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Abstract

Essays in the Economics of Transportation

Natalie J. Yang

The essays in this dissertation study the economics of urban transportation policies.

The first chapter investigates how voters form beliefs and opinions on congestion
pricing and why they change those beliefs and opinions once they see the policy in
place. Using a panel of surveys conducted in New York City in the months before and
after the city implemented congestion pricing in January 2025, I find that the
introduction of congestion pricing led to a 3 percentage point increase in support, from
38 percent to 41 percent. At the same time, familiarity and knowledge of congestion
pricing increased during this period, which appears to at least in part drive the increase
in support. Voter opinion on congestion pricing seems to be driven less by personal
experience with the policy and more by beliefs about the effectiveness of the policy in
general. Using a randomized information intervention experiment, I find that survey
respondents who were shown that congestion pricing reduced driving times were 9
percentage points more likely to support the policy. The information treatment was
particularly effective on respondents for whom the information was novel, which is
consistent with Bayesian updating.

The second chapter examines a similar question, but takes as its setting congestion
pricing in London. I show that ex ante voter support is inversely related to the predicted

benefits of the policy: a 1 percent increase in the expected welfare gains of congestion



pricing corresponds with a 4.5 percent decrease in the share of support for the policy. 1
argue that this result can be explained by “egocentric bias,” which leads drivers who
switch to public transit under congestion pricing to underestimate the effect of the policy
on traffic reduction, thereby underestimating its welfare effects. I also find that
education significantly increased the accuracy of voters’ beliefs about congestion pricing,
which lends further support to the idea that inaccurate understanding of the effect of the
policy is at the root of voter opposition.

The third and final chapter develops a novel method for estimating demand in the
presence of stockouts and applies it to study New York City’s bike-share system. The
results indicate that on average, demand for bike-share trips would be twice as high if
stockouts could be eliminated. During periods of high demand, more than 60 percent of
commuters whose first-choice bike-share trip is out-of-stock choose not to take
bike-share at all rather than substitute to an alternative in-stock trip. These results have
implications for urban transportation and the environment. Stockouts are a barrier
preventing bike-shares from serving as a viable mode of sustainable urban

transportation.
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Chapter 1: When Do Voters Change Their Minds? The Case of

Congestion Pricing in New York City

1.1 Introduction

Why do voters dislike congestion pricing, and what leads them to change their minds?
In spite of increasing levels of car congestion in cities around the world, few cities have
actually implemented congestion pricing, often due to voter opposition (Baranzini et al.,
2021). However, in cities that have introduced the policy, support increases dramatically
after implementation. For example, in London, which implemented congestion pricing in
2003, support increased from around 40 percent to nearly 60 percent in just the month af-
ter implementation (Transport for London, 2004). What drives this shift in voter opinions
on congestion pricing?

In this project, | bring new evidence to this question by conducting original surveys
centered on the introduction of congestion pricing in New York City. In January 2025,
New York became the rst city in the United States to implement congestion pricing.
This came after at least a decade of attempts by politicians to implement the policy, all
of which failed due to lack of support among voters. Even in December 2024, a month
before the policy was to be implemented, voter support stood at just 29 percent, accord-
ing to one poll (Siena College Research Institute, 2024). However, just two months later,
support had risen. In order to understand why these opinions evolved, | conducted a
panel of surveys following voters in and around New York City before and after the in-
troduction of the policy. The surveys tracked not only voters' opinions on congestion
pricing—i.e., whether or not they support the policy—but also their beliefs about how

effective the policy would be at reducing traf ¢, how it would impact them, and how it



would affect society more broadly. These detailed questions on beliefs and opinions allow
me to analyze what voters think about when they consider congestion pricing and what
leads some of them to change their minds.

One of the primary stated aims of congestion pricing was to reduce traf c in New
York City. | con rm that the policy was effective in this area: congestion pricing reduced
driving times in New York by between 2 and 10 percent, depending on the time of day
and week. To do so, the policy induced shifts in transportation mode from private cars
to public transit. However, survey respondents on average held inaccurate beliefs about
the anticipated effects of congestion pricing on their own travel. Respondents substan-
tially overestimated their willingness to stop driving under congestion pricing. Only 20
percent of respondents predicted they would drive after congestion pricing had been im-
plemented, whereas in reality the number was 33 percent. | show that these inaccurate
expectations re ect incorrect perceptions of both the monetary costs of the policy and
the time savings associated with driving, which were corrected once respondents experi-
enced the policy in practice.

As voters updated their beliefs about how the policy would work, they also updated
their opinions. Support for congestion pricing in New York City rose signi cantly within
a month of its implementation. As measured in my survey, total support increased by
3 percentage points, while total opposition declined by 8 percentage points. Impor-
tantly, the rise in support occurred across demographic and political groups. Even among
Republicans—who were signi cantly less likely to favor congestion pricing ex ante—
opposition fell by 7 percentage points. Across all measured dimensions of perceived
outcomes, including commuting and non-commuting travel times, traf c congestion, air
pollution, noise, and prices, average ratings improved following the policy's enactment.

Along with updated perceptions and support, familiarity and knowledge about con-
gestion pricing also increased markedly following implementation. The share of respon-

dents who reported being unfamiliar with the policy fell by more than half. At the same



time, the proportion of respondents who were able to correctly identify the amount of the
congestion toll rose from 35 to 53 percent, a simple test of knowledge about the policy.
Familiarity was strongly associated with more de ned opinions on the policy: respon-
dents who were “very familiar” were signi cantly more likely to express either support

or opposition, while those unfamiliar were more likely to remain neutral. These patterns
suggest that exposure to the policy and accurate information not only increased aware-
ness but also prompted voters to form more informed positions on congestion pricing.

Given these ndings, | examine how the shifts in support for congestion pricing re-
lated to updated understandings of the policy's effects. | focus on the policy's effects on
travel times, which is objective and measurable at a granular geographic scale and cap-
ture the main policy goals of congestion pricing. In examining the relationship between
opinions and perceptions, | distinguish between the perceived effect of the policy on re-
spondents' own personal travel times versus perceptions of the policy's effect on travel
times for society more broadly, following a framework laid out in Stantcheva (2023). |
verify that people noticed when congestion pricing reduced their travel times: survey re-
spondents whose commute times fell measurably according to my driving time data were
signi cantly more likely to report that congestion pricing had improved their commutes.
However, these individuals were no more likely than others to increase their total sup-
port for the policy, suggesting that personal travel bene ts were not the primary driver
of opinion change.

Instead, | nd evidence that perceptions of the policy's effects on travel times more
broadly played an important role in driving opinion change. | implement an informa-
tion intervention experiment in which respondents were randomly shown simple graph-
ics documenting the effect of congestion pricing on travel times in New York City. For
nearly all respondents, the information shown in the treatments were unrelated to their
own travel. Nonetheless, the information shifted opinions substantially. The treatment

increased support among respondents who initially opposed congestion pricing by 9 per-



centage points when they were told that the policy reduced travel times. Conversely,
support went down by 10 percentage points among respondents who initially supported
the policy when they were shown evidence of increased travel times. | moreover nd
evidence consistent with Bayesian updating: information was most in uential for re-
spondents for whom it was new. They also run counter to the “motivated reasoning”
framework of Kunda (1980), as individuals did not reject information that contradicted

their prior beliefs but instead revised their opinions in line with the evidence.

Related literature Congestion pricing is a particularly interesting context to study voter
perceptions of economic policies. Unlike policies such as tariffs or taxes, which have been
studied in previous literature (Alesina et al., 2020; Stantcheva, 2021; Stantcheva, 2023), the
effects of congestion pricing are nearly immediate and can be clearly tied to the policy. !
Moreover, the policy had a speci ¢ and well-publicized start date. This provides a context
that is particularly conducive to voter belief updating. At the same time, congestion pric-
ing is an example of a policy conceived by economists to correct for a classic externality:
traf c congestion. Thus, studying opinions on congestion pricing can shed light on how
voters understand and respond to economic reasoning.

This paper contributes to the literature on perceptions of public policy by providing
new evidence from surveys of voters both before and after the enactment of a major pol-
icy. Surveys have been used before to probe voter perceptions of a wide range of policies,
including healthcare and taxation (Haaland et al., 2024). However, there have been rela-
tively few opportunities to study how voter perceptions of a policy evolve in response to
the real-world implementation of that policy, as opposed to a manipulation in a lab or a
pure information intervention where survey respondents are simply told about one of the
consequences of a policy. The main exception to this statement is the research in political

science studying the evolution of public opinion on the Affordable Care Act (Lerman et

LIn general, tariffs and taxes do not have immediately visible effects for most voters, though there were
notable exceptions—such as the unusually large tariff increases in 2018 and 2025—that produced more
salient and rapid economic responses.



al., 2017; Jacobs et al., 2018). These studies have generally found that support for the Af-
fordable Care Act went up after its implementation, and that in particular support went

up among people who had had direct experience with the ACA. This trend is consistent
with my ndings on congestion pricing in the sense that voters apparently needed to “see

to believe” these policies before supporting them.

This paper also contributes to the literature on understanding individuals' ex ante
views on policies, in particular their opposition to welfare-improving policy reforms. Fer-
nandez et al. (1991) posited the theory of “status quo bias,” which says that voters oppose
reforms where they are uncertain ex ante whether they will win or lose from the policy. Dal
Bo et al. (2018) propose and test a theory of “underappreciation of equilibrium effects,” in
which voters favor “bad policies” because they underestimate how policy reforms lead
to changes in equilibrium behavior. This paper contributes data from a real-world setting
in which voter preferences for a policy reform can be observed both before and after the
reform.

This paper is relevant to the literature on the economics of congestion pricing. Since
at least Vickrey (1963), economists have studied congestion pricing from many angles,
considering questions such as the optimal structure of a toll, the effects on traf ¢ and trip
scheduling, and welfare implications (Arnott et al., 1993; Small, 1982; Brinkman, 2016;
Herzog, 2023; Barwick et al., 2024; Kreindler, 2024; Almagro et al., 2025). However, very
few papers have considered the political economy of congestion pricing. De Borger et al.
(2012) develop a theory of voting for congestion pricing to illustrate how different sources
of uncertainty—in particular, uncertainty about the cost of modal substitution and un-
certainty about the ability of the government to use toll revenues ef ciently—may lead
voters to oppose congestion pricing when they would have supported it under full cer-
tainty. However, the model is not tested empirically. Baranzini et al. (2021) is the closest
to the present study. The authors surveyed voters in Geneva, Switzerland about a pro-

posed congestion pricing program in the city. They conduct an information intervention



experiment to identify what aspects of the policy determined public support. However,
given that Geneva never ultimately implemented its congestion pricing policy, the study
was not able to consider how voters' perceptions responded to the implementation of the
policy. The present paper will be one of the rst to track voter opinions over time both
before and after the implementation of congestion pricing.

This paper builds on my earlier work examining voter attitudes toward congestion
pricing in London. That study examined the increase in public support following the in-
troduction of London's congestion charge in 2003. However, that paper only had detailed
survey responses available from the pre-policy period. As a result, the analysis empha-
sized the misalignment between pre-policy support and the expected welfare effects of
the policy, as estimated using a structural model. By contrast, this present paper exploits
original survey data collected in both the pre- and post-policy periods in New York City,
enabling a direct examination of how individual opinions evolved after implementation.

In addition, because | designed and elded the survey myself, | was able to investigate
not only the direction of opinion change but also the underlying reasoning respondents
gave for their views. | was also able to run a randomized experiment to identify the causal

effect of information on opinions.

The remainder of the paper proceeds as follows. Section 1.2 reviews the political his-
tory and implementation of congestion pricing in New York City. Section 1.3 describes the
data sources, with a focus on the panel of original surveys | conducted. Sections 1.4 and
1.5 document the effects of the policy on travel times and public support, respectively.
Section 1.6 then connects these ndings, analyzing how changes in perceived travel times

shaped the evolution of public opinion. Section 1.7 concludes.



1.2 Background

Political history The history of congestion pricing in New York City has been protracted
and politically contested. The current iteration of the policy originated in 2017; earlier
proposals in 2008 and 2015 failed to secure legislative approval. In August 2017, then-
Governor Andrew Cuomo publicly endorsed congestion pricing, and in March 2019 the
New York State budget authorized the collection of a congestion toll, stipulating that it
generate $15 billion in dedicated revenue for the Metropolitan Transit Authority (MTA)
(New York State Legislature, 2019). Although the MTA is primarily responsible for transit
operations in New York City, it is a state-level agency under the authority of the governor
and legislature. Following a federally required environmental review, the U.S. Depart-
ment of Transportation approved the MTA's Environmental Assessment in March 2021
(FHWA, 2024).

Implementation was initially scheduled for April 2024, but delayed to June 2024 to
allow additional time for equipment installation (Ley et al., 2024). On June 5, 2024, how-
ever, Governor Kathy Hochul announced an “inde nite pause” of the policy, citing con-
cerns that tolling might undermine New York City's post-pandemic economic recovery
by discouraging travel into Manhattan. Contemporary reporting suggested the decision
was primarily motivated by electoral considerations, given the policy's unpopularity in
the run-up to the November 2024 elections (Ashford, 2024). Shortly after the election, on
November 14, 2024, Governor Hochul reversed course and announced that congestion
pricing would proceed, with a launch date set for January 5, 2025 (NY Governor Press
Of ce, 2024). The timing was widely interpreted as strategic, falling before the inaugura-
tion of President Donald Trump, who had already signaled his intention to revoke federal
approval once in of ce. In February 2025, the Trump administration formally ordered the
U.S. Department of Transportation to withdraw its prior approval (Department of Trans-

portation, 2025). That order is currently under litigation, and as of this writing, congestion



pricing remains in effect.

Policy details New York City's congestion pricing program is a peak-hour cordon toll.
The tolling zone covers Manhattan south of 60th Street (Figure 1.1), hereafter referred

to as the “congestion zone.”?

Most private vehicles are charged $9, assessed once per
day for entry into the congestion zone between 5:00 a.m. and 9:00 p.m. on weekdays,
and between 9:00 a.m. and 9:00 p.m. on weekends. Outside of those hours, the tolls
are reduced by 75 percent. Low-income drivers (federal adjusted gross income less than
$50,000) drivers receive a 50 percent discount on the toll after the rst 10 charges in a
month. Drivers who enter the congestion zone through one of the previously tolled tun-
nels (i.e., the Lincoln Tunnel, Holland Tunnel, Queens-Midtown Tunnel, and Hugh L.
Carey Tunnel) receive a discount of up to $3 for private car drivers. Taxi trips incur a
$0.75 per-trip surcharge, while ride-hailing services (e.g., Uber, Lyft) are subject to a $1.50
per-trip surcharge. The full details of the tolling scheme can be found on the MTA's web-
site.3

The adopted tolls are substantially lower than those originally proposed for the origi-
nal June 2024 implementation. The standard passenger vehicle toll was reduced from $15
to $9, with corresponding reductions of roughly 40 percent across all vehicle categories.

Proponents of the change argued that a $15 toll would impose excessive costs on drivers,

particularly low-income drivers.

1.3 Data

| collected two main source of data for this project: survey opinion data from respon-
dents in the New York City metropolitan area and data on travel times before and after

congestion pricing. This section provides a brief discussion of each data source. More

°The FDR Drive and West Side Highway, which run along the eastern and western edges of Manhattan,
are exempt from tolls.
Swww.mta.info/project/CBDTP



Figure 1.1: New York City congestion zone

details can be found in Appendix C.

1.3.1 Surveys

| conducted atotal of three surveys targeting residents of the New York City metropoli-
tan area as well as upstate New York. The purpose of the surveys was to collect opinions
on congestion pricing and related transportation topics, as well as background informa-
tion on respondents' travel habits, and to track these over time.

All surveys were be conducted with YouGov, a professional survey company which
maintains a standing panel of survey respondents from which it pulls to create demo-
graphically representative samples. YouGov managed all aspects of respondent recruit-
ment. Respondents who were in the YouGov panel and who met the criteria for the
surveys (in particular, with respect to the geographic parameters of each survey) were

contacted via online survey invitations through YouGov's platform.



Timeline The rst two surveys were conducted prior to the implementation of conges-
tion pricing, while the last survey was run one month after implementation. Speci cally,
the rst survey was conducted in May 2024, before the initial pause of congestion pricing
in New York City. At that time, the congestion pricing policy had been nalized and a
date had been set for its implementation. The second survey was conducted in October
2024, after the policy had been paused but before it was reinstated. The nal survey was
collected in February 2025, approximately one month after the policy had been nally
introduced.

In each survey after the rst, a subset of respondents were re-sampled in order to be
able to track their responses over time. Details on the retention of respondents over time

can be found in the Appendix.

Target geography The rst survey targeted residents of the New York City metropolitan
area, de ned as the set of counties in New York City plus neighboring counties (including
three from New Jersey) where at least 10 percent of workers commute to Manhattan. For
the next two surveys, the sample was expanded to include counties in upstate New York,

with about 50 percent from the metro area and 50 percent from upstate.

Representativeness of sample Tables B.1 and B.2 summarize the key demographic char-
acteristics of the samples in each survey and compare those characteristics to the overall
population, as measured by the 2023 ACS 1-year supplemental estimates. | produce sep-
arate tables to compare summary statistics for the New York City metropolitan area alone
as well as New York City plus the counties in upstate New York that were surveyed.

In general, the survey samples match the overall population reasonably well, in par-
ticular on sex, age, education, and employment. A possible cause for concern is that the
samples over represents the lower end of the income distribution as well as the white
population. The overall (i.e., metro plus non-metro) samples also over represent voters

for Kamala Harris in the 2024 election and under represent voters for Donald Trump.
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Re-weighting is used to address these imbalances.

Survey questions The full set of questions asked in each survey can be found in the
Appendix. Here, | provide a brief overview.

Each survey collected pro le information about the respondent. Many basic character-
istics, including age, education, race, income, political party, and voting history, were pre-
collected by YouGov for their entire panel, so they did not need to be explicitly re-asked
in my survey. | collected information about the respondents' employment status and the
ZIP-code location of their work. (Their home ZIP code was pre-collected by YouGov.)
Additionally, | collected detailed information about respondents' transportation habits.
In each survey, respondents were asked to think about their previous month of travel
and to indicate their typical mode of transportation for three types of trips: commuting
trips (for respondents who were employed or in school), non-work trips generally, and
non-work trips speci cally to the New York City congestion zone. 4

Next, | asked detailed questions evaluating respondents' knowledge of and opinions
about congestion pricing. To assess knowledge, respondents were then asked several
“test questions” to assess the accuracy of their congestion pricing knowledge. For exam-
ple, in all surveys, respondents were asked to name the level of the standard congestion
pricing toll. For opinions, respondents were shown a description of congestion pricing (in
case they were unfamiliar with the policy) and then asked for their stance on the policy
(on a 5-point Likert scale from “de nitely support” to “de nitely oppose”).

Respondents were also asked whether they thought congestion pricing had made
them personally better off, worse off, or the same. They were asked the same question
with respect to the effect of congestion pricing on “society overall.” They were also asked
to rate the effect of congestion pricing on travel times, car traf ¢, air pollution, noise,

transportation costs, and the cost of groceries and other household essentials for them-

4For respondents who were not employed and not in school, the phrase “non-work” was removed and
they were just asked generally about their typical daily trips and trips to the congestion zone.
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selves and for society overall.

1.3.2 Travel times

In order to track the effect of congestion pricing on travel at a ne geographic level,
| collect data on travel times between location pairs across the sample region starting in
December 2024 and ending in April 2025. To do this, | queried the Mapbox Directions
API. Mapbox is a competitor to Google Maps that provides mapping software on several
widely-used apps, including Foursquare and Instacart. One of the products that Mapbox
provides is a Directions API that computes optimal driving times given live traf ¢ con-
ditions, essentially the same as looking up driving directions in Google Maps or Waze.
Mapbox collects its live traf ¢ data from mobile devices running Mapbox-powered apps
and computes optimal routes given those traf ¢ conditions. It then returns the driving
distance and duration for that route.

| collected driving times at regular intervals: Tuesdays through Thursdays at 4:30am,
8:00am, 12:00pm, and 5:00pm and on Saturdays at 8:00am and 5:00pm, with some excep-
tions for holidays. This range of times and days of the week was selected to capture both
peak and off-peak driving times.

The location pairs selected for driving time querying were taken from the residential
and work locations of individuals in the congestion pricing surveys. Driving times were
computed between (1) all home-work location pairs, i.e., commutes; (2) all home locations
to the centroid of the county in which they were located, to capture local driving trips
more generally; and (3) all home locations to the 10018 ZIP code, to capture driving trips
to the New York City congestion zone. All locations were represented by the centroid of
the ZIP code.

In addition to these Mapbox driving times, | collected transit and walking travel times

by querying Google Maps. (Mapbox's Directions API only includes directions by car.)
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1.3.3 Additional data

Data on public transportation usage patterns come from the MTA and the Port Au-

thority of New York and New Jersey.

1.4 Effect of congestion pricing on travel

In this section, | discuss the effect of congestion pricing on travel in New York City.
First, | use the Mapbox data to estimate the effect of congestion pricing on driving times.
Next, | use survey responses to analyze how congestion pricing affected travelers' choice

of transportation mode.

1.4.1 Effect on driving times

Before turning to any of the survey results, | rst provide evidence that congestion
pricing reduced driving times during peak commuting hours, as was the policy's inten-
tion. For a more rigorous investigation of this topic, see Cook et al. (2025), who use syn-
thetic controls to identify the causal effect of congestion pricing on driving speeds. The
general patterns | present below using my data are corroborated in their work.

Table 1.1 shows a series of difference-in-differences regressions where the dependent
variable is log driving time in minutes. The regressions are run separately for driving
times at 8am, 12pm, and 5pm. The sample is restricted to only consider driving times on
weekdays, minus holidays. ® There are three main speci cations: Columns 1 to 3 compare
driving times for routes that enter the congestion zone to all other routes in the data.
Columns 4 to 6 compare driving times for routes that enter the congestion zone to routes
strictly outside of New York City. Columns 7 to 9 compare driving routes inside New
York City (regardless of whether or not they enter the congestion zone) to routes outside

New York City. The routes that fall strictly outside of New York City might be thought

5Speci cally, Christmas Eve, Christmas Day, New Year's Eve, and New Year's Day all fell on weekdays
during the sample period and were excluded.
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of as a more plausible control group, as they are less likely to be affected by the spillover
effects of congestion pricing.

The results show that driving times in the congestion zone and New York City overall
went down signi cantly after the implementation of congestion pricing, but only during
12pm and 5pm hours. For example, looking at Column 5, the coef cient on the interaction
term indicates that driving times in the congestion zone went down by 9.6 percent relative
to driving times outside New York City. Looking at Column 8, the estimates show that
driving times in New York City—not just the congestion zone—went down by 6.0 percent
relative to driving times outside New York City.

The fact that driving times at 8am did not go down signi cantly suggests that the
demand for driving during morning rush hour is less elastic than demand for driving
later in the day. A likely explanation for this pattern is that driving trips on weekday
mornings are primarily commuting trips, which generally require travelers to arrive at a
speci c time, whereas driving times later in the day may include a relatively high propor-
tion of leisure trips, which are likely more exible. Trips that are more exible are more
easily substituted with alternative modes of transportation, i.e., switching from driving

to transit, even if transit is slower. ©

1.4.2 Anticipated vs. actual transportation mode switching

This section examines respondents' transportation mode choices in the periods before
and after the introduction of congestion pricing. Mode choice is a particularly informative
outcome because it re ects the central trade-off faced by travelers: balancing the mone-
tary costs of each option against the expected travel times for a given trip. Observing
how individuals adjust their mode of transport in response to the policy therefore pro-

vides a direct window into how they perceive and respond to the cost changes induced

SNote that this pattern is corroborated in data from the website www.congestion-pricing-tracker.com
(Moshes et al., 2025), which collects driving times from Google Maps for a set of driving routes in New
York City. The results there generally show particularly large decreases in driving times on affected routes
in the afternoon and evening.
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by congestion pricing.

The surveys capture mode choice in two complementary ways. First, in every wave
respondents reported their actual current mode of transport, for both commuting and
non-work trips. Second, in the pre-policy surveys only, respondents were additionally
asked to state which mode they expected they would use once congestion pricing took
effect. | refer to the former as “actual” mode choice and the latter as “anticipated” post-
policy mode choice, since these expectations were elicited before the policy but referred
speci cally to travel behavior after its implementation. Comparing the two provides ev-
idence on broader themes of expectation formation and behavioral adjustment: whether
individuals can accurately forecast their own responses to policy, and whether realized
behavior diverges from initial expectations.

Figure 1.2 breaks down actual mode choice in the pre- and post-congestion pricing

periods. | also plot anticipated post-policy mode choice in the shaded bar.

Figure 1.2: Mode choice by survey period

First, comparing actual mode choice in the pre- and post-policy periods, we can see

that congestion pricing reduced driving and increased public transit usage, particularly
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subway ridership. Driving went down by about 4 percentage points and subway usage
went up by nearly 7 percentage points. Though this is not a strictly causal analysis, this
can clearly be seen as corroborating the evidence presented above that congestion pricing
reduced driving times by reducing the number of cars on the road.

More surprising is to see the disparity between anticipated and actual post-policy
mode choice. Speci cally, respondents expected to stop driving at much higher rates
than actually occurred. Only 20 percent of respondents said they anticipated to commute
by car after congestion pricing, nearly 14 percentage points lower than actual that actual
post-policy rate. Correspondingly, 43 percent of respondents expected to use the subway
post-congestion pricing; in reality, only 29 percent of respondents did so post-policy.

One potential explanation for the disparity between anticipated and actual mode choice
is the timing of the surveys versus the timing of the policy changes. Both pre-policy sur-
veys were conducted when the standard congestion price for cars was $15, whereas the
post-policy survey was conducted after the congestion price had been lowered to $9. Peo-
ple may have been unwilling to drive under the $15 toll but willing to drive with the $9
toll.

| am able to rule out the change in toll level as the sole source of the disparity between
anticipated mode choice. To do this, | estimate a discrete choice model of transportation
modes. For individual 8 traveling between origin-destination pair 9, the utility of mode <

is given by:

maxDyg<= Vi C8<db<, V2 2>Bfs<, b< , Nngo< (1.1)

| estimate the model separately for three settings: Pre-policy actual mode choice, post-
policy actual mode choice, and anticipated post-policy mode choice (which was collected
in the pre-policy period.) In each case, | plug in for “cost” the cost of driving that was

known at the time when the choice (both anticipated and actual) was solicited. In the case
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of the “anticipated” mode choice model, | plug in counterfactual estimates of the travel
time under the higher toll. More details on the model inputs can be found in Appendix
C. By using the parameters estimated from this model, along with the correct cost for the
time of the choice, | can directly quantify the difference between anticipated and actual
mode choice.

Based on the model, the elasticities implied by anticipated mode choice appear to be
misaligned with the elasticities from respondents' actual mode choices. Table 1.2 summa-
rizes the value-of-time (VOT) estimates implied by the model in each setting. VOT is a
measure of the tradeoff between the cost of a particular transportation mode against the
time savings; a high VOT means that people are relatively willing to pay for faster modes
of travel. (VOT is computed as the ratio V1¢V> in the discrete choice model.) The VOT
estimated from actual mode choices remains stable between the pre- and post-policy at
around $17. This provides evidence that people responded rationally to the congestion
price, in that they made transportation mode choices that were consistent with their pre-
policy elasticities. However, looking at anticipated post-policy mode choice, the implied
VOT is only about $12, or 32 percent lower than the true VOT. The standard errors for
the estimates are large, so the difference is not statistically signi cant. However, the point
estimates at least suggest that even after accounting for the difference in congestion pric-
ing tolls, respondents’ anticipated post-policy mode choices were inconsistent with their
actual preferences.

Why did people have such incorrect expectations about their post-policy mode choices?
The evidence from the surveys indicates that they had inaccurate forecasts both about
travel time and monetary costs of travel. As noted above, mode choice is fundamentally
about the trade-off between time and monetary costs. (People may also have idiosyncratic
preferences for modes—e.g., they may dislike being on crowded public transit—but since
these idiosyncratic preferences should be constant over time | focus on time and monetary

cost.) Respondents to the survey had incorrect expectations about both. In the pre-policy
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period, only 43 percent of New York metro area respondents knew the correct level of the
congestion price at the time, versus 63 percent post-policy. At the same time, 16 percent of
New York metro respondents thought that the policy would make their commute times

worse, where in reality post-policy only 4 percent of respondents thought this.

Table 1.2: VOT estimates

Pre-policy actual Post-policy actual Post-policy anticipated
$16.67 $17.19 $11.88
(5.20) (5.93) (6.13)

1.5 Trends in congestion pricing beliefs and opinions over time

This section discusses how support for and knowledge about congestion pricing evolved
from before to after the introduction of the policy. | focus on establishing basic patterns
before turning in the next section to a more detailed exploration of one of the key deter-

minants of support: perceptions of the effect of congestion pricing on travel time.

1.5.1 Change in support

Overall, support for congestion pricing rose and opposition fell after the implementa-
tion of the policy. (These categories are distinct since the survey also allowed respondents
to be “neutral/unsure” on congestion pricing.) Figure 1.3 compares total support for the
policy before and after implementation. (Speci cally, | compare the results of the Wave 2
survey to the Wave 3 survey.) Total support increased from 38 percentto 41 percent, while
total opposition fell from 41 to 33 percent. Strong opposition to congestion pricing (i.e.,
respondents who indicated that they “de nitely oppose” congestion pricing) in particu-
lar fell from 29 to 22 percent. This increase in support is statistically signi cant even after
controlling for key demographic characteristics, such as education, income, and political

party, as shown in Table B.3.
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Figure 1.3: Change in support from pre- to post-policy

The panel design of the surveys makes it possible to verify that the aggregate shift in
attitudes is driven by individuals revising their opinions. Figure A.1 presents a transition
matrix of respondents who participated in both the pre- and post-policy surveys. The
vertical axis indicates pre-policy opinions, while the horizontal axis indicates post-policy
opinions. Each cell reports the share of respondents from a given pre-policy category,
with shading proportional to the percentage. The darker shading concentrated above the
diagonal highlights the overall movement toward more favorable views of congestion
pricing. For example, 19 percent of respondents who were initially “maybe opposed” to
congestion pricing shifted to “maybe support” after the policy's implementation.

Support for congestion pricing varies systematically across demographic groups, but
these differences largely persist unchanged after the policy's implementation. To docu-
ment this, | regressed an indicator for support on demographic group indicators inter-
acted with a post-policy indicator, with results plotted in Figure 1.4. The baseline coef-
cients (shown in blue), which capture relative support levels in the pre-policy period,

reveal clear divides: college-educated respondents and residents of the New York City
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Figure 1.4: Support by demographic characteristic

(de ned rst as the ve boroughs and then more broadly as the metropolitan area) were
signi cantly more supportive of congestion pricing, while Republicans and lower-income
respondents (household income below $70k) were signi cantly less supportive. ’

Despite these substantial baseline differences, there is little evidence that groups di-
verged in how their support changed after implementation. The interaction coef cients
(shown in green) measure whether a given group's change in support differed from the
overall average increase. Since the post-policy coef cient itself is positive and signi -
cant, all groups experienced a general rise in support, but the interaction terms are sta-
tistically indistinguishable from zero for most groups—including Democrats and Repub-
licans, college- and non-college-educated respondents, metro and non-metro residents,
and high- and low-income households. We can also see that both residents of New York
City proper (i.e., the ve boroughs) and New York State residents both increased their
support for the policy. (This last nding is particularly interesting from a political stand-

point, given that the Governor of New York, who had the ultimate say in whether con-

"To be clear, Figure 1.4 shows the results of this regression both for “NYC,” which compares support
among residents of New York City proper to New York residents outside of the city, and “Metro,” which
compares residents of the New York City metropolitan area—which as de ned in Section 3.2.2, is broader
than just the ve boroughs of the city—to New York State residents outside of the city.
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gestion pricing would go ahead, has constituents both inside and outside the city.)

The only groups to show a divergence in opinion updating are car commuters versus
non-car commuters. Car commuters—who at baseline were slightly more likely than
non-car commuters to support the policy—were signi cantly more likely to reduce their
support for congestion pricing in the post-policy period. One potential explanation for
this is that the time savings for car commuters from congestion pricing was relatively
small, just 3 minutes on average as shown in Section 1.4. Car commuters may have been
dissatis ed if forced to pay the toll for this small time savings. Section 1.6 examines this
story further; | show that there is little between perceptions of travel time savings and
support for congestion pricing.

The above discussion focuses on support before and after implementation of the pol-
icy. Another potentially interesting comparison is to look at support before and after the
policy was temporarily paused by the governor of New York. | discuss this in Appendix
D, though it is not the main focus of my analysis. Appendix D also considers how het-
erogeneity in the congestion price across different entry points into the congestion zone
could be used to analyze the effect of policy on support, though this analysis would re-

quire richer data than | have available to me here.

1.5.2 Change in familiarity and knowledge

The surveys show clear evidence that public familiarity with congestion pricing in-
creased substantially after implementation. The share of respondents who reported be-
ing “unfamiliar” with the policy—de ned as having heard nothing about it—fell by more
than half following the start of congestion pricing, from 22 percent to 10 percent. This pat-
tern suggests that once the policy moved from proposal to reality, it became a more salient
and widely discussed topic, likely due to heightened media coverage, direct experience,
and word-of-mouth. In other words, implementation itself functioned as an information

shock: it not only changed travel behavior but also expanded public understanding of
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what congestion pricing is and how it works.

Of course, self-reported familiarity may not perfectly capture knowledge. To measure
knowledge more objectively, | asked respondents in each survey wave to identify the
standard congestion pricing toll (set at $15 in the pre-policy period and $9 post-policy).
This question, which referenced a widely publicized gure, provides a simple benchmark
for factual understanding. Knowledge improved markedly after implementation: before
the policy began, only 35 percent of respondents correctly named the toll level, compared
to 53 percent afterward. Moreover, factual knowledge tracked closely with self-assessed
familiarity. Among respondents who said they were “very familiar,” 70 percent correctly
named the toll, compared to 48 percent of those “somewhat familiar” and only 9 percent
of those “unfamiliar.” The Spearman's rank correlation between familiarity and correct
recall was 0.40, indicating a moderate and meaningful relationship.

Familiarity is also strongly correlated with support for congestion pricing. Figure 1.5
breaks down support for congestion pricing separately for the three levels of familiarity.
It is clear that respondents who self-reported as being more familiar were more likely
to support the policy, both before and after implementation: In the post-policy period, 52
percent of “very familiar” respondents supported congestion pricing, compared to just 19
percent of “unfamiliar” respondents. It is worth noting, though, that “very familiar” re-
spondents were about as likely to oppose congestion pricing as “unfamiliar” respondents.
The strongest correlation is between familiarity and the “neutral/unsure” category: being
familiar with congestion pricing meant you were signi cantly more likely to hold some
position on the policy, either in favor or against.

Taken together, these ndings suggest that exposure and information play a central
role in shaping public views on congestion pricing. Implementation of the policy both in-
creased factual knowledge and prompted individuals to form stronger opinions, whether
positive or negative. This pattern underscores a broader theme in the paper: beliefs about

the effects of congestion pricing evolve not only through personal experience but also
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through increased awareness and public discussion once the policy becomes concrete.

Figure 1.5: Support by self-reported familiarity with congestion pricing

1.5.3 Change in perceptions

Figure 1.6: Perception of effect of congestion pricing on travel time

Finally, | examine how perceptions of the effect of congestion pricing on travel times
shifted after implementation. Respondents were asked whether they expected congestion

pricing to make travel times better, worse, or unchanged, both for their own travel (the
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“personal effect”) and for travel in New York City more broadly (the “societal effect”).
Figure 1.6 presents results for respondents in the New York City metropolitan area.

Several clear patterns emerge. First, most respondents perceived little personal im-
pact: prior to implementation, 64 percent reported that congestion pricing would have
no effect on their own travel times, and this share rose to 81 percent in the post-policy pe-
riod. Almost no respondents reported that their own travel times had worsened. Second,
views of the societal effect differed markedly from views of the personal effect. Only 38
percent of respondents initially thought congestion pricing would have no effect on city-
wide travel times, and this fraction remained similar post-policy. By contrast, the share
reporting improved citywide travel times increased from 38 to 42 percent after implemen-
tation.

In short, while individuals largely believed their own travel was unaffected, the post-
policy data indicate a growing perception that congestion pricing generated bene ts for
the city as a whole. This divergence between personal and societal evaluations, paired
with the general increase in support for congestion pricing, provides suggestive evidence
that support is shaped less by direct personal experience and more by beliefs about its

broader effectiveness. The next two sections delve into this hypothesis further.

1.5.4 Comparison to London

The change in opinions on congestion pricing in New York City is signi cantly smaller
than in London. As discussed in Yang (2023), support for congestion pricing increased by
20 percentage points, from 40 to 60 percent in just the rst month after implementation.

There are several important distinctions between the implementation and effects of
congestion pricing in London versus New York that could explain the difference in opin-
ion updating. First, the initial congestion charge in London was £5 in 2003, which is
approximately equal to $13.95 in 2025 dollars. Second, and perhaps due to this higher

congestion charge, congestion pricing wa much more effective at the average speed in
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central London increased by 28 percent in the short-term, from 8.3mph to 10.7mph Trans-
port for London (2002). This is a signi cantly greater gain than in New York.

In addition to the higher toll and faster driving speeds, London is different from New
York in other important ways that could affect opinions on congestion pricing. Car own-
ership patterns differ between the two cities: In New York City, 55 percent of households
have no car (Hunter Urban Policy and Planning, 2024). In London, 62 percent of house-
holds in Inner London have no car, while that number is only 33 percent for Outer Lon-
don (Transport for London, 2024). Moreover, the two cities have distinct public transit
networks. Perhaps just as important, the two cities have distinct political systems: For ex-
ample, congestion pricing in London was implemented by the mayor at the time without
any need for approval from the local city council or other governing body. By contrast,
in New York City, congestion pricing required approval from the New York State legisla-
ture. Cross-country surveys also show differences in views on the role of government in
the UK versus the US (Wike et al., 2024).

One question is whether the disparity in support updating between New York City
versus London re ects differences in baseline knowledge and expectations about the pol-
icy in the two cities. That is, one potential story for why support went up by so much
in London is that voters did not know anything about the policy before it happened and
that their knowledge increased drastically after, whereas voters in New York were rela-
tively familiar with the policy before implementation and therefore had relatively little to
update after implementation. | cannot test this hypothesis directly, as | do not have data
on knowledge of congestion pricing in London. However, the discussion in the previous
section shows that voters in New York did update their knowledge as well as their opin-
ions on the policy, which is evidence to reject the idea that New Yorkers were generally

well-informed about the policy before its implementation
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1.6 Congestion pricing support updating: Personal vs. societal impact

Having laid out suggestive patterns and trends in support for congestion pricing, this
section examines why voters updated their opinions on congestion pricing. As established
in Section 1.5, total support increased following implementation. | now focus on how
perceptions of the policy's impact shaped these shifts. | rst analyze how changes in
respondents' own travel times correlate with their support for their policy (“personal
impact”). | then turn to an information-intervention experiment that assesses how voters
update their beliefs about the policy's broader effectiveness (“societal impact”) impacts
their support for the policy.

In the analysis, | choose to focus on perceptions of the effect of congestion pricing
on travel times. There are myriad factors that could be affected by congestion pricing
and that might inform how voters form opinions on the policy. The diagram shown in
Figure 1.7 adapts a framework from Stantcheva (2023), who distinguishes between “self-
interest” and “broader social and economic concerns” to understand people's perceptions
of trade policy. The diagram describes how self-interest and societal concerns both con-
tribute to voters' views on congestion pricing. On the self-interested side, voters might
care about not only how congestion pricing affects their travel but also how it affects their
quality of life via noise or air pollution. On the societal impacts side, voters might care
about whether the policy whether the policy delivers time savings in the aggregate, but
they might also care about who bene ts and who bears the costs of the policy. In order to
provide a clearer discussion, | focus just on the time savings side, but future work can be

done to look at the other factors to build a more complete picture.

1.6.1 Personal impact: Perception of own travel times

In this section, | investigate whether respondents whose travel times got faster with

congestion pricing were more likely to support the policy ex post.
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Figure 1.7: Personal vs. societal factors affecting congestion pricing opinions

First, | ask: did commuters perceive the reduction in their driving times? Although the
Mapbox data shows a signi cant reduction in travel times, it is possible that the change
was too small for drivers to notice. Table 1.3 shows the result of regressing an indicator for
whether the respondent said their commute time had gotten better (or would get better)
after congestion pricing on an indicator for whether travel times got faster, as measured
using the Mapbox data. This is interacted with a post-policy indicator for whether the
guestion was asked before or after policy implementation.

The results show that commuters did not anticipate the reduction in travel times
from congestion pricing pre-implementation, but they did perceive the reduction after
the policy had been implemented. The coef cient on “commute time decreased” alone
is not statistically different from zero, meaning that people whose commutes got faster
did not anticipate before implementation that this would happen. However, in the post-
impelementation period, this relationship is positive and statistically signi cant (as shown
in the “post-only effect” row at the bottom of the table, which sums the corresponding es-
timates in the regression.) That is, people whose commute times got measurably faster

according to the Mapbox data did indeed rate their commutes as faster in the survey.
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Table 1.3: Perception of change in commuting time

Commute time is/will be better

1) (2) (3) (4)
Commute time decreased 0033 0-036 0-036 0034
10.051° 10.050° 10.050° 10.050°
Post 0+085 0+087 0+086 0087
10«053° 10«052° 10e051° 10e051°
Commute time decreased x Post 0+068 0073 0072 0073
10.076° 10.076° 10.075° 10.074°
Controls:
Political party %) @ %]
Education (%] (%]
Income (0]
County %] ] 1] %]
Post-only effect 0-101 0109 0108 0108
10053° 10.053° 10e052° 10e051°
Observations 771 771 771 771
Note: pY0.1; pY0.05; pY0.01
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Next, | look at whether people whose commute time got faster were more likely to
support the policy. Table 1.4 shows the result of regressing an indicator for post-policy
support on the travel time indicator. In all speci cations, the estimates for both the pre-
policy coef cient and the implied post-policy effects are close to 0 and insigni cant, mean-
ing that people whose commutes got faster were not necessarily more likely to support
congestion pricing in the post-period. There could be a few explanations for this phe-
nomenon: First, it could be that people's commutes got faster but that the time savings
was not suf ciently valuable to them such that they felt themselves to still be worse off
due to the policy. It could also be that there are other factors that determine support

beyond just personal gain. In subsequent sections, | explore both of these possibilities.

Table 1.4: Support and change in commuting time

Commute time is/will be better

(1) (2) (3) (4)
Commute time decreased 0020 0-011 0-011 0-002
10.062° 10.061° 10.061° 10.058°

Post 0-050 0-042 0042 0-046
10-067° 10-067° 10-066° 10-063°

Commute time decreased x Post 0-018 0002 0002 0-010
10.095° 10.092° 10.092° 10.090°

Controls:

Political party %] %) %]

Education 1] ()

Income %)

County ] ] ] %]
Post-only effect 0039 0-012 0012 0012

10e072° 10.070° 10-070° 10-069°

Observations 771 771 771 771
Note: pY0.1; pY0.05; pY0.01
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1.6.2 Societal impact: Experimental evidence from information intervention

| posit that voters change their minds about congestion pricing after seeing the policy
in place because they update their beliefs about the policy after they see it. Simply put,
beliefs inform opinions. However, alternative explanations exist. For example, voters
may exhibit “motivated reasoning” (Kunda, 1980), a model of opinion formation where
agents have prexisting opinion preferences and then justify those opinions by forming
particular beliefs. In this alternative, opinions inform beliefs.

In order to disentangle the causal relationship between beliefs and opinions on con-
gestion pricing, | conduct a randomized information intervention experiment. The ex-
periment tests whether providing simple information on congestion pricing and driving
times has an effect on respondents' support for the policy.

The results show that providing respondents information about the effect of conges-
tion pricing on driving times has a signi cant effect on their opinions. In particular, re-
spondents actually change their minds when the information provided contrasts with

their prior opinion.

Description of experiment

The purpose of the experiment was to test the effect of providing information about
congestion pricing and driving times on respondents’ opinions. The experiment was de-
signed using guidance from Haaland et al. (2023) on best practices for conducting in-
formation intervention experiments. The experiment was conducted in the nal (post-
policy) survey wave. All respondents in that survey were part of the experiment.

The experiment centered on information about driving times for two speci ¢ driving
routes in New York City. The routes were selected to be representative of the types of
direct and spillover effects that congestion pricing would be expected to have. The route
maps are shown in Figure A.6. The rstroute (Route 1), shows a route that is subject to the

congestion price. The route starts in New Jersey and ends in Midtown Manhattan. This

31



route was selected to capture the direct effect of congestion pricing on driving times in

the congestion zone. Economic intuition tells us that congestion pricing should decrease
driving times on this route. The second route (Route 2), shows a route that is completely
outside of the congestion zone and therefore not subject to any new tolls. This route was
selected to capture the spillover effect of driving times on routes outside the congestion
zone. We would expect driving times on this route to stay the same or increase on this
route.

First, prior to the intervention, | collected respondents' baseline beliefs about the driv-
ing times on the two routes. For each route, respondents were shown a map of the route
and were also told the average driving time for that route during a weekday morning
rush hour before congestion pricing. (Route 1 took 18 minutes. Route 2 took 30 minutes.)
Respondents were then asked to guess how long they thought the drive would take after
congestion pricing. This initial guess measures respondents’ baseline expectations of the
effect of congestion pricing on driving times. Respondents were also asked about their
support for congestion pricing, which serves as their pre-information baseline opinion.

Next, in the intervention stage, treated respondents received information about the
driving times on the two routes shown above. There were two treatment groups and
one control group. Treatment group 1 was shown a graphic explaining that the driving
time on Route 1 went from 18 minutes to 13 minutes after congestion pricing. Treatment
group 2 was shown a similar graphic for Route 2, which explained that the driving time
went from 30 minutes to 34 minutes after congestion pricing. The exact graphics and
associated text are shown in Figure A.6. The treatments were designed to be simple and
easily digestible at a glance. The control group received no information.

Finally, all respondents were asked again about their support for congestion pricing.
This measures their endline opinions on the policy.

Technically, some respondents may have interpreted the information treatments as

personally relevant to their own travel if they regularly commuted along one of the routes
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shown. In principle, it would be desirable to separate treatment effects for respondents
whose commuting routes overlapped with the information treatment routes from those
whose did not. However, this is not feasible given the limited sample size: only 21 respon-
dents in my sample could plausibly commute along either of the two treatment routes. 8
Because the overwhelming majority of respondents did not travel along the treatment
routes, | interpret these results primarily as evidence of how individuals update their

opinions when presented with information about the broader societal effects of conges-

tion pricing, rather than their own personal experience.

Initial guesses

This section discusses the baseline guesses about the effect of congestion pricing on
driving times.

For both Routes 1 and 2, the majority of respondents predicted that driving times
weakly decreased post-congestion pricing. Figure A.11 shows the distribution of guesses
for each route. For Route 1, the median guess was 15 minutes, which correspondends to
a 17 percent decrease from the initial 18 minute driving time. (Recall that respondents
were shown the initial driving time before being asked to make their guess.) For Route 2,
the median guess was 30 minutes, i.e., no change from the initial driving time.

The Route 1 guesses reveal that the majority of respondents correctly believed that
congestion pricing would reduce driving times for the route inside the congestion zone.
However, the respondents underestimated the magnitude of the decrease. The true post-
policy driving time was 13 minutes, i.e., 5 minutes lower than the median guess. Put
another way, the respondents held correct beliefs about the sign of the price elasticity of
demand for driving but underestimated the magnitude of the elasticity.

On the other hand, the Route 2 guesses show that the majority of respondents did not

8To assess this, | used Google Maps to identify the most likely commuting route for each respondent
and compared it to the routes shown in the information treatments. If more than 80 percent of a treatment
route overlapped with a respondent's likely commuting route, | agged that commute as overlapping.
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anticipate the spillover effects of congestion pricing on driving outside the congestion
zone. A plurality of respondents (28 percent) guessed that there would be no change in
driving times for Route 2. The true post-policy driving time for Route 2 was 34 minutes,
i.e., a 4-minute increase over the initial driving time.

Although the respondents were given an open text box in which to answer their guess,
nearly all respondents entered reasonable-looking guesses. Only a few respondents ap-
peared to enter apparently nonsensical numbers as their guess? These respondents were
removed from the analysis out of concern that they were not suf ciently attentive to the
information for their responses to be taken seriously. Note also that for both routes that
there are peaks in the distribution corresponding to multiples of 5 (i.e., 10 minutes, 15

minutes, etc.), which is an exhibition of round number bias.

Information intervention results

The results show that the interventions had signi cant but heterogeneous effects on
respondents' opinions on congestion pricing. Table 1.5 summarizes the results, with fur-

ther heterogeneity analysis below.

Average effect First, the results in Column 1 of Table 1.5 show the average effect of the
treatment across all respondents by regressing an indicator for post-intervention support
on treatment indicators. Treatment 1 (which showed the decrease in travel time on the
route in the congestion zone) increased the probability of supporting congestion pricing
by 5 percentage points relative to the control group, although the effect is not statistically
signi cant. However, Treatment 2 (which showed the increase in travel time on the route
outside the congestion zone) decreased the probability of support by 10 percentage points.
This is unsurprising: The median respondent correctly guessed that the driving time on

Route 1 decreased. Thus the information provided in Treatment 1, while perhaps numer-

9These included guesses such as “123,” which stood out as being inconsistent with the current commute
time that they reported.
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Table 1.5: Regression table for information intervention

Support for congestion pricing, post-intervention

1) (2) 3)
Treatment 1 0050 0089
10-034° 10-028°
Treatment 2 0099 0041
10-033° 10-026°
Support, pre-intervention 0835 0835
10-030° 10-028°
Treatment 1 Support pre 0093
10.043°
Treatment 2 Support pre 0-100
10-040°
Constant 0431 0073 0073
10.024° 10-020° 10.018°
Observations 1,266 844 854
R? 0.016 0.621 0.650
Note: pY0.1; pY0.05; pY0.01
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ically different from the respondents’ original guesses, is consistent with their belief that
driving times went down. By contrast, the median respondent believed that the driving
time on Route 2 stayed the same. When presented with new information showing that

driving times went up, Treatment 2 recipients decreased their support.

Effect by baseline support In order to better understand the actual effect of the in-
formation intervention on support for congestion pricing, it is important to control for
respondents’ pre-intervention support. A simple regression of support on treatment is
insuf cient. If opinions on congestion pricing are sticky, then the effect of the treatments
may be heterogeneous by whether or not the respondent supported congestion pricing
prior to the intervention. Columns 2 and 3 accounts for this by interacting the treatment
indicators with indicators for pre-intervention support. (For clarity, the regressions are
run separately for each treatment group, so Column 2 compares Treatment Group 1 to
the control group, and Column 3 does the same for Treatment Group 2.)

The results show that Treatment 1 increases support among pre-treatment opposers
but has no effect on pre-treatment supporters.1® Looking at Column 2, the effect of the
intervention on congestion pricing supporters is the sum of the coef cient on the treat-
ment indicator with the interaction of the treatment and support indicators. This sum is
approximately 0, meaning that Treatment 1 has no effect on the support of respondents
who already supported congestion pricing. However, the effect of the intervention on
respondents who previously opposed congestion pricing is given by the coef cient on
the Treatment 1 indicator. This effect is positive and statistically signi cant: Treatment
1 increases the probability of support among people who were previously opposed by 9
percentage points.

By contrast, the results show that Treatment 2 decreases support among pre-intervention

supporters. Looking at Column 3, the effect of the intervention on supporters is given by

10To be precise, this group includes respondents who “oppose” congestion pricing and respondents who
said they were neutral. | use the term “opposers” for simplicity.
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the sum of the treatment indicator with the interaction term on treatment and support.
The estimate suggests that the treatment decreased the probability of support among sup-
porters by 14 percentage points, with the effect being statistically signi cant. The effect

of Treatment 2 on opposers, by contrast, is not statistically different from 0.

Effect by baseline beliefs In order to further disentangle the effect of the treatment on
opinions, the treatment effect can be broken out by respondents' baseline beliefs about
travel times on each route, as measured in the pre-intervention questions. Speci cally,
| generate indicators for whether the respondent overestimated or underestimated the
effect of congestion pricing on traf c and estimate a triple interaction regression. This
model controls for both pre-treatment beliefs and opinions. Results are shown in Table
1.6.

Looking at the effect of Treatment 1, which is shown in the left panel, the results show
that the treatment speci cally increased support among opposers who underestimated the
travel time reduction for the route inside the congestion zone. That is, for respondents
who guessed a number that was too high for Route 1, an information treatment effectively
telling them that their guess was too high increased support by 10 percentage points (rela-
tive to respondents who received no information). This estimate is given by the coef cient
on the treatment indicator and is statistically signi cant.

Looking at Treatment 2 in the right panel of Table 1.6, the results show that the treat-
ment decreased support among supporters who underestimated the travel time increase for
the route outside the congestion zone. That is, among respondents who did not anticipate
the spillover effects of congestion pricing, informing them that the policy increased travel
times on Route 2 reduced their support by 16 percentage points. This estimate is com-
puted by summing the coef cient on the treatment indicator with the treatment indicator

interacted with the support indicator, and as above it is statistically signi cant.
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Heterogeneity by car usage Next, | consider whether treatment effects are heteroge-
neous by car usage. Since the information treatment is related speci cally to driving
times, it is possible that car users could consider the information as relevant to their “per-
sonal stakes.” Table B.4 regresses the post-intervention support indicator on the treatment
indicators interacted with an indicator for whether or not the respondent uses some car
transport (i.e., personal car, taxi, or ride-share) in their commute or day-to-day travel. In
both treatments, there is no evidence that car users were signi cantly more to the treat-
ment than non-car-users. If we hypothesized that car users cared more about the inter-
vention because the information was personally relevant to them, we would expect them
to be more responsive to the treatment. This helps to bolster the claim that the interven-
tion works not by altering respondents' understanding of whether they personally win
or lose from congestion pricing, but rather by targeting their understanding of how the

policy works for society more broadly.

Heterogeneity by political party Lastly, it may be important to test whether treatment
effects are heterogeneous by political party. Political party is not only a strong predic-
tor of support for congestion pricing. Party identi cation might actually cause people to
interpret facts differently in what Alesina et al. (2020) term the “polarization of reality.”
Table B.5 tests this by regressing post-intervention support on the treatment indicators
interacted with an indicator for whether or not the respondent identi es as a Republi-
can. For both treatments, there is no evidence that Republicans respond differently to
the information intervention compared to others. The interaction between the treatment

indicators and the Republican dummy are statistically insigni cant.

1.6.3 Discussion

The results of the information intervention reveal that people care about more than just

their own personal gain or loss from congestion pricing when forming opinions. Rather,
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they also form their opinions based on how effective (or ineffective) they see the policy
overall. Speci cally, the results can be summarized in the following three points:

First, a simple information treatment was effective at changing opinions on the policy.
The information treatment provided to the respondents was very limited: it effectively
gave them two numbers — travel times for before and after congestion pricing — for a
single speci ¢ driving route in New York City. In spite of this, the treatment had statisti-
cally and economically large effects on respondents support for the policy. One potential
explanation is the fact that respondents were relatively poorly informed on the policy to
begin with (as exhibited by their inaccurate guesses in response to the baseline measure-
ment questions), meaning that even a small piece of new information had a large effect
on their understanding of the policy.

Second, the information treatment was most effective on respondents to whom the
information was novel. As revealed in the heterogeneity analysis, Treatment 1 (the “pos-
itive” treatment) increased support among opposers, and Treatment 2 (the “negative”
treatment) decreased support among supporters. The treatments did not appear to have
any effect on supporters and opposers, respectively, though this is likely a re ection of the
binary outcome variable (e.g., if a respondent is already coded as “support,” it is dif cult
to measure if a treatment leads them to support even more strongly). This result con-
rms that respondents are willing to change their minds about congestion pricing when
provided new information about the policy.

Third, | do not nd evidence of a political bias in the response to the information
treatment. Alesina et al. (2020) coined the term “polarization of reality” to refer to the
phenomenon where voters provided with the same information have completely differ-
ent interpretations depending on their political party. | do not nd any evidence that
Democrats in the survey responded differently to the information treatment compared
to Republicans. A possible explanation for this nding is that congestion pricing is not

as politically polarizing of a topic as, say, immigration, a topic that is associated with
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decades of debate among political groups.

1.7 Conclusion

This paper provides evidence on how public support for congestion pricing in New
York City evolved in response to policy implementation. | show that while congestion
pricing reduced driving times and shifted some travelers from cars to public transit, in-
dividuals had substantially incorrect predictions about how own travel behavior would
respond to the policy. Support for the policy increased across demographic and politi-
cal groups, driven primarily by perceptions of its societal bene ts rather than individ-
ual gains. An information intervention experiment further con rms that voters update
their opinions when presented with evidence of collective outcomes, consistent with a
Bayesian updating framework. These ndings highlight the importance of communicat-
ing the broader social impacts of transportation policies, as public perception of societal

effectiveness can be a more powerful driver of support than personal experience.
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Chapter 2: The Political Economy of Congestion Pricing: Evidence from

London Voters

2.1 Introduction

One of the central puzzles in political economy is the question of why voters often op-
pose ef cient policies. 1 Congestion pricing is a quintessential but under-studied example
of such a policy. Since at least Vickrey (1963), there has been a large literature in eco-
nomics on congestion pricing as an ef cient method of traf ¢ reduction. However, only a
handful of cities in the world have implemented congestion pricing. (The primary exam-
ples are Singapore, London, Stockholm, and Milan.) Many more cities—including New
York, Hong Kong, and Edinburgh—have attempted to implement congestion pricing but
have thus far failed to do so, in large part due to voter opposition.

The purpose of this paper is to consider the hypothesis that inaccurate beliefs about
the effects of congestion pricing lead voters to oppose the policy against their own inter-
ests. | study this question in the context of London, which introduced congestion pricing
in 2003 in the face of mixed-to-negative voter opinion. Although I nd that 60 percent
of commuters were expected to bene t from the policy, voter support was low before the
policy was introduced: One month before congestion pricing was put in place, less than
40 percent of voters supported it. However, just one month after the policy, support went
up to 57 percent.? This ip in opinion points to the role of incorrect ex ante beliefs in the

formation of incorrect policy preferences; once incorrect beliefs about the policy's effects

1This is a subset of a larger question of why governments fail to implement ef cient policies. The lit-
erature includes examinations of political accountability (Maskin et al., 2004), the existence of ineffective
politicians (Caselli et al., 2004), and the role of special interests (Coate et al., 1995).

2From Transport for London's attitudinal tracker survey (Transport for London, 2004). See Section 2.3
for details.
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are corrected ex post, policy preferences are also corrected.

Congestion pricing provides a particularly appealing setting to study the discrepancy
between ef cient policy in theory and policy that is implemented in practice. First, con-
gestion pricing as it is typically implemented is not a complicated policy: commuters are
charged a fee to drive during certain times and/or in particular areas, making its direct
implications straightforward to understand. Second, in spite of this simplicity, the equi-
librium effects of the policy are more complicated. The policy's direct effect on the mon-
etary costs of commuting is clear, but the indirect effect on traf ¢ reduction may be more
ambiguous. In particular, commuters who underestimate the number of drivers who
switch to public transit under congestion pricing will underestimate the traf ¢ reducing
bene ts of the policy. | combine theory and empirics to show that incorrect predictions
of the the effects of congestion pricing can lead to a misalignment between the welfare
effects of the policy and support for the policy.

London's congestion charge is especially amenable to study, given the rich available
data on commuting patterns, traf c ows, and public opinion. London's congestion
charging scheme is one of the oldest such systems in the world, exceeded in age only
by Singapore's system2 The government as well as private research groups collected a
great deal of data on voter opinion regarding congestion pricing. In particular, my anal-
ysis leverages a survey conducted before the introduction of the congestion charge that
collected voter opinion on congestion charging as well as a wide set of voter demographic
characteristics. | link these data to data on commuting ows, traf ¢ conditions, and other
economic variables during this time to create a detailed picture of how voter opinion lined
up with the predicted economic effects of the policy.

| begin my analysis by xing ideas with a simple theoretical framework to show how
incorrect beliefs about the effect of congestion pricing on traf ¢ reduction can lead to an

inverse relationship between the welfare effects of the policy and support for the policy:

3Singapore introduced its “Area Licensing Scheme” in 1975. London introduced its congestion charging
scheme in 2003.
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Under certain conditions, voters who are expected to gain from congestion pricing may
actually oppose it, while voters who lose will support it. In my theory model, commuters
choose whether to drive or to take public transit depending on how many other drivers
are on the road. Congestion pricing increases the cost of driving, but reduces the number
of drivers. This induces drivers with relatively low values of time to switch to public tran-

sit. Redistributing toll revenues back to commuters is key to ensuring that the policy is
welfare improving. However, even with revenue redistribution, commuters who bene t
from congestion pricing may oppose it ex ante, and vice versa. | argue that this surprising
effect is due to “egocentric bias” (Ross et al., 1977; Gagnon-Bartsch et al., 2021), a well-
known phenomenon in psychology and behavioral economics, where individuals over-
estimate the number of others who have the same preferences as themselves. This can
lead drivers who continue driving under congestion pricing to underestimate the traf c
reduction effects of the policy, while drivers who switch to public transit overestimate
the effect of the policy. | show that these incorrect beliefs lead to an inverse relationship
between the welfare effects of the policy and support for the policy.

Motivated by this theory, | next provide suggestive evidence that voters in London in-
deed had incorrect beliefs about the effect of congestion pricing on traf c. Before the intro-
duction of London's congestion charging scheme, only 40 percent of voters supported the
policy. Moreover, less than 50 percent of voters believed that congestion charging would
actually reduce traf c. Just one month after the policy was introduced, support jumped
to nearly 60 percent, with 75 percent of respondents saying that congestion charging was
effective at reducing traf c. These two facts together suggest that voters held incorrect
ex ante beliefs about the equilibrium effects of the policy on traf ¢ reduction. After see-
ing the extent to which congestion pricing reduced traf c, voters quickly corrected their
opinions on the policy.

| also nd that political party and education were the strongest predictors of opinion

on congestion charging. After controlling for a wide range of characteristics, identifying
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as a member of the Conservative Party decreased the probability of supporting conges-
tion pricing by 14 percentage points. This re ects the fact that the policy was politically
polarizing, having been championed by a mayor who was widely seen as ultra-liberal.
Additionally, though, having some higher education degree increased the probability of
support by 13 percentage points, even after controlling for income group, party, and other
variables. This ties back to the predictions of the theory model by pointing to the role that
policy comprehension plays in the formation of policy opinion: We may think that more
educated voters had a better understanding of the economics of congestion pricing, al-
lowing them to more accurately anticipate the equilibrium effects of the policy.

Although this evidence is highly suggestive, a structural model is necessary to quan-
tify welfare impacts and to see how welfare lines up with voter opinion. The model
| estimate consists of two parts: First, | recover estimates of commuter preferences for
transportation modes using data on commuting from before the introduction of the con-
gestion charge. The mode choice model allows me to estimate substitution across modes
in response to the introduction of a congestion charge, which | use to quantify the ex-
pected welfare effects of the policy. Next, | feed those estimated welfare effects into a pol-
icy choice model in which voters choose whether or not to support congestion charging.
Motivated by the results from the survey, | include key voter demographic characteristics
in the policy choice model to uncover how demographics interact with predicted welfare
effects to produce voter opinion on congestion pricing.

My results show that voter opinion on congestion pricing is inversely related to the
policy's bene ts: On average a 1 percent increase in the expected welfare of the policy
corresponded to a 4.5 percent decrease in the share of supporters for congestion pricing. If
voter expectations were correct, we would of course expect the sign on this elasticity to
be positive. However, this nding is consistent with the predictions of the theory model
when voters have incorrect ex ante beliefs about the effect of congestion pricing on traf c

reduction due to egocentric bias. | also nd that education increased support: on average,
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a 1 percent increase in the share of voters with a higher education degree corresponded
to a 0.98 percent increase in the support share. More importantly, the interaction between
welfare and education in the model is positive. This result suggests that highly educated
voters were more likely to correctly estimate expected welfare when forming policy pref-
erences. Put a different way, educated voters had more accurate expectations about the
equilibrium effects of congestion pricing on traf ¢ reduction.

This paper contributes to the literature on the political economy of policy reform by
bringing evidence from a real-world policy setting. Numerous papers have developed
theories to explain voter opposition to policy reform, but few papers test their predic-
tions empirically, and those that do generally do so in lab settings. Fernandez et al. (1991)
were the progenitors of the in uential notion of “status quo bias,” arguing that voter
uncertainty about individual winners and losers from policy reform explains why gov-
ernments fail to implement those reforms. In this vein, | nd evidence of bias against
policy reform in favor of the status quo. However, my argument does not rest on the fact
that winners or losers cannot be identi ed ex ante. If this was the case, we would not
expect education to affect the accuracy of voters' predictions, which is what | nd.

Instead, the theory underlying my paper draws on the vast literature on “mispercep-
tions of others,” as reviewed in Bursztyn et al. (2022). My work is related to Dal Bo et al.
(2018), who argue that “underestimation of equilibrium effects” leads voters to favor “bad
policies.” That is, voters fail to account for the indirect effects of policy on equilibrium
behavior; in the case of congestion pricing, this occurs when voters underestimate the
effect of congestion pricing on traf ¢ reduction. The authors conducted a lab experiment
in which participants chose between a prisoners' dilemma game and a modi ed version
of the game that disincentivized defection, creating lower direct payoffs but higher ex-
pected payoffs compared to the prisoners' dilemma. They show that participants con-
sistently preferred the prisoners’ dilemma because they failed to account for the indirect

effect of the modi ed game on equilibrium actions and only looked at the change in direct
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payoffs. This leads to a systematic bias against policy reforms that improve welfare with
positive “indirect” effects while having negative “direct” effects. Congestion pricing is a
clear real-world example of such a policy, and this theory would explain why congestion
pricing is so rarely implemented in practice. However, a limitation of the theory is that
it only predicts underestimation of policy effects and not overestimation. Thus it cannot
explain the negative relationship I nd between predicted welfare effects of congestion
pricing and support for the policy.

An alternative theory that would better explain my results is the well-studied notion of
“egocentric bias,” in which individuals overestimate how common their own preferences
are among the population. Thiswas rst studied in the seminal work of Ross et al. (1977),
who termed it the “false consensus effect.” In the economics literature, further evidence of
this phenomenon has been found in people's preferences for political candidates (Orhun
etal., 2013) and income redistribution (Cruces et al., 2013). More recently, Gagnon-Bartsch
etal. (2021) developed a theory of egocentric bias, which they refer to as “taste projection,”
in private value auctions. In the context of congestion pricing, egocentric bias would lead
commuters who switch from driving to public transit under the policy to overestimate the
number of other commuters who make such a switch, causing them to overestimate the
effect of congestion pricing on traf ¢ reduction. Commuters who continue driving under
congestion pricing will underestimate the number of commuters who switch, therefore
underestimating the traf ¢ reduction caused by congestion pricing. |1 show in my theory
section that egocentric bias can explain the negative elasticity on welfare that 1 nd in my
structural results.

My work is complementary to that of Fajgelbaum et al. (2023), who study how voters
weight economic and political considerations when forming preferences for a high-speed
rail in California. As in their work, | nd strong evidence that voters consider more than
just economic welfare when deciding whether to support or oppose a transportation pol-

icy. | contribute to this discussion by proposing the notion of “egocentric bias” to explain
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the misalignment between predicted economic gains and voter preferences. Moreover,
unlike their work, which uses aggregate voting results from a referendum, my analysis
makes use of survey data, which allows me to leverage individual heterogeneity in my
model.

While there is a large literature studying the effects of congestion pricing policies
(Arnott et al., 1993; Brinkman, 2016; Barwick et al., 2024; Kreindler, 2024; Herzog, 2023),
the literature on the political economy of congestion pricing is vanishingly small with no
empirical work, to my knowledge. The work of De Borger et al. (2012) is closest to my
paper.* Although they consider the role of “uncertainty” in explaining voter opposition
to road tolling, they only consider the case of individuals who are uncertain about their
own commuting mode choices under congestion pricing. Additionally, their work is en-
tirely theoretical. Drawing on the aforementioned literature in political economy, | argue
that a much more likely source of uncertainty is uncertainty about other commuters' mode
choices. Moreover, | am the rst to bring empirical evidence to this topic, leveraging
survey results from before the introduction of congestion pricing in London.

The remainder of the paper is organized as follows. Section 2.2 provides background
on London's congestion charging scheme, with particular attention paid to the politics
surrounding its introduction. Section 2.3 brie y describes my data. Section 2.4 sets out
the theoretical framework that motivates my analysis. Section 2.5 provides suggestive ev-
idence that supports the theory model and provides further motivation for the structural
analysis. Section 2.6 describes the structural model. Section 2.7 discusses the estimation

procedure. Section 2.8 presents results. Section 2.9 concludes.

4The full list of other references | could nd on this subject is: De Borger et al. (2018) and De Borger et al.
(2022).
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2.2 Background

2.2.1 The mechanics of the London Congestion Charge

London introduced its congestion charging scheme in February 2003. Under the pol-
icy, drivers were charged £5 for driving anywhere in the charging zone—located in central
London— anytime between 7am to 6:30pm, Monday through Friday. ° Figure 2.1 shows
the charging zone in shaded red. The zone's boundary is de ned by a major roadway—
the “Inner Ring Road”— although the ring road itself is not part of the zone. This allowed
cars to turn onto the ring road to avoid the toll if they did not need to travel into the zone
(Richards, 2005).

Certain vehicle types were exempt from paying the charge, including of cially reg-
istered taxis, emergency vehicles, and licensed buses, among others. Additionally, res-
idents of the charging zone were eligible for a 90 percent discount. However, in order
to be granted this exemption, drivers were required to submit an application showing
proof of residence and evidence that the vehicle was only being used by the resident.
The designers of the scheme initially wanted to impose the charging on all drivers in the
zone. However, it was quickly deemed politically necessary to grant some exemptions
(Richards, 2005).

In common with many congestion charging schemes around the world, the revenue
from London congestion charging scheme was earmarked for public transit improve-
ments. This included improvements to the bus network, restructuring of fares, and gen-
eral maintenance and functional improvements (Transport for London, 2002).

Although my analysis focuses on the congestion charge as it was introduced in 2003,
there have since been numerous modi cations to the charging scheme, including in-
creases in the toll rate. Perhaps most signi cantly, the charging zone was briey ex-

panded from 2007 to 2011. This “Western Extension” was removed under Boris Johnson

5The fee has since been raised to £15.
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after public consultations showed that 67 percent of respondents wanted the extension to
be removed.® In this paper, | ignore these various modi cations and focus on the initial
introduction of the congestion charge in order to study voter beliefs about the effects of

congestion charging.

Figure 2.1: London's congestion charging zone

2.2.2 The politics of congestion charging in London and beyond

Politically, the groundwork for the introduction of congestion charging in London was
laid by the election of Ken Livingstone to the of ce of mayor in 2000. This was London's
rst ever mayoral election after a 1998 referendum overhauled its previous council-based
governing system.’ The 2000 mayoral election featured four major candidates: three from

the leading national parties (Labour, Conservative, and Liberal Democrat), and Living-

Shttp://news.bbc.co.uk/2/hi/uk_news/england/london/7752046.stm

"London had previously been governed locally by the Greater London Council. This governing body
was replaced by the Greater London Authority in 1998 as the result of the Greater London Authority Ref-
erendum. This established a directly elected mayor and assembly.
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stone, who ran as an Independent after failing to secure the nomination of the Labour
Party, to which he had previously belonged. Livingstone ultimately won the election
with 39 percent of the rst-round vote and 58 percent of the second-round vote.

Traf ¢ congestion was seen as a major issue in the 2000 mayoral election, and the idea
of congestion charging as a tool for reducing traf ¢ had been studied by the government
for several decades and was by this point well-known. More than 80 percent of respon-
dents rated traf c a “big” or “very big” problem in 2000, according to the London Mayoral
Election Study.® The UK's Department for Transport had considered congestion charging
since at least the 1960s (Smeed, 1964). However, Livingstone was the sole candidate to
make congestion charging a major campaign issue and to include the policy in his elec-
tion manifesto. Although he did not propose a speci ¢ plan, his manifesto pledged that
he would “consult widely about the best possible congestion charge scheme” (Richards,
2005).

In spite of this consensus on the importance of addressing traf ¢ in the city, voter opin-
ion on congestion charging was mixed to negative. In 2000, three years before congestion
pricing was introduced, 20 percent of voters “strongly agreed' with congestion pricing
and 23 percent merely “agreed,” compared to 29 percent who “strongly disagreed” and
14 percentage points who “disagreed.” 1% Support was also mixed among special interest
groups. Transit advocacy and environmental groups were supportive of the plan, due to
the fact that revenue from the congestion charge was earmarked for public transportation.
Large business groups supported the plan in the hopes that reduced congestion in the city
center would improve economic conditions there, while the Federation of Small Busi-
nesses was “strongly opposed” due to concerns that small business owners who needed
vehicles for their businesses would be required to pay (Richards, 2005).

Ultimately, however, congestion charging in London was implemented without the

8The election used a “supplementary vote system,” in which voters ranked their top two choices.
9See Section 2.3 for more information on the survey.
10Based on data from the London Mayoral Election Study.
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direct involvement of voters. As mayor, Livingstone was Chairman of Transport for Lon-
don (TfL), London's transportation governing body, which gave him broad authority to
implement transport policy. Moreover, Livingstone's “strong commitment” to conges-
tion charging in his election manifesto “provided him with real authority in progressing
congestion charging once he was elected” (Richards, 2005). With respect to oversight, the
Greater London Assembly did establish a Scrutiny Panel to assess the congestion pricing
scheme, and TfL set up a consultation process to collect opinions from voters and stake-
holders. However, oversight notwithstanding, Livingstone faced relatively few political
hurdles when it came to imposing congestion charging.

The relative ease with which congestion charging was implemented in London is in
stark contrast to many congestion charging proposals in other cities around the world.
Congestion charging in Stockholm, for example, was only approved via referendum after
a 6-month trial period during which congestion pricing was temporarily introduced to
help commuters better understand the policy (Lehe, 2019). In Edinburgh, congestion
pricing was rejected after it was put to a referendum vote and opposed by 74 percent of
voters.11

Nevertheless, it is still important to study voter opinion on congestion pricing in Lon-
don even if voters were not directly involved in the decision of whether to implement
the policy. As is evident from the above examples in other cities, voter opinion has been
an important reason why congestion has been implemented (or, more often, failed to be
implemented) in cities around the world. In the years between his election and the intro-
duction of congestion pricing, Livingstone held multiple public consultations to collect
the opinions of individual voters and interest groups. Moreover, voters could still exercise
in uence over the policymaking process through their power to elect politicians, includ-
ing Livingstone. However, the literature on career concerns predicts that policy decisions

by politicians will differ when an election is imminent versus early on in a politician's

Mhttp://news.bbc.co.uk/2/hi/uk_news/scotland/4287145.stm
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tenure (Rogoff et al., 1988; Rogoff, 1990; Persson et al., 2000). This theory helps to explain
Livingstone's decision to pursue congestion pricing almost immediately after taking of-
ce, given that it was a relatively unpopular policy that surveys suggest would have been

rejected had it been put to a vote.

2.3 Data

| combine survey data on voter preferences with data on commuting ows, mode
choices, and population characteristics from the 2001 UK Census. All my analysis is done
at the Census Area Statistics (CAS) ward level; there are 649 CAS wards in Greater Lon-

don.

2.3.1 \Voter preferences

Data on voter preferences for congestion charging come from the London Mayoral
Election Study (LMES). This survey was conducted by the National Centre for Social Re-
search in May and June 2000, immediately following the mayoral election, which was
held on May 4. Respondents were selected at random by phone number to yield a repre-
sentative sample of London residents aged 18+. The purpose of the survey was to collect
data on voters' political preferences in the 2000 election. Voters were asked whether they
voted, which candidates and parties they voted for, and what their stances were on a
range of policies. Most importantly for my purposes, respondents were asked whether
they agreed or disagreed (strongly or not) with the statement on congestion pricing:
“Motorists who want to drive into central London on weekdays should have to buy a
daily, monthly or annual permit.” The survey additionally asked questions about demo-
graphic characteristics, including home ownership, labor force participation, occupation
skill group, education, and frequency of driving and public transit usage. The survey

data also include voters' 3-digit postcode of residence, which | use to (approximately)
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link voters to their CAS ward. 12 The survey ultimately included responses from 1,548
adults.*3

Table 2.1 shows survey-weighted summary statistics for a selection of variables from

the LMES.

mean sd min  max count
Age 41.71 16.022 18.00 91.00 1,515
Male 046 0499 0.00 1.00 1,548
No. of people in household 298 1.637 1.00 10.00 1,526
Voted for Ken Livingstone (rstround) 0.20 0.398 0.00 1.00 1,548
Conservative Party member 0.27 0.444 0.00 1.00 1,506
Owns home 063 0484 0.00 1.00 1,508
High skill 0.76 0429 0.00 1.00 1,548
Employed 064 0480 0.00 1.00 1,524
Higher education degree 0.32 0.467 0.00 1.00 1,548
Drives car at least once a week 0.58 0.493 0.00 1.00 1,548

Uses public transit at leastonce aweek 0.69 0.464 0.00 1.00 1,548

Table 2.1: Summary statistics from London Mayoral Election Study

The survey also contained two additional sets of questions about mayoral politics that
| consider in my analysis: Roughly half of respondents were asked the additional Version
A questions, which among other things asked them whether they thought the Greater
London Authority would make traf ¢ and public transit better or worse. The other half
of respondents were given Version B, which included a four-question “quiz” that tested
respondents' knowledge of the new governing structure in London. 14

The LMES is a cross-sectional survey, giving me a detailed snapshot of voter opinions

at the time of the London mayoral election. However, | am unable to see how voter

12pgst codes—particularly 3-digit postcodes—do not line up neatly with Census geographic areas. To
create a crosswalk between postcodes and wards, | overlay maps of the two in ArcGIS and assign postcodes
to the ward with which they have the largest area overlap.

3Note that | do not observe respondents' workplace locations, which is a key limitation, as both home
and work location determine whether the commuter is likely to pay the congestion charge on their commute
if they choose to drive. | circumvent this issue by computing averages by origin location weighted by
commuting ows, described below.

14n particular, respondents to answer true-or-false to a series of statement, e.g., “The Greater London
Authority can raise the income tax.” These questions were relevant at the time because this was the rst
ever election for mayor/GLA; see Section 2.2 for discussion.
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opinion on congestion pricing evolved over time. To that end, | supplement the LMS
data with summary statistics from a series of “attitudinal tracker surveys” conducted by
Transport for London. These surveys, which were conducted on a monthly basis between
December 2002 and October 2003, were aimed speci cally at tracking residents' opinions
of congestion charging before and after the charging scheme was introduced. They asked
guestions such as, “Do you support or oppose the congestion charging scheme?” and
“Will the charge be effective?” As | discuss in Section 2.5, these surveys provide key
evidence of voters' ex ante opposition and ex post support. Unfortunately, TfL no longer
holds the data from these surveys.® As such, | can only work with the summary results

published in TfL's “impacts monitoring reports” (Transport for London, 2004).

2.3.2 Commuting ows

Commuting data consist of “journey-to-work” ow data derived from the 2001 UK
Census. For each origin-destination pair of geographic areas, the data report (with some
noise infusion for privacy) the number of individuals who reside at the origin and work
at the destination. The data can also be broken down by mode of transportation. The
possible modes include car, bus, London Underground (tube), train, walking, and biking.
As | discuss in Section 2.6, | primarily focus on car, bus, and tube.

| assume that commuters take the shortest distance route between their home and
work locations in their commute. To compute routes, | rst nd the centroid of each CAS
ward using ArcGIS. | then compute pairwise routes between each ward centroid using

the r5r package in R.

5In response to an FOI request for the data, TfL wrote: “Unfortunately we do not hold the information
you have requested. Our data retention period is 7 years for consultation material and data. Therefore, we
don't hold anything on these surveys from 2003.”
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2.3.3 Fares and travel times

| do not observe the actual cost of a trip for individuals in the survey or in the aggre-
gate commuting ow data. In this section, | describe the data and procedure | used to
approximate costs and travel times for the transport modes | include in my mode choice

model: car, bus, and tube.

Monetary costs

Car The monetary costs of driving a car come from two sources: fuel costs and wear-
and-tear costs. | obtained an estimate of gasoline costs in the UK in 2001 of $1.17 per
gallon,1® which in 2001 converted to approximately £0.82 per gallon. 1’ Assuming fuel
economy of around 16 mpg for a compact car, this converts to £0.05125 per mile or £0.0318
per kilometer. 1 Finally, | assume a wear-and-tear cost of £0.036 per kilomter.1® This totals

£0.0678 per kilometer.

Bus In 2001, bus fares in London were dependent on the fare zone of origin and desti-
nation. | match each ward centroid to its closest fare zone.?° Bus fare was £1 for any trips
originating or terminating in Zone 1, and £0.7 for all other trips. 2! | ignore any discounts

for children or frequent rider passes.

18tradingeconomics.com/united-kingdom/gasoline-prices

This comes from an exchange rate of 1 USD = 0.7 GBP from www.poundsterlinglive.com/bank-of-
england-spot/historical-spot-exchange-rates/usd/USD-to-GBP-2001

18The fuel economy estimate is based on city mileage for compact cars in 2001
www.fueleconomy.gov/feg/byclass/Compact_Cars2001.shtml This estimate comes from US cars,
but is likely to be a decent approximation for UK cars.

19This estimate is based on Barwick et al. (2024), where they assume wear-and-tear costs of 0.3 yuan per
kilometer.

°Due to security concerns, TfL does not publish a GIS map of its fare zones.
Instead, | use a user-created approximation of the fare zone map, available on
Google MyMaps www.google.com/maps/d/viewer?dg=feature&msa=0&mid=1eljWEQyO-
PchgJUttxBBKYQvPXxE&I1=51.49280340511744%2C-0.17372399999997623&z=10

2This comes from a TfL table published in response to an FOI request:
t .gov.uk/corporate/transparency/freedom-of-information/foi-request-detail ?referenceld=FOI-2382-

1819
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Tube Tube fares in London are also tied to the fare zone of origin and destination. The
full tube fare schedule was published in the TfL board meeting agenda from Septem-
ber 2000 (London, 2000). Fares varied between £1.50 to £3.60, depending on origin and

destination zones and the distance (in terms of number of zones) traveled.

Travel times from National Travel Survey

In order to estimate travel times, | use results from the public version of the 2001 UK
National Travel Survey (NTS). Travel times are clearly endogenous and depend on traf ¢
conditions. In Section 2.7, | explain how | update driving times under counterfactual
scenarios with different traf c densities. Here, | describe the NTS and discuss how |
estimated average travel times in 2001 given existing traf c density.

The UK NTS is a household travel survey that has been conducted annually since
1988. The study asks respondents about their travel habits and, most importantly, has
them Il out a travel diary for one week. The travel diary records information including
trip purpose, duration, distance, and mode of transportation. Unfortunately, | cannot
use the travel survey to estimate my mode choice model. The survey sample is national,
and its coverage of London is relatively sparse. Even the most restricted “special license”
version of the data would not allow me to observe origin and destination locations at a
ner geographic scale than Inner vs. Outer London.

However, in spite of these limitations, | can still use the NTS to estimate average travel
times by mode within London. | use the trip diary data and restrict the sample to only
include commuting trips originating and terminating within Greater London. | compute
the average speed for each trip by dividing the distance (in kilometers) by the duration

(in hours). Finally, | estimate the regression:

YA8?(?443=\V,, V1 8BC0=24 V, 8BC0=%4
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| include the distance-squared term to capture potential nonlinearities. (For example,
longer trips may be taken on highways, increasing the average speed.)

Table 2.2 shows the results. Obviously, these coef cients should not be considered
causal. However, | use the estimates to approximate trip speed given the distance be-

tween any two wards in my commuting data.

1) 2) 3)
Car Bus Tube
Distance 0.061 0.114 0.073
(0.00) (0.01) (0.01)
Distance squared -0.001 -0.001  -0.000
(0.00) (0.00) (0.00)

Constant 0.098 0.115 0.122
(0.01) (0.02) (0.03)
Observations 6277 419 325

? Y005, ?YO0-01, ?YO0-001

Table 2.2: Regression of trip speed on distance

2.4 Theoretical framework

In this section, | present a brief theoretical framework and graphical analysis to pro-
vide intuition for how incorrect beliefs about the effect of congestion pricing on traf c
reduction due to “egocentric bias” may result in a misalignment between voters' ex ante
and ex post preferences.

Let there be a xed number of commuters indexed by 8. Commuters choose between
driving and taking public transit and have individual-speci c commuting costs for both.
Specically, let 3, 2 g= be the cost of driving, where = is the number of commuters who
choose to drive, 3 is a xed cost, and 2gis a commuter-speci ¢ cost. Driving is con-
gestible, so it increases with the number of drivers =. We can think of 2 g as capturing
the commuter's individual-speci c time cost: As = increases, the roads become more con-
gested and driving speeds slow down. The costliness of this slower speed is captured by

25 Commuters with a higher 2 ghave a higher value of time.
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Figure 2.2: Commuting decisions without revenue recycling

The cost of public transit is given by 0, 1 g The xed term 0O is the monetary cost
of public transit (i.e., fares) that is the same for all commuters. The individual-speci ¢
component 1gcan be thought of as capturing individual distaste for taking public transit.
| assume that public transit is not congestible, i.e., the cost of public transit does not
increase with the number of riders. This is acommonly made assumption in the literature.
One concern may be that adding more riders can slow down service by, for example,
increasing the number of stops a bus. However, | make this assumption for simplicity to
make the takeaways from this discussion more straightforward.

A congestion charge takes the form of a at fee C that is added to the cost of driving.
| consider two scenarios for how revenue from the congestion charge can be used. First,
| consider the scenario where toll revenue is thrown away. Second, | consider a scenario

where toll revenue is uniformly redistributed, so each commuter receives a subsidy B.

2.4.1 Policy preferences with two commuter types

To make the discussion more concrete, in the remaining discussion | focus on two rep-

resentative commuter types, a “high-type” and a “low-type” !, where 2 ' Y 2 and
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1, Y 1 . We can think of the high-type commuter as being high-income—they have a
higher value of time and a greater distaste for public transit—while the low-type com-

muter has a lower value of time and a relatively low distaste for public transit. 22

No revenue recycling First, | consider preferences for congestion pricing when revenue
from the toll is thrown away. Figure 2.2 illustrates the costs for the two commuters. In
the gure, blue lines correspond to costs for Commuter !, and red lines correspond to
costs Commuter . The x-axis is the number of drivers. The initial number of drivers is
given by =0. At this level, the cost of driving is lower for both commuters, so both of them
choose to drive, indicated by points and for Commuters L and H, respectively.

Say a congestion charge is imposed, increasing the cost of driving by a xed amount
C. This lower the number of drivers to =23 At this new driving level, the cost of public
transit is lower for Commuter !, so they move to point O For Commuter , the cost of
driving is still lower with the congestion price compared to the cost of public transit, so
they continue to drive. However, they move to point  °because there are fewer drivers
on the road.

Under congestion pricing with no revenue recycling, Commuter ! is worse off and
they oppose the policy. Commuter !'s cost of commuting goes up as they move from
to 9 switching from driving to public transit. We can think of this in terms of revealed
preference; we know that Commuter ! prefers driving to public transit, as their initial cost
of driving is strictly lower than their cost of public transit. When the congestion charge
forces them to take public transit without compensating them in the form of a subsidy,
Commuter ! is worse off.

Commuter is better off under congestion pricing, even when there is no revenue

recycling. Commuter 's cost of commuting goes down as they move from to 0 Al-

22Note that in theory it would be possible for a commuter with a relatively high value of 2 gto have a
relatively low 1 g and vice versa. However, the two commuter types | describe here are consistent with
typical empirical observations in the literature.

230bviously, =Cis determined in equilibrium and can be expressed in terms of the cost parameters. The
exact form of =%is unimportant, so | simply plot it here as a new vertical dashed line.
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Figure 2.3: Commuting decisions with revenue recycling

though they must pay the tax, they bene t from the reduced number of drivers. Note that
this is true because of Commuter 's relatively high value of time (as captured by 2 )
Commuter 's time savings from the lowered congestion is greater than the cost of the
tax. Commuter !, who has a relatively low value of time, would still be worse off if they

continued to drive under the congestion charge.

Adding revenue recycling Next, | consider preferences for congestion pricing when
revenue is returned to commuters in the form of a subsidy. Figure 2.3 illustrates this
scenario, where the costs of both driving and public transit under congestion pricing are
reduced by an amount B.

When revenue is recycled, Commuter ! can be better off under congestion pricing
and they support the policy. As before, the congestion charge induces Commuter ! to
switch from driving to public transit. However, in this scenario, the subsidy can be used
to compensate Commuter ! for the cost of switching. Inthe gure | present, the subsidy is
suf ciently large that Commuter !'s cost goes down under the congestion charge. Note,
however, that if the subsidy was very small, Commuter ! would switch to public transit

but would still be worse off.
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Commuter 's preferences for congestion pricing with revenue recycling are not dif-
ferent compared to the case without revenue recycling. They are still better off under the

congestion charge.

2.4.2 Policy preferences with incorrect beliefs about equilibrium effects

Finally, I show that commuters who have incorrect ex ante beliefs about the equilib-
rium effect of the congestion charge on the number of drivers may oppose the policy
when they should support it, and vice versa.

First, if Commuter underestimates the equilibrium effect of the congestion charge,
they may oppose the policy ex ante even though they would have bene ted from it ex
post. This can happen whether or not there is revenue recycling. Say that Commuter

believes the new number of drivers under the congestion price is given by = 9, where
0¥ =20 ¥y =0, For this number of drivers, when there is no revenue recycling as shown
in Figure 2.2, Commuter would still choose to drive, as their cost of driving is still
lower than their cost of public transit. However, at this point (9, their cost of driving
would be higher than without the tax. The additional cost of the tax would not be fully
compensated by the time savings from the reduced number of drivers. For this same
number of drivers, when there is revenue recycling as shown in Figure 2.3, Commuter

will switch to public transit, and they will be worse off. Therefore in either scenario,
Commuter would incorrectly predict that they will be worse off under the congestion
charge, and they will oppose the congestion charge when they should be in favor.

On the other hand, without revenue recycling, overestimating the effect of congestion
pricing on reducing the number of drivers would lead Commuter ! may support the pol-
icy ex ante even when they would be hurt ex post. As shown in Figure 2.2, say Commuter
I predicts that the number of drivers under congestion charging will be = ?. Then they
predict that they will continue driving and their cost of commuting will be less than be-

fore ("9) In this scenario, overestimating would cause Commuter ! to incorrectly predict

62



that they will be better off under the congestion charge. When there is revenue recycling,
overestimation could result in a misalignment between ex ante and ex post policy opinion
if the subsidy is small enough that they are hurt by the policy. That is, overestimation

could lead Commuter ! to support the policy when they would be hurt by it.

2.4.3 Discussion

Although this graphical discussion is highly informal, it yields important takeaways
about the political economy of congestion pricing.

First, the identity of the winners and losers from congestion pricing depends on the
cost parameters, in particular, the value of time and the distaste for public transit. Dif-
ferent values for the individual-speci ¢ costs would produce different results. For exam-
ple, it is not necessarily true that commuters who continue driving under the congestion
charge will be better off.

Second, revenue recycling can be used to compensate potential losers from the policy.
In the example above, Commuter ! switches to public transit in both scenarios with con-
gestion pricing, but in the scenario with revenue recycling they are compensated for the
increase in commuting costs by the subsidy from the toll revenues. Previous literature
has shown that revenue recycling is crucial to ensuring that congestion pricing is welfare
improving (Vickrey, 1963; Arnott et al., 1993; Brinkman, 2016; Barwick et al., 2024).

Finally, even with revenue recycling, inaccurate predictions of the effect of congestion
pricing on the number of drivers can lead to a misalignment between ex ante and ex post
policy preferences. There are numerous theories that could explain commuters' innac-
curate beliefs. In the vein of Dal B6 et al. (2018), commuters could underestimate the
“indirect effect” of the congestion price on inducing drivers to switch to public transit.
However, this theory would only explain underestimation of the number of drivers, and
not potential overestimation. The example | describe above is more in line with the “ego-

centric bias” theory of Ross et al. (1977) and Gagnon-Bartsch et al. (2021), who nd that
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individuals are biased towards thinking that their own responses are relatively common
in the population. In the context of the example above, this would mean that drivers who
switch from driving to public transit under congestion pricing will overestimate the num-
ber of other commuters who switch to public transit, while drivers who continue driving
under congestion pricing will underestimate the number of other commuters who con-
tinue to drive.

Disentangling the precise sources of inaccurate beliefs about the effect of congestion
pricing is beyond the scope of this paper given the limitations of the survey data, although
| make progress in this direction. The “underestimation of equilibrium effects” theory is
only predicted to cause a misalignment in ex ante and ex post preferences for high-type
commuters. However, the “egocentric bias” theory that | develop here would cause a
misalignment in preferences among both high- and low-type commuters. This predicts
that the relationship between the welfare effects of the policy and support for the policy is
negative. In the structural results presented in Section 2.8, | nd evidence of this negative
relationship.

Note that this theory on its own does not necessarily predict a bias against congestion
pricing reform. If there are many low-type commuters who overestimate the effect of
congestion pricing on traf ¢ reduction, this would lead to higher support for the policy.
However, the results suggest that there are more high-type commuters (or at least, com-
muters with suf ciently high values of time) such that the majority of voters are ex ante

against congestion pricing when they should be in favor.

2.5 Suggestive evidence

Before turning to the structural model and estimation, | present suggestive evidence
on voters' preferences for congestion pricing policies. The key takeaways are that voters
change their preferences very quickly after inaccurate beliefs about the effects of the pol-

icy are resolved, and that individual characteristics—particularly education and political
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party—are highly correlated with preference.

2.5.1 Preferences for congestion pricing over time

In this section, | discuss evidence of voters' ex ante opposition and ex post support for
congestion pricing using results from the TfL attitudinal tracking survey. The survey was
conducted on a monthly basis between December 2002 (two months before the introduc-
tion of the congestion charging scheme) and October 2003. Respondents were asked a
series of questions related to their opinions on congestion charging.

Figure 2.4 displays results from three survey questions. The month of the introduction
of the congestion charging scheme (February) is plotted with a dotted vertical line. All
three questions show signi cant changes in responses before versus after the introduction
of congestion charging.

Figure 2.4a shows respondents' ratings of the importance of reducing congestion in
London. The results show that opinion was greatly affected by the introduction of con-
gestion charging. Around 80 percent of respondents rated congestion reduction “impor-
tant” before the introduction of congestion charging in February 2003. 24 However, just
two months later, that number drops to around 50 percent, while the percentage of re-
spondents rating congestion reduction as “unimportant” jumps from 14 to 35 percent.
This suggests that respondents observed that congestion charging was highly effective at
reducing congestion, to the point that traf ¢ reduction was no longer a dominant issue.

Figure 2.4b shows responses to the question, “Do you support or oppose the con-
gestion charge?” Before the introduction of congestion charging, voters were mostly op-
posed. Only 40 percent of respondents supported congestion charging.?® At least as many
voters (more than 40 percent) said that they were opposed to congestion charging. A rela-
tively small fraction of respondents (less than 20 percent) said that they neither supported

nor opposed congestion, suggesting that this was a polarizing issue on which most vot-

24This is consistent with the results from the London Mayoral Election Study discussed in Section 2.2.
25This is again consistent with the LMES results.
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ers took a stance. However, after congestion charging was introduced, support shot up to
around 60 percent. This drastic change shows that voters generally supported the policy
once their inaccurate beliefs about its effects were corrected.

Finally, Figure 2.4c suggests that this shift in opinion was potentially due to voters
updating their understanding of the ef cacy of congestion charging. | plot respondents’
opinions on whether or not they thought congestion charging would be effective at reduc-
ing traf c. Before February, around half of respondents agreed that congestion charging
would reduce traf c. Nearly 40 percent of voters said that they disagreed. Again, opinion
shifted immediately after congestion charging was introduced. More than 70 percent of
respondents agreed that congestion charging was reducing traf ¢, compared to just 10
percent who disagreed.

Put together, these survey results tell a clear story: Although traf c congestion was
seen as a major problem, voters were split on whether to support congestion charging at
least in part because they were doubtful that it would actually reduce traf c. Once the
effects of congestion charging were revealed, voters ex post updated their beliefs about
the ef cacy of congestion charging and, at the same time, updated their support for the
position.

It is worth noting that respondents who said that they did not think congestion charg-
ing would reduce congestion either greatly overestimated commuters' willingness to pay
to drive or fundamentally misunderstood the economics of congestion charging. This

motivates the analysis of voter “beliefs” in policy preference formation.

2.5.2 Preferences and voter characteristics

| next turn to evidence showing that certain voter characteristics—in particular, ed-
ucation and political party—are strong predictors of opinion on congestion pricing. For

this analysis, | use data from the London Mayoral Election Study, which was conducted
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