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How do transportation policies impact electoral politics? Empirically, the question is difficult to answer because

D72 policies that create new transit opportunities may involve a large number of community effects. In this manu-
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property values. We find that the shift in local property values following a government program to introduce
electronic tolling is correlated with a subsequent change in support for conservative candidates in presidential
elections. Geographically-linked exit polling data suggests that concern over taxation is the primary observable
mechanisms. To show robustness, we use various measures, one of which is computed at the individual level. We
also present placebo analyses to address worries that the correlations are driven by community change, turnout,

or rising incomes. Remaining limitations are also considered.

1. Introduction

According to the US Census Bureau, the typical worker spends 7% of
their waking time commuting between work and home. Policies which
impact the quality of transportation infrastructure should thus have
large downstream consequences for society. However, the nature of
these effects is difficult to ascertain because a single change in a trans-
portation network can have multiple interacting effects. For example,
the creation of a new road may reduce commute times, but may also lead
to the creation of new businesses. The road may be funded by some
combination of local, state, or federal sources, and money used for the
road cannot be used for other public goods. The road might alter the
community’s social network dynamics as movement and communica-
tion patterns evolve. Indeed, transportation policies play an important
role shaping social or political developments but precisely because their
influence might be so large, they are difficult to study quantitatively.

In this study, we examine a unique transportation intervention which
should have a concentrated effect on an important part of Americans’
financial life—property values. We then examine downstream effects of

the intervention for electoral politics, which in some fundamental sense
a conflict over property (especially in questions over taxation and the
distribution of wealth (Dougherty, 2003; Fischel, 2004, p. 329; Marx,
2010; Mayhew, 1993)). Using difference-in-difference methods, we find
that the transportation intervention is associated with a sizable increase
in local property values. This increase in property values is correlated
with a subsequent change in support for conservative candidates in
presidential elections. Our analysis of a geographically-linked exit poll
database allows us to make inferences about the mechanism behind this
change. We find that, following the transportation-based shock to
property values, voters placed greater emphasis on the importance of
taxation. As in all observational studies, we do not have the ability to
rule out unobserved confounding variables and conclude by considering
what those may be in the context of this study.
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2. Relationship to existing literature
2.1. Transportation shocks & property values

Our study focuses on the introduction of electronic tolling, its effects
on local property values, and subsequent consequences for electoral
politics. The first part of this logic stems from an economic argument:
when electronic tolling stations replace human-operated booths, local
traffic congestion shows a marked reduction. The reduction in commute
times for people living near the toll area should imply an increase in
their property values as there is higher demand for their homes than
there was previously.

The relationship between congestion and property values was first
laid out by Thunen (1826). Thunen’s “monocentric city model” was
developed to explain crop usage patterns and this model was adapted by
Alonso (1964) to explain residential housing patterns. The monocentric
city model remains widely used in urban economics and economic ge-
ography (Baum-Snow, 2007; Fujita, Krugman, & Venables, 1999). The
model predicts that the price people are willing to pay for property is
inversely related to the transportation costs they would bear as owners.
A change in travel costs should thus result in a change in property
values.

Empirical evidence for this relationship is strong. Glen and Nellis
(2011), Tang (2016), as well as Zhang and Shing (2006) analyzed the
introduction of the London Congestion Charge in 2003, which reduced
traffic in central London by about 20% and was associated with a rela-
tive increase of 3.68% in nearby property values. Li (2017) found that
initiatives to reduce congestion had large effects on home prices in
Beijing, and Levkovich, Rouwendal, and Marwijk (2016) showed that
homes near gridlocked roads tend to have lower prices than comparable
homes elsewhere. In addition, Guttery (2002) found that increased
congestion in subdivisions around Dallas were associated with a 5%
home price discount. Bateman et al. (2001, pp. 1-207) analyzed data
from Scotland, which revealed a 0.20% decline in property prices for
each additional decibel increase in traffic noise. Bagby (1980) arrived at
similar conclusions while studying traffic patterns over a 25 year period
in Grand Rapids, Michigan. In this period, property values “exhibit[ed] a
surprisingly high elasticity with respect to reductions in traffic flow.”
The studies described above represent only a sample of the literature (for
a review, see Levkovich, Rouwendal, and Marwijk (2016)).

2.2. Linking national politics and local property values

The literature on property values and traffic congestion is robust, but
what about the one relating property values and political preferences?
The political economy literature has long emphasized the role of wealth
in explaining political preferences: because most governments tax
wealth differently for the rich compared to the poor, the interests of the
two groups are in conflict. Whereas those without wealth should support
higher taxation and redistribution, the wealthy should do the opposite
(Meltzer & Richard, 1981; E.; Peterson, 2016), even if other mediating
factors such as economic risk also shape support for redistribution
(Rehm, Hacker, & Schlesinger, 2012). Although these theories are
pitched in terms of wealth, the distinction between property and wealth
can be fuzzy. Property (defined as a thing belonging to an agent) serves
as the basis for wealth (defined as the degree to which one possesses
valuable things or ready money itself). Moreover, it is fairly rare for
wealth to be primarily stored in the form of ready money. Indeed,
although less than half of citizens have any wealth invested in the stock
market, between 60% and 70% of occupied housing units are inhabited
by the owner (Kuebler & Rugh, 2013). In short, in order to understand
the relationship between wealth and preferences for president, we must
first and foremost examine those preferences in relation to property:
many forms of property are physically rooted to a place.

Our work attempts to distinguish between several mechanisms about
how precisely local residential property values, if altered by a

transportation intervention, are related to preferences for national pol-
icies or for president. Some theories have centered on the ability of
citizens to self-insure using their property. For instance, Ansell (2014)
uses panel data to show that those who live in areas with rising home
prices tend to develop more conservative political attitudes over time,
both in the United States and comparatively. Ansell interprets this
finding as consistent with a wealth effect on demand for social insurance
mediated by the newfound ability of citizens to self-insure against in-
come loss.

While Ansell (2014) emphasizes the role of self-insurance, other
scholars have emphasized how the tax implications of property owner-
ship might structure political preferences. The idea that local property
values might affect political attitudes is not new, and was elaborated in
Kemeny (1977) and Saunders (1978), who argue that home owners tend
to be more conservative than renters, since home owners are more likely
to pay capital gains taxes (see also Dietz and Haurin (2003)).

Indeed, a home is a form of capital, and taxes that apply to capital
transactions also apply to one’s home, with the two most prominent
taxes of this kind being the estate and capital gains taxes. The capital
gains tax is highly salient for homeowners. IRS Manual 701, Selling Your
Home, states as its first key point that “[i]f you sell your home at a sig-
nificant profit (gain), some or all of that gain could be taxable.” Tax
considerations can have far-reaching consequences for the decisions of
homeowners. For example, the capital gains tax is a significant trans-
action cost that may make citizens less likely to move. In addition,
capital gains taxes can themselves influence the price that sellers can get
for their homes: a capital gains tax of 22% can reduce the equilibrium
price for homes by 8%, as this tax reduces the expected discounted sum
of incoming deriving from the home (thus the price of the home itself,
see Svensson (2013))." Prior to 2001, the estate tax was also applied to
anyone with assets over $625,000, and the tax was a salient political
issue. Although the exception is now about $5 million and the top fed-
eral estate tax rate is about 40%, the tax is still relevant for wealthy
homeowners as they strategize about their end-of-life plans.

The tax system interfaces with local property dynamics in yet other
ways. Local property taxes are the only ones directly applied to home
values on a yearly basis, but those local taxes are relevant for citizens’
federal tax returns. In particular, homeowners can deduct property tax
payments and mortgage interest from their federal income tax. The
revenue foregone via these deduction is worth roughly three times the
amount the federal government spends on low-income housing (Poterba
and Sinai 2008). There are also a number of studies which document
how the mortgage interest and property tax deductions aggravate
inequality (Seetharaman, 1994; Ventry, 2010). These deductions
become even more important for those in areas experiencing home price
appreciation, since this appreciation will cause an increase in their
property tax burden and the amount they can deduct from their federal
tax bill. Homeowners must thus consider the implications of federal tax
policy on their home not only when selling it or passing it on to their
descendants, but also on a yearly basis as they calculate their
deductions.

The two main political parties in the United States have sent strong
signals to home owners on their positions regarding these tax policies.
For example, the preamble to the 2000 Republican Party platform
stated: “We cheer [the 1997 Republican Congress’s] lowering of the
capital gains tax rate and look forward to further reductions that will
stimulate property sales.” The 2004 Republican platform was similar,
emphasizing the idea that “good government is based on a system of
limited taxes.” It claimed credit for having offered a plan “to lower all
tax rates”, “phase out the death tax”, and lower the capital gains tax to
15%. For their part, Democrats in 2004 released a plan to “roll back” the

! Anecdotally, it is worth noting that the maximum tax rate on long term
gains had been steadily decreasing in the run-up to the American housing
bubble.



C.T. Jerzak and B. Libgober

Bush tax cuts and establish “a tax code that rewards work and creates
wealth for more people, not a tax code that hoards wealth for those who
already have it.” In short, the federal government’s role in redistribution
through taxing residential property transactions have been salient in
national political debates.

Besides through the tax code, federal policy is also indirectly linked
with property values because federal and local governments can serve as
strategic substitues for the provision of social insurance and local public
goods such as police, fire fighters, or schools (Parchet, 2014; Volden,
2005). Theories of federalism typically suggest that the most efficient
allocation of public goods should involve the federal government un-
dertaking policies aimed at redistribution and local governments
focusing on development (P. Peterson, 2012; Wong, 2015). Hence,
property values in a community can be expected to affect the demand for
federal assistance in areas of core local government competence.
Moreover, an increase in local property values would lead to an increase
in the total amount raised by local governments for public goods, which
could then reduce demand for the deployment of such goods by the
federal government.

To summarize, there are three main mechanisms discussed in the
literature explaining why transportation policy may influence prefer-
ences for president through its impact on local property values. First,
rising property values may allow citizens to use their home to self-insure
against income loss, reducing their demand for federal redistribution.
Next, not only are property transactions taxable in the federal tax code,
but also mortgage interest and property tax payments can be deducted
from one’s federal income tax. Finally, an increase in local property
values increases the resources available to local governments, which
could reduce demand for the creation of public goods by the federal
government. Our project provides some of the first evidence to assess the
relative importance of these mechanisms empirically without relying
heavily on self-reported data on political attitudes, which as E. Peterson
(2016) points out, might produce biased estimates of wealth’s rela-
tionship with voting in surveys (as we use an empirical strategy that
avoids some of these concerns by using individual-level campaign
contribution data).

3. Design

How we use some of the insights from the transportation literature to
study property and preferences for president? This section, which out-
lines our approach towards answering this question, also explains how
this method can help us make inferences about the deeper reasons why
preferences for president may be influenced by local property values.
The design uses the replacement of human-operated with electronic tolls
as a key source of variation in local property values. By using multiple
dependent variables, replicating the analysis on two geographically and
temporally independent interventions, and performing placebo checks,
we work to address concerns that this correlation is spurious, and also
discuss continuing limitations to our approach. One of our measures of
political behavior is computed at the contributor level, allowing us to
examine within-person variation and to avoid concerns specific to
ecological inference (King, 1997, p. 342). We obtain leverage on why
these observed changes may have occurred by analyzing precinct-level
exit poll data.

3.1. Electronic tolling

Between 2000 and 2002, E-ZPass was introduced along toll roads in
New Jersey and Pennsylvania.” Drivers who purchased E-ZPass tran-
sponders were able to avoid manual toll collection, while drivers who

2 The idea of using the introduction of E-ZPass for econometric inference
comes from Currie and Walker (2011), who look at the effect of decreased
traffic and car pollution on infant health.

did not purchase a transponder benefited from decreased traffic in the
manual payment lanes. According to estimates published by the New
Jersey Department of Transportation, the introduction of E-ZPass
reduced total delays at toll locations 85% in the year after its adoption,
resulting in an average decrease of about 10% in the daily commute of
those who used highways with E-ZPass installed (New Jersey Turnpike
Authority, 2001). The introduction of E-ZPass creates intra-state varia-
tion in travel time changes, but without creating the side effects asso-
ciated with government investment projects in infrastructure. Moreover,
the E-ZPass plazas were not selected strategically at the time of intro-
duction, but replaced already existing toll structures. In other words,
officials did not introduce E-ZPass to areas which were experiencing
especially fast growth in transportation demand. Instead, all existing toll
plazas received the intervention at once. If the E-ZPass intervention were
anticipated by some homeowners, the subsequent effects on housing
values would be attenuated towards zero, so this concern would make
our reported results statistically conservative.

3.2. Data sources

In the empirical section of this paper, we rely on a combination of
low-level voting, political contribution, census, and exit poll data (see
Table 1 for a summary). The geographic analysis was conducted using
ArcGIS with a national highway map provided by ESRI. The location
data for E-ZPass sites were taken from the replication dataset to Currie
and Walker (2011), and was supplemented with data collected from the
Department of Transportation in Ohio, New Jersey, and Pennsylvania.
Crucial to our analysis is the distance of each precinct to the intervention
sites. For this purpose, we consider the polling place as coded in Anso-
labehere, Palmer, and Lee (2014) to be the precinct’s location, and we
define distance to an E-ZPass plaza to be the minimum network or
“over-road distance” to that entity.

Although we use the two-party Democratic vote share in presidential
elections as one of our outcome measure, we also focus on changes in
individual support from same-address campaign contributors in our
study period. Same-address contributors are those individuals with the
same name and address in the contributor file in both election years.
Ideally, we would also use individual-level party registration data
measure support for the Democratic Party. However, the 2000 voter files
in Pennsylvania and New Jersey are not available. Precinct-level data on
vote share, as well as shape files detailing the geographic boundaries of
each precinct, are taken from Ansolabehere, Palmer, and Lee (2014).
Contribution data are taken from Bonica (2013). Data used for matching
and for obtaining home price trends are from the 2000 decenial census
and the 2005-2009 American Community Survey (ACS). It is important
to note that the home value measurements were estimated using the
owner’s estimate of the sale price for the property on the current market.
Thus, we cannot know for certain whether these numbers accurately
reflect the amount that owners would in fact obtain. Moreover, the
census only reports the percentage of owners in each area with homes in
certain price bins (e.g. below $20,000, between $20,000 and $50,000,
and so forth). To compute the average home value for each area, we used
a weighted sum (where we multiplied the bin proportion by the price
midpoint within the bin and summed across bins). We used the

Table 1
Data streams. See the Appendix for a short note on how we harmonized these
sources.

Data stream Original Content

geographic unit

Census data Census block Aggregate home price, income,
demographic data
Voting returns Precinct Aggregate voting returns
Contribution data Home address Individual-level contribution data
VNS and NEP exitpoll ~ Precinct Individual-level tax/jobs salience
data data
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imputation procedure outlined in Armour, Burkhauser, and Larrimore
(2013) for estimating the average price for the top bin (for robustness,
we truncated the top-bin average at $10 million).

3.3. Design logic

One of our empirical specifications is based on a conditional
difference-in-differences (diff-in-diff) model, which has been adopted in
a growing number of publications to estimate the effect of different
policies on home values (see, for examples, Diao, Leonard, and Sing
(2017), Ellen et al. (2007), and Levkovic, Rouwendal, and Marwijk
(2016)). The parallel trends assumption is important for estimates from
this model to be unbiased. This assumption requires that the areas close
to E-ZPass exits would have experienced the same changes in home
prices (due to, for example, gentrification or neighborhood improve-
ment) as the areas near non-E-ZPass exits. The model only allows us to
estimate average effects (whereas, as we later see, areas closer/farther to
E-ZPass sites exhibited larger/smaller effects, respectively). Despite this
fact, the diff-in-diff is attractive because it is easily interpretable and
because we are not required to estimate a possibly complex non-linear
relationship between our outcomes and distance to the E-ZPass sites.

In the diff-in-diff model, we define “treated” precincts to be those
close to an E-ZPass site, and which are therefore likely to have received
an increase in average home price. Whether close should mean 5, 10, or
15 miles is unclear a priori. A sensitivity analysis is required to assess the
dependency of the results on how one defines closeness. We also must
define a reasonable control group that could have received the inter-
vention but did not. To construct this control group, we examine pre-
cincts close to exits on major highways without E-ZPass tolls. However,
some precincts are both within, say, 10 miles of an E-ZPass highway and
10 miles of a highway without E-ZPass. In order to get genuine sepa-
ration of treatment and control groups, we create a rule excluding pre-
cincts that are too close to being in both groups. The exclusion rule
should have a radius at least as big as the inclusion rule to guarantee
perfect separation. In addition, citizens may be willing to drive a greater
distance to take a non-toll road than one with tolls, so the radius of the
exclusion rule should be larger than the radius of the inclusion rule. As
the exclusion radius increases, however, the sample size necessarily
decreases. The units most likely to be dropped are those closer to
metropolitan areas where different highways intersect. While, in prin-
ciple, treatment and control groups could each have their own inclusion
and exclusion rules, we assume that treatment and control each have the
same rule. We conduct our main analysis including a precinct in the
treatment (control) group if it is within 12 miles of an E-ZPass (non-E-
ZPass) exit, but not within 18 miles of a non-E-ZPass (E-ZPass) exit. We
then replicate the analysis on a grid of values for the exclusion and in-
clusion as a sensitivity test.

Although it is tempting to argue that the intervention serves as an
exogenous shock to the local housing market, it is possible that treated
and control precincts differ systematically in terms of relevant back-
ground covariates. To address this possibility, which is present in
observational and experimental studies alike, we match on key cova-
riates which might confound our estimates (Ho et al., 2007; Morgan &
Rubin, 2012). In the matching algorithm, we use propensity score
matching with a caliper of 0.20. Matching was done without replace-
ment. Our precinct-level matching variables include average income,
percentage of the population with a bachelors or professional degree,
percentage of the population which identifies as black, percentage of the
population which is female, percentage of the population which is over
the age of 65, and percentage of the population residing in the same
house as in 1995.°

3 Should we should also enforce balance on the 2000 level of home values in
treated and control sites? For reasons we explain in the Appendix, we argue that
this approach would bias our estimates.

We must carefully consider how to model uncertainty in this research
design. Because our data is spatial, autocorrelation presents a serious
threat. With autocorrelation, there is a higher probability of under-
estimating standard errors. In order to address this issue, we take three
precautions. First, we report block bootstrapped standard errors (Abadie
& Imbens, 2008; Austin and Small 2014; Efron & Tibshirani, 1986; Hall
et al., 1995). Next, we use county-level fixed effects. Finally, for our
individual-level analysis, we report county-clustered standard errors.

4. Results

First, Table 2 presents summary statistics useful for analyzing co-
variate balance between matched units used in the diff-in-diff, while the
Appendix presents a map showing units by treatment status. After
matching, we find that treated and control communities are similar on
nearly all background covariates.*

Fig. 1 gives initial evidence for our argument that electronic tolling
(a) increases local property values and (b) decreases support for the
Democratic candidate for president. On the left panel, we see that pre-
cincts closest to the intervention experienced the sharpest rise in home
price. On the right panel, we see that precincts closest to the intervention
show the largest fall in Democratic support. The light gray line inter-
spersed with “C™‘s shows the same trends for precincts in the control
areas near non-E-ZPass exits. These control areas show a much less
striking pattern of increase/decrease close to the intervention sites.

How does this visual evidence hold up? Average home prices near
the intervention sites increased markedly. According to the baseline
model, treated precincts saw an inflation-adjusted increase in average
home price of $50,000 relative to the control baseline, above statistical
significance as calculated using both clustered and block bootstrap
standard errors. This value represents about 35% of the baseline average
home value of $130,000—the same order of magnitude as the 20% price
increase found in Zhang and Shing (2006)’s study of the London
Congestion Charge. The estimated effect of E-ZPass is similar with or
without covariate adjustment.

We next consider the effect of the intervention on change in Demo-
cratic support. First, we find that the Democratic presidential vote share
between 2000 and 2004 dropped 2 percentage points relative to control.
This effect is significant in both the baseline and unadjusted model. If we
expand our time horizon and look at the evolution in Democratic pres-
idential vote share between 2000 and 2008, we find that this estimated
effect increases in magnitude.

Using individual contribution data, we identify same-address in-
dividuals living in the treated or control precincts who contributed both
in 2000 and 2004. This analysis is important because it allows us to
address worries that our conclusions are driven by ecological inference
issues. In the individual-level regression model, we predict changes in
support for the Democratic candidate using distance to E-ZPass as a key
covariate (see Table 4). Contributors closer to E-ZPass experienced a
relative increase in home values in their communities and were more
likely to support the conservative candidate for president. This analysis
uses within-person variation, reducing (but not eliminating) concerns
that our findings reflect demographic change, and not genuine shifts in
political behavior. Tables 3 and 4 summarize these results.

4 There were no significant differences for average income, percentage of the
population over the age of 65, percentage of the population living in the same
house as in 1995, percentage of the population which is female, and percentage
of the population holding a bachelor’s or professional degree. The only sig-
nificant difference is that treated units had an average African-American pop-
ulation of about 6% while control units had an average African-American
population of about 4%. Using ecological arguments, we find that this differ-
ence could only account for a small fraction of the observed effect. For details,
see the Appendix.
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Table 2
Pre-treatment balance. Data from the 2000 Census. Sample size: 1324 treated and 1324 control units.
Overall Treated Controls Difference
Mean (S.D.) Mean (S.D.) Mean (S.D.) Dif. (S.D)

Average income $61,030.94 (34,783.57) $61,497.61 (30,444.52) $60,564.26 (38,642.63) $933.36 (1,235.67)
% bachelors 16.3 (9.3) 16.37 (8.5) 16.23 (10.03) 0.14 (0.33)
% black 4.86 (11.43) 5.76 (12.45) 3.95 (10.23) 1.81 0.4)
9% professional degree 51.49 (3.03) 51.57 (2.69) 51.41 (3.39) 0.16 (0.11)
% female 15 (6.94) 14.98 (7.67) 15.03 (6.13) —0.05 (0.25)
% of pop. over 65 2.2 (2.53) 2.21 (2.68) 2.2 (2.37) 0.01 (0.09)
% in same house as in ‘95 62.66 (11.73) 62.67 (11.56) 62.65 (11.91) 0.03 (0.42)
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Fig. 1. Distance to E-ZPass (“T”) and similar non-E-ZPass exits (“C”) against inflation-adjusted change in average home price and against change in Democratic

vote share.

Table 3
Main difference-in-difference results. Matching/control variables are same as in
Table 2.

Dependent Variable DiD (Block
Estimate Bootstrap S.D.)
A Average Home Price - Baseline model $50,185 (22,627)
- With covariate $47,399 (17,062)
adjustment
A Dem. Vote Share, 2000- - Baseline model -2.37 (0.99)
2004 - With covariate —2.46 (0.96)
adjustment
A Dem. Vote Share, 2000- - Baseline model -3.11 (1.42)
2008 - With covariate -3.32 (1.55)
adjustment
A Dem. Vote Share, - Baseline model -0.73 (0.94)
2004-2008 (Placebo - With covariate -0.97 (1.00)

Analysis) adjustment

4.1. Validity checks

The methods presented so far find consistent results. We next
conduct additional robustness checks. In addition to these checks, the
Appendix also shows that our results are insensitive to the choice of
inclusion/exclusion hyperparameters and that observable weather pat-
terns in treated and control sites do not muddle the findings.

A major threat to inference comes from time-varying unobserved
confounders. We investigate this concern in various ways. First, we re-
ran the analysis for the change in Democratic vote share between

Table 4

Effect on individual-level change in support for the Democratic presidential
candidate. The outcome variable is calculated by measuring the share of each
contributor’s donations for president going to the Democratic candidate, and
taking the difference in this variable between 2000 and 2004. Individual-level
controls include gender, latitude, and longitude. Precinct-level control vari-
ables include average home price in 2000, Democratic vote share in 2000,
change in Democratic vote share between 2000 and 2004, average income gain
score, state, % of families below the federal poverty line, and black Americans as
a percentage of the precinct population.

Predictor Effect on Individual A (Cluster- (Block
in Dem. Support Robust S.D.) Bootstrap S.D.)
2000-2004 —-10.33 (4.03) (4.87)
2004-2008 (Ohio -1.18 (0.35) (0.61)
Replication
Analysis)
2000-2004 (Ohio -1.01 (0.93) (1.30)
Placebo Analysis)
2004-2008 (Placebo 1.2 (0.80) (1.05)
Analysis)

2004 and 2008 in New Jersey and Pennsylvania (where no effect should
be found). We correctly arrive at null estimates in both the aggregate
and individual-level analyses (see Tables 3 and 4).

We can gain additional insight into the problem of unobserved
confounders by considering the case of Ohio. Ohio did not replace its toll
structures with E-ZPass plazas until 2008. We can thus use Ohio as a
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placebo case. We know that there is no effect of the E-ZPass intervention
between 2000 and 2004. If we were to measure such an effect, we would
have evidence that time-varying unobserved factors are making pre-
cincts near toll exits more conservative than those near non-toll exits.
However, after using the same matching algorithm, exclusion/inclusion
rule, and modeling approach as before, we correctly arrive at null results
in both the aggregate and individual-level models (see Tables 5 and 4).
Ohio precincts near exits that would later adopt E-ZPass saw no change
in average home value or in Democratic vote share between 2000 and
2004. This placebo analysis supports the conclusion that it is the inter-
vention alone which is accounting for the increase in Republican vote
share. In addition, the effect of the intervention is significant after the
tolls are actually replaced by E-ZPass in 2008 (see the Appendix for more
details).

4.2. Disentangling mechanisms

It is tempting to interpret the results of the previous sections as
demonstrating that the positive shock in property values, induced by the
introduction of electronic tolling, may have led to a shift in support
away from Democratic candidates for president and towards Re-
publicans. Yet, without understanding the origins of this change, the
results of the preceding analysis are of limited significance. We must
therefore examine the evidence as to why the observed changes in po-
litical behavior may have occurred.

First, we consider community turnover as an explanation for the
change in partisan behavior. Our analysis of contribution data shows
that there was a shift in donation patterns among those who resided at
the same address during the 2000 and 2004 elections. This individual-
level change could conceivably be driven by community-level factors.
For example, the racial threat hypothesis could be relevant here (Beh-
rens, Uggen, and Manza 2003; Giles et al., 1994). Same-address resi-
dents may have adopted more conservative political attitudes following
the intervention if it led to an influx of minority residents or led to other
compositional changes.

We can test for community-level changes as a way of evaluating this
kind of reasoning. To do so, we use the same procedure as before, but
changing the outcome variable to include other factors predictive of
Democratic vote share. After performing this analysis, we find that no
factors related to racial threat underwent substantial movement
following the intervention. As shown in Table 6, there are null effects for
changes in income, population, turnout, the percentage of each precinct
with a bachelor’s degree, and blacks as a percentage of the precinct
population.

We next turn to evidence about the mechanisms related to taxation,
self-insurance, and public goods provision. Here, the best evidence we
have comes from exit poll data measured at the precinct level following
the elections of 2000 and 2004. We linked this poll data to our
geographic database, and were able to analyze the responses of voters in
the vicinity of the intervention. The data suggest that the

Table 5

Placebo analysis. Diff-in-diff results for change in average home price and
Democratic vote share for Ohio. Matching/control variables include precinct-
level covariates such as average income, percent of residents living in the
same house as in 1995, percent of residents who are black, percent of residents
who are over the age of 65, percent of residents with a bachelor’s degree. All
matching/control data are from the US Census Bureau.

Dependent variable DiD (Block Bootstrap
Estimate S.D.)
A Average Home Price Baseline model -$997 (5,965)
(Ohio Placebo) With covariate -$3,573 (5,296)
adjustment
A Democratic Vote Share Baseline model 1.02 (0.79)
(Ohio Placebo) With covariate 1.11 (1.03)

adjustment

Table 6
Diff-in-diff results for other key variables.

Baseline model With covariate adjustment

Dependent DiD (Block DiD (Block
variable Estimate Bootstrap S. Estimate Bootstrap S.
D.) D)

A Average —$102.10 (1,910.66) —$1,097.22 (3,503.09)
income

A Population 30.88 (30.17) 15.27 (36.01)

A Turnout 0.72 (0.85) 0.61 (1.18)

A Percent with 0.64 (0.47) 0.56 (0.61)
bachelors

A Percent black 0.47 (0.37) 0.54 (0.56)

transportation/housing shock is not associated with a broad shift in
conservative political attitudes. The shock is also not associated with a
reduction in concern about the economy or citizens’ job prospects.
Instead, it is only associated with an increase in the probability of a
respondent expressing concern about taxation. This regression analysis,
summarized in Table 7, provides support for the idea that the expansion
of Republican support occurred due to the growing salience of taxation
in neighborhoods experiencing the property shock.

Overall, our results support the idea that, in this context, the
transportation-induced changes to local property values are better
explained by growing concern over taxes than voter’s newfound ability
to self-insure using their home equity.

4.3. Other explanations

Although we have evidence that the changing salience of taxes ex-
plains the rise in support for the Republican Party, we cannot be
conclusive about this finding due to the possibility of unobserved con-
founders that cannot be evaluated by our placebo analyses. Because we
cannot be certain about deeper mechanisms, we also must address the
possibility that unobserved dynamics might be explaining the relation-
ship we see between the intervention and the change in propensity to
support the Republican Party. We consider two possible explanations
that seem well-motivated by the social science literature: decreased out-
group contact and changes in an individual’s emotional environment.

One possible explanation is that the intervention decreased contact
with outgroups, since it incentivize people to drive over taking public
transportation. Indeed, we found some decrease in reported use of
public transportation. Although shy of significance, there may be
something to this explanation, but we have some hesitations. For this
explanation to bear out, out-group contact would have to generate
support for the Democratic Party, but some studies suggests that out-
group contact actually provokes backlash (Enos, 2014). Decreased
out-group contact could then expected to be favorable for the Demo-
cratic candidate, yet we find that the intervention decreases such sup-
port. Nevertheless, changes in demand for public transportation could

Table 7

Exit poll results. There are 3013 respondents used in this analysis. As per Shao
and Sitter (1996), we calculate block bootstrap standard errors by resampling
data by the geographic region, performing multiple imputation, and then fitting
a logistic regression model to predict whether respondents consider (a) taxes or
(b) jobs and the economy to be the most important issue, or whether respondents
identify with a liberal political philosophy. In line with the literature, the control
variables include Income, Income?, Age, Agez, Race, Education, and Gender.

Dependent Variable Estimated effect of (Block Bootstrap S.

intervention D.)
Tax Salience 0.51 (0.18)
Econony/Jobs Salience 0.28 (0.21)
Identification with Liberal — 0.04 (0.27)

Philosophy
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conceivably contribute to the observed effects on political behavior.

It is plausible that the intervention brought about changes in citi-
zens’ emotional environment by causing a decrease in traffic-induced
stress. The ramifications of these emotional effects are hard to assess,
and it is possible that they may explain a portion of the observed
changes. However, Banks and Valentino (2012) present experimental
evidence showing that anger serves as an emotional trigger for negative
racial attitudes among white conservatives. Thus, by reducing the traffic
burden, the intervention would be predicted to increase support for the
Democratic Party, but we find the opposite effect. While we are open to
the idea that there are psychological explanations we are observing, we
do not have strong evidence for them.

There are a few final factors which could complicate interpretation of
these results. While we do have individual-level evidence from station-
ary campaign contributors, we have no such evidence for home values,
for voting behavior, or on political opinion. Second, we do not have
direct evidence that homeowners were aware of trends in their local
property values. The home price data are derived from owners’ assess-
ments of their current market price, so may reflect their subjective sense
in addition to fluctuations in the true market price. Many voters are not
homeowners, so the E-ZPass intervention could not affect them through
its impact on property values. Moreover, New Jersey, Pennsylvania, and
Ohio all experienced Republican control of the governorship and the
legislature when E-ZPass was first implemented. Voters may have
causally connected their rising property values to E-ZPass and in turn to
Republican leadership in their state. This could then have translated into
support for the Republican presidential candidate. However, this
narrative is somewhat more complicated in New Jersey: there, the
Republican-led rollout of E-ZPass was hampered by corruption charges,
high costs, and other implementation problems which led to well-
received reforms starting in 2002 by the newly elected Democratic

Appendix

1. Additional Background Details

1.1. Our Data Harmonization Protocol

governor, Jim McGreevey.

In the end, these alternative explanations are interesting and we
cannot rule them out. Nonetheless, the explanation that seems best
motivated by the existing literature and best supported by our data is
that the E-ZPass transportation shock increased local property values,
which led to a change in voting behavior through the effect of property
values on tax considerations.

5. Conclusion

This study attempts to unravel the complex relationship between
transportation policies and other social dynamics, in particular those
surrounding electoral politics. Although we must treat the results with
skepticism as we did not have the ability to randomize the E-ZPass
intervention, we find that the replacement of human-operated tolls with
electronic stations was associated with a large increase in property
values in the areas tightly clustered around the tolling center.

We then presented evidence that these communities experienced a
significant rise in support for the conservative candidate in US presi-
dential elections. This relationship held for aggregate and individual-
level data. As a robustness check, we replicated the study design in a
geographically and temporally distinct setting, and arrived at similar
estimates. Placebo checks correctly arrived at null results. Finally, exit
poll data collected by precinct demonstrated that the government
intervention did not cause a broad shift in political attitudes, but rather
an increase in the perceived importance of taxation. The salience of is-
sues besides taxation did not appear to have been significantly affected.
We interpret this as providing support for the idea that, in the United
States, concerns about federal tax policy is perhaps the most important
reason why preference in national elections are responsive to
transportation-induced changes in local property values.

Because our data are reported at different levels of aggregation, effort was required to create a dataset suitable for analysis. For most of the analysis,
we consider an observational unit in our study to be a voting precinct. Voting precincts are contiguous areas of about 5 square miles, and are roughly
the same size as census block groups (the smallest unit at which census data are reported). Zipcodes are larger, containing multiple precincts or census
block groups. Since the boundaries of precincts, block groups, and zipcodes are not identical, we use areal interpolation to aggregate the data from all
geographic units to the precinct level. This kind of interpolation involves taking a weighted average, with weights proportional to the amount of area
that overlaps between the precinct and the other geographic area one is interpolating. Replication code is available for those interested seeing each
step required to merge these data streams. After harmonizing all of these datastreams, we generated treated and control groups as shown in Fig. 1 using

the criteria discussed in the main text.

-

Control

Treated

Fig. 1. Illustration of matches. The treated precincts are shaded gray, and the control precincts are dotted.
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1.2. Ohio Replication

Here, we report results from the replication of the analyses done in the main text but using the experience of Ohio between 2008 and 2012 (E-Zpass
was introduced to replace manual toll structures in this period). Note that there are far fewer precincts receiving the E-ZPass intervention so the results
(although in the same direction as those presented in the paper) are estimated with less certainty.

Table 1
Pre-treatment balance for Ohio. Data from the 2008 Census. Sample size: 136 treated and 136 control units.

Overall Treated Controls Difference

Mean (S.D.) Mean (S.D.) Mean (S.D.) Dif. (S.D)
Average income $51,035 (12,522) $51,297 (11,913) $50,769 (13,151) $528 (1,516)
% bachelors 9.86 (4.8) 9.9 (5.07) 9.81 (4.53) 0.08 (0.58)
% black 8.32 (13.3) 8.35 (10.59) 8.29 (15.62) 0.06 (1.61)
% female 50.98 (3.76) 51.32 (3.32) 50.63 (4.15) 0.7 (0.45)
% of pop. over 65 14.16 (5.79) 14.46 (5.77) 13.85 (5.82) 0.61 0.7)
9% professional degree 0.82 (0.91) 0.89 (0.94) 0.76 (0.87) 0.13 (0.11)

Table 2

Difference-in-difference results for Ohio, comparing treated to control and each outcome variable to its analogue from 2008. Matching/
control variables are same as in Table 1.

Dependent variable DiD Estimate (Block bootstrap S.D.)

A Democratic Vote Share, 2008-2012 Baseline model —2.22 (1.06)

Table 3
Linear regression results for Ohio, using distance to the E-ZPass intervention to predict changes in Democratic vote share. County fixed effects are used,

as well as the matching variable covariates. Proximity to E-ZPass is defined as the negative of a precinct’s minimum network distance to the nearest E-
ZPass plaza.

OLS Estimate (Clustered S.D.) (Block bootstrap S.D.)

Ind. Var: Proximity to E-ZPass (in units of 10 miles) -7.35 (2.44) (3.33)

2. Further Discussion of Possible Confounders

2.1. Weather-based Confounders

Because our data has a high degree of geographic correlation, it is important to consider other time-varying factors that might be confounding the
analysis. For example, weather could serve as one such factor that could be biasing our results. Gomez, Hansford, and Krause (2007) presents
regression estimates of the effect of rain and snow on turnout and propensity to vote for Republican candidates. They find that for every inch of rain
above the normal amount, there is on average about a 0.83% decrease in turnout and about a 2% increase in Republican vote share. Since weather is
also spatially correlated, it has the potential to confound our vote-share based estimates (although not our donation-based analysis). The perfect storm,
so to speak, would occur if it rained heavily along I-76 and I-95 (Southern Pennsylvania and Western New Jersey, respectively) in 2004, but nowhere
else in 2004, and everywhere else in 2000.

Fortunately, the perfect storm did not happen. Fig. 2 presents precipitation maps from November 7th, 2000 and Nov 2nd, 2004 as reported by the
National Oceanic and Atmospheric Administration (NOAA). According to these maps, on election day 2000, there was about 1/100% an inch of
precipitation in Western Pennsylvania, while on election day 2004 there was about 1/4™ of an inch of rain in Western Pennsylvania, about 1/ 10 of
an inch in Central Pennsylvania, and a touch of rain around New York City. Historical data available through Weather Underground characterizes
conditions in the epicenter, Pittsburgh, as “light rain” for most of the afternoon, cloudy in the morning and evening, with some additional rain around
9 p.m. If one accepts the estimates in Gomez, Hansford, and Krause (2007), the rain differential between 2004 and 2000 is not enough to change our
conclusions, even in a worst case analysis.” Moreover, the rain appears to affect treated and control regions evenly in 2004; if anything, control regions
were hit a bit harder. Note also that we estimated the effect on turnout due to E-ZPass and found that there was no significant effect.

5 The normal rainfall in Pennsylvania is about 0.1 inches, so a worst case analysis that assumes 0.3 inches of rain in every treated unit but a normal amount of rain
in every control would still only explain a 0.4% increase in Republican vote. The effect we found was much larger.
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Wed, NOV 03, 2004
24-hour Precipitation Areas and Amounts Ending 7:00 A.M. E.S.T.

7AM Nov. 2 -7 AM Nov. 8, 2000
Fig. 2. National weather maps from the two election days used in our study (Source: National Oceanic and Atmospheric Administration Central Library Data Imaging
Project). The chart shows areas that had precipitation during the 24 h period starting at 7 a.m. EST the day indicated until 7AM EST the next day. All numbers are
reported in inches rounded to the nearest 1/100%, except for “.T”, which refers to trace amounts of precipitation.

2.2. Race-based Confounders

We must consider another possible time-varying confounder. We briefly review exit poll and turnout data for each state and election year in order
to estimate how changes in African-American and non-African American voting behavior might have bearing on our conclusions. According to exit
polls, Gore was supported by 90.5% of black voters and 51.4% of others, while Kerry was supported by only 83.4% of black voters and 47.3% of
others.® At the same time, about 53% of the black population and 56% of the non-black population voted in 2000, while 61% of the black population
and 66% of the non-black population voted in 2004. Assuming that these state-wide estimates of turnout and support by race are the same in treated

6 Here, all figures correspond to two-party vote share, consistent with the approach taken throughout the paper. Individuals who say they supported Nader or some
other candidate are therefore dropped in our analysis.
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and control units, we can estimate the diff-in-diff in two-party vote share purely due to racial imbalance as being about —0.0007.” This value is two
orders of magnitude smaller than the effect we found. Thus, racial imbalance between treated and control does not seem to pose a serious threat to our
analysis, especially because one of our measures uses within-person variation.

3. Sensitivity & Robustness Checks

3.1. Sensitivity Test for Exclusion-Inclusion Parameters

Fig. 3 shows that our main diff-in-diff results are not sensitive to the inclusion or exclusion parameters. On this graph, the X-Y position gives the
conditional diff-in-diff for a given combination of inclusion and exclusion rules. For example, at (12,18), we see the estimated effect when treated
precincts are defined as those within 12 miles of an E-ZPass plaza but more than 18 miles from a non-E-ZPass highway. Effect size is indicated by the
darkness of the shape, the number of matched units is indicated by the area of the point, and results that are significant at the conventional 95%
threshold are indicated by diamonds. Generally, effect magnitudes and significance are not sensitive to choice of rule, and changes in effect magnitude
are gradual.
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Fig. 3. Sensitivity Analysis.

3.2. Another Robustness Check

In a related vein, we can also consider another robustness check, which involves manipulating precincts’ distance to E-ZPass and re-running the
main analysis exactly as before. In particular, we created a synthetic dataset in which each precinct was moved k miles closer to E-ZPass, where k =
0,1,...,10. When the true distance minus k is less than 0, we gave this precinct the maximum distance from E-ZPass minus k. After altering these
distances, we carry out the same matching and statistical procedures as in the main analysis. We would be concerned if our estimated effects remain
large even after we alter the distances. Ideally, the estimated effects should decay towards 0 as k gets larger. Fig. 4 gives evidence for the second
possibility. The placebo estimates decay to 0 when the placebo manipulation gets more pronounced.

7 Formally, we use the following equation: iﬁ“%&ﬁ:ng‘ Tgol;%tz’gbg‘]) — Cﬁ“lg%:iggiw,‘ Cgozg?tg’zl)?’l) Here, Tgx is the fraction of the black population that voted in
the year 200X multiplied by the fraction of th pof)ul;;tion that is black/in the treated precinctks, whil T% indicates the fraction of the population that voted among
other groups times the fraction of the population that is not black. D% and D¥ indicate the proportion of blacks and non-blacks who supported the Democratic
presidential candidate in year 200X. C5* is the fraction of the black population that voted in the year 200X multiplied by the fraction of the population that is black in

the control units, with CX¥ is defined analogously.
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Placebo Effect of E-ZPass on Home Prices Placebo Effect of E-ZPass on Vote Share
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Fig. 4. Another placebo check. In this analysis, we manipulated the distance of precincts to E-ZPass plazas by moving all precincts k miles closer to E-ZPass, where
k =0,1,...,10. When the true distance minus k miles was less than 0, we moved this precinct to the maximum distance away from E-ZPass minus k. As desired, the
estimates decay to O as the placebo manipulation gets larger.

4. Discussion of Technical Points

4.1. Formal Model

We herein sketch a simple model that formalizes some of our intuitions about the relationship between commuting distance, property values, and
voting behavior. It builds on Alonso’s model of commuting behavior and the Meltzer-Richard model of voting behavior. In our model, individuals may
purchase two commodities: a bundle of consumer goods and a housing unit some distance from the city center. They derive utility from these two
goods and also from leisure. Individuals earn income by working at the city center and also receive lump-sump transfers from the government. In-
dividuals are differentiated from each other purely based on their productivity, which we model following Persson and Tabellini (2000) by endowing
each individual with a unique amount of time. The resources individuals have available to acquire consumer goods are limited, however, by the cost of
purchasing a housing unit and also by the cost of commuting to work. Moreover, individuals have only a limited amount of time in the day, which they
must fill with work, leisure, and commuting.

We solve the model in two stages. First, taking the amount of taxes and welfare-subsidies as fixed, individuals choose a place to live, an amount to
work, and thereby necessarily determine an amount of income they will spend on consumer goods and an amount of time they will spend at leisure.
Then, treating their amount of time spent working and the location of their home as constants, individuals choose a preferred tax rate. Since we assume
the government’s budget must be balanced, it follows that choosing the amount of taxes necessarily determines the amount of welfare as well.

More formally, we assume that individuals have the following quasi-linear utility function

Ule,l)=c + h(l)

where c indicates the amount of consumer good purchased,  indicates the amount of time spent at leisure, and h is a concave function with analytically
convenient properties. We assume that individuals all receive the same utility from having a house regardless of its distance from the city center and
that homelessness is not an option. Therefore, house choice only enters the utility function as a constant which may be dropped without loss of
generality. It would be wrong to think that how far one’s house is from downtown (d) is irrelevant, however, since it indirectly affects individuals
utility through the budget and time constraints.

Of the two constraints, the time constraint is the more straightforward. Each individual is endowed with a certain amount of time a, with the
average individual getting @. Formally, @ comes from a well-behaved distribution,F. As individuals spend all their time working, at leisure, or
commuting, the time constraint is given as

a=Il+n+bd
Meanwhile, the budget constraint is given by
(I-7)n+w=ad+R(d)+c

The left hand side of this equation gives the amount of disposable income and the right hand side gives the costs. The tax rate is given by 7 and the
amount of welfare per individual is w. Commuting costs a fixed amount per distance, a, and the cost of a mortgage/rent is given by R(d). We treat all
other consumer goods as the numeraire and therefore the cost of purchasing ¢ units of these goods is c.
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In the first part of our solution concept, individuals maximize utility treating its choice variables as c,l,n,d. We formally require that all these
quantities be non-negative, although for the analysis presented here we shall assume an interior solution. Substituting the constraints into the utility
function gives the following unconstrained maximization problem

me}x(l —7)n+w—ad—R(d) + h(a —n—bd)

This equation leads to the following first order conditions:

R(a—n—bd)=(1-1) (€]
h’(afnfbd):_a_TR’(d) )

In equilibrium, individuals choose levels of labor and home distance (n*, d*) that together constitute a local extrema for this function. Concavity of
h implies that this extrema is indeed a local maximum. Since equilibrium is defined by the simultaneous solution to these equations, we may combine
the two equations and get the following expression.

b(1—7)+a= — R(d)

This equation leads to our first important inference. Since all the terms on the left-hand side are positive, we must have that R’(d) is negative, so
that the cost of properties decreases as one goes further from the city. This result is expected, since being closer to the city gives individuals more time
and allows them to spend less commuting. If we assume that R is invertible we get a closed-form expression for the ideal house location. Residually, we
determine the value of all the choice variables as follows either through the first order conditions or the constraint equations.

d'=R7'(—a—b(1-1)) 3
n=a—h"'(1-1)—bd @
r=r'((1-1) ()
c'=(1—-1)n"+w—ad —R(d") (6)

With closed form solutions for the individual’s choice variables, we can begin to understand their voting preferences. Note, however, that we
assume individuals cannot in the short run change where they live when solving the tax rate problem. One subtle, but crucial consequence of this is
that the utility maximization problem changes and therefore we must solve again the problem of optimal labor.

max(l —7)n+w—ad — R+ h(a—n—bd)

This gives the first order condition
0=(1-17)— W (a—n—bd)
In response to a given tax rate 7, the voter will provide n* =@ —bd —h’ ' (1 — 7). To get indirect utility of a given tax policy, we need to understand

how much government revenue there is to be redistributed as welfare. This amount is zfi, where 7 equals average labor. If we let N(z) = @+ bd—
h~1(1 —1) then we can rewrite n* as

n*=N(t)+a—a@—b(d+d)

If we assumed a finite population then it follows that n* = N(z). In the literature we typically assume that there is a continuum of voters with unit
mass, and we will follow this assumption as well, however the result is the same as if there was a finite population. Thus, fi(r) = N(z) = @+ bd —

R>~'(1 — 7). Since transfers are residually determined by the tax rate and the amount of labor, we can state the utility maximization problem that
defines voter preferences.

m?x(l —1)n(r) +N(7) — ad — R(d) + h(a — n(t) — bd) @

Rewriting n(7) in terms of N(7) on the left yields the following first order condition
N, (7)[l = > (@~ N(7) — bd)] — (@ — @ — bd — bd) =0 (8)
Now we apply the envelope theorem, noting that at the maximum of the indirect utility function the choice of n is also optimized. Solving for
optimal n in (7) we arrive at
t=1—Nh(a—n(r)—bd)
But then note that at the optimum a — n(r) — bd = @ — N(z) —bdand soz =1 — h’(@ — N(z) — bd). Note that the term on the right hand side of the
last inline equation is the same as the coefficient of N,(7) in (8). Substitution of this expression with 7 in (8) results in the following

G @—bd—bd ©
Ne(7)

where N (7) is negative. Intuitively, this relationship holds because the average amount of labor supplied should go down when taxes go up, but we can
show it formally as well. Using the definition of N(z) and applying the inverse function theorem yields:

Ne(r) = = (1/w(n" (1-7))

But h is concave increasing, so the denominator is positive and we get the expected effect. Thus, returning to (9), we can see that the effect of an
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increase in the speed of travel b on the ideal tax rate is.
d+d
™ = +
Ne(7)
Which is negative by the negativity of N, (7). Thus, faster travel times result in individuals preferring a lower tax rate, as those who face the lower
travel times are made effectively wealthier.

4.2. Discussion of Matching on the Pre-Treatment Outcome

It is tempting to think that, in our matching protocol, we should match on baseline property values from 2000 for the conditional diff-in-diff
procedure. In this note, we present our reasons for not doing so in the analysis.

We reason by contradiction. Assume we have two precincts, C and U. These precincts are identical except C is near a congested portion of a
highway, and U is not. Our formal model suggests that, all else equal, the property values in C would be lower than that of U.

Suppose we learn about a new precinct, X, and X has property values that are the same as in U. Assume, for the sake of contradiction, that U is
equivalent to X on all background features. From the above, we know that congested precincts otherwise identical to U have discounted property
values like those found in C. This logic implies that X must have discounted property values like in C, since X is equivalent to U, except for its
congestion. However, this reasoning has led to a contradiction, since we assumed that X and U have the same property values. In other words, if X is
congested but has the same property values as U, this circumstance would imply that X cannot be equivalent to U on all background features. This
provides an intuition for why enforcing balance on the 2000 level of property values would in fact reduce the comparability of treated and control sites,
and would bias our diff-in-diff estimates.

We can provide other evidence for this claim with a simple Monte Carlo simulation. For this simulation, assume the following difference-in-

difference model:

5
Y,O,b,: =n-lr,=1+7-1p,,=1 +7-11,,=1p,,=1 Zﬁ/‘ *Xipk +Ei, 8i~N(O; 02), (10)
p

where.
e T;;, is an indicator of whether observation i,t,p is in the treated group;
e P;;, is an indicator of whether observation i, t,p is post-intervention;

e 7 is the treatment effect, and equals 2 in the simulation.

For the simulation, we draw data from this model. We then estimate 7 using OLS after (a) matching on the baseline outcome for each unit (pre-

) [Ty DY TDY TODY CYDYLCUDY  CPDY TODY ) ) ) , )
intervention < T T o — o o (¥ ) and (b) matching on the baseline covariates (the X’s). We see that matching

on the pre-intervention outcome introduces bias in the treatment effect estimation, but matching without replacement on pre-intervention covariates
recovers the true estimate.

Matching on Pre-Treatment Covariates

Density
4

T T T T T
1.9 2.0 2.1 2.2 2.3

Estimate Across 1000 Monte Carlo Simulations

Matching on Pre-Intervention Outcome

©
o
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o
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Fig. 5. Results from a Monte Carlo simulation.
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