, does the natural experiment identify the causal effect of interest?

In this paper, we reanalyze the use of redistricting as a natural experiment to identify the portion

of the incumbency advantage that stems from an incumbent’s personal appeal with her constituents,

a research design first proposed by Ansolabehere, Snyder, and Stewart (2000).2 Even frequent

critics of observational studies such as Green and Gerber (2008) have noted that this is a well

designed natural experiment. The design exploits the fact that after redistricting most incumbents

face districts that contain a combination of old and new territory, and hence face a combination of

old and new voters. The authors analyzed U.S. House elections from 1872 to 1990 and compared

an incumbent’s vote share in the new part of the district with her vote share in the old part of the

district, finding an average personal vote of about 4 percent.3

Desposato and Petrocik (2003) employ the Ansolabehere, Snyder, and Stewart design to es-

timate the personal vote in California using block-level data, and they obtain similar average es-

timates of the personal vote for members of Congress.4 Carson, Engstrom, and Roberts (2007)

also use the design to estimate the personal vote in late-nineteenth-century House elections (1872–

1900). They estimate the personal vote to be about 2.5% and find that nearly all of the incumbency

advantage during this time-period can be attributed to the personal vote.

2The authors sometimes refer to this electoral advantage as the “personal vote” and other times as the benefits of
“homestyle” or as “direct office holder benefits.”

3This figure corresponds to the 1972 � 1988 period. Consistent with previous literature, their estimate of the
personal vote is smaller for earlier periods.

4Desposato and Petrocik (2003) allow for heterogeneous treatment effects. They find that in the average neigh-
borhood (with 50% Democratic registration) Republican incumbents lost about 5% with new voters and Democratic
incumbents lost about 4%.
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The proposal by Ansolabehere, Snyder, and Stewart to use a natural experiment to identify the

personal vote adds to the broader literature on whether the incumbency status of legislators in the

United States affects their electoral outcomes, one of the most studied topics in electoral politics.5

Despite the vast amount of work, the literature faces formidable methodological challenges. Erik-

son (1971) was the first to recognize that traditional measures of incumbency advantage such as

sophomore surge and retirement slump could be severely biased. Gelman and King (1990) pro-

vided a formal analysis of these problems and developed an alternative estimator. Cox and Katz

(2002) showed that most extant estimators of the incumbency advantage assume that there is no

strategic exit of incumbents and no strategic entry of challengers. Zaller (1998) demonstrated that

high reelection rates for incumbents may be explained simply by survival bias.

The innovative design proposed by Ansolabehere, Snyder, and Stewart is an effort to surmount

some of these methodological difficulties. Unfortunately, although using redistricting as a natural

experiment to identify the personal incumbency advantage has some appealing properties, we show

that the design fails to recognize crucial difficulties in both the exogeneity of the intervention and

the appropriateness of its manipulation to identify the causal effect of interest, resulting in invalid

inferences. First, we show that redistricting is not an exogenous manipulation but (at most) a con-

ditionally exogenous one, that is, redistricting is exogenous only after conditioning on appropriate

covariates. The conditioning set implicit in prior work is theoretically implausible because it fails

to include crucial covariates, and it empirically fails a placebo test which our design passes. Sec-

ond, we demonstrate that even if the assumption of exogeneity is relaxed to conditional exogeneity

and a valid conditioning set is used, previous uses of redistricting do not identify a causal effect

because the wrong potential outcomes are used. This leads to the striking result that even if voters

were assumed to be redistricted at random, the design would result in biased estimates.

To overcome these difficulties, we propose a new method for estimating a portion of the in-

cumbency advantage using a natural experiment which relies upon the successive implementation

5Studies of the effects of incumbency for legislative offices include, among many others, Alford and Brady (1989),
Ansolabehere, Brady, and Fiorina (1988), Ansolabehere and Snyder (2002), Breaux (1990), Born (1979), Cox and
Katz (1996), Cox and Morgenstern (1993), Ferejohn (1977), Fiorina (1977), Jacobson (1987), Krashinsky and Milne
(1993), Krehbiel and Wright (1983), Mayhew (1974), Nelson (1979), Payne (1980), Rush (1993).
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of multiple redistricting plans. Our research design uses the correct potential outcomes and makes

a selection on observables assumption which passes a crucial placebo test which previous designs

fail. We estimate it with data from congressional elections in Texas, where two different redistrict-

ing plans were successively implemented in 2002 and 2004. When multiple redistricting plans are

not available, we propose a “second-best” design, which is similar in spirit to the original design

proposed by Ansolabehere, Snyder, and Stewart (2000). We estimate this second design using

data from congressional elections in California and Texas. In all cases, we estimate the effects

of incumbency using Genetic Matching (Diamond and Sekhon 2005; Sekhon In Press) to achieve

covariate balance.

Even after correcting the methodological problems in the original design, using redistricting

as an identification strategy for estimating the personal vote still leads to some conceptual ambi-

guities. For example, even when new voters do not have the same history with the incumbent as

old voters, they may nonetheless respond to the incumbency cue. Voters know who the incumbent

is, separate from anything that the incumbent does such as provide constituency service and pork,

take public positions, etc. As Mayhew (1974, 313) notes: “It is possible that incumbents have

been profiting not from any exertions of their own but from changes in voter attitudes. : : : Voters

dissatisfied with party cues could be reaching for any other cues that are available in deciding how

to vote. The incumbency cue is readily at hand.”

The rest of the paper is organized as follows. In the next section we discuss previous uses of

redistricting as a natural experiment, and propose our research design. We focus on the exogeneity

of the intervention in Subsection 2.1 and on the identification of the causal effect of interest in

Subsection 2.2. In Section 3 we discuss the substantive and theoretical implications of rethinking

the design. Section 4 describes the data used in our empirical application. We present the empirical

results in Section 5, and conclude in Section 6.
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2 Research Design

In this section, we examine in detail the conditions that must hold for the variation introduced

by congressional redistricting to identify (a portion of) the causal effect of incumbency. Redistrict-

ing induces variation in at least two dimensions: a time dimension, as voters vote both before and

after redistricting, and a cross-sectional dimension, as some voters are moved to a different district

while others stay in the district they originally belonged to. We are interested in learning about the

incumbency advantage by comparing the behavior of voters who are moved to a new district (new

voters) to the behavior of voters whose district remains unchanged across elections (old voters).

As first recognized by Ansolabehere, Snyder, and Stewart (2000), the attractiveness of re-

districting as a research design relies upon the fact that old voters and new voters face the same

electoral environment in the elections following redistricting. Indeed, the design was not originally

intended to capture the overall incumbency advantage, since important sources of this advantage

such as challenger quality and the incumbency cue are held constant in both parts of the district.

The comparison between old and new voters was therefore intended to isolate the fraction of the

overall incumbency advantage that stems solely from the incumbent’s homestyle, although, as we

will see in Section 3, such a clear “personal vote” interpretation may not be possible.

Interpretation issues aside, in this section we show that while using redistricting as an empirical

strategy to identify a portion of the incumbency advantage is promising, its correct implementation

requires a more careful consideration than previously thought. First, the redrawing of district

boundaries cannot be considered exogenous unless one conditions on crucial covariates that have

been ignored in previous designs. Second, even if redistricting were randomly assigned, previous

designs would yield biased estimates.

2.1 Redistricting as an exogenous intervention

We now show that redistricting does not satisfy the exogeneity condition that is necessary for

unbiased estimation of the incumbency advantage, because voters who are redistricted vote for
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their incumbent at lower rates even before redistricting occurs. Moreover, this bias remains even

after conditioning on presidential vote, the single covariate included in previous designs.

Figure 1 illustrates that the naive comparison of voters who are moved to a new district with

voters who remain in their old district is likely to find a spurious personal vote. This figure shows

the empirical Quantile-Quantile (QQ) plots of the baseline vote share received by the incumbent

U.S. House member in the election before redistricting, comparing units6 that were to be redis-

tricted to a different incumbent in the following election to units that were to remain with the same

incumbent after redistricting. For Texas, we use 2002 as the baseline year, and compare 2002

incumbent vote shares between units that will be moved in the 2004 redistricting and units that

will remain with their old incumbent after the 2004 redistricting.7 For California, the baseline year

is 2000, and we compare 2000 incumbent vote shares between units that will be moved in the

2002 redistricting and units that will remain with their old incumbent after the 2002 redistricting.8

Figure 1(a) shows the QQ plot for California, while Figure 1(b) shows the QQ plot for Texas. In

both states, the empirical quantiles of the baseline incumbent vote share for the units which are to

remain with the same incumbent after redistricting are everywhere larger than the empirical quan-

tiles of the units whose incumbent is to change after redistricting, indicating that those units to be

redistricted vote for their old incumbent at a systematically lower rate than units whose incumbent

will not change. In other words, there is a bias in the selection of units to be moved, with units with

a lower incumbent vote share in the election before redistricting being more likely to be moved to

a different incumbent when redistricting is implemented.

Moreover, this bias remains even after both types of voters are matched on their partisan at-

tachments as measured by presidential vote shares. Figures 1(c) and 1(d) show the same QQ plots

than figures 1(a) and 1(b), respectively, but this time the QQ plots are produced after units whose

6The unit of analysis is the Voting Tabulation District for Texas, and the 2000 census block for California. Details
are provided in Section 4.

7For Texas, using 2000 as the baseline instead of 2002 does not change the direction of the results, although
the differences become smaller. This is to be expected given the less partisan nature of the 2000 redistricting when
compared to the 2002 redistricting.

8Note that using 2000 as the baseline year for California is the only option, as this state, unlike Texas, implements
only one redistricting plan (in 2002) after the 2000 census.
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incumbent does not change are matched to units whose incumbent does change on their Demo-

cratic share of the two-party presidential vote, which is the measure of “normal vote” used by

Ansolabehere, Snyder, and Stewart (2000). As can be seen, restricting the comparison to units

whose normal vote is on average identical does not eliminate the bias. Even when new voters vote

for the Democratic presidential candidate at the same rate as old voters, they still vote for their old

incumbent at a lower rate. But note that the outcome examined is the incumbent vote share before

redistricting occurs, and so the effect is zero by construction.

If at least part of this tendency of new voters to vote for their incumbent at a lower rate persists

in the future, comparing old voters and new voters will be biased towards finding a positive per-

sonal vote even when there is none. The plots in Figure 1 suggest that if the bias is severe enough,

previous uses of redistricting could be estimating a positive personal vote even if the true effect

were zero. The evidence presented in Section 5.1 shows that the bias is indeed severe.

2.2 Redistricting as an identification assumption for the effect of interest

We now show that the challenges involved in using redistricting as a natural experiment are

not limited to issues of exogeneity. By analyzing the redistricting manipulation, we demonstrate

that even if voters were assumed to be redistricted randomly, the manner in which previous work

has used redistricting to identify the personal vote results in biased estimates because the wrong

counterfactuals (i.e., potential outcomes) are used.

We divide our argument in two parts. First, we show that although new voters are naturally

defined as the voters whose district changes between one election and another, there is an am-

biguity in the way in which old voters are defined, as these could be either the electorate of the

district to which new voters are moved (henceforth new neighbors), or the electorate of the district

to which new voters belonged before redistricting occurred (henceforth old neighbors). Second,

independently of how old voters are defined, we show that only under strong assumptions does

the difference in the behavior of old voters and new voters identify the effect of incumbency. We

propose different research designs to address these issues.
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We discuss both arguments by means of the following thought experiment, which we illustrate

in Figures 2(a) and 2(b). We imagine that just before election t a redistricting plan randomly

redraws the boundaries of an arbitrary district (referred to as district A), in such a way that some

voters that used to be in this district are randomly chosen and moved to a new district (referred to as

district B). From the point of view of district B’s incumbent, in the first election after redistricting

(referred to as election t ) voters that come from district A are new voters and voters that were

originally in B are old voters. In principle, it seems natural to compare how differently these two

groups vote for the incumbent and attribute the difference to a personal incumbency advantage,

since both types of voters face not only the same incumbent but also the same challenger, the same

campaign, etc.9

Moreover, the assumption of random redistricting seems to make this comparison even more

attractive. Since randomization (if successful) ensures exchangeability between treatment and con-

trol units, we may be tempted to claim that in this hypothetical case B’s old voters are guaranteed

to be valid counterfactuals for B’s new voters. But a crucial feature of this experiment prevents

this claim from being true: while this randomization guarantees that voters who stay in A (A’s old

voters) and voters who leave A (B’s new voters) are exchangeable, randomization says nothing

about the exchangeability of B’s new voters and B’s old voters. In the absence of redistricting,

B’s new voters would have been in a different district than B’s old voters and therefore nothing

ensures that B’s old voters are a good counterfactual for what would have happened to the new

voters in the absence of redistricting, precisely because in the absence of redistricting both groups

of voters would not have been in the same district at all.

In other words, the fact that B’s new voters are originally in a different district than B’s old

voters implies that both types of voters have different histories—that is, at election t�1, B’s old and

new voters may have faced incumbents who belonged to different parties, or candidates who were

of different qualities, or campaigns that were managed in different ways, etc. Since these factors

9Although this thought experiment places constraints on which precincts may move, the results are general. That
is, the conclusions are the same if we assume that every precinct in every district in the state has a positive probability
of moving to any other district. However, the notation and discussion become unwieldy.
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are likely to affect how new voters react to their new incumbent, one needs a design that balances

these covariates between treated and control groups. The crucial point is that the randomization

we are considering does not guarantee balance in the covariates related to the history of new voters

and new neighbors and hence, without further assumptions, it is not appropriate to estimate the

effects of incumbency.10

Formally, let Ti be equal to 1 if precinct i is moved from one district to another just before

election t and equal to 0 if precinct i is not moved to a different district before election t , and let

Di be equal to 1 if precinct i has new voters in its district at election t and equal to 0 if precinct

i has no new voters in its district at election t . Let Y0 .i; t/ be the outcome attained by precinct i

if Ti D 0 and Di D 0 (the precinct is not moved and does not have new neighbors, i.e., these are

voters who stay in A after redistricting), let Y1 .i; t/ be the outcome attained by precinct i if Ti D 0

and Di D 1 (the precinct is not moved and has new neighbors, i.e., these are voters who are in B

before and after redistricting), and let Y2 .i; t/ be the outcome attained by precinct i if Ti D 1 and

Di D 1 (the precinct is moved and has new neighbors, i.e., these are voters who are moved from

A to B).11 Of course, the fundamental problem of causal inference is that for every precinct we

observe only one of its three potential outcomes. This is, we only observe the realized outcome,

defined as

Y .i; t/ D Y0 .i; t/ � .1 � Ti/ � .1 � Di/ C Y1 .i; t/ � .1 � Ti/ � Di C Y2 .i; t/ � Ti � Di (1)

As is common with observational studies, we focus on the average treatment effect on the

treated (ATT). Given the set-up of our hypothetical experiment, the ATT can be defined in two

10Moreover, unless we assume that the distribution of voter level characteristics such as race and partisanship
between district A and B are the same at t �1, randomization does not ensure that these individual level characteristics
will be balanced between old and new voters.

11The potential outcome when Ti D 1 and Di D 0 is not defined because it is not possible to be moved from one
district to another and not to have new neighbors.
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different ways:

AT T0 � E ŒY2 .i; t/ � Y0 .i; t/ j Ti D 1; Di D 1� (2)

AT T1 � E ŒY2 .i; t/ � Y1 .i; t/ j Ti D 1; Di D 1� (3)

It can be shown that the following condition is sufficient for AT T0 to be identified:12

E ŒY0 .i; t/ j Ti D 1; Di D 1� D E ŒY0 .i; t/ j Ti D 0; Di D 0� (4)

Similarly, it can be shown that the following condition identifies AT T1:

E ŒY1 .i; t/ j Ti D 1; Di D 1� D E ŒY1 .i; t/ j Ti D 0; Di D 1� (5)

In words, Assumption (4) says that voters who stay in A and voters who are moved from A to

B would have attained the same average outcomes if they hadn’t been moved and if they had not

received new neighbors in their districts. Assumption (5), on the other hand, states that voters who

are originally in B and voters who are moved from A to B would have attained the same average

outcomes if A’s voters would not have been moved and B’s voters would not have received new

neighbors.

This makes clear that randomization does not imply that B’s old voters are a valid counterfac-

tual for B’s new voters: while randomization, if successful, ensures that Assumption (4) is satisfied

(and hence that the average treatment effect defined by Equation (2) is identified), randomization

does not imply Assumption (5). In other words, randomization ensures exchangeability between

the set of voters for which .1 � Ti/ � .1 � Di/ D 1 (i.e., voters who stay in A after redistricting)

and the set of voters for which Ti � Di D 1 (i.e., voters who are redistricted from A to B), but not

between the latter set of voters and the set of voters for which .1 � Ti/ � Di D 1 (i.e., voters who

are originally in B).

12For a formal treatment of these and related assumptions, see, for example, Heckman, Ichimura, and Todd (1998).
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Indeed, a close examination of Assumption (5) reveals that it is a rather peculiar requirement

since, as shown in Figure 2(a), in the absence of redistricting voters in A would have been in a

different district than voters in B . The assumption that they would have attained the same average

outcomes is a very strong one precisely because in the absence of redistricting these voters would

have been in completely different districts facing different incumbents and challengers.

Henceforth, we will refer to the design that uses new neighbors as counterfactuals as the

“second-best one-time redistricting design”.

2.2.1 Making the most of old and new neighbors

We have shown that under randomization the group guaranteed to be a valid counterfactual for the

new voters is not the new neighbors (i.e., the electorate in the new district to which new voters

are moved), but rather the old neighbors (i.e, the voters that are left behind in the new voters’

original district). However, the question arises of whether the one-time redistricting design that

uses old-neighbors as counterfactuals is appropriate to estimate the personal vote. On the one

hand, using old neighbors ensures that both new and old voters are from the same district and

hence from the same population at baseline. But this design also introduces important sources of

heterogeneity, since it compares voters who at election t � 1 are in the same district (and hence

face the same electoral environment) but who at election t are in different districts (and hence face

a different incumbent, a different challenger, a different campaign, etc.). In principle, one could

restrict the universe of the comparison to reduce this heterogeneity (for example, one could restrict

the old and new district to have the same incumbent’s party and the same challenger’s quality).

However, there is a crucial difficulty in adopting this approach, as in order to induce homogeneity

one would have to condition on characteristics of the environment after redistricting, and since

these characteristics are likely to have been affected by redistricting itself one runs the risk of

introducing post-treatment bias. We therefore conclude that the one-time redistricting design that

uses old-neighbors as counterfactuals is not appropriate to estimate the effect of incumbency status
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on electoral outcomes.13

We have yet to establish a design that is both valid and appropriate for estimating the personal

vote. In the next subsection we propose what we consider to be the first-best design to estimate the

incumbency advantage using redistricting. But before turning to this design, we consider additional

methodological issues that arise if one decides to implement the second-best one-time redistricting

design despite its difficulties.

Since Assumption (5) is not valid even with random assignment, we define a weaker version

of this assumption:

E ŒY1 .i; t/ j Ti D 1; Di D 1; X� D E ŒY1 .i; t/ j Ti D 0; Di D 1; X� ; (6)

where X is a vector of observable characteristics. Assumption (6) can be shown to identify AT T1

conditional on X and is considerably weaker than Assumption (5). Thus, if one were still interested

in using B’s original voters as counterfactuals despite the methodological difficulties, one could

attempt to find the subpopulation of B’s old voters who are most similar to the new voters on some

set X of observable characteristics and use these as counterfactuals, under the assumption that once

the joint distribution of X is equated among new voters and new neighbors, their average potential

outcomes would have been identical in the absence of redistricting. But note that Assumption 6

defines a selection on observables assumption which is not guaranteed to hold even under random

assignment!

To complicate things further, if Assumption 6 were true this approach may still not result in

unbiased estimates, because the distribution of X between B’s old and new voters is not guaranteed

to be equal even if conditional on X both groups of voters would have attained the same average

outcomes in the absence of redistricting.14 The reason is that the support of the distribution of

X among B’s new voters may be different from the support of the distribution of X among B’s

13Note, however, that this design could be used to estimate how voters react to a change in the race or ethnicity of
their incumbent, since in this case one wishes to consider the different electoral environments which incumbents of
different races or ethnicities bring about.

14See Heckman, Ichimura, Smith, and Todd (1998) for a formal proof that the lack of common support introduces
bias.
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old voters, a concern that becomes all the more relevant given that B’s old and new voters were

originally in different districts. In sum, the fact that new voters and new neighbors are never in the

same population at baseline may imply that both groups are different by construction, and hence

that unbiased estimates may not be achieved even if a strong identifying condition is assumed to

hold.

The second-best one-time redistricting design introduces a lack of common support by con-

struction on covariates that are related to the previous history in the district. For example, new

voters may have been moved from a Hispanic to a white incumbent, from a Democratic to a

Republican incumbent, from a female to a male incumbent, or from a moderate to an extreme in-

cumbent, while new neighbors by definition would face no such variation in the characteristics of

their incumbent (assuming the incumbent runs in both elections). Since different previous histories

will likely affect voters’ behavior differently, having balance on these history-related covariates is

crucial to identify the causal effect of interest. Hence, the second-best design must be modified so

that balance on these covariates is achieved.

2.2.2 Consecutive redistricting: the first-best design

We propose a different design. We consider a modification of the thought experiment introduced

above, and imagine that after some voters are randomly moved from district A to B (and after

election t takes place), another random redistricting plan is implemented right before election t C1

so that some voters who were in district A until after election t are randomly chosen and moved

to district B . At t C 1, there are three types of voters in district B: voters who always belonged

to B , voters who became part of district B just before election t (henceforth early new voters),

and voters who became part of district B just before election t C 1 (henceforth late new voters).

The design is illustrated in Figures 2(c) and 2(d). In this case, the most natural way to estimate the

causal effect of incumbency is to compare early new voters to late new voters, as not only do they

both face the same electoral environment at election t C 1, but they also have the same electoral

environment up to election t � 1, which implies that their histories are the same except for the fact
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that early new voters are moved to the new district one election earlier than late new voters. We

call this the “first-best two-time redistricting design”, as it is free from the complications that arise

in the two alternatives considered above.

To formally establish the parameter identified by the first-best two-time redistricting design,

let Wi;tC1 be equal to one if precinct i is moved from district A to district B at election t C 1,

and Wi;tC1 be equal to zero if precinct i is moved from A to B at election t and remains in B at

election t C 1. In other words, Wi;tC1 is a late new voter treatment indicator, where late new voter

is defined as voting in B for the first time at election t C1. Letting Y0 .i; t C 1/ denote the outcome

of i at election t C 1 if Wi;tC1 D 0 and Y1 .i; t C 1/ denote the outcome of i at election t C 1 if

Wi;tC1 D 1, we define the parameter of interest, AT T2, as

AT T2 � E ŒY1 .i; t C 1/ � Y0 .i; t C 1/ j Wi;tC1 D 1� (7)

which is identified under

E ŒY0 .i; t C 1/ j Wi;tC1 D 1� D E ŒY0 .i; t C 1/ j Wi;tC1 D 0� (8)

In words, AT T2 is identified if late new voters and early new voters would have attained the

same average outcomes if they both had been in the new district for exactly two elections. Below,

we will show that randomization under this design together with an assumption of stationarity

guarantees that Assumption (8) holds.

Since we assumed that both groups of voters are in the same district at election t � 1, and that

just before election t the set of voters for which Wi;tC1 D 0 is randomly chosen and moved to

district B , we have

E ŒY0 .i; t � 1/ j Wi;tC1 D 1� D E ŒY0 .i; t � 1/ j Wi;tC1 D 0� (9)

Assumption (9), implied by randomization, guarantees that both groups of voters have the

same pre-treatment average outcomes at t � 1. But Assumption (9) does not imply Assumption
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(8), hence we need to add an assumption to the first-best two-time redistricting design in order to

obtain exchangeability at election t C 1. We make the following additional assumption:

E ŒY0 .i; t C 1/ � Y0 .i; t � 1/ j Wi;tC1 D 1� D E ŒY0 .i; t C 1/ � Y0 .i; t � 1/ j Wi;tC1 D 0� (10)

Assumptions (9) and (10) together imply Assumption (8). If late new voters are randomly

chosen and early new voters and late new voters would have followed the same path between

election t � 1 and election t C 1 if they both had spent election t and election t C 1 in the new

district, AT T2 is identified. As before, since in practice district boundaries are not randomly

modified, in order to achieve identification of the parameters of interest in this design we must

make the assumption that, conditional on certain observable characteristics, late new voters are

exchangeable with early new voters. This is undoubtedly a strong assumption, but is plausible

considering that we use the same data which participants in the redistricting battles fed into their

computer programs to design their various redistricting plans.

The first-best two-time redistricting design proposed here allows us to implement a crucial

placebo experiment to test the validity of the identification strategy, because we observe precincts

which will be redistricted before they are redistricted. The placebo test examines precincts which

will be redistricted (or not) at election t C 1 but which are in the same district in elections t , t � 1,

t � 2, etc. Calling those to be redistricted in election t C 1 “treated” and those who will not be

redistricted in election t C 1 “controls”, we can arbitrarily denote t � 1 to be the baseline year, and

our placebo test is that in t there should be no significant difference between the outcomes of our

treated and control groups.

Note that in the placebo test treatments and controls are always in the same district. As such,

this test can be used to validate the first-best design but not the second-best design, because in the

former design treatment and control precincts are in the same district before redistricting, while

in the latter precincts are in the same district after redistricting but in a different district before

redistricting.
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Before presenting the estimated effects for California and Texas using the different designs

described above, we discuss the interpretation of the redistricting estimand.

3 Personal Vote, Cues, or Learning?

Ansolabehere, Snyder, and Stewart (2000) proposed to use redistricting as an identification

strategy for the personal vote, this is, for the electoral advantage that an incumbent acquires by

providing casework, bringing federal resources to the district, taking positions that match voters’

tastes, etc. The authors distinguished the personal incumbency advantage from the incumbency

advantage that stems from candidate quality and from incumbency as a cue, and claimed that

redistricting could only identify the personal vote but not the last two sources of incumbency

advantage because old and new voters face both the same candidates and the same cues. However,

a careful analysis reveals that this design may fail to capture some aspects of the personal vote

and, contrary to previous interpretations, may reveal a great deal about the importance of using

incumbency as a cue.

The comparison between new voters and old voters in a given district will only capture those

elements of the personal vote that stem from the personal relationship that the incumbent has es-

tablished with her constituents over the years, but will miss the electoral advantage that stems from

the resources associated with being an incumbent, since these resources can, at least in principle,

be targeted to both new and old voters. For example, the incumbent can exploit her “reputation”

not only among old voters but also among new voters. And the incumbent can deploy resources

such as franking privileges, campaign funds, etc., to both old voters and new voters alike. Hence,

by construction, this design cannot provide information about how the incumbent’s vote share is

affected by these kinds of activities.

It follows that if old voters and new voters were found to vote for the incumbent at the same

rate, this should not be interpreted as evidence that there is no personal incumbency advantage,

but rather as evidence that the incumbent’s history with her constituents does not translate into
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a significant electoral advantage. This relationship between history with the incumbent (or lack

thereof) and electoral performance could be explained in more than one way. We discuss some of

these alternative explanations here, without subscribing to any one in particular.

Some authors would say that the difference between early new voters (ENV) and late new vot-

ers (LNV) represents how accurately both types of voters identify the incumbent’s type or ability.

For example, in the context of Ashworth and Bueno de Mesquita’s (2008) model, we can think that

early new voters receive more informative (lower variance) signals about the incumbent’s ability

(and possibly the challenger’s) than late new voters, since they spend an extra period with the in-

cumbent. Having more informative signals, early new voters are more likely to correctly identify

the higher quality candidate who, under typical selection mechanisms (candidates who become

incumbents are in equilibrium of higher quality than candidates who do not), is the incumbent.

In this framework, observing no difference in the voting rates for the incumbent between ENV

and LNV can be attributed to the degree of information contained in the signals about candidates’

abilities being equivalent for both types of voters. Conversely, observing that ENV vote for the

incumbent at higher rates could be interpreted as their having more informative signals than LNV.

In section 5, we show that when the party of the incumbent remains the same before and after

redistricting, ENV and LNV vote for the incumbent at similar rates. But when the party of the in-

cumbent changes, ENV vote for the incumbent at higher rates than LNV. According to this model,

this difference could be explained by the degree of information contained in the signal: when the

movement involves no change in party, the signal observed by ENV and LNV has approximately

the same amount of information, because a large number of factors remain unchanged before and

after redistricting. When the movement involves a change in party, the extra period that ENV spend

with the incumbent results in a more informative signal at t+1 than what LNV are able to learn in

only one period, causing a significant difference in voting behavior since ENV are more likely to

identify the higher quality candidate, which is the incumbent.15

A different, political psychology approach would explain a difference between ENV and LNV

15Assuming that entry costs for challengers are not excessively large. See Ashworth and Bueno de Mesquita (2008).
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by appealing to voter learning rather than to revelation of information about candidates’ types.

Marcus and Mackuen (1993) argue that when voters experience a mismatch between what they

have come to expect from the environment and what the environment is, ongoing activity is inhib-

ited and attention is shifted towards the intrusive source, making voters less reliant on habit. In

other words, anxiety (caused by novelty or threat) stimulates voters’ attention and releases them

from habit and standing decisions.16 This view might interpret the change in incumbent that oc-

curs after redistricting as such a mismatch between expectations and the environment, prompting

voters to rely less on habitual voting cues, such as incumbency. This would predict that late new

voters would vote for the incumbent at a lower rate than early new voters: they may be relying less

on incumbency for their vote than voters who were moved a period before because they are try-

ing to turn to more candidate-specific information for judgment as opposed to merely incumbency

status. And if this information takes time to collect and/or reveals unfavorable features about the

incumbent, one would expect LNV to vote at a lower rate for their incumbent.

According to this interpretation, the difference that we see between same-party and different-

party movements after redistricting could be attributed to the intensity of the threat or anxiety

induced by a change in incumbent. When the incumbent changes but the party remains the same,

voters may not perceive the change as too threatening and may continue to base their voting de-

cisions on the same cues and rules that they used before redistricting. But when the party of the

incumbent also changes, voters may face a more radical mismatch between what they had come

to expect and the environment, and may decide to rely less on incumbency as a cue and engage

in a more elaborate learning process which may take some time and/or reveal information less

favorable to the incumbent. The crucial issue is that although old and new voters are exposed to

the same incumbency cue, they may differ in how much they rely on it for making their voting de-

cisions. The fact that the incumbency cue is held constant does not imply that old and new voters

will interpret or react to this cue in identical ways.

In this section we have offered two alternative substantive interpretations of what is being esti-

16See also Valentino, Hutchings, Banks, and Davis (2008) for a recent review of this view and experimental evidence
on the effects of anxiety on information seeking and learning.
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mated when redistricting is used as an identification strategy for the personal vote. One implication

of both alternatives is that finding a zero “personal vote” effect need not be any more surprising

than finding a positive effect as is common in the literature. For example, a zero effect does not im-

ply that incumbents lack an electoral advantage over challengers due to deploying more resources

or scaring off high-quality challengers. The design does allow one to measure the importance of

the incumbency cue and possibly how quickly voters learn the type or quality of the candidates in

their new districts both when the partisanship of incumbents is held constant and when it is not.

4 Empirical Application: California and Texas

We implement the first-best design in Texas and the second-best design in both Texas and

California. We analyze congressional elections between 1998 and 2006. Our choice of Texas is

motivated by the availability of data at the Voting Tabulation District (VTD) level, which allows us

to track the same geographical unit over time, and by the consecutive congressional redistricting

plans implemented in 2002 and 2004, which give us the unique opportunity of implementing the

first-best two-time redistricting design described in Section 2.2. Our choice of California is moti-

vated by the availability of data at the census block level, which, as in Texas, allows us to track the

same geographical unit over time, and by the fact that Desposato and Petrocik (2003) estimated

Ansolabehere, Snyder, and Stewart’s (2000) design in California during the 1990s.

Texas’ congressional districts were redrawn once after the reapportionment that followed the

2000 census, and again before the 2004 elections in a highly controversial mid-decade plan engi-

neered by former Republican House Majority Leader Tom DeLay (Bickerstaff 2007).17 We define

late new voters as voters who were in a given district in the 2000 and the 2002 elections and in a

different district in the 2004 election, and early new voters as voters who were in the same district

as late new voters in the 2000 election but in the 2002 and 2004 elections were in the district where

late new voters were moved to in 2004.
17See Appendix A for a detailed description of Texas and California redistricting plans.
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For Texas, data on electoral returns were collected from the Texas Legislative Council (TXLC)

at the VTD level. VTDs are census blocks grouped to approximate voting precincts as closely as

possible, providing a link between census data and electoral data.18 Since there is a one-to-one

mapping between VTDs and 2000 census blocks, we are able to track the electoral returns of the

same geographical unit over time. Election returns reported by the TXLC include congressional,

state house, state senate, U.S. Senate, and presidential elections. Data files also include total

and Hispanic voter registration, voter turnout, and candidate information including name, party

affiliation, race, ethnicity and incumbency status.

For California, data on electoral returns were collected from the Statewide Database (SWDB)

at the 2000 census block level.19 As in Texas, using 2000 census blocks as the unit of analysis

allows us to track the electoral returns of the same geographical unit over time. Electoral returns

include congressional, state house, state senate, U.S. senate, presidential, and other elections. The

data also include registration and turnout for different age groups and party affiliations. The roster

of congressional candidate and incumbents was obtained directly from the California Secretary

of State, and data on race and ethnicity were obtained from the Hispanic Americans in Congress

website, maintained by the Library of Congress, and the Congressional Research Service Report

for Congress 2008.

We added data on challengers’ quality to both the California and Texas datasets.20 We also

merged data from the 2000 census at the VTD-level for Texas and at the census block level for

California. For Texas, census data from Summary File 1 was easily obtained at the VTD level

by aggregating census blocks; for California, we merged block-level data directly since our unit

of analysis is the census block. Census data from Summary File 3 was converted to the VTD-

level for Texas and to the block-level for California.21 Variables include population by age, white,

18For details about how VTDs are constructed, data sources, and other issues regarding data construction, see Texas
Legislative Council (2000, 2001).

19Data for 1998 and 2000 were directly obtained at the block level, while data for 2002 through 2006 were ob-
tained at the precinct level and converted to 2000 census block level using conversion files provided by the Statewide
Database.

20Challenger quality data were kindly provided by Gary C. Jacobson.
21The assignment of Summary File 3 variables to blocks and VTDs is only approximate because the smallest

geographical unit for which Summary File 3 variables are reported is the block-group level.
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black and Hispanic population, and population by language spoken at home, employment status,

place of birth, and education level. Every VTD and block in each dataset was assigned to the

congressional district it belonged to in each general election between 1998 and 2006, according to

the redistricting plan that was effective at the time of each election in each state.

As mentioned in Section 2.2.1, the second-best one-time redistricting design must condition

on crucial covariates related to voters’ previous history in their old districts. For this reason, when

estimating the personal vote using this design, we restrict our analysis to movements between in-

cumbents of the same race, ethnicity, and gender. Our substantive results are unchanged if we don’t

restrict the analysis in this way. Our analysis also excludes incumbents whose original districts are

modified so radically that the share of old voters in the newly redrawn district is almost zero.

5 Results

5.1 Placebo Test

As discussed in our research design section, because redistricting involves the nonrandom as-

signment of blocks and VTDs to Congressional districts, a selection on observables assumption

must be made in order to make progress. Fortunately, a placebo test is available to check this

assumption for one of the states considered.

Our placebo test uses data from Texas, where the multiple redistricting plans allow us to imple-

ment our first-best design. The test examines VTDs which will be redistricted (or not) in 2004 but

which are in the same district in 1998, 2000 and 2002. We assume that those to be redistricted for

the 2004 election are treatment and those who will remain are control, and arbitrarily denote 2000

to be the baseline year. As explained in Section 2.2, our placebo test is that in 2002 there should

be no significant difference between our treated and control groups in vote intention.

Our dataset allows us to draw on a rich set of covariates based on electoral returns, registration

files, and census data. Table 1 provides the covariates we use to perform the matching for our

placebo test. Like past work, we use past presidential vote returns, but we also use data from
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statewide offices, registration figures, past turnout numbers, and the past vote for the Democratic

Party’s House candidate. Note that because both the treated and control units in this placebo test are

drawn from the same Congressional district (as they are in our first-best design), we by definition

match on the party of the incumbent, the historical quality of challengers, and other aspects of past

races at the local, statewide and national level as experienced by the VTDs we are matching.

The variables listed in Table 1 were chosen on a priori theoretical grounds because we believed

them to be theoretically important. This is the set of variables that we used in the first specifi-

cation of the placebo test, and no further modification of the set was necessary to pass the test.

For completeness, we then also matched on other variables drawn from the census (such as the

percentage of the voting eligible population which is Hispanic, black, white, native born, and who

speaks English), but these extra covariates were not necessary to reliably pass the placebo test.

We match on the covariates using Genetic Matching (GenMatch), a nonparametric matching

method which algorithmically maximizes the balance of observed covariates between treated and

control groups (Diamond and Sekhon 2005; Sekhon In Press). GenMatch is a generalization of

propensity score and Mahalanobis distance matching that uses a genetic algorithm to optimize the

balance of observed covariates given the data, and it does not depend on estimating a propensity

score. In this analysis, the data is restricted to ensure common support for each covariate.

The balance statistics in Table 1 show the excellent balance that Genetic Matching was able

to find post matching. The mean differences between treatment and control groups, the maximum

differences in the empirical QQ-plots, and the significance of the differences greatly shrank post

matching in every case. The smallest bootstrapped Kolmogorov-Smirnov (KS) p-value post match-

ing is 0.235 and the second smallest is 0.601 while all of the pre-matching p-values are significant

at 0.00.

The first row of Table 2 presents results for the 2002 incumbent vote proportions, and it shows

that the estimate for the matched data is statistically indistinguishable from zero and substantively

small (0.00245). This is not a case of the confidence interval simply being large: the point estimate

is tiny and the confidence interval tight.
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Genetic Matching estimates of vote proportions and confidence intervals from Hodges-Lehmann

Interval Estimation are presented in all tables.22 Our substantive results are unchanged if either

bivariate overdispersed GLM models are estimated on the matched data23 or if Abadie-Imbens

standard errors (Abadie and Imbens 2006) are used instead.

Figure 3 plots the QQ-plot for the incumbent vote in 2002 between treatment and control

groups. The figure visually presents the results in the first row of Table 2. It is clear that the result

for incumbent vote is zero, as it should be in this placebo test.

Presidential vote, which is the conditioning variable used by Ansolabehere, Snyder, and Stewart

(2000), is not sufficient to satisfy this placebo test. We present detailed results for using the 2000

presidential vote as the estimate of the normal vote, but we have also conducted placebo tests

using means and medians of a number of presidential elections. Figure 4(a) presents the balance

on Presidential vote in 2000 matching only on this variable. As can be seen, balance is excellent.

Figure 4(b) presents the QQ-plot for the estimand in question, House vote in 2002. Unlike the case

for the rich conditioning set, there is a significant treatment effect. Row (2) in Table 2 (Data 1)

shows the formal results for this additional placebo test.24

Notwithstanding the excellent balance displayed in Figure 4, it may be argued that balance is

not good enough on past Presidential vote. The QQ-plot for Presidential vote in Figure 4 corre-

sponds to a mean difference of only 0.00165, a maximum difference of 0.021 and a bootstrap KS

p-value of 0.958. However, if a tight caliper is used, even better balance can be obtained. Using

this caliper, balance on presidential vote improves to a mean difference of 0.000156, a maximum

difference of 0.000362 and bootstrapped KS p-value of 1. But as the Data 2 results in Table 2

show, even when balance of Presidential vote is improved this much, balance on the House vote

proportion in 2002 is still poor, as there is still a significant effect for incumbent vote in 2002

22Rosenbaum (2002) provides details, and Hill and Reiter (2006) provide a simulation study comparing the per-
formance of Hodges-Lehmann intervals relative to other methods of interval estimation for treatment effects using
matching.

23See McCullagh and Nelder (1989) for a general treatment of overdispersed models for binary data, and Mebane
and Sekhon (2004) for a discussion of overdispersion in aggregate election data.

24Conditioning on party registration, as done by Desposato and Petrocik (2003), instead of or in addition to the
presidential vote is not sufficient to pass the placebo test.
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(p=0.000). And the point estimate does not significantly change, even with the caliper.

5.2 Difference Between Old Voters and New Voters When Party Remains The Same

The results for Texas are displayed in Table 3. Rows (1) and (2) present results from the

second-best one-time redistricting design as originally proposed by Ansolabehere, Snyder, and

Stewart (2000) for the treatment effect of the incumbent changing, but the party remaining the

same. This is the design which fails the placebo test because it only conditions on past presidential

vote. Using this design, there is a 5.8% difference in the vote share of Texas old and new voters

in 2004 with a p-value of 0.000. This point estimate and the confidence interval of 4.7% to 7.0%

is similar to the average national estimate provided by Ansolabehere, Snyder, and Stewart (2000)

in the modern era. And it is somewhat larger than Desposato and Petrocik’s (2003) estimate from

California. These results show that, in Texas, the second-best one-time redistricting design that

conditions only on past presidential vote estimates a positive and highly significant effect of the

same magnitude as found in the existing literature. The results also show that this difference

remains significant in 2006, even though its magnitude is lower than in 2004.

Rows (5) and (6) in Table 3 present the Texas results from our first-best two-time redistricting

design when the party of the incumbent remains the same. The difference in the vote shares of late

new voters and early new voters is estimated to be statistically indistinguishable from zero for both

2004 and 2006. Note that our point estimates are also extremely small. For example, for 2004, the

estimated vote proportion is 0.00637 and for 2006 it is 0.00843.

The third and fourth rows in Table 3 present our estimates from the second-best one-time

redistricting design, but this time conditioning on the same covariates we used in our first-best

design, with the addition of variables which attempt to measure details of the House election at

baseline in 2000 and in 1998. In particular, we add Jacobson’s challenger quality measures in

2000 and in 1998. As we extensively discussed in the research design section, this design is not

as compelling as the previous one. Nonetheless, it allows us to use more data (434 observations to

estimate a single parameter).
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As is made clear in rows (3) and (4) of Table 3, when conditioning on a large set of covariates,

all of our estimates of the difference in the incumbent vote shares between new neighbors and new

voters in Texas are extremely small and all are substantively and statistically indistinguishable from

zero. The largest absolute value of the point estimate is 0.00472 (incumbent vote in ’06). This is

of course insignificant, but even if it were significant, it would not be a substantively meaningful

effect.

The results for same-party movements for California are displayed in Table 4. Since in this

state there is only one redistricting plan implemented during the 2000 decade, we cannot apply our

first-best two-time redistricting design nor is a placebo test available to validate the design. We can

only use the second-best one-time redistricting design in California.

Rows (4) through (6) in Table 4 show the same-party results for the second-best design that

conditions on a large set of covariates, as in in rows (3) and (4) of Table 3. Contrary to the results

for Texas, in California there is a statistically significant difference between old and new voters as

estimated by this design. But although this difference is significant, the results are about half the

size of those usually found in the literature. In 2002, the difference in the incumbent vote shares

between old and new voters is 2.2%, which is significantly smaller than the 4 to 5 percentage

average results found by Desposato and Petrocik (2003) in California in the 1990s. Consistent

with the Desposato and Petrocik results, row (1) in Table 4 shows that when we only condition on

presidential vote, we estimate a 4.1% (p=0.000) effect in 2002 between old and new voters when

the party does not change. This presidential-vote only result is also similar to the 4% nation-wide

estimates of Ansolabehere, Snyder, and Stewart (2000). Therefore, although we find a significant

2.2% effect in California, it is notably smaller than that found using the standard approach.

When conditioning on all key covariates, the results for 2004, the second election after redis-

tricting, are similar to the 2002 results in magnitude and significance. But in the 2006 election,

the initial electoral advantage enjoyed by the incumbent among old voters decreases. The effect

appears to switch sign, but this is not a robust result. As shown in row (6) of Table 4, the effect is

substantively small, just �0.72%, and the effect is not significant when alternative statistical tests
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are used. For example, the p-value of a simple difference-in-means t-test is 0.1698.

5.3 Difference Between Old Voters and New Voters When Party Changes

Rows (7) and (8) in Table 3 present the results for Texas from our preferred two-time redistrict-

ing design, but when the party of the incumbent changes. Here we find that there is a significant

and large difference in the incumbent vote shares of early and late new voters. Early new-voter

VTDs vote for the incumbent party at a much higher rate than late new-voter VTDs: 11.9%. But

by the time that late new-voter VTDs have been in the Congressional district for a term, this effect

drops to about 3.9%.

The California results for movements to an incumbent of the opposite party using the second-

best design that conditions on a large set of covariates are shown in rows (7) through (9) of Table

4. The incumbent vote share among old voters is larger than among new voters, and the difference

is large and statistically significant. In 2002, the difference in the incumbent vote shares between

old and new voters is about 10%. The figure for 2004 is very similar, although the effect decreases

to about 3% by 2006, two elections after redistricting. But these results must be interpreted with

caution. As mentioned above, the lack of multiple redistricting plans in California forces us to

consider only the second-best design, which becomes particularly problematic when considering

movements between incumbents of the opposite party. The reason is that when movement oc-

curs across parties, it is problematic to condition on incumbent vote shares at baseline. Since the

previous incumbent vote was for an incumbent of a different party, it is a poor idea to condition

on this variable because it probably would introduce bias. Voting for a Democratic incumbent is

not comparable to voting for a Republican incumbent. The two-time redistricting design does not

suffer from this issue.
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6 Conclusion

The use of so called natural experiments to estimate causal effects has recently become pop-

ular. Although natural experiments offer significant advantages, they do not possess key benefits

of actual experiments and hence require careful theoretical and statistical work to make valid in-

ferences. First, there exists the obvious problem that natural experiments do not have random

assignment with a known probability distribution, and selection on observables is a strong as-

sumption that is difficult to justify. As in the current example, rarely can natural experiments be

used without significant covariate adjustment.

A less often noted but crucial issue with natural experiments is that they may not identify the

causal effect of interest even if the manipulation they are based on is assumed to be exogenous.

When designing a controlled randomized experiment, researchers a priori design the study so that

randomization will ensure the identification of the causal effect of interest. But with natural ex-

periments, one must find a way to connect the manipulation done by someone else to the question

of interest. As we have seen, although it initially seemed that one-time redistricting allowed for a

straightforward estimation of the personal vote, the manipulation is far from providing the appro-

priate counterfactual.

Our analysis has also shown that a benefit of natural experiments that should not be underes-

timated is that there is a manipulation, and as such one can think through the process by which

the manipulation was assigned. For example, it is easier to determine what is post- and what

is pre-treatment than with the observational designs more commonly used, certainly easier than

with cross-sectional data that lacks any manipulation. And placebo tests may be available to help

determine if the selection on observables assumption is plausible.

Substantively, we find that when the party of the incumbent remains the same, in Texas old

voters vote for the incumbent at the same rate as new voters, even though using the design as

originally proposed by Ansolabehere, Snyder, and Stewart (2000) we estimate an effect of about

5.8%. Since this design uses the incorrect potential outcomes and fails a placebo test, our results

show that there is a methodological bias in existing published estimates of the personal vote (e.g.,
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Ansolabehere, Snyder, and Stewart 2000; Carson, Engstrom, and Roberts 2007; Desposato and

Petrocik 2003). In California, we estimate a small effect of 2.2%. It is unclear if the different

results in Texas and California are the consequence of actual differences between the states or

because the assumptions fail in California. Unlike in Texas, it is not possible to conduct a placebo

test in California so it is difficult to distinguish the explanations. If the differences are real, one

conjecture is that the Texas results are the consequence of one of the most partisan redistricting

plans in recent history, and that the California results are the consequence of one of the most pro-

incumbent protection redistricting plans of the 2000 cycle (Bickerstaff 2007). In either case, our

estimated effects when the incumbent party stays constant are much smaller than those previously

reported in the literature.

The incumbency cue appears to provide the necessary information for old and new voters to

vote in a similar fashion when the partisanship of the incumbent does not change. As discussed

in Section 3, our results do not imply that incumbents do not have an electoral advantage over

challengers. But they do imply that the incumbency cue is important. When the partisanship

of the incumbent does not change, the incumbency cue provides the information needed for new

voters and old voters to vote alike in Texas and only slightly differently in California. When the

partisanship of the incumbent changes, the incumbency cue is no longer sufficient. In this case,

new voters support their new incumbent substantially less than voters with more experience with

the incumbent. The effect is large in both Texas and California. In California, the effect when the

party of the incumbent changes is almost five times larger (10%) than when it does not (2.2%).

While in Texas, the effect is 12% when the party of the incumbent changes, and zero when it does

not.

Our zero (in Texas) or small (in California) estimates when the incumbent party is unchanged

are consistent with theoretical arguments that existing positive estimates of incumbency advantage

are plagued by selection problems (Cox and Katz 2002; Zaller 1998). And our finding of a large

effect when the party of the incumbent changes is consistent with the results of Lee (2008), who

finds a significant party incumbency advantage using a regression discontinuity design. The fact
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that two different quasi-experimental methods that make very different identification assumptions

find the same results increases our confidence. With observational data, where strong assumptions

must necessarily be made, such corroboration is essential.
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A Texas and California redistricting plans in the 2000s

Texas implemented six different congressional district plans between 1990 and 2006.25 After

the reapportionment that followed the 1990 census, the districts enabled by the old C001 plan

were redrawn. The 1992 elections were held under the new districts enacted by plan C657, which

remained in effect until the 1996 primaries. In August 1996, 13 of Texas’ 30 congressional districts

were redrawn. The new plan, C746, was used in the 1996 general election and it remained in effect

during the 1998 and 2000 elections.

In 2001, after the reapportionment following the 2000 census that created two new congres-

sional seats, the Texas Legislature was in charge of redrawing the senate, house, congressional,

and State Board of Education districts during the regular session of the 77th Legislature. But the

plans failed to be considered by the full Senate and the full House, and the legislature adjourned

without enacting new districts. A number of congressional proposals were submitted to state and

federal courts. Finally, on November 14, 2001, the U.S. District Court issued an order adopting

new congressional districts (Plan C1151) for the 2002 elections.

But plan C1151 was only in effect for the 2002 elections. In 2003, Republican majority leader

Tom Delay led an effort to enact a new congressional district plan, with the objective of maximizing

the number of Texas’ Republicans elected to Congress in the 2004 and subsequent elections. After

a legislative battle that included Democratic lawmakers massively fleeing to New Mexico and

Oklahoma to avoid quorum, the new plan (Plan C1374) was passed in October, 2003. The 2004

primaries and general election were held under this new plan. Congressional districts were redrawn

one more time in 2006.

In California, there was only one redistricting plan implemented in the 2000s. The districts

in effect during the 1990s were redrawn by the 2001 redistricting plan, which was enacted in two

separate bills in September 2001. Bill AB632 established Senate and Congressional districts, and

bill SB802 established Assembly and Board of Equalization districts.

25See the Texas Legislative Council’s Redistricting website http://www.tlc.state.tx.us/redist, Texas Leg-
islative Council (2000), and Texas Legislative Council (2001) for details about Texas’ redistricting plans during the
1990s and 2000s.
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Table 2: Placebo Tests for 2002 Incumbent Vote Share in Texas

Estimate 95% CI p.value

Matching on all key covariates

(1) Incumbent vote ’02 0:00245 �0:00488 0:00954 0:513

Matching on past presidential vote only

(2) Incumbent vote ’02 (Data 1) 0:0237 0:0178 0:0294 0:000

(3) Incumbent vote ’02 (Data 2) 0:0285 0:0160 0:0413 0:000

Genetic Matching estimates of vote proportions. There are 474 observations for matching on all key covariates, and
2666 and 412 observations for matching on past presidential vote only for Data 1 and Data 2, respectively.



Table 3: Results for Texas

Estimate 95% CI p.value

Same-Party, Second-Best One-Time Redistricting Design

Matching on Past Presidential Vote Only
(1) Incumbent vote ’04 0:0579 0:0470 0:0700 0:000

(2) Incumbent vote ’06 0:0104 0:00317 0:0176 0:005

Matching on All Key Covariates
(3) Incumbent vote ’04 0:00214 �0:00807 0:0124 0:690

(4) Incumbent vote ’06 0:00472 �0:00539 0:0149 0:378

Same-Party, First-Best Two-Time Redistricting Design

(5) Incumbent vote ’04 0:00637 �0:00428 0:0177 0:254

(6) Incumbent vote ’06 0:00843 �0:00938 0:0258 0:457

Different-Party, First-Best Two-Time Redistricting Design

(7) Incumbent vote ’04 0:119 0:0595 0:191 0:0000

(8) Incumbent vote ’06 0:0389 0:00973 0:0692 0:0106

Genetic Matching estimates of vote proportions. For the same-party second-best design, there are 412 observations
when matching only on presidential vote and 434 when matching on all key covariates. For the first-best design, there
are 166 observations in the same-party case and 70 observations in the different-party case.



Table 4: Results for California

Estimate 95% CI p.value

Same-Party, Second-Best One-Time Redistricting Design

Matching on Past Presidential Vote Only
(1) Incumbent vote ’02 0:0409 0:0405 0:0413 0:000

(2) Incumbent vote ’04 0:0090 0:0087 0:0093 0:000

(3) Incumbent vote ’06 0:0031 0:0028 0:0035 0:000

Matching on All Key Covariates
(4) Incumbent vote ’02 0:0219 0:0171 0:0266 0:000

(5) Incumbent vote ’04 0:0240 0:0195 0:0284 0:000

(6) Incumbent vote ’06 �0:0072 �0:0129 �0:0015 0:012

Different-Party, Second-Best One-Time Redistricting Design

(7) Incumbent vote ’02 0:1025 0:0925 0:1122 0:000

(8) Incumbent vote ’04 0:1020 0:0932 0:1109 0:000

(9) Incumbent vote ’06 0:0307 0:0186 0:0428 0:000

Genetic Matching estimates of vote proportions. There are 3526 observations for the same-party design and 1394
observations for the different-party design.



Figure 1: QQ Plots of Baseline Vote Share for Incumbent House Member
California and Texas

(a) CA 2000, unconditional
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Figure 2: Illustration of Research Designs
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Figure 3: QQ Plot for Placebo Test Conditioning on All Key Covariates
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Figure 4: QQ Plots for Placebo Test Conditioning Only On Presidential Vote
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(a) 2000 Presidential Vote (Baseline)
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(b) 2002 Vote for the Incumbent House Member (Placebo Test)


	Introduction
	Research Design
	Redistricting as an exogenous intervention
	Redistricting as an identification assumption for the effect of interest
	Making the most of old and new neighbors
	Consecutive redistricting: the first-best design


	Personal Vote, Cues, or Learning?
	Empirical Application: California and Texas
	Results
	Placebo Test
	Difference Between Old Voters and New Voters When Party Remains The Same
	Difference Between Old Voters and New Voters When Party Changes

	Conclusion
	Texas and California redistricting plans in the 2000s
	References
	Tables
	Figures

