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How does the partisan composition of an electorate impact the policies adopted by an elected representative? We
take advantage of variation in the partisan composition of Congressional districts stemming from Census-in-

Voters itiated redistricting in the 1990's, 2000's, and 2010's to examine how an increase in Democrat share within a

Policy convergence

district impacts the district representative's roll call voting. We find that an increase in Democrat share within a

district causes more leftist roll call voting. This increase occurs because a Democrat is more likely to hold the
seat, but also because - in contrast to existing empirical work — partisan composition has a direct effect on the
roll call voting of individual representatives. The finding holds for both Democrats and Republicans. It is also
true regardless of the nature of the redistricting (e.g., whether the redistricting was generated by a partisan or
non-partisan process). Our main results are robust to an alternative identification strategy that does not rely on
variation stemming from redistricting.

1. Introduction

What is the relationship between voters' preferences and the policies
supported and enacted by their representatives? Broadly speaking, vo-
ters influence policy on both an extensive margin and an intensive
margin. On the extensive margin: voters choose between candidates
through elections. If different candidates are expected to support dif-
ferent policies once elected, voters are essentially choosing which
policy bundle they prefer when they vote for a given candidate. On the
intensive margin, shifts in voter preferences may directly lead an al-
ready-elected representative to support different policies.

Theoretical models of electoral competition differ on which of these
margins matter. The Downsian model of electoral competition (Downs,
1957) and related models suggest that, in order to achieve and maintain
electoral support, politicians adopt policies that please the median
voter. Thus, shifts in preferences of voters may lead to shifts in pol-
icymaking by their representatives — an intensive margin response.
These models also, therefore, imply that who is elected (the extensive
margin) is of less consequence: all candidates propose policies close to
the median voter's ideal. Other models (e.g., “citizen-candidate”
models') assume that politicians adopt their personally preferred po-
licies if elected, so elections only serve to select the candidate whose
policy proposals are most preferred by voters. That is, under these
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models, only the extensive margin is operative.

In our paper, we take advantage of variation in the partisan com-
position of Congressional districts stemming from post-Census redis-
tricting in the 1990's, 2000's, and 2010's in order to empirically assess
the importance of these two margins. To do so, we construct a new
measure of “predicted Democrat share” within each district, which al-
lows us to observe the share of Democrats within every Congressional
district just before and after each wave of redistricting.

Using a difference-in-differences strategy (with continuous treat-
ment), we ask: “Does a larger share of Democrats within a district lead
to more leftist representation in Congress?” If so, does this happen only
because a Democrat is more likely to be elected (an extensive margin
response)? Or, does a leftward shift in representation occur even if the
incumbent party or candidate remains in office both before and after
the shift in the electorate (an intensive margin response)? The differ-
ence-in-differences strategy allows us to answer these questions while
stripping away the influence of (1) general time trends in ideological
positions in Congress and (2) unobservable differences between
Congressional districts and representatives (that are constant across
redistricting).

The extant empirical literature on this question has led to mixed
results. Several researchers have documented a relationship between
voters' preferences and the ideological position of their elected

! For Citizen-candidate models, see: Osborne and Slivinski (1996), Besley and Coate (1997). The idea that politicians simply enact their personally preferred policy is also consistent

with Alesina's (1988) model with limited concerns about future election outcomes.
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representatives in the legislature (e.g., Levitt, 1996; Gerber and Lewis,
2004), but disentangling whether such a relationship occurs through
the intensive or extensive margin is not the main goal of those papers.
Most relevant is the work of Lee et al. (2004) who also study the US
House of Representatives. They use a regression discontinuity strategy
to isolate quasi-random variation in the electoral strength of a party,
building on the notion that a narrow (quasi-randomly assigned) De-
mocrat victory in the previous contest generates strength for the De-
mocratic candidate in the next election due to the incumbency ad-
vantage. Ultimately, they find that increased electoral strength only
impacts the roll call voting behavior of a district's representative
through the extensive margin, with no intensive margin response. In-
deed, they conclude: “Voters merely elect policies,” and that once a
candidate has been elected: “the degree of electoral strength has no
effect on a legislator's voting behavior.” In work concurrent to ours,
Fedaseyeu et al. (2015) document that voters become significantly
more likely to vote for Republicans in areas where hydraulic fracturing
(or “fracking”) has driven fossil fuel extraction booms. This move to-
wards Republican representation then in turn leads to more con-
servative representation in the House. As in Lee et al. (2004), they find
that this result comes entirely through the extensive margin. Condi-
tional on being elected, representatives from areas with shale booms,
on average, vote no differently than do other members of their party.
However, other research using the same empirical approach as Lee et al.
(2004) has found conflicting evidence in the context of the US Senate
(Albouy, 2011). Moreover, recent research suggests that the assump-
tions necessary for a valid regression discontinuity design are not sa-
tisfied in US Congressional elections (Caughey and Sekhon, 201 1.2

Finally, in work that is in some ways more similar to our own, Mian
et al. (2010) provide evidence that representatives are responsive to
their constituent's financial interests when voting on a specific issue.
They show that, all else equal, representatives whose constituents ex-
perienced a sharp increase in mortgage defaults were more likely to
support the Foreclosure Prevention Act — especially in competitive
districts.

Given these mixed results, we contribute to this literature by pro-
viding new evidence from a different empirical approach. In our ana-
lysis, we find clear evidence that both margins matter. First, not sur-
prisingly, an increase in Democrats within a district leads to more leftist
representation overall. Part of this result stems from the extensive
margin: a positive shock to the number of Democrats in the district
increases the likelihood that a Democrat is elected, and Democrats are
more likely to hold a leftist ideological position in their roll call voting.
However, this simple extensive margin effect does not entirely explain
the shift to the left. We find that an increase in the number of
Democrats within a district leads to more leftist representation even
when controlling for party affiliation. Indeed, only about 63% of the
overall shift to the left in response to a higher share of Democrats ap-
pears to be driven by increased likelihood of electing a Democrat. This
is in contrast to Lee et al.'s (2004) result; in their paper, a change in
Democrats' electoral strength within a district led to a shift to the left in
roll call voting, but roughly 100% of this change was explained by in-
creased likelihood of electing a Democrat.

The main threat to identification in our analysis is the fact that
Congressional districts are not randomly drawn and therefore our
treatment is not randomly assigned. As in any difference-in-differences
approach, this fact only threatens the validity of our research design if
the factors that determine treatment are also related to the anticipated
trend of the outcome variable. We would therefore be concerned if
districts experiencing the largest changes in partisan composition were
markedly different in their pre-existing partisan composition or if the

2 Caughey and Sekhon (2011) find that narrowly elected Democrats are different in a
number of ways (other than just the fact that they won): incumbency status, financial
resources, political experience, and other observables.
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pattern of redistricting varied substantially by the circumstances sur-
rounding redistricting (e.g., party of incumbent, cause of redistricting,
partisanship of redistricting authority). We address these concerns in a
number of ways.

We begin by directly assessing the relationship between pre-existing
Democrat share and redistricting-prompted changes in Democrat share
— both in isolation and in relation to various types of redistricting
processes. In the aggregate, we find no meaningful difference in the
post redistricting change in Democratic share between districts with a
low baseline democrat share and those with a high baseline democrat
share.® Although this finding may seem surprising given frequent dis-
cussion of heavy manipulation of redistricting for political purposes,
recent research in fact suggests that the conventional wisdom on re-
districting is not borne out in data. During the period we study, there
has been a well-documented increase in partisan polarization in Con-
gress largely driven by a rightward shift in the voting patterns of
Congressional Republicans (McCarty et al., 2016). Redistricting is often
suggested as an explanation for this trend. McCarty et al. (2009) pro-
vide evidence to suggest that there is in fact very little relationship
between redistricting and an increase in polarization in Congress,
which would be expected if redistricting was used by state governments
to minimize the competitiveness of districts.” Further, and perhaps
more importantly for our analysis, the relationship between baseline
Democrat share and the redistricting outcome does not appear to vary
with the nature of the redistricting. To explore this issue, we split our
sample along several dimensions that proxy for the likelihood that re-
districting was associated with political motivations (e.g., non-partisan
vs. partisan processes); we find no evidence that this relationship varies
based on the likelihood that states were engaged in politically moti-
vated redistricting.

While the descriptive evidence suggests that selective redistricting
may not pose a threat to our analysis, in our empirical work we de-
monstrate that our results are robust to four different strategies for
addressing the issue. First, we include a rich set of time trends (inter-
acted at both the district and congress person level). Second, we re-
plicate our analysis on different subsamples of the data, focusing on
states whose redistricting processes were less likely to have been poli-
tically motivated. Third, we evaluate the impact of district composition
on a second demographic dimension, percent black. Utilizing the
Leadership Conference on Civil Right's (LCCR's) Congressional ratings
as our outcome variable, we demonstrate the presence of an intensive
margin effect of percent black on voting behavior relative to the LCCR's
agenda. This result is robust to controlling for Democrat vote share.
Fourth, we consider a completely different empirical strategy which
employs a shift-share instrumental variables approach and takes ad-
vantage of within-decade variation in predicted Democrat share that
arises due to broader demographic trends. Under this approach, we
again find that the composition of an electorate impacts roll call voting
behavior on the intensive margin.

Our finding of both an intensive margin and an extensive margin
effect contributes to a literature in political science exploring the im-
pacts of redistricting on legislators' behavior (Boatright, 2004; Crespin,
2010; Bertelli and Carson, 2011). These authors focus on re-
presentatives present before and after a single wave of redistricting and
study their response to a change in partisan composition (as measured
by presidential vote share in the most recent presidential election).
Ultimately, results from those papers are mixed: Boatright (2004) and
Crespin (2010) provide some evidence that representatives do change

3A 1%age point increase in baseline Democrat share is, on average, associated with a
0.034 percentage point decrease in Democrat share following redistricting.

4 Similarly, Friedman and Holden (2009) challenge the notion that redistricting is
aimed to provide incumbents an advantage; they provide causal evidence that the in-
cumbent reelection rate is lower after each wave of post-Census redistricting during the
time period we study, perhaps due to a tightening in the legal constraints (and enforce-
ment of constraints) on redistricting in recent decades.
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their voting behavior after redistricting; Bertelli and Carson (2011) do
not. While related, the focus of our paper is different. We are especially
motivated to quantify the relative impact of electorate shifts on the
extensive and intensive margins. In doing so, we provide a new measure
of partisan composition that is not tied to any particular candidate. We
measure the effects of several waves of redistricting, and demonstrate
the robustness of our analysis to potential non-randomness of redis-
tricting.

Our results also speak to a more general literature testing implica-
tions of models of electoral competition. One prediction of the
Downsian model has received substantial empirical scrutiny: policy
convergence. Under the Downsian model, rival candidates both aim to
please the median voter and therefore offer (and, if elected, enact)
identical policies; thus it ultimately does not matter who is elected.
Competing models predict policy divergence — that is, that different
parties adopt different policies if elected.” It is worth noting that the
“extensive margin” effect we discuss is only relevant if there is some
degree of policy divergence. A number of papers have empirically
tested whether there is more evidence of policy convergence or diver-
gence, often using a regression discontinuity design to randomly assign
which party wins the election. Results are very mixed; some papers
provide clear evidence of policy divergence, while others document
convergence.’

Despite the substantial amount of empirical work on policy con-
vergence/divergence, convergence is of course just one prediction of
the Downsian model. A more general prediction of the model (and
various extensions of the model) is that candidates move towards the
preferences of the median voter, or at least shift their policies in reac-
tion to a shift in the preferences of the median voter. This can occur
even if policies of competing candidates do not fully converge. That is,
we may observe “partial policy convergence” (Alesina, 1988). Testing
whether candidates move towards the median voter in their district in
general (even if we do not observe full policy convergence) is the main
goal of our paper; indeed, a model which predicts some response — but
not complete convergence — to the median voter best describes our
results. Put differently, while our results do not support all of the pre-
dictions of the Median Voter Theorem, they do support the importance
of the median voter's preferences.

2. Empirical approach

How does the partisan composition of her electorate impact an
elected official's policy decisions? To answer this question, we employ a
continuous-treatment difference-in-differences approach. The “treat-
ment” is variation in partisan composition of a Congressional district.
To measure this variation, we construct a novel measure of predicted
partisan composition, which we describe in the next section. Because
the context we focus on is the US House of Representatives, the policy
decisions of interest are roll call votes. As we discuss in more detail in
the next section, our main outcome variable is the first dimension of
Poole & Rosenthal's “DW-Nominate” score.” This measure collapses all

S For instance, if candidates are motivated to run to enact their personally preferred
policy (Osborne and Slivinski, 1996; Besley and Coate, 1997), policy platforms are not
credible commitments (Alesina, 1988), or voters rationally abstain from voting if they are
indifferent between candidates (Llavador, 2006), then we may expect divergence: can-
didates from different parties adopt different policies if elected.

© Lee et al. (2004), Albouy (2013), Beland (2015), and Hill and Jones (2017) all find
clear evidence of partisan differences in enacted policy and therefore policy divergence.
Other studies find little or no partisan difference in policy (e.g., Reed, 2006; Leigh, 2008;
Ferreira and Gyourko, 2009; Gerber and Hopkins, 2011).

7 There is a second dimension of the DW-Nominate score which historically has pri-
marily accounted for regional differences within parties, which we do not incorporate
into our analysis. McCarty et al. (2016) (the authors of which include the creators of the
DW-Nominate score) measure the “classification success” of the DW-Nominate score
which is the ratio of individual member votes they are able to predict (using their con-
structed score) to total votes taken by the member. They note: “The high rate of classi-
fication success also does not result from an important second dimension. An important
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of a representative's votes from a particular session of Congress into a
single measure capturing their ideological position along a continuum;
increasingly negative numbers indicate increasingly leftist voting, while
increasingly positive represent increasingly conservative voting. Thus,
our analysis makes use of a panel of representatives, with one ob-
servation per Congress.

Our source of variation in partisan composition (measured as share
of Democrats in a district) stems from redistricting in the early 1990's,
2000's, and 2010's. For each wave of redistricting, the “pre” period
consists of the two (two-year) Congresses before redistricting; the
“post” period consists of the two (two-year) Congresses after redis-
tricting. In practice, this means that we treat our data (described in
more detail in the next section) as three pooled panels, rather than a
single long panel. For instance, Alabama's 1st Congressional District is
coded as an entirely different district for each of the three waves of
redistricting. (For that reason, although we discuss the use of “district
fixed effects” in this section, in practice, our empirics use “District X
Redistricting wave fixed effects”. This allows a district that is named
“Alabama - 1st District” to be treated differently each decade. We ela-
borate on the reasons for this approach in the data section.

With this setup, we estimate variations on the following equation:

DWy; = a + B, DemShareg + ¥, + 64 + €ias

where “DW,y4,” is the first dimension of the DW-Nominate score for re-
presentative i in district d at time (or Congress) t. On the right hand
side, “DemShares” measures the partisan composition of district d at
time t and is of primary interest. We exploit variation in the partisan
composition of district d stemming from redistricting to identify the
impact of this variable. We also include time (Congress) fixed effects
and, at a minimum, congressional district fixed effects. Extensions of
the specification, discussed below, include individual representative
fixed effects.

Just as in a difference-in-differences approach with a binary treat-
ment variable, identification is based on changes in the treatment
variable before and after redistricting (in this case, “DemShare”). If
partisan composition is identical before and after redistricting (i.e., the
district was not redistricted), this will be captured by the district fixed
effect.

Having established the basic specification, we now consider the
hypotheses we test. Note that the simple specification described thus far
identifies the combined effects of the intensive and extensive margins
discussed in the introduction. That is, an increase in DemShare may be
expected to impact ideological positioning (DW) in two ways:

(1) Intensive margin effect: DemShare may have a direct effect on DW.
Under the Downsian model of electoral competition, politicians
respond to a leftist shift in the preferences of their electorate by
proposing and adopting more leftist policies.

(2) Extensive margin effect: An increase in DemShare increases the
likelihood that a Democrat is elected. If, conditional on being
elected, Democrats enact more leftist policies (or engage in more
leftist roll call voting), then the increased likelihood of Democratic
victory implies more leftist representation.

Given these two channels, we expect f; to be negative: an increase
in DemShare should lead to more leftist roll-call voting (reflected by a
more negative DW-Nominate score). The magnitude of the coefficient is
of interest as it provides a baseline measure of the overall impact of a

(footnote continued)

second dimension was present in both chambers at mid-century ... From the 1960s on-
ward, however, the second dimension has abruptly declined in importance. In the Clinton
and Bush II Congresses, it improves classification only by about 1% in the House and one-
half of one percent in the Senate. Clearly most roll call votes can now be viewed as splits
on a single dimension. This dimension corresponds to popular conceptions of liberals
versus conservatives.”



D.B. Jones, R. Walsh

shift in partisan composition. We will compare this to the magnitude of
coefficients in other specifications to disentangle the intensive and ex-
tensive margin effects.

We adopt several strategies to disentangle these different drivers.
First, we can of course simply include a dummy indicating the partisan
affiliation of district d's representative in Congress t. That is, we esti-
mate:

DW4 = o + ,DemSharey; + 3,DemRep,, + ¥ + 84 + €iar

where DemRepg;, is an indicator that a Democrat is elected in district d at
time t. In other specifications, we restrict our focus to districts where
the partisan affiliation of a district's representation in Congress is the
same before and after redistricting. In either case, the resulting estimate
of 8; captures the direct impact of DemShare on roll call voting sepa-
rated from the indirect effect that comes through an increased like-
lihood of a Democrat being elected.

Of course, there is a second potential extensive margin impact that is
not dealt with through either of the two approaches we just noted. In
particular, just as an increase in the share of Democrats increases the
likelihood of electing a Democrat, there may also be an increased
likelihood that the candidate put forth by a given party is relatively
leftist. That is, there may be a higher likelihood of electing a centrist
Republican in an otherwise mostly Republican district, or a higher
likelihood of electing a far-left Democrat in an otherwise mostly
Democratic district. This would make it appear as though higher
DemShare leads to more leftist voting even controlling for partisan af-
filiation (or restricting to districts where partisan affiliation of the re-
presentative remains constant across districts), and indeed it would, but
not necessarily because politicians are responding to their electorate.
Instead, this would represent a more nuanced extensive margin effect,
wherein voters choose a more leftist politician (conditional on party)
and this politician then proceeds to vote according to his or her own
preferences.

In our most robust specifications, we include individual re-
presentative fixed effects. In those specifications, identification im-
plicitly stems from treatment-induced changes in roll call voting of
representatives who were present both before and after redistricting.
Within-party ideological variation is captured by the representative
fixed effect, so this approach removes the influence of even the nuanced
within-party extensive margin effects from the estimate of ;. The re-
sulting f3; captures the intensive margin impact of DemShare on a given
representative's roll call voting separated from any effect driven by
electing a different type of candidate (different party or otherwise). This
specification is also, in some sense, the most conservative approach, as
individual candidate fixed effects absorb a large amount of the varia-
tion in ideological positioning.

What are the main threats to our empirical approach? The main
concern is that the partisan composition of Congressional districts is not
randomly determined. State governments are responsible for redrawing
Congressional districts within their state; the potential for states to
draw districts favorable to a particular party or incumbents has been
much discussed in academia and in popular media. Given our identi-
fication strategy, an important threat is that pre-existing trends in
ideological positioning of representatives cause large changes in par-
tisan composition, either to secure the seat for the incumbent whose
political capital has grown or to remove a party's growing stronghold on
a particular district. To address this concern, we: a) check for patterns
consistent with this form of non-random redistricting behavior in the
descriptive data; b) include specifications that directly control for this
potentiality through the inclusion of district- and member-specific time
trends. Under these specifications, the identification threat reduces to
the potential that redistricting is correlated with contemporary devia-
tions from trend that are not related district composition; c¢) split our
sample across multiple different dimensions along which one might
expect redistricting would be more or less strategic in nature (e.g.,
states with partisan vs. non-partisan redistricting or states redistricted
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by courts/commissions vs. those redistricted by legislatures/gover-
nors); d) demonstrate that similar findings hold when we analyze the
impact of share black on voting relative to the priorities of the LCCR's
legislative priorities — results that are robust to additional controls for
share Democrat; and, finally, (e¢) adopt an alternative identification
approach that does not rely on variation stemming from redistricting
and find very similar results.

In review, it is worth carefully considering the circumstances under
which non-random redistricting would threaten our main empirical
approach. We do not, strictly speaking, require that redistricting is
randomly assigned. Instead, under the member fixed effect model, we
require that the impact of redistricting on the partisan composition of a
member's district is orthogonal to extant (and anticipated) trends in
his/her voting. For instance, a potential threat would be a scenario
wherein only districts with members of Congress whose voting records
have been trending in a more liberal (or conservative) direction are the
districts that are chosen for redistricting.® Once trends are included in
the model, potential confounds require that the redistricting process is
systematically related to anticipated deviations from trend.

Thus, strategic redistricting, aimed - for instance — at ousting a re-
presentative from the opposing party does not, in itself, represent a
threat to our main specifications; our specifications with individual
member fixed effects rely on variation from members who are present
both before and after redistricting. As a result, even in the presence of
strategic redistricting as described here, our main conclusions are
drawn from members of Congress who were either: not targeted for
ouster, unsuccessfully targeted, or representatives of districts neigh-
boring the targeted member. It is not immediately clear how, across
these three different cases, strategic redistricting would be system-
atically related to changes in voting record other than through the
channel we aim to study (changes in partisan composition).
Nevertheless, even if strategic redistricting gives rise to such confounds,
we would expect them to be attenuated when re-districting is under-
taken by non-partisan actors (e.g. commissions and/or courts) — we find
no evidence of such an effect.

3. Data
3.1. Measure of congressional district partisan composition

Our identification hinges on changes in partisan composition of
Congressional districts stemming from redistricting; thus, we require
data on district composition (share of Democrats within a district) that
is (or can be) measured immediately before and after redistricting.
Thirty-one states track partisan affiliation of registered voters and make
aggregate statistics publicly available; however, these statistics are
usually reported at the county-level. In urban areas, Congressional
districts often make up a small subset of a county; elsewhere,
Congressional districts often cut across county borders. Thus, the offi-
cial voter registration statistics are not immediately usable, as they do
not capture the composition of a representative's electorate.

An alternative approach might be to use actual election results
immediately before and after redistricting. One could take vote share
received by a Democratic candidate as a measure of partisan compo-
sition within a district. Obviously, taking election results from US
House elections as our measure of partisan composition would be
problematic as it would introduce substantial endogeneity into our
estimation approach. Vote share received by a particular candidate is,
itself, an outcome driven by a variety of factors: personal characteristics
of the candidate (and the opposing candidate), incumbency status, etc.

Given the lack of immediately available data that suits our needs,

8 As we will discuss in more detail later, we explore the patterns of redistricting across
districts where voting records were trending in liberal or conservative directions and find
no clear evidence that the pattern of redistricting was any different in those districts.
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we construct our own measure capturing the predicted Democrat share
for each Congressional district before and after each wave of redis-
tricting in our sample period (1990's, 2000's, and 2010's). Broadly, we
use demographic characteristics of Congressional districts to predict
districts' partisan compositions. To do so, we draw on three sources of
data: (1) county-level voter registration statistics from the year 2010,
(2) Census data at the block group level for the years 1990, 2000, and
2010, and at the county level for 2010, and (3) Congressional district
geographic boundary data, which we use to map Census block-groups
into Congressional districts before and after redistricting.

The 2010 county-level registration statistics are drawn from Dave
Leip's US Election Atlas (Leip, 2013). From these data, we can calculate
actual Democrat shares at the county-level. We measure Democrat share
in these data as the number of voters registered as Democrats in a
district divided by the number of voters registered as Democrats or
Republicans. Thus, when we discuss Democrat share throughout the
paper, we are capturing Democrats' electoral strength relative to Re-
publicans (ignoring independents or third parties). We do so to more
closely map into the hypotheses we are testing (discussed in the pre-
vious section), which focus on competition between two parties. The
Congressional district boundary data is taken from Lewis et al.'s (2013)
compilation of Congressional district shapefiles for every Congress in
US history; they have made these files available online.’

Broadly, our construction of predicted Democrat shares requires
four steps. (We describe the construction of this variable very generally
in this paragraph; full details are in an appendix.) First, we use the 2010
county-level voter registration data and the 2010 county-level demo-
graphic data to estimate coefficients that we will eventually use to
predict Democrat share at other geographic levels. Second, we map
Census block groups into pre- and post-redistricting Congressional
districts. Third, we use those mappings to aggregate Census block group
demographic data up to pre- and post-redistricting Congressional dis-
trict-level demographics for each wave of redistricting. Finally, we use
the coefficients from the estimation in the first step to construct pre-
dicted Democrat share at the Congressional district level, for every
Congressional district immediately before and after every wave of re-
districting. This leaves us with the “DemShare” variable that is used in
the empirical approach described in the previous section. We sum-
marize the distribution of the resulting measure in Fig. 1, using a kernel
density estimate plot.

Although we discuss the full details of the construction of Democrat
share in the appendix, two details are worth emphasizing: (1) Census
data and block group boundaries are held constant within each redis-
tricting wave and (2) we do not rely on actual district names in em-
ploying district fixed effects; instead, we account for the fact that a
given post-redistricting district may be essentially the same as some
pre-redistricting district, but may have a different name. We elaborate
on both of these points below (with additional detail in the appendix).

First, when we map block group data into Congressional districts
before and after redistricting, we hold the source of the Census data
constant. Consider, for instance, the 1990's wave of redistricting. The
first elections impacted by redistricting were in November 1992. Thus,
the 1989/1990 and 1991/1992 Congresses are considered “pre-1990's
redistricting”, while the 1993/1994 and 1995/1996 Congresses are
considered “post-1990s redistricting” in our analysis. We use 1990
Census data to construct demographics and Democrat share for both the
pre-1990's redistricting districts and post-1990's redistricting districts.
This means that the shift in partisan composition of districts that we
measure in our data stems only from redistricting and not from sorting
in or out of Congressional districts. If we had used intercensal demo-
graphic estimates for the post-1990's redistricting demographics, we
would be capturing a joint effect of redistricting and within-decade
demographic shifts in the district. These latter shifts may be an

© http://cdmaps.polisci.ucla.edu/
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Kernel density estimate
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Predicted Democrat share
kernel = epanechnikov, bandwidth = 0.0254

Fig. 1. Kernel density estimate of predicted Democrat share.

endogenous response to redistricting, so we view the fact that we isolate
variation stemming only from redistricting as an advantage of our data.

This fact, it should be noted, is the reason that we treat our data as
three pooled panels (with four periods each), rather than one long panel
(with twelve periods). If we treated the data as one long panel, we
would implicitly be comparing the 1st Alabama District after redis-
tricting in the 1990's to the same district in the early 2000s, before
2000's redistricting. Indeed, this district has the same boundaries
throughout this period, but — despite this — we would observe variation
in the district's demographics because we shift from using 1990 Census
data in the first case to 2000 Census data in the second case. This
therefore would capture variation stemming only from sorting in or out
of the district, which is obviously counter to our goal of observing the
impact of changes in partisan composition resulting only from redis-
tricting. For that reason, we silo each of the three redistricting waves
and make only within-wave comparisons.

Table 1 summarizes the construction of our data with regards to
usage of Census data and district mapping. As noted, our data is es-
sentially set up as three pooled panels; each “redistricting wave” is a
separate panel with a separate pre- and post-redistricting period. Each
pre- and post- period consists of two Congresses. (This means we ulti-
mately omit data from Congresses exactly half way in between two
redistricting waves: e.g., the 105th.) The table illustrates the point we
just made: within each redistricting wave, the Census data used is held
constant (see the second to last column). The observed demographics of
a given Congressional district change within a redistricting wave only
because of redistricting, which is reflected by the fact that we use a
different mapping of blocks to districts in the pre- and post- phases of
each redistricting wave (see the final column).

The second detail worth noting is that we do not rely on the name of
a Congressional district to match a district just before redistricting to
the same district just after redistricting. In many cases, especially when
seats are gained or lost, a district that is called “District 1” before re-
districting may overlap very little with the district called “District 1”
afterwards; conversely, a district that most overlaps with “District 1”
after redistricting could very well be assigned an entirely different
district number. Thus, in implementing district fixed effects, we con-
struct our own district naming based on our own matching of pre- and
post-redistricting districts.

We match pre- and post- districts using our block-group level po-
pulation data. Given our mapping of block-groups to districts, we can
identify the districts that block-groups were assigned to under every
drawing of districts and can therefore calculate the population-based
overlap in two districts before and after redistricting. For instance, if
District 7 is dissolved and split between Districts 5 and 6, we can
identify what fraction of the population that was in District 7 (based on
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Table 1
Summarizing set up of data, timing of redistricting, and source of Census and mapping
data.

Years Congress  Redistricting Pre/Post Census data  District
wave Redistricting mapping
1989-1990 101 1990's Pre 1990 102nd
1991-1992 102 1990's Pre 1990 102nd
1993-1994 103 1990's Post 1990 103rd
1995-1996 104 1990's Post 1990 103rd
1999-2000 106 2000's Pre 2000 107th
2001-2002 107 2000's Pre 2000 107th
2003-2004 108 2000's Post 2000 108th
2005-2006 109 2000's Post 2000 108th
2009-2010 111 2010's Pre 2010 112th
2011-2012 112 2010's Pre 2010 112th
2013-2014 113 2010's Post 2010 113th

the nearest Decennial Census) is now in each of the two new districts
(based on the same Decennial Census). We then say that some pre-re-
districting district “Xr.” and some post-redistricting district “Yp.~ are
matched if: (1) of all the post-redistricting districts that have any po-
pulation overlap with District X, District Yo has the most overlap,
and (2) of all the pre-redistricting districts that have any population
overlap with District Yyos, District Xpre has the most overlap. If two
districts satisfy these conditions, we rename them in our data accord-
ingly: that is, we would code both “Xpr.” and “Ypos:” @s “Xmateh” in our
data, and use the matched name (X,accn) When we employ district fixed
effects.

3.2. Measure of ideological position of congressional representatives

The main outcome variable used throughout our paper is the first
dimension of the “DW-Nominate” score (Poole and Rosenthal, 2007).
Specifically, because we are interested (in some analyses) in how an
individual Congressperson's ideological position changes from one
Congress to the next, we use the period-specific version of the score as
introduced in Nokken and Poole (2004).'°

The first dimension of the DW-Nominate score locates a politician
along a left-right continuum based on their roll call voting patterns in a
particular Congress. Increasingly positive DW-Nominate scores indicate
a politician whose roll call voting is generally farther to the right, while
increasingly negative scores indicate a politician who is farther left.
Thus, in our sample, Republicans tend to have positive scores and
Democrats tend to have negative scores. This is documented in the top
panel of Table 2, which summarizes the DW-Nominate scores in our
sample. The top row summarizes the scores in the full sample, while the
two following rows split the sample by Democrats and Republicans.

In additional analyses, we test how a shift in racial composition of a
district impacts voting on issues specifically related to race and civil
rights. To do so, we draw on the scores given to members of Congress by
the Leadership Conference on Civil Rights (LCCR). They choose a small
number of bills from each Congress that are important to race and civil
rights and rate members of Congress based on the number of times they
vote in line with LCCR's positions. LCCR scores have been used widely
in the political science literature as a measure of the quality of black
representation in Congress (e.g., Avery and Fine, 2012; Grose, 2005;
Whitby and Krause, 2001). We use a version of these scores that have
been adjusted by Groseclose et al. (1999) to allow for intertemporal
comparisons.'' The adjusted scores are only available through the

10 The standard DW-Nominate score varies over time, but is forced to evolve linearly.
Essentially, each Congressperson is assigned a DW-Nominate score at the beginning and
end of his or her career; for periods in between the beginning and end, the score is as-
signed through linear interpolation. This is not true of the Nokken and Poole (2004)
version.

11 Groseclose et al. (1999) find that interest group ratings do not keep a constant scale

30

Journal of Public Economics 158 (2018) 25-47

Table 2
Summary statistics: Outcome variables.

Mean Std. Min. Max. Obs.
dev.
DW-Nominate Score (1st dimension)
Full Sample 0.08 0.48 -0.79 1 4228
Republicans 0.55 0.21 —-0.07 1 2028
Democrats —-0.35 0.15 -0.79 0.282 2200

LCCR Score (Groseclose-Levitt-Snyder adjusted for intertemporal comparison)

Full Sample 44.95 41.17 —24.31 102.14 2994
Republicans 5.53 16.81 —24.31 96.00 1396
Democrats 79.39 19.61 —1.08 102.14 1598

110th Congress; as a result, our analyses taking LCCR scores are re-
stricted to the 1990s and 2000s redistricting waves. The LCCR scores
(overall and split by party) are summarized in the bottom panel of
Table 2.

4. Documenting the impact of redistricting on predicted democrat
share

Before proceeding to our main results, we first graphically docu-
ment the impact of redistricting on changes in partisan composition. To
do so, in Fig. 2 we plot a two-dimensional kernel density estimate. Each
observation in the data is a single Congressional district during a par-
ticular wave of redistricting (matched across redistricting as described
in the data section). For each district-by-redistricting wave pair, we
observe the predicted Democrat share prior to redistricting and the
change in Democrat share resulting from redistricting. In Fig. 2, pre-
redistricting Democrat share is on the x-axis, while change in Democrat
share as a result of redistricting is on the y-axis. Thus, if no districts
changed as a result of redistricting, all points would fall along the line
y = 0; positive (negative) values on the y-axis indicate gains (lossed) in
the predicted share of Democrats within a district.

Our goal in reporting this figure is twofold: First, our construction of
“predicted Democrat share” is novel, so we generate this plot to further
summarize the data. Moreover, most immediately available measures of
partisan composition of districts do not allow for such a clear picture of
the relationship between pre-existing partisan composition and redis-
tricting-prompted changes in composition (while holding demographic
data constant), so the figure is of interest in its own right to illustrate
the impacts of redistricting. Second, we are interested in assessing
whether “heavily treated” districts are clearly different than “less
treated” districts along observable dimensions in ways that may
threaten the validity of the research design.

Fig. 2 reveals that beyond a very small regression to the mean (a 1
percentage point increase in baseline Democrat share is, on average,
associated with a 0.034 percentage point decrease in Democrat share
following redistricting), there is no clear relationship between pre-ex-
isting Democrat share and the conditional distribution of change in
Democrat share. Importantly, while most districts change very little,
there is still substantial variation across the entire support pre-existing

(footnote continued)

from year to year. This is driven by the fact that interest groups select a small number of
votes that represent their interests each Congress and the “rating” is simply the fraction of
bills that a member's vote coincides with the group's position. If, for instance, the bills
selected by the group in one Congress are generally more agreeable to all members than
the bills selected in a previous Congress, voting with the group's position 75% is a weaker
indication of support for the group's positions than voting with 75% of bills in the hy-
pothetical previous Congress. To solve this, they assume that interest group scores can be
converted to the scale of a different time period by making a linear transformation which
both shifts the mean score and stretches the range of scores if necessary. They choose a
base year, and convert all scores into an adjusted score measured in terms of the base
year. They provide several tests to suggest their adjustment methods yield valid inter-
temporal comparisons.



D.B. Jones, R. Walsh

All data

Change in Dem. share

Pre-redist. Dem. share

Fig. 2. Two-dimensional kernel density estimate of Pre-redistricting democrat share and
redistricting prompted Change in Democrat share pairings.

Table 3
The impact of predicted Democrat share on electoral outcomes.

@ (2)
VARIABLES Pr(Democrat holds seat) Democrat vote share
Pred. Dem. Share 1.447+ 0.807+*

(0.328) (0.136)
Dist. *RD Wave FE's X X
Congress FE's X X
Observations 4228 3781
R-squared 0.852 0.778

Robust standard errors in parentheses. ***p < 0.01; **p < 0.05; *p < 0.1.

Democrat share.

Still, the basic concern is that there is some fact that explains why
some areas gain (or lose) Democrats, while others do not, and that this
fact also explains changes in roll-call voting behavior. To probe this
possibility, in Appendix 2, we provide a series of plots and regression
coefficients associated with splitting our sample along a variety of di-
mensions that may be associated with the level/type of selection in-
volved in the redistricting process. If non-randomness in redistricting is
driving the redistricting process, one might reasonably expect the form
that redistricting takes to vary across these different subsamples. We
split the sample by:

(1) states that must redistrict because they gained/lost seats vs. those
that did not gain/lose seats,

(2) states where the redistricting authority (e.g., state legislature) is
dominated by Democrats vs. dominated by Republicans,

(3) districts with Republican incumbents vs. Democrat incumbents,

(4) districts where DW-Nominate scores of elected representatives has
trended left in the preceding decade vs. trended right,

(5) redistricting that occurred in the 1990s vs. 2000s vs. 2010s, and.

(6) redistricting by executive and legislative branches vs. courts vs.
redistricting commissions.

We find no evidence of meaningful differences in the redistricting
process across any of these comparisons.'?

12 As noted in the appendix, within each sample splitting category, we conduct
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5. Results

Our primary goal is to assess whether a shift in partisan composition
impacts the ideological position of a district's representative. More
importantly, we aim to understand why this might happen: Does an
increase in the number of Democrats in a district lead to more leftist
representation only because a leftist is more likely to be elected, or is
there a direct effect of partisan composition on representatives' behavior
(as predicted by the Downsian model)?

5.1. Does “predicted democrat share” predict success for democratic
candidates?

Prior to addressing these questions, it is important to first confirm
that our predicted Democrat share measure — and the redistricting-
driven variation in this measure — meaningfully captures an increase in
electoral strength for Democratic candidates. To do so, we estimate the
basic specification described in Section 2 (a continuous difference-in-
differences model with district-by-redistricting wave fixed effects), but
instead of taking “DW-Nominate” as the outcome variable we take two
measures of Democratic electoral success.

Results are reported in Table 3. Column 1 reports the result of a
linear probability model taking as the outcome a dummy variable equal
to one if a Democrat represents the district. In Column 2, we take the
vote share received by the Democratic candidate in the election for the
relevant Congress as the outcome (noting that we observe electoral vote
shares for only a subset of our observations). In either case, our con-
structed “predicted Democrat share” measure is clearly related to an
increase in Democrat electoral strength. Keep in mind that within the
set of observations for a given district (within a particular redistricting
wave), variation in predicted Democrat share stems only from redis-
tricting. Thus, the interpretation of the coefficient in Column 1 is: if the
predicted share of Democrats within a district is increased by 10 per-
centage points as a result of redistricting, then the likelihood of a De-
mocrat winning increases by 14 percentage points. Similarly, a 10
percentage point increase in predicted Democrat share within a district
leads to an additional 8 percentage points in vote share (Column 2).

As further evidence, Fig. 3 presents a binned scatterplot, relating
predicted Democrat share (x-axis) to frequency of Democratic re-
presentation within bins of the x-axis variable (y-axis). Here we see
that, as we would expect, there is nonlinear relationship between the
probability that a Democrat represents a district and the predicted
Democrat share within that district. When districts are competitive
(close to 50% Democrat share), a small increase in the Democrat share
of the district dramatically increases the likelihood that a Democrat
holds the seat. When districts are uncompetitive (far from 50% De-
mocrat share), an increase in Democrat share has much less impact on
the likelihood of a Democrat being elected.

The pattern of results in Table 3 and Fig. 3 is important for two
reasons: first, they document the validity to our constructed measure.
Second, one of our goals in this paper is to understand how a change in
Democrat share impacts representative's behavior even when the shift
in electorate composition is not large enough to change who represents
the district. Fig. 3 suggests that there is substantial scope to do so.

5.2. How does partisan composition of an electorate impact a
representative's ideological position?

Having documented that our constructed measure of Democrat
share performs well in predicting the election of a Democrat, we turn to
the main question of the paper. Here, the outcome of interest is the

(footnote continued)
pairwise tests of differences between lines fit to the data to assess differences in patterns
of redistricting. None of these tests reveal a statistically significant difference.
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Fig. 3. Binned scatterplot: Frequency of Democrat representation as a function of pre-
dicted Democrat share.

Table 4
The impact of predicted Democrat share on representatives' roll call voting — Overall
effects.

@ (2
VARIABLES DW-Nom. (1st dim.) DW-Nom. (1st dim.)
Pred. Dem. Share —1.612%* — 0.547**

(0.308) (0.135)
Democrat —0.736**

(0.0201)

Dist. *RD Wave FE's X X
Congress FE's X X
Observations 4228 4228
R-squared 0.891 0.978

Robust standard errors (clustered at level of state-by-redistricting wave) in parentheses.
“#p < 0.01; *p < 0.05; *p < 0.1.

period specific DW-Nominate score. As a reminder, increasingly leftist
voting corresponds to a score that is increasingly negative, while con-
servative roll call voting yields a positive DW-Nominate score.

Our first results on this issue are reported in Table 4. Column 1
reports results from the most basic form of the estimating equation
described in the methodology section. We regress DW-Nominate scores
on predicted Democrat share, district (by redistricting wave) fixed ef-
fects, and Congress fixed effects. Thus, this specification captures the
combined, within district, effect of the extensive and intensive margins.
On the extensive margin, a higher predicted Democrat share is asso-
ciated with a higher likelihood that a Democrat is elected (as docu-
mented in Table 3). In the absence of complete policy convergence, we
expect this to generate more leftist roll call voting. On the intensive
margin, if individual politicians directly respond to changing pre-
ferences in their electorate (rather than strictly implementing their
personally preferred policies), this too could push roll call voting fur-
ther left. As we are combining these two effects and we have already
documented a substantially higher likelihood of electing a Democrat
when Democrat share increases, it is perhaps not surprising that
Column 1 indicates a sizable negative (leftward) effect of Democrat
share on the DW-Nominate score. This result establishes the baseline
overall effect of a shift in partisan composition. The question of interest
now turns to what drives this leftward push. What fraction of this
overall effect is driven by the intensive rather than extensive margin
effect?

We adopt several strategies to decompose the extensive and in-
tensive margin effects. We first note that simply controlling for partisan
affiliation of the elected representative (as we do in Column 2 of
Table 4) leads to a smaller but still highly significantly negative
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Table 5
The impact of predicted Democrat share on representatives' roll call voting — Intensive
margin effects.

(€8] 2) 3 @
VARIABLES DW-Nom. DW-Nom. DW-Nom. DW-Nom.
(1st dim.) (1st dim.) (1st dim.) (1st dim.)
Pred. Dem. Share = —0.661 —0.209
(0.162) (0.0975)
Dem. X Pred. —0.707 —0.184
Dem. Share
(0.203) (0.0872)
Repub. X Pred. —0.570 —0.241
Dem. Share
(0.213) (0.176)
Sample No party No party
restriction change change
District'RD wave X X
District'RD X X
wave“Rep.
FE's
Congress FE's X X X X
Observations 3347 4228 3347 4228
R-squared 0.985 0.992 0.985 0.992

Robust standard errors (clustered at level of state-by-redistricting wave) in parentheses.
#p < 0.0L.
“p < 0.05.
*p < 0.1.

coefficient on predicted Democrat share.

We adopt more direct means of isolating the intensive margin effect
in Table 5. In Column 1 of Table 5, we restrict the sample to districts
where the partisan affiliation of the representative does not change
before and after redistricting. That is, partisan affiliation remains con-
stant across the four Congress that make up the pre and post periods of
each redistricting wave. Note that there are many districts for which
this is true (as previewed in Fig. 3); we lose only 21% of our sample
with this restriction. Thus, far more often than not, a shift in Democrat
share does not have an effect on partisan affiliation of representatives.

If the increase in leftist voting found in Table 4 was entirely driven
by a change in the party representing a district (the main extensive
margin effect), then predicted Democrat share would be unrelated to
DW-Nominate scores after restricting our sample. This is not the case.
Instead, in Column 1 of Table 5, we again find a clear negative (leftist)
impact of Democrat share on the DW-Nominate score. Comparing the
magnitude of this coefficient to Column 1 of Table 4, the results suggest
that only 60% of the leftward shift is driven by increased likelihood of
electing a Democrat. The fact that it is 60% rather than 0% confirms
that partisan affiliation is important for policymaking and that policy
divergence appears to be present in the US House (as others have
documented); however, while some degree of policy divergence is
present, it is not complete: 40% of the leftward shift in roll call voting in
response to a shift in the composition of the electorate is not explained
by this partisan affiliation effect. Thus far, our results therefore suggest
that both the extensive and intensive margins are important.

Of course, as noted in a previous section, there is a second type of
extensive margin effect which may still explain the result in Column 1
of Table 5. In particular, even if a change in Democrat share is not large
enough to change which party is elected, it may still impact the candi-
date that is put forth within a party. That is, an increase in the number of
Democrats within an otherwise right-leaning district may not lead the
district to elect a Democrat, but it may increase the likelihood of
electing a centrist Republican. Note, of course, that this story is more
nuanced: this is only an extensive margin effect if the centrist Repub-
lican in question genuinely holds centrist preferences and would adopt
them if elected independent of the composition of the district.

To eliminate the influence of even this more nuanced extensive
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margin effect, our most robust specification includes individual re-
presentative fixed effects.’® In this specification, we identify changes in
individual representatives' DW-Nominate scores in response to redis-
tricting-generated changes in the partisan composition of the district
they represent. Identification, therefore, is implicitly based on in-
dividuals who were present in Congress immediately before and after
redistricting. This specification strips away the influence of any form of
extensive margin effect.

Column 2 of Table 5 reports the result. The negative effect of an
increase in Democrats within a district survives even in this specification.
The coefficient is smaller, but is still of substantial magnitude. As a point
of comparison, the within party standard deviation in DW-Nominate
score is 0.21 for Republicans and 0.15 for Democrats. With this result, we
can confidently say that — while there is an extensive margin effect —
there is also clearly an intensive margin effect. An increase in the number
of Democrats within a district leads individual representatives to change
the way the vote. This confirms that, even if complete policy con-
vergence is not observed, at least one basic prediction of Downsian-type
models is observed in the US House: individual politicians' policy posi-
tions move with the preferences of their electorates.

In the remaining columns of Table 5, we assess whether the result
we have documented is restricted to just one party. Do both Democrats
and Republicans shift to the left when there are more Democrats in their
district? In Columns 3 and 4, respectively, we repeat the specifications
of Column 1 (restricting the sample to districts with no party change)
and Column 2 (individual level fixed effects), but we now allow for
differential effects for Republican and Democratic representatives. The
basic pattern of results — a clear negative effect of Democrat share on
roll call voting - is true whether representative is a Democrat or Re-
publican. The magnitudes are slightly different across parties, but not
significantly so.

5.3. Robustness checks — DW nominate

Our remaining results probe the validity of our empirical approach.
While our analysis of the raw redistricting data showed no evidence of
systematic non-randomness. Selection remains a potential concern.
Empirically, we adopt three approaches to rule out that the factors that
drive redistricting do not drive our results: 1) we include district- and
individual-level time trends; 2) we partition the sample into states
where redistricting is more or less likely to have partisan motivations;
and, 3) we evaluate the impact of racial composition on voting relative
to the LCCR's voting priorities. We begin by probing the robustness of
the intensive margin result as that is our main contribution.

Table 6 reports the results of specifications that are similar to the
first two columns of Table 5, except that we include unit-specific time
trends. Column 1 of Table 6 repeats the specification wherein we re-
strict the sample to districts where party does not change after redis-
tricting, but with district-specific time trends included on the right hand
side. Column 2 of Table 6 uses the full sample but includes individual
representative fixed effects; there, we add individual representative
time trends. In both cases the goal is to eliminate the influence of pre-
existing trends in ideological position that may have caused redis-
tricting authorities to target particular districts. This concern does not
appear to drive our results; the results in Table 6 are nearly identical to
the results in Table 5, even with the time trends.

Next, we test whether our results are different in states where there
might be of particular concern that redistricting is endogenous to pre-
existing ideology and Democrat share as compared to states where the
reassignment of census block groups to different congressional districts
is more plausibly exogenous. Specifically, we split the sample in three

13 To be more specific, like our district fixed effects, they are representative-by-re-
districting wave fixed waves. Thus, for each Congressperson, we identify the impacts of
each redistricting wave separately.

33

Journal of Public Economics 158 (2018) 25-47

Table 6
The impact of predicted Democrat share on representatives' roll call voting — Intensive
margin effects with time trends.

@ (2)

VARIABLES DW-Nom. (1st dim.) DW-Nom. (1st dim.)

District trends (and FEs) in
districts with no party

Individual specific
trends and FEs

change
Pred. Dem. Share —0.601"* —0.225*
(0.264) (0.129)
District-specific trends X
Person-specific trends X
District*RD wave FE's X
District*RD wave*Person X
FE's
Congress FE's X X
Observations 3347 4228
R-squared 0.994 0.996

Robust standard errors (clustered at level of state-by-redistricting wave) in parentheses.
*#*p < 0.01; **p < 0.05; *p < 0.1.

ways: first, we split the sample by states where redistricting was or was
not conducted by a unified partisan state government (or subset of state
government). For instance, many states require that redistricting is
decided upon by the state legislature with approval by the governor. In
these cases, we code a state as “partisan” in their redistricting if the
majority party of the legislature and the governor are of the same party
when redistricting occurs. If the separate branches are not all of the
same party, we code the redistricting as “not partisan”. Other states
make use of an independent nonpartisan redistricting commission.
These states are coded as nonpartisan regardless of the partisan balance
in the state legislative and executive branches. We interact our main
treatment variable (predicted Democrat share) with a dummy in-
dicating whether a state's redistricting process was partisan or not
partisan. Results are reported in the first panel of Table 7. The first

Table 7
Assessing heterogeneity in impact of Democrat share by nature of redistricting.

@™ 2)
VARIABLES DW-Nom. DW-Nom.
(1st dim.) (1st dim.)
Partisan redist. X Dem. share —0.635 —0.159
(0.226) (0.139)
Not partisan redist. X Dem. share —0.695 —0.260
(0.213) (0.135)
Observations 3347 4228
R-squared 0.985 0.992
Gained/lost seats X Dem. share —0.577 —0.191
(0.162) (0.115)
No gained/lost seats X Dem. share —1.010 —0.285
(0.411) (0.160)
Observations 3345 4226
R-squared 0.985 0.992
Leg. & Gov. redist. X Dem. share —0.628 —0.223
(0.200) (0.142)
Court/Commission redist. X Dem. share —0.679 —0.165
(0.273) (0.132)
Observations 3228 4083
R-squared 0.985 0.992
Sample restriction No party change
District'RD wave X
District‘RD wave Rep. FE's X
Congress FE's X X

Robust standard errors (clustered at level of state-by-redistricting wave) in parentheses.
=+ p < 0.01.
= p < 0.05.
*p < 0.1.
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Table 8

Impact of African American population within district on LCCR score.

Journal of Public Economics 158 (2018) 25-47

@™ 2) 3) (C)] 5 6)
VARIABLES Adj. LCCR Score Adj. LCCR Score Adj. LCCR Score Adj. LCCR Score Adj. LCCR Score Adj. LCCR Score
Pct. black in pop. 102.610 56.628 51.122 45.156 18.635 19.273
(21.648) (22.357) (15.412) (17.059) (9.731) (11.240)
Pred. Dem. share 89.454 11.985 —1.657
(31.764) (18.386) (11.665)
Sample restriction No party change No party change
District*'RD wave X X X X
District'RD wave'Rep. FE's X X
Congress FE's X X X X X X
Observations 2994 2994 2391 2391 2994 2994
R-squared 0.873 0.874 0.965 0.965 0.975 0.975

Robust standard errors (clustered at level of state-by-redistricting wave) in parentheses.
w5 p < 0.01.
*p < 0.05.
*p < 0.1.

column includes district fixed effects and restricts attention to districts
where the partisan affiliation of the representative did not change; the
second column uses the full sample but includes individual fixed effects.
We find that whether redistricting was conducted by a partisan or
nonpartisan subset of government, the basic result holds: an increase in
Democrat share within a district leads to more leftist voting.

Following the same idea, we split the sample in a second way.
Specifically, if we are concerned that non-random drawing of
Congressional districts impacts our results, this is likely to be more of a
problem in states that did not gain or lose any seats as a result of the
post-Censal reapportionment. They have much greater freedom to re-
district for political purposes. States that did gain or lose seats are
forced to redistrict to accommodate the change in seats, and may be
more constrained in their ability to draw districts for political gain.
Results are reported in the second panel of Table 7. Once again, the
basic pattern of results holds.

Finally, we split the sample by the authority responsible for redis-
tricting: state legislative and executive branches versus courts or re-
districting commissions.’* Existing research has documented that the
authority responsible for redistricting can have an impact on competi-
tiveness of Congressional elections, with courts and commissions
leading to more competitive elections than legislative redistricting
(Carson and Crespin, 2004). Results are reported in the third panel of
Table 7, and — again — reveal the same pattern of results as our main
specifications regardless of the redistricting authority (albeit with re-
duced precision).

5.4. Robustness check - response to shifts in racial composition of districts

Thus far, our results document that an increase (decrease) in the
predicted Democrat share of a Congressional district leads to more
liberal (conservative) roll-call voting behavior, and that this change
occurs both because of an increased (decreased) likelihood of electing a
Democrat (“extensive margin”) and because of changes in how in-
dividual representatives vote (“intensive margin”). This response at the
intensive margin, which contrasts with some existing empirical litera-
ture, is consistent with predictions of the classic Downsian model,
wherein politicians' policy positions move towards the preferences of
voters within their districts. There is, however, an important alternative
explanation for the observed change in roll call voting: rather than
responding to voter preferences, politicians may simply be responding

14 We combine courts and commissions into a single category in the analysis due to the
smaller numbers of observations in those categories. Combined, they account for roughly
40% of observations, with legislature/governor redistricting accounting for the remaining
60%.
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to increased or decreased competition. Decreased competition (e.g., a
Democratic district becoming more Democratic) may lead politicians to
feel free to indulge in their own preferred policy outcomes.

In this subsection, we provide a related empirical test to assess
whether politicians are genuinely responding to the composition of
their districts. Specifically, we test whether an increase in the percent of
residents of a district who are black impacts how representatives vote
on issues related to race and civil rights. If our previous results were
genuinely driven by a reaction to voter preferences within the district,
one would expect that racial composition would also directly impact
voting on issues related to race. If, on the other hand, our previous
results were strictly driven by changes in electoral strength and com-
petition within the district, then shifts in Democrats and Republicans
within the district should matter for roll-call voting, but shifts in other
types of district composition (e.g., race) should not.

To test this hypothesis, we modify our existing empirical approach.
We replace DW-Nominate scores with Leadership Conference on Civil
Rights (LCCR) ratings as our outcome variable. The LCCR ratings cap-
ture the extent to which representatives vote in favor of African
Americans and civil rights issues during a particular session of
Congress. We use an adjusted version which is comparable across
Congresses (Groseclose et al., 1999). The measure is increasingly po-
sitive when voting records on civil rights issues are more in line with
the policy positions of the LCCR. On the right hand side, rather than
measuring shifts in predicted Democrat share, we consider the impact
of shifts in percent black within a district caused by redistricting.'® As
noted in the data section, the adjusted LCCR scores are only available
through the 110th Congress; the analyses in this subsection are there-
fore based on just the 1990s and 2000s waves of redistricting. Beyond
those changes, the structure of the specifications is otherwise similar.

Results are reported in Table 8. Column 1 reports results from a
specification including only district fixed effects; it therefore captures
the overall effect (combining intensive and extensive margin effects) of
a change in percent black within a district. Not surprisingly, an increase
in percent black within a district leads to a more supportive record on
civil rights issues. To provide a sense of the magnitude of the coefficient
in Column 1, a 10 percentage point increase in percent black is asso-
ciated with a 0.25 standard deviation increase in the LCCR score. Of
course, the percent black within a district is correlated with the

15 Our measure of “percent black” is constructed in the same way as our “predicted
Democrat share” measure. That is, for each redistricting wave, we hold fixed the demo-
graphic data we use (using the most relevant Census data) and simply lay pre- or post-
redistricting maps over Census block groups to obtain changes driven only by redis-
tricting. The main difference is that percent black can be measured directly, so there is no
need for “predicted percent black”.
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(predicted) Democrat share,'® so one concern is that we are simply
controlling for a proxy for partisan composition (and therefore poten-
tially a proxy for electoral strength and/or competition). The specifi-
cation in Column 2 differs from that of Column 1 only in that it includes
a control for predicted Democrat share. The strong influence of the
LCCR score survives even when controlling for predicted Democrat
share.

Columns 3 and 4 restrict the sample to districts where the party of
the elected representative does not change during the redistricting
wave, and therefore eliminates the extensive margin effect of electing a
representative from a different party. Still, there is a large and sig-
nificant effect of an increase in black population within a district and
the LCCR score. The coefficient in Column 3 is roughly half the size of
the coefficient in Column 1 suggesting that the extensive and intensive
margin effects contribute roughly equally to the overall effect. As in
Column 2, Column 4 adds a control for predicted Democrat share.
Again, the significant influence of percent black survives. (In fact, in
this specification eliminating the influence of partisan extensive margin
effects, only percent black is predictive. The predicted Democrat share
does not significantly influence LCCR scores in this specification.)

Columns 5 and 6 report the results of including individual con-
gressperson fixed effects, thereby eliminating any further intraparty
extensive margin effects.'” As in previous analysis, the result survives
even with the inclusion of individual fixed effects. In Column 6, we
include both percent black and predicted Democrat share as controls.
We find a result that is nearly identical to Column 5.

In short, the pattern of results from Table 8 are remarkably similar
to our main results. In both cases, the roll call voting behavior of re-
presentatives appears to genuinely respond to the composition of their
district.

5.5. Alternative identification strategy: Predicted democrat share via shift-
share instrumental variables

Our results thus far have relied on variation in predicted Democrat
share stemming from redistricting (comparing representatives' roll-call
voting behavior immediately before and after redistricting). Although
we believe that our results are not driven by endogenous redistricting
(as evidenced, for instance, by the robustness of our results to different
redistricting scenarios reported in Table 7), for robustness we show in
this subsection that our main conclusion (that the composition of the
electorate has an impact on the intensive margin) can also be reached
using an alternative empirical approach taking advantage of variation
in predicted Democrat share occurring within decades (where “decades”
here are the periods during which most Congressional districts are
stable, e.g., 1992-2002).

As before, we consider the relationship between our predicted
Democrat share measure (which was constructed using district-level
demographic characteristics) and the ideological position of roll-call
voting behavior. Here, we focus on naturally occurring, intra-redis-
tricting, demographic changes within Congressional districts that lead
to within-district variation in the partisan composition of the electorate.

To overcome the potential endogeneity of intra-redistricting
changes in electorate, we estimate two-stage least squares specifications
where we construct and implement a “shift-share” instrumental vari-
able for predicted Democrat share. We begin by interpolating our

16 In our sample, the correlation coefficient between predicted Democrat share and
percent black is 0.5817.

17 Doing so may be particularly relevant here, as we do not control for the race of the
member of Congress; it may be that a district that is always Democratic leaning continues
to elect Democrats after redistricting, but is more likely to elect an African America re-
presentative if percent black within the district increases. Assuming black members of
Congress have a more favorable voting record on civil rights issues, this could explain the
increase in the LCCR score even in observations where the party of the representative
does not change after redistricting.
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district-level demographics between Censuses to obtain Congress-by-
district specific values of predicted Democrat share. To construct an
instrument for this potentially endogenous regressor, we take the be-
ginning-of-decade values for the demographic variables used in the
construction of predicted Democrat share (from 1990 and 2000
Censuses) for each district. We then assume that the within district rates
of growth of each demographic variable in the following decade follow
the rates of growth throughout the rest of the state or the rest of the US
(rather than following the actual within-district growth rates).'® This
process allows us to construct shift-share demographic values for each
district-by-Congress observation, and — in turn — construct a shift-share
predicted Democrat share, which we use as our instrumental variable.
In doing so, we strip away variation stemming from endogenous sorting
into or out of a district, and leave only variation in Democrat share
driven by more general demographic trends. We construct our shift-
share instruments separately for the between-redistricting Congresses
of the 1990s (1993-2002) and the 2000s (2003 — 2012). In all analyses,
we include either district-by-decade fixed effects or representative-by-
decade fixed effects. Importantly, then, unlike our main specifications,
none of the variation in predicted Democrat share stems from redis-
tricting.'® All specifications also include Congress-by-party dummies.*’

In Table 9, we present results mirroring our main intensive margin
results from the redistricting-based approach. Columns 1-3 report the
impacts of predicted Democrat share on the DW-Nominate score of a
representative from a district, restricting our sample to districts where
the party of the representative is constant throughout the entire decade
(constant within 1993-2002 or 2003-2012). As in our main approach,
these specifications remove the effects of partisan composition stem-
ming simply from a higher or lower likelihood of electing a Democrat.
Columns 4-6 instead include representative (by decade) fixed effects.
This approach eliminates any remaining extensive margin effects (in-
cluding within-party selection of more/less extreme candidates) and
relies on variation from politicians serving in multiple Congresses.

Columns 1 and 4 in Panel B report OLS estimates, directly regressing
DW-Nominate scores on (interpolated) predicted Democrat share, with
no attempt to account for potential endogeneity. In both cases, we
observe a negative — albeit relatively imprecisely estimated - relation-
ship. The remaining columns employ the instrumental variables ap-
proach. Columns 2 and 5 use a shift-share instrument constructed based
on within-state demographic growth rates (excluding district i in the
calculation of the growth rates). Columns 3 and 6 use a shift-share in-
strument constructed based on nationwide demographic growth rates
(again, excluding district i). Both are reported to demonstrate that re-
sults are not sensitive to the level of aggregation used in the con-
struction of the instrumental variable.?!

Panel A reports the associated first-stages, which all reveal a clear
positive relationship between the shift-share instrument and the actual
predicted Democrat share. Panel B reports the second-stage results. For
all specifications reported in Columns 2, 3, 5, and 6, we observe a clear
negative and significant relationship between predicted Democrat share
and DW-Nominate scores. That is, like before, we find that an increase

18 To be clear: the state and national growth rates are “leave-district-out” growth rates.
We exclude district i when calculating the broader trends that are used to construct an
instrument for predicted Democrat share in district i to avoid any direct influence of
trends within that district.

19 Note that districts that are redistricted mid-decade (which is rare but happens on
occasion) are treated as different districts. That is, a district that is redistricted in 2006 is
assigned a new identifier after 2006 for the sake of implementing district fixed effects.

20 As we consider longer time periods under this approach with variation in demo-
graphics coming from interpolating across multiple Censuses, Congress-by-party fixed
effects are included to account for differential trends in Congressional roll-call voting
behavior (which shifted rightward for Republicans but remained relatively stable for
Democrats during the time period we study), as well as general shifts in demographics
across Censuses (which leads to generally higher predicted Democrat shares.)

21 Though not reported, results are also similar using Census-region-based growth
rates. We also note that results are qualitatively similar across both decades included in
the analysis, albeit less precise when the two decades are analyzed separately.
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Table 9
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The impact of predicted Democrat share on representatives' roll call voting — Intensive margin effects, using Shift-Share IV approach.

@™ 2) ®3) “@ ) (6)
Iv: I\H v: v:
VARIABLES OLS State-based Nation-based OLS State-based Nation-based
Specification: Restrict to districts with no party change within decade Cong. Representative fixed effects

Panel A: First Stages

Shift-share IV, using N/A 0.474

state trends (0.088)

Shift-share IV, using N/A

national trends

2SLS spec.: F-Statistic 28.85

Panel B: OLS & Second Stages

Pred. Dem. share —0.354 —0.949
(0.195) (0.349)

Observations 3270 3270

R-squared 0.151 0.142

N/A 0.504
(0.080)
0.388 N/A 0.406
(0.076) (0.074)
25.98 39.27 29.86
—0.832 —0.288 —0.778 —0.780
(0.323) (0.203) (0.325) (0.467)
3270 4164 4164 4164
0.145 0.106 0.099 0.099

All specifications include Congress-by-party fixed effects. Columns 1-3 include district-by-decade fixed effects (where a “decade” is defined as between redistricting periods, e.g.,
1992-2002). Specifications in those columns are restricted to districts where the party of the representative remains constant throughout the decade. Columns 4-6 instead included

Congressional representative (by decade) fixed effects.

Robust standard errors (clustered at level of state-by-decade) in parentheses.
w5 p < 0.01.
**p < 0.05.
“p < 0.1.

in predicted Democrat share within a congressional district generates a
leftward shift in the voting behavior of the representative (occurring
even without a change in the party or the individual representing the
district). Notably, the instrumental variables coefficients are larger and
more precisely estimated than the OLS results, suggesting the presence
of bias in the OLS approach.

To summarize, our main specifications used redistricting as a shock
to the partisan composition of districts and revealed that individual
politicians (or politicians from the same party) react to a greater share
of Democrats in their district by voting in a more leftist way. In this
subsection, we have documented that the same conclusion can be
reached by taking advantage of exogenous within-decade variation in
predicted Democrat share, that is not driven by redistricting.

5.6. Comparison to Lee et al. (2004)

One of the most influential works by economists in this area is that
of Lee, Moretti, and Butler (LMB). Given the divergence between our
conclusions and theirs, we briefly consider the differences in the two
approaches. LMB focus on measuring the impact of “Electoral Strength”
on the partisan behavior of elected officials. Their basic argument being
that, if politicians are constrained by the preferences of their electorate,
then an exogenous increase in electoral strength will increase the bar-
gaining power of the politician (or the politician's party) once elected,
thereby pulling the implemented policy closer to the politician's (or
party's) ideal policy. If politicians are not constrained by the pre-
ferences of the electorate, an increase in electoral strength may impact
who is elected, but will have no further impact on the implemented
policy. As a measure of electoral strength, they focus on the power of
incumbency. Empirically, LMB ask: how does the electoral strength that
is conveyed by incumbency impact the partisanship of a member's
voting record in their second term? Focusing on districts with very
balanced electorates, and after controlling for other confounding fac-
tors, LMB find that incumbency has no measurable effect on the par-
tisan nature of a congressional member's voting record. Viewing this
result through the lens of Alesina's (1988) model of electoral competi-
tion, they then conclude that candidates are unresponsive to the pre-
ferences of their electorate — voters “elect” but don't “affect” policies.
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We take a different approach, testing directly whether shifts in the
partisan composition of the electorate (e.g., an increase in the number
of Democrats within a district) impact congressional voting behavior. In
our main specification, we use our measure of partisan composition to
compare changes in voting behavior across multi-term democrats (re-
publicans) who face differential changes in the propensity of their
electorate to vote democratic. These changes arise due to redistricting.
Identification hinges on the assumption that there is no systematic re-
lationship between contemporaneous factors driving changes in an in-
dividual's voting behavior and changes in the propensity of their elec-
torate to vote democratic that arise due to re-districting. Our analysis
finds that changes in the electorate impact both who gets elected and,
conditional on being elected, how members of congress vote — voters
both “elect” and “affect” policies.

How can these results be brought into line? While at first blush these
findings might seem incongruous, they are not necessarily mutually
exclusive. Beyond the basic difference in approaches already noted,
here we consider three potential drivers for these two sets of results.
First, given their estimation strategy, LMB are implicitly comparing the
voting behavior of Democratic (Republican) house members who are
facing an upcoming election as a one-term incumbent to the voting
behavior of Democrats (Republicans) who face an upcoming election as
a multiple-term incumbent. Thus, interpreting the LMB finding as evi-
dence on the question of “elect” vs. “affect” requires that, all else equal,
the perceived electoral strength of multiple-term incumbents be
markedly greater than that of one-term incumbents. Otherwise, the
LMB approach will have little scope to identify the “affect” of electorate
preferences on the voting behavior of congressional members. We can
indirectly test for this possibility in our data by estimating the differ-
ential effect of electoral strength on member's first term voting as op-
posed to its effect on nth term (n > 1) voting. Our analysis (see
Appendix Table 2) suggests that there is essentially no difference in the
“affect” of constituency preferences on the voting behavior of first term
voting behavior vis-a-vis nth term voting behavior — lending support to
this particular explanation for the difference in our findings.

A second possible explanation relates to the focus of LMB on com-
petitive districts. It is, for instance, possible that experiencing a very
close electoral outcome increases the salience of constituency



D.B. Jones, R. Walsh

preferences for the members of Congress who experience such elections.
Thus, it could be the case that multiple-term incumbency increases
perceived electoral strength (vis-a-vis one term incumbency) in less
balanced electorates, but fails to do so in the competitive electorates on
which LMB focus giving a Local Average Treatments Effect flavor to the
differences in our two sets of results. We consider this possibility in
Appendix Table 3, using splines to explore heterogeneity in the effect of
constituency preferences across different levels of competitiveness. We
find no evidence of this second possible explanation — our basic con-
clusion holds throughout the support of predicted Democrat share, but
our analysis suggests that electorate preferences have a larger effect on
voting behavior in the more competitive districts.

Finally, an important difference between our two studies is the time
period used in the analysis. LMB analyze voting behavior in a very
different period (1946-1995) from that of our work (1989-2014). As
already noted, this later period has been characterized by increased
levels of partisanship in the United States Congress. Thus, one might
posit that if LMB were to replicate their analysis on more recent data
the findings would be different. The increased levels of partisanship in
congress may have driven the bliss points of modern-day politician's
further from those of their electorate's mean and thus there may now be
scope for increased “Electoral Strength” to translate into measurable
changes in voting behavior — even in the face of balanced electorates
(close elections). However, new work by Button (2017) replicates the
basic LMB approach on data that extends through 2012 and confirms
their finding that voters “elect” rather than “affect” policies.

To synopsize, while the differences in our findings clearly warrant
further exploration, our judgement is that these differences arise be-
cause LMB's foundational work provides somewhat limited scope for
identifying the “affect” channel. Specifically, we believe that the in-
cumbency derived differences in electoral strength that exist between
candidates facing their first election as an incumbent and those candi-
dates who are multi-term incumbents are generally small — particularly
in competitive districts. As such, the LMB approach may not be ideally
suited to the identification of this channel's impact on voting behavior.

6. Discussion and concluding remarks

The question of how voter preferences are translated into policy is
especially pertinent in the current electoral environment. Congressional
races in the US have become less and less competitive in recent decades
(Friedman and Holden, 2009). In many districts, then, a very large shift
in voter preferences would be required to elect a candidate from the
opposing party or unseat the incumbent. If it is indeed the case that
voters' preferences only filter into policy decisions by impacting who is
elected, then this decrease in competition in Congressional elections
may imply an increasing disconnect between voter preferences and
representation in Congress. On the other hand, if sitting Congressional
representatives respond to even small shifts in preferences of their vo-
ters (as our results suggest), the problem — while still important — may
not be so severe.

One could reasonably expect that an increase in the number of
Democrats in a district would lead to more leftist representation in
Congress. Consistent with earlier work (Levitt, 1996; Gerber and Lewis,
2004), we find strong evidence in support of this linkage. However, the
main focus of our analysis is on understanding what drives this re-
lationship. Broadly speaking, the theoretical and empirical literatures
put forth two hypotheses. Either: (1) politicians aim to maximize votes
by adopting policies that please their electorates, in which case a shift
in the preferences of the electorate will directly impact the way poli-
ticians vote in Congress, or (2) once elected, politicians enact their
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personally preferred policies and voters only impact legislative voting
through their choice of candidate. The first of these two hypotheses
stems from the Downsian model of electoral competition (Downs,
1957). One prediction of this model — that politicians from different
parties adopt identical policies — has been subjected to substantial
empirical scrutiny, to mixed results. Much less empirical work has fo-
cused on whether politicians' roll call voting responds in any way to
shifts in electoral strength or the electorate's preferences, even if evi-
dence of pure policy convergence is not observed. That is, even if the
“median voter theorem” does not strictly hold, do politicians still re-
spond to the median voter, albeit in an attenuated fashion? Our study
provides new evidence on this issue.

We take advantage of variation in the partisan composition of
Congressional districts which stems from Census-initiated redistricting
in the early 1990's, 2000's, and 2010's. Using this variation, we assess
how partisan composition impacts representative's roll call voting be-
havior. Ultimately, we find that an increase in the share of Democrats
within a district impacts roll call voting in two ways. First, an increase
in electoral strength for Democrats indeed leads to a higher likelihood
of Democrats being elected, which in turn is associated with more leftist
representation. This result is consistent with the second hypothesis
discussed above, wherein politicians enact their preferred policy if
elected and voters choose between them. However, in contrast to ex-
isting empirical work implemented using different approaches (Lee
et al.,, 2004; Fedaseyeu et al., 2015), we find that this “extensive
margin” or party effect does not explain the entire relationship between
partisan composition and roll call voting. Instead, there is also a direct
effect reminiscent of politicians' responses in the Downsian model. We
find that an increase in Democrat share leads to more leftist roll call
voting even when we isolate within-party and/or within-representative
changes.

Thus, we find that both the extensive and intensive margins are
important. Specifically, our estimates suggest that a 10 percentage
point increase in predicted Democrat share leads to a roughly 1/3rd
standard deviation leftward shift in the DW-Nominate score of that
district's representation. Restricting our attention to observations where
the party representing a district does not change, the estimated impact
of a 10 percentage point increase in predicted Democrat share shrinks
to a leftward shift of roughly 0.13 standard deviations or one third of
the within-party standard deviation in DW-Nominate score. Compared
to the overall effect, this result suggests that party switching accounts
for approximately 60% of the overall effect. The remaining 40% is
driven by a combination of extensive margin effects occurring within
the party (e.g., more liberal candidates being chosen in primaries) and
changes in individual Congressperson voting behavior.

Including Congressperson fixed effects, we find that two thirds of
the within-party effect is driven by the selection of more liberal can-
didates at the primary stage, with the remaining one third explained by
movement to the left of individual members of Congress who retain
their seat after redistricting.

We extend our analysis in two ways to test the robustness of the
result. Extending our analysis to evaluate the impact of the size of a
district's black electorate on legislator voting relative to the priorities of
the Leadership Conference on Civil Rights, we find a very similar pat-
tern of results - both in terms of the magnitudes and relative importance
of the extensive and intensive margin effects. Likewise, to reinforce that
our results are not driven by strategic redistricting that is endogenous to
our explanatory variable of interest, we adopt a second identification
strategy which relies entirely on intra-redistricting shifts in predicted
Democrat share. There too we find evidence that politicians respond to
shifts in the composition of their electorates.
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Appendix A. Appendix 1: Data
A.1. Constructing predicted Democrat share

As noted in the main text, there are four steps in constructed our DemShare measure. First, we use the 2010 county-level voter registration data
and the 2010 county-level demographic data to estimate coefficients that we will eventually use to predict Democrat share at other geographic levels.
Second, we map Census block groups into pre- and post-redistricting Congressional districts. Third, we use those mappings to aggregate Census block
group demographic data up to pre- and post-redistricting Congressional district-level demographics for each wave of redistricting. Finally, we use the
coefficients from the estimation in the first step to construct predicted Democrat share at the Congressional district level, for every Congressional
district immediately before and after every wave of redistricting.

The four steps are described in detail in this Appendix.

A.1.1. Estimating the relationship between observed democrat share and demographics at the county-level

Using the voter registration data, we construct actual Democrat share. This is measured as the number of voters registered as Democrats in a
district divided by the number of voters registered as Democrats or Republicans. Recall that only a subset of states maintain statistics on the partisan
affiliation of registered voters. Thus, of the 3186 counties in our data, we observe partisan affiliation statistics and can calculate “Democrat share” in
1362 counties.

We then estimate fractional logit models taking “Democrat share” on the left hand side, and a set of county-level demographic characteristics on
the right hand side. (Fractional logit models ensure that the result predicted values of Democrat share fall within 0 and 1, which is important when
we predict Democrat share at other geographic levels and in other years.) Although there are relatively rich demographic characteristics that we can
observe at the county-level, we are restricted in the demographic characteristics we can use in our estimation; because the resulting coefficients will
ultimately be taken to Congressional district-level data constructed from block group-level data, we can only use variables also available in the block-
group level data.

On the right hand side of the fractional logit, we include the following covariates: share of population that is: in an urban area, male, over 18,
over 65, black, white, Hispanic, Asian/Pacific Islander, or Native American. We also include share of households that consist of: one male, one
female, a married couple with children, a married couple without children, a single male head of household family with children, a single male head
of household family without children, a single female head of household family with children, a single female head of household family without
children, a non-family with a male head of household, or a non-family with a female head of household. We include covariates measuring share of
houses that are: vacant, owned (renter occupied), or owned (owner occupied). Finally, we also include population density in the estimation.

Because particular demographic characteristics may have different consequences in different parts of the country, we actually estimate four
fractional logits (and store four sets of coefficients), one for each of the four major Census regions (Northeast, South, Midwest, West).

After estimating the four models, we store the coefficients as they will be used to predict Democrat share of Congressional districts, where we can
observe all of the same demographics listed above, but do not observe voter registration statistics.

A.1.2. Mapping census block-groups into congressional districts

Next, we use historical Congressional district geographic boundary files to map Census block groups into Congressional districts. Block groups are
of interested because they are the largest geographic area defined by the Census Bureau that, with some very rare exceptions, nest into Congressional
districts.

Congressional district geographic boundary files are available for every Congress. For the most part, we use the files associated with Congresses
just before and after redistricting. We pair these with Census defined geography from the relevant Census period. Thus, we take — for instance — the
1990 block group boundaries and map them into the 102nd Congress district boundaries to obtain the pre-redistricting mapping for the 1990's. We
then use the same 1990 block group boundaries, but pair them with the 103rd Congress district boundaries to obtain post-redistricting mappings for
the 1990's. We repeat the process for 2000's redistricting and 2010's redistricting. Table 1 in the main text summarizes the relevant periods of
Congress paired with each decade's Census geography.

Thus, this process ultimately assigns Census block groups to Congressional districts for every redistricting wave, with different assignments before
and after redistricting within each wave.

A.1.3. Matching pre- and post-redistricting districts (accounting for name changes)

Of course, it is often the case that the post-redistricting district that most resembles a given pre-redistricting district bears a different name. This is
especially common when a state gains or loses seats. So that district fixed effects are meaningful, we must pair pre- and post- districts based on
something other than name. To do so, we first use our block-group level population data to identify the overlap between pre- and post-redistricting
districts. Suppose we are focusing on the 1990's wave of redistricting (though the procedure is identical for all three decades.) Overlap between some
pre-redistricting district X,,. and some post-redistricting districting Ypos is defined as:

Sum of 1990 Census pop. in block groups assigned to X,e AND Y5

Overlap (X,ye, Y, =
P (Lpres Xpost) Sum of 1990 Census pop. in block groups assigned to X, OR Yoy
Thus, if X,. contains exactly the same set of block groups as Ypes, then Overlap = 1. If none of the block groups in Y are contained in Xpye,
then Overlap = 0.
After calculating Overlap for every pair of pre- and post-districts, we identify unique pairing of districts such that:

Overlap (Xpre, Ypost) = maxi[Overlap (ipre, Ypost)| = maxj[Overlap (Xpre, jpost)]

for all pre-redistricting districts i, and for all post-redistricting districts j,os. That is, in order for us to consider X, and Yy, the “same” district in
our empirical analysis, it must be that (1) Y}, shares more population with X, than with any other pre-redistricting district and (2) X, shares more
population with Y, than any other post-redistricting district. This mutual matching scheme allows us to find a unique pairing of pre- and post-
districts; it does, however, imply that not every district can be matched. This is not a surprise: we would not expect every post-redistricting district to
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be cleanly matched to some pre-redistricting district (or vice versa), nor would we want to pair districts that are not cleanly matched. Unmatched
districts are therefore not used in our empirical analysis.

After finding a unique pairing, we rename districts so that paired districts have the same name (in our data) before and after redistricting. That is,
if X,re and Y5, We name both of them X, 4.1, in our data. Thus, when we use district fixed effects in our empirical analysis, we our matched identifier
for districts (e.g., “Xmatch”)-

To make sure this is clear, consider the hypothetical redistricting in the figure below. There, what was District 7 is split into Districts 7 and 8. The
new District 8 is entirely contained within the old District 7. The new District 7 is mostly contained within the old District 7 but includes a small
portion of land that was previously part of District 6.

7pre 7post 8post
 —
Pop.: Pop.: Pop.:
1,000 333 667
“Pop.:

6
6pre 67 post
Pop.: Pop.:
1,000 933

Because Census block-groups (with very rare exceptions) nest into both pre- and post-redistricting districts, we can identify the population of
each of these areas (including the subsets of districts that were transferred from other districts). For instance, we can identify that the Census block
groups in the new District 7 that were previously part of District 6 have a total population of 67 people.

To pair districts, we first calculate overlap for every possible pairing:

Overlap (6pre, 6post) = 933/(1000) = 0.93
Overlap (6pre, Zpost) = 67/(1333) = 0.05

Overlap (Zpre, 7post) = 333/(1067) = 0.31
Overlap (pre, 8post) = 667/(1000) = 0.67

Based on these calculations, we pair districts 6, and 6,05, and call them 6pa¢cn in our data. We pair 7. and 8,05 and call them 7p,a¢ch. District
7post is unmatched and is not used in our analysis. This illustrates the importance of mutual matching: of all possible pre-districts, District 7,45 has
the most overlap with 7. (Overlap(7,e, 7post) > Overlap(6pre, 7post))- Thus, if not for the mutual matching condition, we might pair those two
districts. However, of all possible pre-districts, District 8, also has overlaps most with 7. (Overlap(7pyre, 8p0st) > Overlap(6pre, 8post)); S0, without
mutual matching (and some convention about whether to adopt pre-to-post matching or post-to-pre matching), District 7. could potentially be
matched to two post- districts. Mutual matching prevents this, and identifies the unique best pair; in our example, 8, clearly has more in common
with 7. than 7,0 does, so our matching scheme has selected the “correct” pairing.

A.1.4. Aggregating block-level demographics and constructing predicted democrat share

The third and fourth steps of the construction of predicted Democrat share require less explanation. In the third step, using the mappings between
block groups and Congressional districts, we aggregate block-level demographics to the relevant Congressional district-level for each pre- and post-
redistricting period. In the final step, we simply use the result district-level demographics and the coefficients from step one to construct predicted
Democrat share. Because the coefficients were drawn from a fractional logit, Democrat share is constructed by calculating:

A |
DemSharey = [1 + e~ 2P

where d indexes the district (named according to our matching scheme discussed above), t indexes the time period (e.g., 1990's/pre-redistricting,
1990's/post-redistricting, 2000's/pre-redistricting, etc.), and i indexes the set of demographic variables used to predict Democrat share. x;q4 is the

value of particular demographic variable for district d at time t, and §5, is the relevant coefficient from the 2010 county-level fractional logit
estimation.

Appendix B. Appendix 2: Additional tables and figures

In this appendix, we generate two-dimensional kernel density estimate plots (similar to Fig. 2 in the main text). To assess whether the pattern of
changes in partisan composition varies by circumstances surrounding redistricting, we split the sample by:

- (Fig. A.1(a) & (b)) states that must redistrict because they gained/lost seats vs. those that did not gain/lose seats,

- (Fig. A.2 (a), (b), and (c)) states where the redistricting authority (e.g., state legislature) is dominated by Democrats vs. dominated by Repub-
licans.

- (Fig. A.3(a) & (b)) districts with Democrat incumbents vs. Republican incumbents,

- (Fig. A.4(a) & (b)) districts where DW-Nominate scores of elected representatives has trended left in the preceding decade vs. trended right.

39



D.B. Jones, R. Walsh Journal of Public Economics 158 (2018) 25-47

- (Fig. A.5(a), (b), and (c)) redistricting that occurred in the 1990s, 2000s, or 2010s, and.
- (Fig. A.6(a), (b), and (c)) state-decade observations wherein redistricting was done by a redistricting commission, the courts, or a combination of
the state legislature and governor.

In all cases, we test pairwise comparisons between slopes of lines fitted to the data to assess whether patterns of redistricting vary depending on
the nature of the redistricting. Results are reported in Appendix Table 1. None of these tests reveal significant differences in slopes within categories.
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Fig. A.1. (a) States that gained/lost seats.
(b) States that did not gain/lose seats.
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Fig. A.2. (a) States where redistricting authority is controlled by Democrats.
(b) States where redistricting authority is controlled by Republicans.
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Change in Dem. share

Change in Dem. share
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Fig. A.3. (a) Districts where the pre-redistricting incumbent was a Democrat.

(b) Districts where the pre-redistricting incumbent was a Republican.
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Fig. A.4. (a) Districts where DW-Nom. scores in pre-redistricting decade were trending left.
(b) Districts where DW-Nom. scores in pre-redistricting decade were trending right.
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Fig. A.5. (a) 1990's post-Census redistricting.
(b) 2000's post-Census redistricting.
(c) 2010's post-Census redistricting.
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Fig. A.6. (a) Redistricting authority: Redistricting commission.
(b) Redistricting authority: Court.
(c) Redistricting authority: Legislature and Governor.

Appendix Table 1
Relationship between pre-redistricting predicted Democrat share and change in Democrat share in subsamples of the data.

Slope Test of diff. P-value
1. Redistricting cause
(a) Forced — 0.035%*

(0.006)
(b) Not forced — 0.037#*

(0.009) (a) vs. (b) 0.739
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2. Party of redistricters

(a) Dem. redistricters — 0.044*

(0.012)
(b) Repub redistricters — 0.050%*

(0.012) (a) vs. (b) 0.760
3. Party of pre-redist. Incumb.
(a) Repub. incumb. — 0.025**

(0.012)
(b) Dem. incumb. —0.041**

(0.007) (a) vs. (b) 0.234
4. Pre-redist. DW-Nom. trend
(a) DW-Nom trending left —0.035%*

(0.012)
(b) DW-Nom trending right —0.039%**

(0.013) (a) vs. (b) 0.820
5. Redistricting authority in state
(a) Redist. by courts — 0.042%*

(0.011) (a) vs. (b) 0.414
(b) Redist. by commission —0.028**

(0.013) (a) vs. (c) 0.525
(c) Redist. by leg./gov. —0.034#*

(0.007) (b) vs. (¢) 0.701
6. Redistricting wave
(a) 1990's — 0.045%=

(0.010) (a) vs. (b) 0.536
(b) 2000's —0.036%**

(0.010) (a) vs. (c) 0.738
(c) 2010's — 0.049+*

(0.009) (b) vs. (c) 0.338

Table notes: This table reports slopes of lines fit through Appendix Figs. A.1-A.6. Specifically, we run a simple regression of “change in Democrat share” on “pred. Dem.
share”. The column “slope” reports the coefficient on “pred. Dem. share”. Each panel represents a distinct way of splitting the data (by cause of redistricting, party of
redistricters, etc.), corresponding with the six sets of figures in this appendix. We conduct pairwise comparisons of slopes within each sample splitting category; p-values
from these tests are in the final column of the table.

Standard errors in parentheses. ***p < 0.01; **p < 0.05; *p < 0.1.

Appendix Table 2
Testing for a differential impact of predicted Democrat share for first-term members of Congress.

(€] 3) 4)
VARIABLES DW-Nom. (1st dim.) DW-Nom. (1st dim.) DW-Nom. (1st dim.)
Pred. Dem. Share —1.610 —0.659+ —0.207+
(0.295) (0.162) (0.098)
Pred. Dem. Share X First-term —0.020 —0.016 —0.012
(0.062) (0.026) (0.019)
First-term 0.022 0.014 0.011
(0.034) (0.015) (0.010)
Sample restriction No party change
District'RD wave X X
District'RD wave Rep. FE's X
Congress FE's X X X
Observations 4228 3347 4228
R-squared 0.891 0.985 0.992
Robust standard errors (clustered at level of state-by-redistricting wave) in parentheses.
wp < 0.01.
*p < 0.05.
*p < 0.1.
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Appendix Table 3
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Spline regression, allowing for different impacts of predicted Democrat share at different points in the distribution.

(3) (4)

DW-Nom. (1st dim.) DW-Nom. (1st dim.)

(€]
VARIABLES DW-Nom. (1st dim.)
Pred. Dem. Share Spline 1 —-1.128
Range: [0, 0.4] (0.864)
Pred. Dem. Share Spline 2 —-1.928

—0.718* —0.240
(0.410) (0.343)
—0.787 —0.242"
(0.247) (0.122)
—0.397" -0.139
(0.187) (0.129)
No party change
X

X
X X
3347 4228
0.985 0.992

Range: [0.4, 0.6] (0.485)
Pred. Dem. Share Spline 3 —1.156"*
Range: [0.6, 1] (0.450)
Sample restriction
District*"RD wave X
District'RD wave*Rep. FE's
Congress FE's X
Observations 4228
R-squared 0.891
Robust standard errors (clustered at level of state-by-redistricting wave) in parentheses.
= p < 0.01.
*p < 0.05.
*p < 0.1.
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