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Abstract of Dissertation

Essays on Urban and Environmental Economics

Traffic congestion and air pollution are major problems in cities. This dissertation
contains three essays that focus on transportation policies related to these issues.
The first essay estimates a gasoline price elasticity of traffic flow in Shanghai, China.
The Chinese government is seeking effective regulations to reduce traffic congestion,
vehicle emissions, and air pollution. One tool that policymakers have to regulate
traffic and reduce emissions is the driving cost. This essay uses data from 577 sensors
on city expressways in Shanghai from January 2011 to March 2013 to estimate the
short-run causal impact of unanticipated government gasoline price adjustments on
traffic flow. Results show that traffic flow does respond to gasoline price changes.
This impact dissipates in three days, with an estimated average elasticity of traffic
flow to the price of gasoline of -0.26. Given baseline traffic, this estimate implies that
a one percent increase in gasoline price would reduce daily average traffic flow by 104
vehicles per sensor. The impact varies with types of price changes and is greater for
price increases than price decreases.

The second essay (co-authored!) investigates the relationship between air quality and
travel behavior, e.g., driving vehicles and riding taxis. Air pollution severely affects
human health. In 2013, the Chinese government started releasing a daily air quality
index (AQI) to inform people of the level of air quality and its health effects. Using
daily traffic flow on city expressways in Shanghai from 2013 to 2014, we study the
impact of the AQI on traffic flow on workdays. Using westerly wind as an instrumental
variable for the daily AQI, we find that daily traffic flow increases with the daily AQI

and the effect only occurs when the air switches reported pollution levels. When the

1Joint work with Pan He, Postdoctoral Researcher, Department of Earth System Science, Ts-
inghua University
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air quality switches from a non-polluted level to a polluted level, the daily traffic
flow increases by 2.9 percent. Our results provide evidence that people in developing
countries engage in avoidance behavior to air pollution in their daily life.

The third essay examines the impact of Citi Bike on bicycle-related traffic accidents in
New York City. Policymakers introduce bike-sharing programs in the United States
seeking to reduce traffic congestion, while opponents have concerns about whether
additional bicycles would increase traffic accidents. Using data on the number of daily
traffic accidents involving bicycles and the number of daily traffic accidents involving
cyclist injuries from 2012 to 2014, I find no significant increase in the number of these

two types of traffic accidents after the introduction of Citi Bike in 2013 in the city.
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Introduction

Traffic congestion, vehicle emissions, and air pollution are common problems in
cities. For example, in the United States, the cost of congestion was $87 billion in
2018, with an average time loss of 97 hours per year (INRIX, Inc., 2019). Traffic
related problems are even more severe in developing countries. For example, in cities
in China, vehicle emissions are a major contributor to air pollution (The Ministry
of Ecology and Environment of the People’s Republic of China, 2018). To deal with
these problems, policymakers are implementing regulations to reduce the number of
vehicles on the road.

The first two chapters in this dissertation focus on factors that influence residents’
driving decisions in China. The Chinese government is seeking methods to reduce
traffic in order to improve air quality in the country. One method it is implementing
is to use regulations to reduce the number of vehicles on the road. Driving restrictions
experimented in Beijing, however, were not as effective as was expected (Wang et al.,
2014a). Therefore, the government is seeking other methods to protect the air.

In Chapter 1, I estimate a gasoline price elasticity of traffic flow in China. The
existing literature mainly focuses on impacts of changes in gasoline prices on gasoline
demand and traffic flow in developed countries (e.g., Hughes et al., 2008; Park and
Zhao, 2010; Goodwin et al., 2004). However, there is a gap in the literature studying
the topic in developing countries. Simply using the estimated elasticity in developed
countries as references for the possible elasticity in developing countries and making
corresponding traffic regulations accordingly may not be effective, because people in
developed countries and developing countries are different. For example, people in
developed countries are wealthier than people in developing countries and might be
less responsive to gasoline price changes than those in developing countries. This
chapter tries to fill a gap in this literature with a focus on a developing country,

China.



In this chapter, to identify a causal impact of retail gasoline price changes on
traffic flow, I rely on variations of traffic flow in a short span of days before and
after retail gasoline price changes. In China, the National Development and Reform
Commission (NDRC) regulates retail gasoline prices by changing retail gasoline price
ceilings unpredictably in response to fluctuations in global oil markets. Drivers can-
not predict when and how the NDRC changes retail gasoline price ceilings, and all
gasoline retailers must change their retail gasoline prices with the same amount of in-
crement /decrement the NDRC sets for the change in the retail gasoline price ceiling.
Using data on daily traffic flow on city expressways in Shanghai, this study focuses on
the days near price adjustments to estimate the impact of gasoline price changes on
traffic low. Results show that a one percent increase in gasoline price decreases traf-
fic flow by 0.45 percent within three days after the gasoline price increase. However,
effects from price decreases are not statistically significant.

In Chapter 2 (joint work with Pan He?), we explore the impact of air quality on
transportation modes, e.g., driving or riding taxis. The Chinese government started
releasing a daily air quality index (AQI) in 2013 to inform people the level of daily air
quality and whether the air quality is harmful for human health. Such information on
air quality and health effects might influence people’s transportation modes when they
commute. Existing literature has found that people’s activities change with air quality
both in developed and developing countries (e.g., Zivin and Neidell, 2009; Ward and
Beatty, 2015; Zheng et al., 2016; He et al., 2016). Our study contributes to this
literature, with a focus on the impact of information on air quality on transportation
modes for commutes.

Given the reverse causality between traffic low and air quality, we adopt an In-
strumental Variable Strategy to identify a casual impact of the daily AQI on daily

traffic flow. Our interest is the impact of the daily AQI on daily traffic flow. However,

2Postdoctoral Researcher, Department of Earth System Science, Tsinghua University



the change in traffic flow might also affect the daily AQI through vehicle emissions.
To solve this problem, we use westerly wind as an instrumental variable for daily
AQI. The city of Shanghai faces the East China Sea with its north, east, and south
sides surrounded by the sea. When wind blows from the west, it brings air pollutants
from inland China to the city, increasing the pollution level.

We find that traffic flow increases when the air is polluted. Our results suggest that
people might switch from transportation modes such as bicycling and motorcycling
to modes that are less exposed to air pollution.

In Chapter 3, I examine the impact of the introduction of Citi Bike, launched in
May 2013, on traffic accidents in New York City. Cities are installing bike-sharing
programs, hoping to reduce traffic congestion and air pollution. Studies have found
that bike-sharing programs do help to reduce traffic congestion (e.g., Hamilton and
Wichman, 2018; Fishman et al., 2014; Sobolevsky et al., 2018). However, citizens are
worrying about the increase in bicycle-related traffic accidents due to the provision
of Citi Bike.

Using daily motor vehicles collisions reported to New York Police Department, I
examine changes in traffic accidents involving bicycles and traffic accidents involving
cyclist injuries before and after the introduction of Citi Bike. I do not find any

increases in either type of traffic accident after the introduction of Citi Bike.



1 Do Chinese Drivers Respond to Gasoline Price Changes?

1.1 Introduction

Air pollution in China is a severe problem. Among the 155 cities where hourly air
pollutants are monitored by the Chinese Environmental Protection Agency (EPA),
thirty-six percent of them have annual concentrations of particulate matters (PMs5
and PM;,) above the World Health Organization’s guideline annual limits (Han et al.,
2018). Vehicle emissions are a major contributor to air pollution in major cities in
China.? Any policy lever that can reduce the number of vehicles on the road could
reduce vehicle emissions and thus reduce air pollution (Currie and Walker, 2011;
Knittel et al., 2016) and improve health (Pui et al., 2014; Chen et al., 2013; Ebenstein
et al., 2017).

This paper focuses on the impact of gasoline prices on traffic flow. The Chinese
government regulates the price of gasoline. If increased gasoline prices significantly
reduce traffic flow, then gasoline price manipulation offers one way to reduce air
pollution in China.

The existing literature outlines the primary identification problem in studying the
effect of gasoline prices (e.g., Hughes et al., 2008; Levin et al., 2017). Simply regressing
traffic flow on gasoline prices yields a biased elasticity estimate due to confounding
factors. For example, a positive economic shock would both boost gasoline prices as
well as gasoline demand through an income effect.

To solve this problem, I rely on unanticipated gasoline price shocks generated
by a national policy in place in China from 2011 to March 2013. Under the policy,
drivers could not predict by how much gasoline prices would change before govern-

ment announcements. The NDRC (National Development and Reform Commission,

3The Ministry of Ecology and Environment of the People’s Republic of China (2018) finds that
a major source of air pollution in Beijing, Hangzhou, Guangzhou, Shenzhen, and Shanghai is motor
vehicles.



a government department) regulated gasoline price ceilings in response to fluctuations
in global crude oil markets. Once the NDRC announced a change in the price ceiling,
all retailers were required to add the same change to their retail prices at midnight
on the announcement day. Drivers could not predict price changes by referring to
global oil markets, since the NDRC relied on a publicly unknown rule for changing
prices, announcing price changes whenever the price of a particular weighted basket
of global oil markets changed by more than four percent in the previous 22 business
days.

The NDRC’s price adjustments should be plausibly exogenous to traffic flow,
allowing one to identify a causal impact. To ensure this is the case, I focus on the
impact of unanticipated price changes on traffic flow, holding traffic flow’s response
to current gasoline price fixed. Using a regression discontinuity in time framework
(Hausman and Rapson, 2018), I examine whether there is a change in traffic flow for
gasoline price changes, with a given level of current gasoline price within one to six
days before and after the NDRC’s price adjustments.* Limiting the comparison to
a short window allows me to avoid possible systematic impacts on traffic flow and
gasoline price changes. For example, a positive economic shock could affect both
price changes and traffic flow, but is less likely to happen in a short period near price
adjustments. In a robustness check, I use the daily stock price index of the Shanghai
Stock Exchange Market as a measure of unobserved economic shocks to test whether
it correlates with gasoline price changes in the short window.

Results show that traffic low does respond to unanticipated gasoline price adjust-
ments. The preferred short-term price elasticity of traffic flow is -0.26. Responses
are asymmetric and are greater to price increases (-0.45 price elasticity of traffic flow)
than to price decreases. The impact of gasoline price changes on traffic flow dissipates

in three days after the price change.

4Details of the selection of lengths of days can be found in Section 1.5.2.4.



In an extension, I study the impacts of announced price changes from April 2013
to 2014. Over this period, the policy for adjusting prices was altered, and price
changes could be anticipated. Over this period, I find no short-term response to price
changes.

Given the estimated impacts of gasoline price adjustments on traffic flow, I then
analyze the social impact of gasoline price increases. I conduct a back-of-the-envelope
analysis based on estimates of the impact of traffic flow on NOy concentrations in the
United States (Zhang and Batterman, 2013). I calculate that a ten percent increase in
gasoline prices reduces hourly NO, concentrations by 0.19 ug/m?. Using the finding
in Chen et al. (2008), I calculate that the reduction in NOy concentrations reduces
daily mortality (non-accidental death) by 0.44 percent in Shanghai.

This paper contributes to two strands of literature. First, it is aligned with a broad
literature that has studied impacts of gasoline prices. There is an existing literature
that studies the impact of gasoline prices on driving, but this literature focuses on the
impact of gasoline prices on gasoline sales (Dahl and Sterner, 1991; Goodwin, 1992;
McRae, 1994; Espey, 1998; Small et al., 2007; Hughes et al., 2008; Park and Zhao,
2010). The literature generally finds that gasoline consumption decreases in response
to increases in gasoline prices. However, the elasticity of traffic flow is smaller than the
elasticity of gasoline demand both in the short-run (within a year) and the long-run
(about 5 years) (Goodwin et al., 2004).

To the best of my knowledge, this is the first paper that estimates the elasticity
of traffic flow with respect to gasoline prices in China. Previous studies in China use
vehicle meters traveled (VMT) as a measure of traffic, but their data are either at the
national or provincial level (He et al., 2005; Lin et al., 2009; Lin and Zeng, 2013). The
most closely related paper is Lin and Zeng (2013). They use annual provincial data
on traffic volume of trucks and buses from 2003 to 2009 to calculate vehicle meters

traveled and to estimate the VMT price elasticity. Due to data limitations, Lin and



Zeng (2013) are unable to account for unobserved confounding factors like economic
growth and have coarse annual data rather than daily data.

Second, this paper contributes to the literature on how government regulations
can reduce traffic congestion and pollution. de Grange and Troncoso (2011) find
that temporary driving restrictions on vehicles with and without catalytic converters
imposed on days with poor air quality in Santiago reduce traffic flow, and Troncoso
et al. (2012) find these temporary restrictions reduce air pollution on weekdays. Two
studies (Chen et al., 2013; Viard and Fu, 2015) on the driving restriction related to
Beijing 2008 Olympic Games find reductions in air pollution, although this result
remains controversial in a relatively long-term (within a year) studies (Ma and He,
2016). Even though my finding is a short-run price impact on traffic flow, it is
consistent with evidence on the driving restriction in showing that changes in driving
costs can help reduce traffic flow, which in turn reduces traffic congestion and air
pollution; and that the impact of changes in driving cost dissipates with time.

The paper is organized as follows: Section 1.2 provides background on gasoline
price policies as well as a description of alternative transportation modes in Shanghai.
Section 1.3 describes the data, Section 1.4 describes the empirical model, and Section
1.5 presents the main results. Section 1.6 presents an extension, examining the impact
of the announcement itself, before price changes actually occur, comparing the policy
regime from 2011-2013 in which price change announcements were unanticipated to
the policy regime from 2013-2014 in which price change announcements could be
anticipated. Section 1.7 conducts a back-of-the-envelope analysis of gasoline price

increases on vehicle emissions and health; Section 1.8 concludes.

1.2 Background

This section presents essential background information. Section 1.2.1 provides

detail on gasoline price regulations in China. Section 1.2.2 discusses the alternatives



to driving in Shanghai that allow residents to substitute away from driving as gasoline

prices increase.’

1.2.1 Gasoline Prices in China

The National Development Reform Commission (NDRC) oversees the oil mar-
ket in China and has offices at the national and local levels. The NDRC national
administration adjusts the wholesale crude oil price between producers and retailers
according to fluctuations in global oil markets. Local city NDRC offices adjust local
retail gasoline price ceilings based on the wholesale price of crude oil, the cost of
transporting oil, and local economic conditions such as local income levels.

The NDRC calculates their desired price for retail gasoline and makes occasional
announcements to set the price ceiling. Their method for calculating their desired
price is not publicly available. Both the NDRC’s central and local administrations
announce new price levels at the same time, and gasoline retailers must comply at
midnight of that day. The gasoline price change largely affects private drivers because
the operating costs of public transportation and taxi drivers are subsidized.

Since 2011, gasoline price change announcements have operated under two policy
regimes. Before March 2013, the NDRC changed prices whenever a weighted index of
global oil prices rose or fell by more than four percent in the past 22 business days. The
index included the Brent Crude Oil Market, Dubai Crude Oil Market, and Minas Oil
Market, among others, but the weight on each market was undisclosed, so consumers
could not predict price adjustments.® I refer this policy period as Unanticipated Price
Change.

The NDRC revised their policy on March 27th, 2013. Under the new policy regime,

5Due to limited available data on traffic flow, I can not identify whether the change in traffic flow
is due to the extensive margin, i.e., people choosing to drive or not, or the intensive margin, i.e.,
people driving less or more.

6In Appendix A, I present two media reports on consumers’ opinions on future price changes,
showing that consumers were unable to predict price changes accurately.



the NDRC announces price changes (if any) every ten business days. Consumers know
when NDRC announcements will be made. The NDRC also removed the four-percent
criterion. Under the new policy, when the weighted average global oil price increases
or decreases by more than 50 yuan per ton, the NDRC adjusts prices. Consumers
can predict whether there will be a price increase/decrease by examining global oil
price trends in past business days. I refer to this new price policy as Anticipated Price
Change.

Under the Anticipated Price Change policy regime, gasoline prices change more
frequently and by smaller amounts than under the Unanticipated Price Change policy
regime. Gasoline price only changed 13 times from 2011 to March 2013 but changed
31 times from April 2013 to 2014. The average percentage change in gasoline prices
was four percent from 2011 to March 2013 under Unanticipated Price Change but
was less than two percent under Anticipated Price Change.

My identification strategy relies on the unanticipated nature of price changes, and
so in this paper, I focus primarily on the Unanticipated Price Change regime. In
Section 1.6.2, I compare the impact of price changes under the two price policies.

Figure 1.1 shows the price of gasoline in Shanghai as set by the NDRC against
crude oil prices in the Brent Crude Oil market from 2011 to March 2013.7 The
NDRC'’s gasoline prices closely follow fluctuations of the Brent Crude Oil price. The
two prices are positively correlated.

Since the NDRC'’s retail gasoline price is a price ceiling, gasoline retailers do have
the option to sell gasoline at lower prices. Retail prices at Shanghai gasoline stations
are not observed. However, in conversation with retailers at some gasoline stations in
Shanghai, I learned that retailers must file an application to the oil company to get

permission to sell at a price lower than the ceiling. This application is only approved

I use the Brent Crude Oil price as a measure of global oil prices because the NDRC weighted
the Brent Crude oil market more than the other two major oil markets in an old price policy from
2008 to 2009 which was before the policy in my study period.



if the retailer can provide evidence that their neighborhood has an exceptionally
competitive gasoline market. The authorized retailer receives permission to charge
the NDRC price minus a fixed discount.

Given the difficulty of offering discounts, it is likely that most gasoline is sold
at the price ceiling. Further, since discounts are fixed relative to the NDRC price,
even discounted gasoline prices should respond to NDRC announcements. I checked
whether discounted gasoline prices respond to NDRC announcements by using the
website Youke to track three gasoline stations approved to offer discounts from July
to August 2017.8 Over this period, the price ceiling increased by 0.14 yuan/liter.
The prices at all three gasoline stations increased by exactly 0.14 yuan/liter as well,

keeping their discounts unchanged in absolute terms.

1.2.2 Alternative Transportation Modes in Shanghai

The Shanghai metro system is the second largest system in the world and is the top
substitute for driving in the city. According to Shanghai Road Administration Bureau
(2016), metro ridership accounted for 51 percent of public transportation rides in
Shanghai in 2016. Other modes of transportation include buses, which do not reduce
travel time because they do not avoid traffic, and bicycles or motorcycles, which are
only useful for short distances. In the following comparison of transportation costs
between driving and an alternative mode, I use the metro fare.

To illustrate the difference of transportation costs between driving and non-driving
modes, I conduct a simple calculation to compare the difference between driving and
riding the metro without considering other costs of traveling, such as time and parking
fees. The average amount of gasoline used for private vehicles to travel one hundred

kilometers is 7 liters/100km.? The metro fare in Shanghai is 3 yuan for distances less

8Youke (www. 0k619. com) is a website where consumers report information on gasoline stations
and retail gasoline prices.

9Details of gasoline consumed per one hundred kilometers for each type of vehicles in China can
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than 6km. The average gasoline price was 7.74 yuan/liter from 2011 to March 2013.
For travel distances less than 6 km, the gasoline cost can be as high as 3.25 yuan,
which is more expensive than the metro fare of 3 yuan. The metro fare increases by
1 yuan for each additional 10 km, and so remains cheaper for longer distances.

The availability of the metro ensures that there is a low-cost alternative to driving
that Shanghai citizens can substitute towards if gasoline prices increase. This alter-
native travel mode makes it possible for traffic flow to respond to changes in gasoline
prices. Due to limited data, I cannot identify whether people switched between trans-

portation modes or changed their intensity of driving.

1.3 Data Descriptions

In this section, I describe the two main types of data used in this analysis: (1)

dates and magnitudes of gasoline price adjustments, and (2) daily traffic flow.

1.3.1 Gasoline Price Adjustments

The NDRC does not offer systematic historical gasoline price adjustment data
on its public website. So I use Baidu, a Chinese online search engine, to collect
organized records of price adjustments from sources that have tracked and compiled
NDRC announcements. I use the search term “Fa Gai Wei You Jia Tiao Zheng,”
which translates to “NDRC’s gasoline price adjustments.”

To confirm the accuracy of historical price adjustment data collected from Baidu,
I compare the information to news posted on the NDRC’s official website.!’ From
Baidu search results, I collect dates of historical price adjustments from 2011 to
March 2013. T enter these dates together with the term “You Jia Tiao Zheng” (“the

oil adjustment”) to find NDRC posts about gasoline price adjustments on the official

be found on http://chaxun.miit.gov.cn/asopCmsSearch/.
Ohttp://www.ndrc.gov.cn/

11



website. I match all dates of price adjustments from the Baidu search to the NDRC’s
official posts.

Table 1.1 presents summary statistics on characteristics of the NDRC’s retail
gasoline prices in Shanghai under the Unanticipated Price Change regime from 2011
to March 2013. The average gasoline price was 7.74 yuan per liter. The lowest price
was 7.25 yuan per liter, and the highest price was 8.27 yuan per liter. Using an annual
exchange rate of 6.461 yuan per dollar in 2011 from the World Bank database, the
corresponding average price was 4.53 dollars per gallon. The lowest price was 4.25

dollars per gallon, and the highest price was 4.85 dollars per gallon.

1.3.2 Traffic Flow Data

This study focuses on traffic flow, measured as the number of vehicles passing a
given sensor, from city expressways in Shanghai because of availability of traffic flow
data from sensors. The traffic flow data is from the Shanghai Road Administration
Bureau. Sensors are placed at exits, entrances, and intersections of expressways; they
report observed traffic flow at their location.

I construct a panel data set of daily traffic flow at each sensor. Each sensor
records the number of vehicles passing it every half hour. I aggregate the half-hour
measurements of traffic flow to the daily level since the gasoline price adjustment is
by day.

Sensor location is coded by the name of the expressway it is on, and the nearest
non-expressway road. I associate each sensor with an approximate location using
Google Maps. I enter road names into Google Maps to find possible locations of
sensors. Then I enlarge the map to find the exit, entrance, or intersection of the
corresponding expressway in the area to obtain the latitude and longitude of the
sensor location. Since adjacent expressway entrances and exits are no more than 1km

apart, error in sensor location is no more than 1km.
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Shanghai is organized into two circles. Areas in the inner circle are highly popu-
lated with expensive housing areas and financial districts. Areas in the middle circle
are newly developed commercial areas with rising housing prices and population den-
sity, as are areas right outside the middle circle. Areas far away from the middle
circle are suburban areas with lower population density and housing prices. City
expressways do not extend into these suburban areas.

Figure 1.2 illustrates the locations of these sensors. There are 577 sensors in the
study, including 290 within the inner circle of Shanghai, and 213 sensors within the
city’s middle circle but outside the inner circle. There are 74 sensors outside the
middle circle. Areas outside the coverage of sensors do not have expressway access
and most of them are suburban areas. 179 of the sensors in the data set, which was
collected in 2015, are for roads that had not been opened in the period of analysis.
These sensors are dropped.

The Shanghai government imposes driving restrictions on expressways. Vehicles
not registered in Shanghai and vacant taxis cannot use expressways during peak
hours. Trucks registered outside Shanghai cannot enter the outer circle of the city
until 8 pm. When these restrictions are in place, the only vehicles allowed are those
that are likely to have gasoline purchased in Shanghai.

These driving restrictions apply to all expressways in the data set except areas
of the Honggiao Airport. For expressways near the airport, there are no driving re-
strictions, and so some vehicles on these expressways may not be subject to Shanghai
gasoline prices. Therefore, I exclude the 96 sensors in the Honggiao Airport area from
the main analysis. I examine data from these sensors in Section 1.5.3.2.

Driving regulations are also suspended during national holidays. Travel patterns
on national holidays are different and include tourists from cities subject to different
gasoline prices. Data collected during national holidays are excluded from my anal-

ysis. In results available upon request, I find no relationship between gasoline price
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change announcements and national holidays.

1.3.3 Additional Variables

Weather conditions influence traffic flow and thus the ability for NDRC price ad-
justments to affect traffic flow. I collect daily weather data from the China Weather
Center with a weather monitor north-east of Shanghai.!! The data set includes
daily minimum, average, and maximum temperature, daily precipitation, average
wind speed (measured every ten minutes), maximum wind speed (the maximum ten-
minute-average wind speed in a day), superior wind speed (measured every second),
directions of maximum wind speed, and directions of superior wind speed. I find sta-
tistically significant correlations between gasoline price adjustments and the weather
conditions of rain, temperature, and wind. Weather conditions might influence the
costs of transporting gasoline. Since local retail gasoline price ceilings depend on
changes in wholesale oil prices and transportation costs, they might be correlated
with weather conditions.

Because the NDRC’s gasoline price ceiling responds to global oil markets, infor-
mation from the global crude oil market may influence drivers’ expectations of future
price changes and their driving decisions. I collect the daily Brent Crude oil price
from the Energy Information Administration (EIA).

I use the daily stock price index of the Shanghai Stock Exchange (SSE) to test
whether there might be unobserved economic impacts occurring when gasoline price
changes. I collect the daily SSE market opening and closing price indices. For days

when the SSE is closed, I use market price indexes from the previous day.

Uhttp://www.cma.gov.cn/

2http://www.eia.gov/. Missing daily prices are filled in with lagged values because the expec-
tation of future gasoline price changes depends on global oil prices in the past.
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1.4 Estimation Model

In this section, I present an estimation model that identifies the elasticity of traffic
flow with respect to gasoline price changes. I begin with a naive model and then
introduce my strategy of using NDRC announcements to identify the gasoline price

elasticity of traffic flow.

1.4.1 General Price Elasticity Estimation

A basic log-log model can provide a naive estimate of the elasticity of traffic low
with respect to gasoline price. Following Bento et al. (2013), I estimate a model
regressing log daily traffic flow at sensor i on day d (In Traffic;4) on log gasoline prices

on day d (InP,) and a set of controls.

In Traffic,y = g + a1 In Py + f(Weatherq) + v + ¢ + Ay + 00 + €ia (1.1)

where f(Weathery) is a quadratic function of weather variables, v, is a day-of-the-
week fixed effect, ¢; is a date-of-the-month fixed effect, A, is a month-year fixed
effect, and o; is a sensor-level fixed effect to control for time-invariant locational
characteristics. €;4 1s the error term clustered at the week and district level to allow
for serial and spatial correlations.

The coefficient of interest, a;, measures price elasticity of traffic flow with respect
to current gasoline prices under the assumption that In P; and ¢;4 are independent
conditional on the controls in the model.

However, conditional independence may not hold because of unobserved factors
that are correlated with current gasoline prices and traffic flow. Local NDRC deci-
sions about city-level gasoline prices are responsive to the city’s economic conditions.
Cities with higher gross domestic product per capita have higher retail gasoline prices.

Variation across time in economic conditions will then be correlated with both prices
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and traffic, biasing the estimate of ;.

Previous researchers have tried to find instrumental variables to solve the en-
dogeneity problem between gasoline prices and gasoline demand (e.g., Bento et al.,
2013), such as the global price of oil or the price of other fuels. However, the validity
of these and other instruments are controversial (Levin et al., 2017).!3 The NDRC’s
price adjustments in China provide a quasi-experiment that allow the causal effect of

gasoline prices on traffic flow to be identified without the use of an instrument.

1.4.2 Using the NDRC’s Price Changes to Identify Elasticity

I use a Regression Discontinuity in Time (RDiT) framework to examine whether
there is a change in traffic flow for the days before and after the NDRC’s price
adjustments.

The main assumption of this identification strategy is that the conditional co-
variance between the NDRC’s gasoline price adjustments and unobservables is zero
within a few days before and after price adjustments. This assumption is likely to
hold because of the unanticipated nature of gasoline price change announcements. I
introduce a set of additional covariates to account for other factors that are correlated
with price changes and may also influence traffic flow.

The set of control variables includes all controls listed in Equation (1.1) as well
as global oil prices.

In(Py), from Equation (1.1), is included as a control because any new price ceiling
will be positively correlated with the current price ceiling. The current price ceiling
will also be correlated with current traffic since travelers make driving decisions based
on current gasoline prices.

Weather conditions, f(Weather;) in Equation (1.1) are included as controls. As

discussed in Section 1.3.3, weather conditions might be correlated with the NDRC’s

13T use the Brent Crude Oil Price as an instrumental variable for the daily gasoline price and
present the results in Section 1.5.1.
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gasoline price adjustments and also influence traffic flow. For example, traffic is more
congested on a rainy day. If gasoline price announcements are more likely to happen
under bad weather conditions, then the relationship between price announcements
and traffic flow will be confounded.

Fluctuations in global oil markets correlate with future gasoline price ceilings and
influence traffic low as well. Since the NDRC’s price adjustment is in response to
global oil trends, the global oil price is positively correlated with the NDRC’s price
adjustment. Also, if travelers consistently observe increases in global oil prices, to
prepare for possible price increases in the future, they might adjust their driving
plans, for example by purchasing more fuel-efficient vehicles or getting used to public
transport.

Gasoline prices, global oil prices, and weather conditions are observed confounding
factors. However, there exist other confounding factors as well. Seasonality and
location are important determinants of traffic flow. Traffic low might be greater on
Friday because travelers are leaving for vacations for the coming weekend. Workers
receive payments on the 5th or 15th of each month and bonuses on the 25th of the
month. They might drive more on or after the payment day because they have
relatively more disposable income to spend than they do on other days of the month.
Furthermore, the number of vehicles in Shanghai has increased over time. Time fixed
effects for day of the week, date of the month, and month-year fixed effects consider
these confounding factors. Time-invariant locational characteristics influence traffic
flow as well. For example, traffic low might be greater in central business areas than
less developed areas. Sensor fixed effects capture this time-invariant confounding
factor.

To further address the problem of unobserved confounding factors, I select pairs of
s-day comparison windows before and after the NDRC’s price adjustments. In these

short windows, variation is more likely to be limited to just the effect of the NDRC’s
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announcements and the controlled factors. The inclusion of a window before the price
announcement acts as a placebo test for the identification strategy. If price changes
are truly unanticipated, they should not affect traffic flow before they are announced.

Lengths of comparison windows range from within one day to six days before and
after the NDRC’s price adjustments. I limit the comparison to no more than six days
before and after the price adjustments for two reasons. First, the six-day window is
the widest window without any overlap between two consecutive price adjustments
in the range of the available traffic flow data from 2011 to 2014. Second, the more
days included in the comparison, the higher the probability that there might exist
unobserved confounding factors correlated with both gasoline price changes and traffic
flow. To examine whether there are any unobserved economic activities correlated
with gasoline price adjustments within one to six days before and after price changes,
in Section 1.5.3.1, I conduct a robustness check using the daily stock market closing
index in Shanghai as a measure of unobserved economic shocks.

I incorporate short windows around the NDRC’s price adjustments with the list of
controls discussed above into an econometric model. Let T},...s) be a dummy variable
that equals one for the s days before the NDRC’s price adjustments and let T, () be
a dummy variable that equals one for the s days after the NDRC’s price adjustments.
The announcement day itself is the last day before the NDRC’s price adjustments

and hence is included in T},..). The relevant regressions are:

In Trafficiq = ap + 1T pre(s) + Q2T pre(s) X InPNewy
+ a3Tpost(s) + 054Tpost(5) X In PNer

+ a5 In Global Oily + agIn Py + f(Weathery) + v + ¢ + Ay + 05 + €4 (1.2)

s=1,2,..,6
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where PNew, is the NDRC’s new gasoline price ceiling. It equals the NDRC’s new
gasoline price within s days before and after gasoline price changes and zero for days
outside the s-day window. Global Oil; is the daily Brent Crude oil price on day d.
Table 1.2 provides a description of each variable.

The coefficients of interest are as and «y. I run separate regressions for different
values of s. s estimates an average short-run price elasticity of traffic flow within s
days before price changes. a4 estimates an average short-run price elasticity of traffic
flow within s days after price changes.

In all analyses, I cluster error terms at the district-week level to capture spatial
and serial correlations. Sensors located within the same district might share similar
characteristics. For example, sensors located within a one-kilometer interval might be
tracking the same cars. Clustering at the district level accomodates this possibility.'*
There may also be serial correlation due to traffic flows being correlated across time.
To test the serial correlation of errors, I regress €;, on its daily lags, finding evidence
of autocorrelation up to the second lag. Given this lag length, the district-week

clustering mitigates problems of spatial and serial correlations.

1.4.3 Traffic Flow Responses to Price Increases vs. Price Decreases

While elasticities track responsiveness both to price increases and price decreases,
the policy question of interest is whether price increases can reduce traffic flow. There-
fore, I identify impacts from gasoline price increases and gasoline price decreases sep-
arately. I adopt binary variables of the direction of price changes in the estimation.
INC is a binary variable that equals one when the price adjustment is a price increase
and zero if it is a price decrease, and 1 — INC' is a binary variable that equals one
when the price adjustment is a price decrease and zero if it is a price increase. The

form of the equation to estimate heterogeneous effects of gasoline price increases and

4 There are 13 districts in the sample.
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decreases on traffic flow is as follows:

In Trafficiq = By + B1Tpre(s) X INC + BoTpresy X INC X In PNewgy
+ 83T post(s) X INC + ByTposi(s) x INC X In PNewy
+ BsTpre(s) X (1= INC) + BsTpres) % (1 — INC) x In PNewg
+ BT host(s) X (1 = INC) 4 BsTpost(s) X (1 = INC) x In PNewg
+ Bo In Global Oily + BipIn Py + f(Weathery)

+ Yw + ¢j + )\my + 0 + €id (13)

s=1,2,..6

Coefficients of interest in Equation (1.3) are fs, B4, B¢, and fs. These coefficients
measure the short-run price elasticity in the short window before and after a price
change, and in response to a price increase or decrease, respectively. Control variables

are the same as in Equation (1.2).

1.4.4 Measurement Error in Gasoline Prices

Some gasoline retailers set retail prices below the NDRC’s gasoline price ceilings.
Therefore, equating the NDRC’s price ceilings with retail gasoline prices would gen-
erate measurement error. As discussed in Section 1.2.1, retailers with permission to
sell gasoline at lower prices than the price ceilings have fixed discount amounts. If the
true retail gasoline price discount is time-invariant at each sensor station, i.e., a fixed
absolute discount at each location, a sensor fixed effect removes this measurement
error in gasoline prices.

If true retail gasoline price is time-invariant at the gasoline station level but not
the sensor level, using the NDRC’s price ceilings as retail gasoline prices yield a non-

classical measurement error, u;y, with the following relationship between the true
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retail gasoline price (P*) and price ceiling (P):

ztl = P,g + uiq, with u;q <0 (1.4)

My estimates of the coefficients of interest are not biased by this discount for
two reasons. First, conditional on current gasoline price ceilings, my identification
strategy identifies the impact of changes of gasoline price ceilings on traffic flow, and
price changes are the same at all gasoline stations. As discussed in Section 1.2.1,
all gasoline retailers must change retail prices by the same amount regulated by the
NDRC. Second, the NDRC’s price ceiling is an upper bound on true retail gasoline
prices, which is not correlated with the measurement error. Hyslop and Imbens (2001)
find that the measurement error in a regressor that is correlated with true value but

uncorrelated with observed value does not lead to a bias.

1.5 Empirical Results

This section begins with a discussion of estimation results from a simple log-log
regression. It then presents results from the main identification strategy. It ends with

tests of validity and robustness checks.

1.5.1 Simple Regression and IV Results

Column 1 in Table 1.3 presents an estimate of the basic log-log model shown in
Equation (1.1). For simplicity of presentation, I omit estimates for control variables.
The estimated coefficient on gasoline price is positive and statistically significant
at the one percent level. Even though retail gasoline prices are regulated by the
NDRC, simply regressing traffic flow on gasoline prices yields a biased estimate due
to unobserved confounding factors.

Column 2 in Table 1.3 presents an estimated impact of retail gasoline price on

traffic flow using a crude oil price as the instrumental variable for the retail gasoline
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price. Using the instrumental variable strategy, we still find a positive impact of retail
gasoline price on traffic flow. The estimated impact is greater than the estimated
impact in Column 1. The bottom part of Table 1.3 presents the first-stage result
regressing the natural logarithm of retail gasoline price on the natural logarithm of
Brent Crude Oil Price. The first-stage F statistic is 49.914, and so I can reject the null
hypothesis of weak instrument test. However, there might still be some unobserved
confounding factors that are correlated with Brent Crude Oil Price and affect traffic
flow, i.e., the instrumental variable might not be valid. For example, since the NDRC
adjust wholesale crude oil price and retail gasoline price ceilings according to changes
in global crude oil markets, drivers might adjust their driving decisions based on their
anticipation of future price trends by referring to global crude oil markets, e.g., Brent
Crude Oil.

Neither a simple log-log model nor using a global oil price as an instrumental
variable can help find a causal impact of retail gasoline price on traffic flow. Therefore,
I implement the identification strategy using the method discussed in Section 1.4.2.

Results are presented in the following section.

1.5.2 Main Results

This section presents estimates of Equations (1.2) and (1.3). I begin with an
estimate of the effect of price changes on traffic flow and then examine whether traffic
flow responds differently to gasoline price increases and decreases. To find a preferred
length of days to compare, I then conduct a regression to examine the impacts of price
changes for sub-intervals of up to six days before and after gasoline price changes.
Finally, I compare my findings with the existing literature in China and developed

countries.

1.5.2.1 Existence of Changes in Traffic Flow
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To motivate the identification of differences in traffic flow for days before and after
gasoline price changes, I first show that traffic low does respond to price changes.
I conduct t-tests comparing the means of traffic flow in the six days before a price
change to the six days after. Table 1.4 presents means of the natural logarithm of
traffic flow, and t-tests comparing them before and after price changes. I also compare
residual traffic flow after controlling for sensor, day of the week, date of the month,
and month-year fixed effects in Columns 4 and 9, and residual traffic flow controlling
for weather variables, current gasoline prices, and crude oil prices, in addition to the
fixed effects, in Columns 5 and 10.

For gasoline price increases, Columns 3 and 4 show that traffic flow in days before
gasoline price increases are statistically significantly smaller than traffic flow in days
after gasoline price increases at the conventional significance levels. Column 5 shows
that the sign of the difference reverses after controlling for weather conditions.

Columns 6 through 10 repeat the analysis of Columns 1 through 5 but for price
decreases. Columns 8 and 9 do not show any statistically significant differences in
traffic flow between the days before and the days after gasoline price decreases. When
including all control variables in Column 10, the signs of the differences reverse and
become significant.

Results from Table 1.4 show that there is a change in traffic low before and
after gasoline price changes. The estimated direction of this change depends on
which controls are included, with the addition of controls for current gasoline prices,
weather, and global oil prices seeming to yield the expected effect. In the following
subsection, I estimate the magnitude of the impact of gasoline price changes on traffic

flow.

1.5.2.2 Price Elasticity of Traffic Flow from Price Changes

To show the impact of the NDRC’s price changes on traffic flow, I present an
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estimate of Equation (1.2). Figure 1.3 graphs estimated coefficients of ay and oy
from Equation (1.2) within one to six days before and after gasoline price changes.
The vertical axis shows effects within one to six days before and after gasoline price
changes. Each color represents a pair of estimated as and a4 coefficients from one
estimation of Equation (1.2). In a pair of estimated coefficients, the upper dot is the
estimate of ay (before price changes), and the lower dot is the estimate of ay (after
price changes).

Results show that traffic flow does not respond to price changes before the prices
are changed: s is insignificant for all six analyses. These estimates match the hy-
pothesis that the NDRC’s gasoline price adjustments are unanticipated, and help
justify the identification strategy, since any unobserved time-varying factors corre-
lated with price changes would be likely to affect the period before the price change
announcement as well, but there is no such effect found here. Drivers did not change
their driving behavior in the lead-up to price changes. One remaining question re-
gards the impact of gasoline price changes on traffic flow on the announcement day.
I will examine this impact in Section 1.6.1.

Traffic flow does respond to gasoline price changes after the prices actually change.
Estimates of oy within one to six days after gasoline price changes range between -0.3
and -0.2. All estimates are statistically significant at the five percent significance

level.

1.5.2.3 Heterogeneous Responses to Price Increases and Price Decreases

Does traffic flow respond differently to price increases than to price decreases?
Figure 1.4 graphs estimates of Equation (1.3). Figure 1.4a presents estimated co-
efficients of 5y and f; from Equation (1.3) for NDRC price increases. Estimated
average price elasticities of traffic flow within one to four days before gasoline price

increases are statistically insignificant. Within one to six days after gasoline price
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increases, estimates are statistically significant at the five percent level. Estimates
within five to six days before gasoline price increases are both significant. This raises
a question of the selection of lengths of comparison windows before and after gasoline
price changes. I conduct a test to select a preferred length of window in the following
section.

Figure 1.4b graphs estimated coefficients of g and (g from Equation (1.3) for
NDRC price decreases. Traffic flow does not statistically significantly respond to new
price ceilings in the days before and after gasoline price decreases.

This lack of an effect of price decreases is unsurprising in the extensive margin
of driving given the discussion in Section 1.2.2. The metro is an alternative trans-
portation mode in Shanghai and is already cheaper than driving. Since I focus on a
short-run impact of gasoline price changes, other costs such as time cost might not
change. If a traveler chose to drive instead of taking the metro before a gasoline price
decrease, the traveler will still drive after price decreases. On the other hand, for
travelers who choose to take the metro before price decreases, they might still choose
to take the metro, i.e., because they do not own a vehicle.!®

In summary, these results show that traffic flow responds more strongly to gasoline
price increases than it does to gasoline price decreases. However, the traffic flow data
does not allow me to discern impacts of price changes between the intensive margin,
i.e., drivers drive less, and the extensive margin, i.e., drivers switch to other travel

modes.

1.5.2.4 Window Selection

The use of six days as a maximum window length does not specify which response

15To test this interpretation, I calculate the density of metro availability, which is the number
of metro stations within one km of each sensor divided by the geographic area. I create a dummy
variable equal to one for sensors where the density of metro availability is greater than the median.
I interact this dummy variable with price increases and decreases. I do not find that price elasticity
of traffic flow is related to metro accessibility. This result suggests that there are other factors such
as non-gasoline costs of driving that influence travelers’ travel mode choices.
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window is optimal. To answer this question, I conduct one regression including dum-
mies for each day before and after gasoline price adjustments and interact them with

new gasoline price ceilings:

~1 ~1
In Traffic,y = ag + Z O3 T e, + Z BiTpre, x InPNewy

k=—6 k=—6

5 5
+ Z pnTpostn + Z l/JnTpostn X In PNer

+ oy In Global Oily + ap In Py + f(Weathery) + v + ¢ + Ay + 05 + €i¢ - (1.5)

where T, is a dummy variable equal to one when it is the kth day before price
adjustments, and T}, is a dummy variable equal to one when it is the nth day after
price adjustments.

Figure 1.5 presents the estimates of Equation (1.5). Each dot represents traffic
flow response to new price ceilings on the corresponding day. For days before gasoline
price changes, only the sixth day before a gasoline price change is statistically signif-
icant. Confounding factors might exist on the sixth day before price changes. For
example, when global oil prices keep increasing, drivers might change their driving
behavior with the expectation that the NDRC is going to increase gasoline price. In
general, price announcements are unanticipated: Appendix A presents a news report
that drivers thought the NDRC was going to increase gasoline prices but it did not,
and suddenly increased the price three days later. However, the six-day comparison
window might be too wide to identify a causal impact of gasoline price changes on
traffic flow.

For days after gasoline price changes, impacts of gasoline price changes on traffic
flow are strongest immediately after the price change and then dissipate. Impacts of

price changes on traffic flow on the first, the second, and the third day are statistically
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significant with magnitudes decreasing towards zero. Estimates beyond the third day
are not statistically significantly different from zero. Since the impact of price changes
on traffic flow dies out on the fourth day after price changes, I refer to the average
estimated effects within three days after price changes as my preferred specification
in the discussion that follows. The reason I use average impact instead of impact by

each day is that the average impact is more important for policy decisions.'®

1.5.2.5 Comparisons to Findings in Existing Literature

The estimated average price elasticity of traffic flow within three days after price
changes is -0.26. This estimate is greater than recent findings in the United States.
Using sensor-week traffic flow in Los Angeles from 2000 to 2007, Bento et al. (2013)
find that short-run (weekly) gasoline price elasticities of traffic flow range between
-0.083 and -0.050. A study by The Congressional Budget Office (2008) uses daily
traffic flow data on freeways in California between 2003 and 2006 and estimates a
short-run price elasticity of traffic flow of -0.035 with respect to weekly gasoline price
fluctuations. Both studies use a log-log regression of the natural logarithm of traffic
flow on the natural logarithm of gasoline prices, which might contain confounding
factors between traffic flow and gasoline prices that attenuate their estimates, while
my study identifies a causal impact of price changes.

Another reason for the difference might be that consumers in Shanghai are less
wealthy than consumers in California but face higher gasoline prices. The annual
average gasoline price from 2011 to 2013 in Los Angeles (L.A.) was 3.96 dollars per

gallon.!” The annual average gasoline price ceiling in Shanghai from 2011 to 2013 was

16As discussed in the introduction, vehicle emissions contribute to air pollution which affects
human health. Policymakers are interested in regulations of traffic to improve air quality. Since air
pollution is auto-correlated (Pérez et al., 2000) and has a cumulative impact on human health (Kan
et al., 2007), the average price elasticity of traffic flow is more helpful for policy design purposes.

17 Annual average gasoline prices (unleaded regular) in Los Angeles in 2011, 2012, and 2013 were
3.85, 4.09, and 3.95 dollars per gallon, respectively. Data is available from the Los Angeles Almanac:
http://www.laalmanac.com/energy/enl2.php
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4.63 dollars per gallon.’ Using the Consumer Expenditure Survey, West (2004) finds
that lower-income households are more responsive to increases in operating costs of
driving vehicles than higher-income households. Following the same logic, considering
the Gross Domestic Product (GDP) per capita in L.A. is $60,693 in 2013, four times
the GDP per capita in Shanghai ($14,547 in 2013, Shanghai Statistical Bureau, 2014),
the retail gasoline price in Shanghai is a relatively heavier burden to consumers in
Shanghai than it is to consumers in L.A., and so they may respond more strongly to
price increases.

My finding, however, is close to that from a study in Denmark. Using vehicle-
level average daily vehicle kilometers traveled (VKT) and average daily fuel prices in
Denmark from 1998 to 2011, Gillingham and Munk-Nielsen (2019) find an elasticity
of -0.3. Their estimate is similar to my estimate of -0.26. This might be due to the
wide availability of public transit in Denmark and Shanghai. According to findings
in Gillingham and Munk-Nielsen (2019), households are more responsive to gasoline
price changes if they have more accessibility to public transit.

The estimated elasticity in this study is smaller than an estimate in Lin and
Zeng (2013). They use annual provincial data to estimate an intermediate-run price
elasticity of vehicle miles traveled (VMT) ranging between -0.579 and -0.882 from
2003 to 2009. Since my study estimates a short-run elasticity, it is reasonable that

my estimated price elasticity is smaller than theirs.

1.5.3 Validity and Robustness Checks

In this section, I conduct a validity test of my identification strategy. A major

threat to the identification strategy is that there might exist unobserved confounding

18The average gasoline price ceiling from 2011 to 2013 was 7.74 yuan per liter. Using the annual
average exchange rate (6.46 yuan per dollar in 2011 and 6.20 yuan per dollar in 2013) between
CNY and USD from the World Bank Exchange Rate data set, the annual average gasoline price in
Shanghai was 7.74x 3.78541+6.33~4.63 dollars per gallon.

90Open Data Network: https://www.opendatanetwork.com/
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factors that are correlated with gasoline price changes and traffic flow. Without
considering these factors, I might find a spurious relationship between changes in
traffic low and price adjustments. I also conduct a robustness test by including
observations from sensors located in the area of Hongqiao airport, where non-Shanghai

drivers are allowed to be on the road all day.

1.5.3.1 Stock Price Indexes: A Measure of Impacts from Other Economic
Activities

To test whether unobserved economic activity acts as a confounder in the iden-
tification strategy, I use the daily Shanghai Stock Exchange (SSE) closing market
price index to examine the correlation between gasoline price changes and the stock
market index. The daily stock price index reflects contemporary economic activities.
I use SSE closing market price index as the dependent variable. I follow the form of
Equation (1.2), dropping the sensor fixed effect. I cluster the error term by week.

Table 1.5 presents results of impacts of gasoline price changes on the stock market.
Within one to six days before and after gasoline price changes, none of the estimated
coefficients of interest are statistically significant at conventional levels. Therefore, I
do not find a strong correlation between the NDRC'’s price adjustments and influential

economic activities within one to six days before and after gasoline price changes.

1.5.3.2 Sensors in the Hongqgiao Airport Area

In the main analysis, I exclude sensors near the Hongqiao airport because drivers
in this area might come from adjacent cities with different gasoline prices. I include
these sensors in this section as a robustness check of sample selection. If traffic flow
is changing in response to gasoline prices, then responsiveness should be smaller near
Honggiao, where only a portion of drivers is exposed to the level of retail gasoline
price changes in Shanghai.

Figure 1.6 presents results of impacts of gasoline price changes on traffic flow
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before and after price changes including traffic flow detected near Hongqiao airport.
Magnitudes of estimated average price elasticity of traffic low within one to six days
after price changes are smaller than magnitudes found in the main analysis, as might
be expected if a portion of the drivers near Honggiao is not affected by Shanghai
gasoline price changes. The inclusion of sensors near Hongqgiao airport attenuates

estimates, as would be expected under the identification strategy.

1.6 Extension

The main analysis of this paper focuses on price changes that cannot be antici-
pated. However, under the Unanticipated Price Change policy, drivers know about an
upcoming price change between its announcement in the morning and its enactment
at midnight that same day. Under the current Anticipated Price Change policy since
April 2013, drivers know that an NDRC announcement will come every ten days. In
the following sections, I evaluate the response of traffic flow to gasoline price changes

under these two conditions.

1.6.1 Announcements of Unanticipated Gasoline Price Changes

Under the Unanticipated Price Change policy, drivers might change driving be-
havior when they learn information of price change to be enacted at midnight that
evening. To identify this impact, I divide days before gasoline price changes into the
announcement day and days before the announcement to evaluate the impact of price

changes in these two windows separately:
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In Traffic;q = ag + o1 Tprer) + 2T pre(r) X InPNewy
+ a1, + 4T, x InPNew,
+ a5Tpost(kz) + a6Tpast(k) X In PNewy

+ a7 In Global Oily + agln Py + f(Weathery) + v + ¢ + Ay + 05 + €0 (1.6)

k=2, ..6

where T),.¢(x) is a dummy variable equal to one in the two to six days before a price
change, excluding the announcement day. 7, is equal to one on the announcement
day. Tpost(r) is a dummy variable equal to one in the two to six days after a price
change. The coefficients of interest are as, ay and ag, which measures traffic flow
response to price changes before an announcement, on the day of an announcement,
and after a price change.

Table 1.6 presents estimates from Equation (1.6). Price elasticities of traffic flow
on the announcement day are negative across all specification but are statistically
insignificant. Coefficients on days before the announcement and after the price change
are similar to those in Figure 1.3.

To test for heterogeneous impacts of announcements of price increases versus price
decreases, I divide days before gasoline price increases and gasoline price decreases
into the announcement day and days before the announcement with the following

specification:
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In Trafficiq = By + B1Tpre() X INC + BoTprery X INC x In PNewy
+ 331, x INC + B4T, x INC x In PNewy
+ B5Tpost(k) X INC' + BT post(r) X INC x In PNewgy
+ BT preky X (1 = INC) + BsTprery X (1 = INC) x In PNewgy
+ BoTy x (1 = INC) + p1oTa x (1 = INC) x In PNew,
+ B11Tpost(k) X (1 = INC) 4 BroTpost(ey X (1 = INC) x In PNewq
+ B13In Global Oily + 14 In Py + f(Weather,)

+ Yw + ij + /\my + g; + €id (17)

k=2,..6

Table 1.7 presents the results. For brevity, I only present estimates of the coeffi-
cients of interest, 4 and f19. Results show that traffic flow statistically significantly
responds to gasoline price increases on the announcement day but not to gasoline
price decreases. These results reflect findings in the main estimation where traffic

flow is more responsive to gasoline price increases.

1.6.2 Impact of Anticipated Price Changes on Traffic Flow

Using the form of Equation (1.3), I conduct a parallel analysis of the impact of
NDRC price adjustments on traffic flow from April 2013 to 2014, under the Antici-
pated Price Change regime. Figure 1.7 presents results in the same format as Figure
1.4. Overall, estimates within six days before and after price increases are not sta-
tistically significantly different from zero. Estimates within three to five days before
price decreases are statistically significantly positive at the five percent level.

Why is the impact of gasoline price changes on traffic flow with anticipated price
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changes different from the finding with unanticipated price changes? Given that these
two policies are different in aspects discussed in Section 1.2.1, the primary reason
might be due to consumer anticipation. Hennessy and Strebulaev (2015) structurally
show that anticipations might bias treatment effects or have the wrong sign. That is,

the identification strategy is valid only when the policy is unexpected.

1.7 Welfare Analysis: Air Pollution and Health

While the estimated effect of gasoline price changes on traffic flow is greater in
China than it is in the United States, it remains unclear how beneficial the reduction
in traffic flow is to air pollution and health. To evaluate the impact of gasoline price
changes on air pollution, I conduct a back-of-the-envelope analysis of the effect that
the reduction in traffic flow has on vehicle emissions and human health.

How much does the reduction in traffic flow contribute to air pollution reduction?
Due to the lack of studies on the impact of traffic flow on air pollution in China, I refer
to a study conducted in the United States to evaluate a possible impact. Zhang and
Batterman (2013) estimate the impact of traffic volume during peak hours on vehicle
emission of NOy (Nitrogen Dioxide). According to their findings, there is a piecewise
linear relationship between traffic flow and NO, concentrations. When the traffic low
is less than 4000 vehicles per hour (vph), the ratio between NO, concentration per
hour and traffic flow per hour is 0.0025:1.

The average traffic flow in Shanghai is 1671 vph from January 2011 to March 2013.
Using the estimated elasticity of traffic flow with respect to price increases within three
days, -0.45, assuming the Chinese government imposes a policy of increasing gasoline
prices by ten percent, then the average traffic flow is reduced by 75 vph.2® This
reduction leads to a decrease in hourly NO, concentrations of 0.19 pg/m? (micrograms

per cubic meter).?!

29The estimated price elasticity of traffic flow is -0.45 within three days after price increases. The
corresponding reduction in traffic flow is 1671x(-0.45% x10) ~75.
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These estimated impacts are based on findings from the United States. Results in
China might be different. Vehicle emissions in China are greater than they are in the
United States due to more lenient emissions standards and poorer gasoline quality
(Walsh, 2004; He et al., 2010). Therefore, the estimated impact on air pollution might
provide a lower bound on the effect.

I calculate an acute health effect based on the reduction in NO4 concentrations.
Chen et al. (2008) study the relationship between air pollution and daily mortality in
Shanghai from 2001 to 2004 and find that each 10 pg/m? increase in a 2-day moving
average of NOs is associated with an increase of total daily mortality of 0.96 percent.
Assuming a linear relationship between daily mortality and NOs concentrations, based
on their finding, a ten percent increase in gasoline price leads to a reduction of total
daily mortality of 0.44 percent.?? This estimated impact might be a lower bound
since vehicle emissions not only affect NO, concentrations but other air pollutants

that influence human health as well.

1.8 Conclusions

Do Chinese drivers respond to gasoline price changes? This paper finds that they
do. Using an Unanticipated Price Change policy setting as a quasi-experiment, I find
that price changes do cause changes in traffic flow. In the preferred specification,
the price elasticity of traffic flow in response to price changes is -0.26, which is larger
than estimates for the United States. However, the impact only lasts for a very short
period, specifically three days.

Comparing the effect of price increases versus price decreases, I find that gasoline

price increases are effective in reducing traffic flow, while traffic flow does not respond

21One percent increase in gasoline price decreases daily traffic flow by -0.45 percent. Given the
average traffic flow of 1671 vph and the ratio between traffic flow and NOy concentration, a ten
percent increase in gasoline price would lead to a reduction in hourly NOy concentration of 1671x (-
0.45%x10)x0.002520.19.

22Given the reduction of hourly NOs concentration of 0.19 ug/m?, a ten percent increase in
gasoline price leads to a reduction of total daily mortality by 0.19 x 24 + 10 x 0.96 ~0.44.
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to gasoline price decreases. In the winter of 2015, when air pollution in China was
more severe than in other seasons, global oil prices declined sharply. Drivers in China
were waiting for a corresponding gasoline price decrease, but the NDRC did not
change the price on the announcement day, arguing that they intended to protect air
quality.?® Based on my findings, the NDRC’s plan to protect the environment might
not be effective by only avoiding a decrease in gasoline price.

The estimated price elasticity of traffic flow in response to price increases, -0.45,
provides a benchmark for policymakers when designing policies to reduce traffic con-
gestion, vehicle emissions, and air pollution. Other policies for reducing traffic flow
have had mixed effects. For example, as previously discussed, a permanent driving re-
striction in Beijing, in which only vehicles with specific numbers of license plates were
allowed on the road, was not effective in reducing traffic due to drivers’ responding
by purchasing additional vehicles (Wang et al., 2014a). Recently, the Chinese govern-
ment has considered imposing congestion fees to discourage travelers from driving.
Congestion fees are, like gasoline prices, one method for policymakers to regulate
traffic by changing the costs of driving (Arnott and Small, 1994; Santos, 2005; Lit-
man, 2005; de Palma and Lindsey, 2011). Studies find that road pricing is efficient
in reducing traffic and air pollution (Vickrey, 1963; Arnott et al., 1993; Gibson and
Carnovale, 2015). Knowing drivers’ responses to gasoline prices, a major driving cost,
helps policymakers set congestion fees to reduce traffic congestion.

This study suggests two further extensions. One study will be encouraged to
empirically examine the impact of unanticipated gasoline price adjustments on air
pollution. Second, gasoline price changes could be combined with sale information

from gasoline stations to estimate the elasticity of gasoline demand.

23See report: http://www.xinhuanet.com//2015-12/16/c_1117471771.htm
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Figure 1.1. Shanghai Gasoline Price Ceiling vs. Brent Crude Oil Price
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Note: The blue line shows the NDRC’s gasoline price ceilings in Shanghai from January 2011 to
Information Administration over the same period.
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Figure 1.2. Locations of Sensors on Shanghai Expressways
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Note: Each polygon represents a neighbourhood in Shanghai, and each color represents a district.
Red dots in the figure are locations of sensors on city expressways. Sensors inside the yellow square
are located in the inner circle of the city, which includes the financial district. Outside the yellow
square is the middle circle including newly developed commercial centers and residential areas.
Neighbourhoods not covered by sensors are suburban areas.
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Figure 1.3. Price Elasticities of Traffic Flow for Price Changes
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Note: Each color represents one pair of estimates of Equation (1.2). All estimates are drawn at the
5% significance level. For each same-color pair of estimates, the upper dot shows the estimated price
elasticity of traffic flow before gasoline price changes, and the lower dot shows the estimated price
elasticity after price changes. Standard errors are clustered by week and district to allow for serial
and spatial correlations of daily traffic flow. The estimation period is from January 2011 to March
2013.
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Figure 1.4. Price Elasticities of Traffic Flow for Price Increases/Decreases
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(a) Price Elasticity of Traffic Flow for Price Increases
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(b) Price Elasticity of Traffic Flow for Price Decreases

Note: Each color represents one pair of estimates from one regression of Equation (1.3). All estimates
are drawn at the 5% significance level. For each same-color pair of estimates, the upper dot shows
the estimated price elasticity of traffic flow before gasoline price changes, and the lower dot shows
the estimated price elasticity after price changes. Standard errors are clustered by week and district
to allow for serial and spatial correlations of daily traffic flow.The estimation period is from January
2011 to March 2013.
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Figure 1.5. Price Elasticities of Traffic Flow Before and After Price Changes
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Note: Each dot shows an estimated price elasticity of traffic flow on a specific number of days
before/after a price change. All estimates are drawn at the 5% significance level. Standard errors
are clustered by week and district to allow for serial and spatial correlations of daily traffic flow.
The estimation period is from January 2011 to March 2013.
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Figure 1.6. Price Elasticities of Traffic Flow including Sensors near Honggiao Airport
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Note: Each color represents one pair of estimates of Equation (1.2). All estimates are drawn at the
5% significance level. For each same-color pair of estimates, the upper dot shows the estimated price
elasticity of traffic flow before gasoline price changes, and the lower dot shows the estimated price
elasticity after price changes. Standard errors are clustered by week and district to allow for serial
and spatial correlations of daily traffic flow. The estimation period is from January 2011 to March
2013. Sensors near Honggiao airport are included.
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Figure 1.7. Price Elasticities of Traffic Flow for Anticipated Price Increases/Decreases
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(b) Price Elasticity of Traffic Flow for Price Decrease

Note: Each color represents one regression of Equation (1.3). All estimates are drawn at the 5%
significance level. For each same-color pair of estimates, the upper dot shows estimated price elas-
ticities of traffic flow within one to six days before gasoline price increases/decreases, and the lower
dot shows estimated price elasticities of traffic flow within one to six days after gasoline price in-
creases/decreases. Standard errors are clustered by week and district to allow for serial and spatial
correlations of daily traffic flow. The estimation period is from April 2013 to 2014.
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Table 1.1. Gasoline Price Changes in Shanghai under Unanticipated Price Change
Policy

Variable # Price Changes Mean Std. Dev. Min Max
Regular Gasoline Retail Price (yuan/liter) 13 7.74 0.28 7.25 8.27
Regular Gasoline Retail Price (Increase) 7 7.83 0.29 7.39 8.27
Regular Gasoline Retail Price (Decrease) 6 7.65 0.25 7.25 8.01
Percentage Change (in absolute value) 13 4.12%  1.08% 3%  5.8%
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Table 1.3. Simple Regression Results

(1) (2)
Ln(Gasoline Price) 0.370%** 0.896*
(0.079)  (0.389)

Quadratic Weather Function YES YES
Sensor FE YES YES
Month x Year FE YES YES
Day of the Week FE YES YES
Date of the Month FE YES YES

N 417,079 417,079
R? 0.908 0.908

First-Stage: Dependent Variable: Ln(Gasoline Price)

Ln(Brent Crude Oil Price) 0.1171%%%
(0.0158)
First-Stage F Stats 49.914
Quadratic Weather Function YES
Sensor FE YES
Month x Year FE YES
Day of the Week FE YES
Date of the Month FE YES
N 417,079
R? 0.909

Note: Standard errors are clustered by week and district to allow for serial and spatial correlations
of traffic flow.*** p<0.01, ** p<0.05, * p<0.1
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Table 1.5. Correlations between Gasoline Price Changes and Shanghai Stock Market

Index
0D © _© @ 06 ___©
1 Day Before Price Changes  86.68
(377.1)
1 Day After Price Changes  -333.2
(225.9)
2 Days Before Price Changes 96.72
(334.1)
2 Days After Price Changes -340.2
(235.2)
3 Days Before Price Changes -108.5
(299.2)
3 Days After Price Changes -297.1
(224.6)
4 Days Before Price Changes -148.2
(272.9)
4 Days After Price Changes -258.4
(203.3)
5 Days Before Price Changes -213.4
(240.1)
5 Days After Price Changes -242.4
(198.6)
6 Days Before Price Changes -207.6
(229.4)
6 Days After Price Changes -161.7
(203.4)
Quadratic Weather Function  YES YES YES YES YES YES
Month x Year FE YES YES YES YES YES YES
Day of the Week FE YES YES YES YES YES YES
Date of the Month FE YES YES YES YES YES YES
N 755 755 755 755 755 755
R? 0976 0976 0976 0976  0.976  0.976

Note: Standard errors are clustered by week to allow for serial correlation of daily stock price index.

% p<0.01, ** p<0.05, * p<0.1
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Table 1.6. Price Elasticities of Traffic Flow, Separating Announcement Day

1 @) 5 @ 06
Announcement Day -0.0538 -0.0556 -0.0583  -0.0746 -0.112
(0.117) (0.119) (0.121) (0.126) (0.129)
Two Days Before -0.0446
(0.132)
Two Days After -0.305***
(0.0942)
Three Days Before 0.0149
(0.115)
Three Days After -0.264***
(0.0917)
Four Days Before -0.0553
(0.108)
Four Days After -0.202**
(0.0919)
Five Days Before -0.101
(0.102)
Five Days After -0.197**
(0.0952)
Six Days Before -0.196*
(0.111)
Six Days After -0.221%*
(0.0938)
Constant 9.257FK 9 283%HK 9. 296*HH 9. 297K g 3ookHk
(0.250) (0.250) (0.249) (0.249) (0.247)
N 417,079 417,079 417,079 417,079 417,079
R-squared 0.908 0.908 0.908 0.908 0.908
Station FE YES YES YES YES YES
Month FE YES YES YES YES YES
Month-Year FE YES YES YES YES YES
Day of the Week FE YES YES YES YES YES
Date of the Month FE YES YES YES YES YES

Note: The dependent variable is the natural logarithm of traffic flow at sensor ¢ on day d. The
estimation period is from January 2011 to March 2013. Standard errors are clustered by week and
district to allow for serial and spatial correlations of daily traffic flow. *** p<0.01, ** p<0.05, *
p<0.1
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Table 1.7. Price Elasticities of Traffic Flow on the Announcement Day

2 Days 3 Days 4 Days 5 Days 6 Days

Price Increase

Announcement Day -0.314%*%  -0.332*%*  -0.344** -0.398** -(.482**
(0.155)  (0.159)  (0.166)  (0.175)  (0.187)

Price Decrease

Announcement Day -0.0878  -0.0636  -0.0584  -0.0258  -0.0156
(0.154)  (0.159)  (0.157)  (0.162)  (0.164)

N 417,079 417,079 417,079 417,079 417,079
R-squared 0.908 0.908 0.908 0.908 0.908
Station FE YES YES YES YES YES
Month FE YES YES YES YES YES
Month-Year FE YES YES YES YES YES

Day of the Week FE YES YES YES YES YES
Date of the Month FE ~ YES YES YES YES YES

Note: The dependent variable is the natural logarithm of traffic flow at sensor ¢ on day d. Each
column presents estimated result of one regression of Equation (1.7) when k=23,...,6. Standard
errors are clustered by week and district to allow for serial and spatial correlations of daily traffic
flow. The estimation period is from January 2011 to March 2013. *** p<0.01, ** p<0.05, * p<0.1
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2 Adapting Travel Patterns to Outdoor Air Pollution: Evidence from
China

2.1 Introduction

Air pollution is the number one Kkiller in the world, especially in developing coun-
tries and cuts global life expectancy by approximately two years (Greenstone and Fan,
2018). In China, the annual median concentration of particulate air pollution exceeds
the standard set by the World Health Organization (WHO) (Foley, 2016). Such air
pollution levels can affect human health (e.g., Kan et al., 2007) and economic pro-
ductivity (e.g., Fu et al., 2017). To avoid the negative impacts of air pollution on
health, Chinese residents are taking actions to reduce their exposure to outdoor air
pollution.

This study examines how the information provided by the daily air quality index
(AQI), released by the Chinese government to inform residents of air quality level and
its impact on human health, affects daily traffic flow on expressways in Shanghai,
China. The daily AQI ranges from 0 to above 300 points, where a higher score
represents worse air quality. A daily AQI below 100 points indicates that the air is
not polluted, and a daily AQI above 100 points indicates that the air is polluted. Since
individuals can reduce their exposure to outdoor air pollution by closing windows and
turning on air conditioners when riding vehicles (Leavey et al., 2017), information
about the daily AQI might lead people to switch to transportation modes that are
less exposed to outdoor air pollution in order to reduce their exposure.?* However,
vehicle emissions from traffic worsen air quality. Since a major source of air pollution
in cities in China is vehicle emissions (Wang et al., 2013, 2014b), it is important for

policymakers to understand traffic flow’s response to air quality in order to implement

24Residents in Shanghai can use the following transportation modes: public transit including bus,
taxi, and metro, cycling, electric cycling, motorcycling, and driving private vehicles. Details on these
transportation modes will be discussed in Section 2.2.
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relevant policies to protect air quality.

One major challenge in identifying the causal impact of daily AQI on traffic flow
is reverse causality. In addition to any effects of air quality on transportation choices,
the number of vehicles on the road affects vehicle emissions, which in turn affects air
quality. Therefore, we need to find a way to identify the impact of the daily AQI on
traffic flow.

To identify the causal impact of the daily AQI on traffic flow, we adopt an instru-
mental variables strategy. We rely on the special geographical location of Shanghai
and use westerly wind as an instrumental variable for daily AQI. Wind directions
have been widely used as instrumental variables for air pollution in existing studies
(e.g. Luechinger, 2009; Schlenker and Walker, 2016; Deryugina et al., 2016; Salvo,
2018). Figure 2.1 shows the geographical location of Shanghai. The city faces the
East China Sea with its north, east, and south sides are surrounded by the sea. When
wind blows from the west side of the city, it brings air pollutants from inland China
to the city, increasing air pollution levels.

Even though wind directions are considered exogenous, they may be correlated
with other factors that influence traffic flow. One major factor is weather conditions.
For example, the wind may blow from the west more often on rainy days, and the
rain may lead people to ride vehicles rather than bicycling. To avoid this possibility,
we examine the impact of the daily AQI on traffic flow given the level of daily pre-
cipitation, daily average temperature, and daily average maximum wind speed. Also,
our unit of observation is at the daily level, which allows us to control time-varying
factors that might affect the impact of the daily AQI on traffic flow including day of
the week, date of the month, and month-year fixed effects. These controls help to
restrict the impact of westerly wind on daily traffic flow only through the channel of
its impact on the daily AQI.

Using westerly wind as the instrumental variable for the daily AQI, we find that
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daily traffic flow increases with daily AQIL. We also find that being at a polluted level
relative to an unpolluted level increases daily traffic flow by 2.9 percent. These results
indicate that people may switch from other transportation modes to riding vehicles
when air is polluted.

Our study contributes to the literature studying the impact of air pollution in-
formation on travel behavior. Zivin and Neidell (2009) find that warnings about
ground-level ozone in California decrease daily attendance at both the Los Angeles
Zoo and the Griffith Park Observatory by 15 percent and eight percent, respectively.
Ward and Beatty (2015) show that Americans reduce vigorous outdoor activities by
18 percent (approximately 21 min) on days with air quality alerts. Using cycling data
from Sydney, Saberian et al. (2017) show decreased cycling activity right after daily
air pollution alerts are announced.

While many studies use data from U.S. and European countries, there has been
increasing interest in China as air pollution has become a major national concern.
Zheng et al. (2016) conclude that a higher concentration of PM2.5 significantly lowers
the frequency of dining out in Beijing. He et al. (2016) find that a ten-percent
reduction in the air quality index (AQI), i.e., better air quality, leads to a 0.19 percent
increase of daily viewership of movies in 56 major Chinese cities.

Unlike previous literature on Chinese air pollution that focuses on leisure activ-
ities, our study focuses on the impact of air pollution on traffic flow on workdays.
To the best of our knowledge, this is the first paper that studies the impact of air
pollution on traffic flow in China. Traffic low on workdays represents commuting
behavior, which helps us to examine how individuals avoid air pollution by changing
their transportation modes. Our findings allow us to calculate the monetary willing-
ness to pay to reduce exposure to air pollution, which is a second contribution of our
study.

Our study contributes to the literature on the willingness to pay to reduce exposure
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to air pollution in developing countries. Given differences in air quality and income
level in developed and developing countries, extrapolations of WTP estimates from
developed countries to developing countries may be invalid (Greenstone and Jack,
2015). To fill this gap in estimates of WTP in developing countries, Ito and Zhang
(2016) use households’ purchases of air purifier products from 2006 to 2012 to evaluate
households’ willingness to pay for cleaner air in China. Based on their calculation,
the WTP for a household to reduce seven percent of annual PM;q concentrations is
$2.98 per year. Using daily total online purchases on anti-PMj 5 facemasks in China
from 2013 to April 2014 in China, Zhang and Mu (2018) find that the purchase of
the facemasks increases with AQI. Sun et al. (2017) collect daily sales index data of
facemasks and air purifiers on Taobao.com from November 2013 to January 2014 and
find that purchases of these products increase with air pollution.

Our study reveals individuals’ preference for avoiding air pollution through
changes in their transportation modes during daily life. The most closely related
study is by Salvo (2018), who finds that household electricity usage increases by ten
percent when PM, 5 increases by 100 ug/m? in Singapore, and shows that it is due to
households’ use of air conditioners as avoidance behavior for air pollution. Following
the same logic, when the air is polluted, individuals who have to go to work would
prefer transportation modes that are less exposed to air pollution. This change in
traveling behavior also reveals individuals’ willingness to avoid outdoor air pollution.
We calculate people’s willingness to pay for avoiding exposure by approximately 36%
to 68% of PM, 5 concentration when commuters switch from riding the metro to driv-
ing vehicles or riding taxis which ranges from 592,673 yuan ($96,369.59) to 18,146,344
yuan ($2,950,625.04) per day in the city.

The paper proceeds as follows. Section 2.2 provides information on the trans-
portation modes people use in Shanghai. Section 2.3 describes the data, Section 2.4

discusses the identification strategy, and Section 2.5 presents the key results. Section
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2.6 discusses the mechanisms by which air quality impacts traffic flow, and Section 2.7
calculates people’s willingness to pay to avoid being exposed to outdoor air pollution.

Section 2.8 concludes.

2.2 Transportation Modes in Shanghai

Residents in Shanghai have different transportation modes to commute to work.
According to a survey conducted by the National Bureau of Statistics in Shanghai
(2010), among the 2330 residents surveyed in the city, 26.9% took buses to work,
17.2% rode the metro to work, 21.4% took buses and rode the metro to work, 12%
rode electric bicycles, 13% drove private vehicles, and 9.3% rode bicycles to work. A
more recent survey conducted by the Shanghai Urban and Rural Construction and
Transportation Development Research Institute (2015) finds that 8.3% of residents
in Shanghai rode the metro, 17.3% of residents rode vehicles, 20.2% of residents rode
electric bicycles, 7.2% rode non-electric bicycles, and 1.5% residents rode motorcycles.

The proportion of residents riding vehicles is growing in the city. In 2015, 17.3%
of residents chose to ride vehicles when traveling, which is an increase of 5.3% from
2009 (Shanghai Urban and Rural Construction and Transportation Development Re-
search Institute, 2015). The ownership of private vehicles in Shanghai has been
steadily increasing over the last several decades, with an annual increase of approxi-
mately 20% during 2004-2011 and 13% during 2011-2014 (Shanghai Statistics Bureau,
2015a). In 2014, 28% of households owned at least one private car (Shanghai Urban
and Rural Construction and Transportation Development Research Institute, 2015).
Meanwhile, there are approximately 20 taxis per 1,000 population, and taxi trips ac-
count for 15.7% of all commuting trips (Shanghai Urban and Rural Construction and
Transportation Development Research Institute, 2015; Shanghai Statistics Bureau,
2015b).

The metro system in Shanghai is sophisticated. The Shanghai metro ranks first
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in China and third in the world for the total length of its lines.?> By the end of 2014,
there were 14 lines in use, responsible for 15.1% of commuting trips, 8.3% of total
trips, and 43% of all public transit trips (Shanghai Urban and Rural Construction and
Transportation Development Research Institute, 2015; Shanghai Statistics Bureau,
2015b).

Riding the metro is less expensive than taking taxis or driving vehicles. The metro
fare in Shanghai is three yuan for distances less than six kilometers. For distances
greater than six kilometers, the metro fare increases by one yuan for each additional
ten kilometers. The highest metro fare is 13 yuan, and the lowest metro fare is three
yuan. The base taxi fare in Shanghai is 14 yuan during the times that the metro is in
operation. The additional cost is 2.4 yuan per kilometer for travel distances greater
than three kilometers but less than ten kilometers, and 3.6 yuan per kilometer for
travel distances beyond ten kilometers. Taxi fares are higher during the times when
the metro is closed.

Driving is also more expensive than riding the metro. The average retail gasoline
price ceiling in Shanghai between 2013 and 2014 was 7.53 yuan per liter. Given that
the average commuting distance is 18.8 kilometers in Shanghai,? the gasoline cost is
greater than the metro fare when travel distance is greater than six kilometers.?”

Bus fares in Shanghai are cheaper than metro fares. The bus fare is two yuan
per trip, which is much less than the metro fare. With 1,377 routes and 16,155
vehicles, the bus system in Shanghai ranks 3rd in buses per 1,000 population in
China (Shanghai Urban and Rural Construction and Transportation Development

Research Institute, 2015; Shanghai Statistics Bureau, 2015b).

2’http://shanghaiist.com/2013/08/26/what_the_shanghai_metro_will_look_like_in_
2014_and_2020/

26The average commuting distance was 18.8 kilometers in 2014 in Shanghai, based on an online
survey conducted by Baidu. Details of information about this survey can be found in Section 2.7.

2"The average amount of gasoline for private vehicles to run one hundred kilometers is seven liters
per 100 kilometers (Xu, 2018).
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Given the various transportation modes available in the city, people have the op-
portunity to switch among transportation modes to reduce their exposures to outdoor
air pollution. There is evidence that the reduction of outdoor air pollution in a metro
is lower than the reduction of outdoor air pollution in a vehicle. Song et al. (2016)
conducted a study in Beijing where they tested PMs 5 concentrations in metro, buses,
and private vehicles when outdoor air quality was good (PMas < 75 ug/m?), pol-
luted (75 pg/m? PMas < 150 ug/m?), and heavily polluted (PMays > 150 pug/m?).
Under all air quality conditions, PM, 5 concentrations inside vehicles were lowest, at
21 pg/m?, when outdoor air was good, 48 pg/m?* when outdoor air was polluted, and
86 j1g/m?> when outdoor air was heavily polluted. PM, 5 concentrations in metro and
buses were greater than the concentration outdoors when the air was good. When
the air was polluted, PMy 5 concentration in metro was 101 pg/m? and 88 ug/m? in
buses. When the air quality was heavily polluted, PM, 5 concentrations in metro was
126 pg/m? and 147 pg/m? in buses, which were still greater than the concentration
inside vehicles. Given these factors, riding vehicles is an effective way for people to

reduce their exposure to outdoor air pollution.

2.3 Data and Descriptive Statistics

In this section, we describe data sources and the construction of our data set.
We then present descriptive statistics showing a positive correlation between daily
traffic flow and air quality index. We compile a time-series data set containing daily
traffic flow on expressways, metro ridership, air quality index, and weather conditions.

Collectively, our data cover the period from January 2013 to December 2014.

2.3.1 Traffic Flow Data

We use data on daily traffic flow from city expressways in Shanghai, measured

as the number of vehicles passing a given traffic sensor. The Shanghai Road Ad-
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ministration placed sensors at exits, entrances, and intersections of expressways to
monitor real-time traffic flow. Figure 2.2 illustrates the locations of these sensors.
Shanghai is organized into two circles. Areas in the inner circle are highly populated
with expensive housing areas and financial districts. Areas in the middle circle are
newly-developed commercial areas with rising housing prices and population density,
as are areas just outside the middle circle. Areas not covered by city expressways are
suburban areas with lower population density and housing prices.

City expressways in use between 2013 and 2014 are all equipped with sensors.
There were 577 sensors to detect vehicles driving in the city, with 290 sensors located
in the inner circle of Shanghai expressways, 213 sensors in the middle circle, and 74
sensors just outside the middle circle as shown in Figure 2.3.28 The data is available
from 2011 to 2014.

We construct time-series data on daily traffic flow in Shanghai from 2013 to 2014,
which matches the observation level of the air quality index. Since sensors recording
the number of passing vehicles are located at entrances, intersections, and exits of city
expressways, to avoid counting the same trip multiple times, we drop observations
from sensors located at intersections of expressways. As shown in Figure 2.3, since
all city expressways are connected, once a vehicle enters one city expressway, it can
connect to other ones without using exits on the original expressway. Therefore, the
total number of vehicles passing all sensors located at entrances of city expressways
should be equal to the total number of vehicles passing all sensors located at exits
of city expressways. However, to account for the possibility that some sensors may
occasionally malfunction and fail to detect some passing vehicles, we calculate the
average daily traffic flow from the remaining 510 sensors placed at entrances and
exits of expressways in Shanghai and use it as a measure of the daily traffic flow in

the city.?”

28The blue line in Figure 2.3 represents city expressways. The lines without sensors placed are
local expressways in suburban areas where the city expressways end.
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On workdays, there are some driving restrictions on city expressways. Vehicles
not registered in Shanghai and vacant taxis cannot use the expressways during peak
hours. Trucks registered outside Shanghai cannot enter the city until 8 pm. When
these restrictions are in place, the only vehicles allowed on the city’s expressways are

private vehicles and occupied taxis.

2.3.2 Air Quality Index

We collect daily air quality index (AQI) data from the Shanghai Environmental
Monitoring Center.®® The Chinese Ministry of Environmental Protection (MEP)
started releasing the daily AQI for each city in 2013. We collect the daily AQI in
Shanghai for our sample period from 2013 to 2014 since our traffic flow data is only
available until the end of 2014.

The AQI measures major air pollutants including PMs 5, PMig, SOy, NOy, Os,
and CO, and is used to alert citizens about air pollution levels and their health effects.
It is constructed in two steps. First, the daily concentration of each major pollutant
is normalized into an index using a series of concentration thresholds. Second, the
maximum value of AQI across all pollutants (Individual Air Quality Index) is set as
the AQI for the day.

Table 2.1 presents the cutoff points for air quality levels. The AQI ranges from 0
to above 300, with a higher value indicating a more serious pollution level. As the air
pollution level goes up, the AQI score increases, indicating more severe health effects.
When the AQI score is above 100 points, the air is considered polluted.

The public is made aware of the daily AQI by traditional and social media sources,
with warnings of negative health impacts when the air is polluted. It was the only
publicly available air pollution information relating to possible negative impacts on

human health for Chinese residents during our study period.

29Daily Traffic Flow = Daily Traffic Flow at All Entrancgs+Da11y Traffic Flow at All Ex1ts.

30Data can be retrieved from http://219.233.250.38/aqi/Home/Index.
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2.3.3 Wind Directions and Other Weather Conditions

We collect weather data from the China Climate Center. This data set contains
daily meteorological records from more than 800 climate stations located within the
country. For the city of Shanghai, records are available from only one station. There-
fore, we use the information without further processing. Data is available at the daily
level.

Daily wind direction is measured as the maximum ten-minute-average wind speed
in a day. One direction is recorded in the data set on a day. The China Climate Center
categorizes wind directions into 16 categories corresponding to the 16 standard points
on a compass. Wind directions of SW, WSW, W, WNW, and NW are considered to
be westerly wind, i.e. winds blowing from the west.

Daily wind directions might be correlated with other weather conditions that
affect individuals’ travel behavior. For example, people might prefer riding in cars to
motorcycling on a rainy day. Therefore, we collect data on daily precipitation, daily

average temperature, and daily average maximum wind speed.

2.3.4 Other Variables

We use the Shenzhen Stock Market Closing Price as a measure of unobserved
economic shocks nationwide that might affect both air quality through economic pro-
duction and traffic flow through an income effect. We are aware that the stock market
closing price might not be a perfect measure for income shocks on traffic low and
economic productivity which emits air pollution. For example, an increase in stock
market price might not immediately affect people’s driving on the contemporaneous
day. However, this data is the best we can obtain to measure unobserved economic
shocks. The Shenzhen Stock Market Closing Price is collected from the Shenzhen

Stock Exchange website.?!

3lhttp://www.szse.cn/
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We also use the retail gasoline price ceiling in Shanghai as a measure of local
economic shocks in the city since the Chinese government decides the level of retail
gasoline price ceiling according to local economic conditions. The data on the retail
gasoline price ceiling is from Xu (2018).

Daily metro ridership is collected from the Sina Weibo social media page of the
Shanghai Shentong Metro Group Company, the company in charge of metro opera-
tions in Shanghai.?? Every morning, the Shanghai Shentong Metro Group Company
publishes daily metro ridership for the previous day. We scraped the data from the

company’s daily posts on Sina Weibo to obtain daily metro ridership.3?

2.3.5 Descriptive Statistics

Table 2.2 reports summary statistics for daily traffic flow, daily metro ridership,
and daily air quality index in Shanghai between 2013 and 2014. The daily average
traffic flow in Shanghai was 10,700,000 vehicles per day with a minimum of 8,049,236
vehicles per day and a maximum of 11,900,000. The average daily metro ridership in
Shanghai was 7,915,657 passengers per day with a minimum of 3,597,000 passengers
per day and a maximum of 10,300,000.

The bottom part in Table 2.2 reports summary statistics of the daily AQI. The
average air quality index in Shanghai was 91, which is within the range of good air
quality. The best air quality in the city was excellent with a daily AQI of 21. The
worst air quality in the city was extremely polluted and hazardous for human health
at 465. The average air quality is worse when the wind direction is westerly than
it is on days with winds blowing from other directions. The difference between the
two means is statistically significant at the 5% significance level, with a t-statistic of

-9.819.

32The popularity of Sina Weibo in China is similar to that of Twitter in the United States.

33Four days were missing ridership information, a rate of missing data less than 1%.
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To better understand the relationship between daily traffic flow and AQI, we use
a graph to show the distribution of the natural logarithm of daily traffic low* for
different levels of AQI in Shanghai. Figure 2.4 shows the correlation between daily
traffic flow and daily air quality index on workdays from 2013 to 2014. Each color
of the reference line for the AQI axis represents a threshold of the air quality level.
The green line represents the limit of excellent air quality, the yellow line represents
the limit of good air quality, the orange line represents the limit of lightly polluted
air, the red line represents the limit of moderately polluted air, and the dark red line
represents the limit of heavily polluted air. Dots beyond the dark red line show traffic
flows on extremely polluted days. On average, daily traffic flow increases with daily

AQL

2.4 Econometric Framework

We are interested in the impact of the daily AQI on traffic flow. In this section,
we discuss the challenges to identifying the casual impact of daily AQI on traffic flow

and propose our identification strategy.

2.4.1 Simple Estimation

A simple method to find an impact of air quality on traffic flow is to regress the
natural logarithm of daily traffic flow on daily air quality index. Let InTraffic; denote
the natural logarithm of daily traffic flow on day d, and let AQI; denote the air quality
index on day d. A simple regression of the natural logarithm of daily traffic flow on

daily AQI is as follows:

InTrafficy = Sy + 51AQL, + f(Weathery) + 6w + pam + Omy + €4 (2.1)

34We use the natural logarithm of daily traffic flow instead of levels to keep the figure in alignment
with our estimation which will be discussed in Section 2.4.
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where f(Weather;) is a quadratic function of weather variables including daily av-
erage temperature, daily precipitation, and daily average maximum wind speed. d,,
is a day-of-the-week fixed effect, pgy, is a date-of-the-month fixed effect, and 0,,, is a
month-year fixed effect. ¢4 is the error term clustered at the week level to allow for
serial correlation since traffic flow might be correlated within a few days.

The coefficient of interest, i, might be biased for three reasons. First, there
might be reverse causality between traffic flow and the daily AQI. When the number
of vehicles on the road increases, vehicle emissions rise, which worsens air quality,
i.e., raises the AQI, all else equal. This reverse causality biases (3; upwards. Second,
Chen and Huang (2018) find that the daily AQI in China might be measured with
error, and the inclusion of fixed effects might lead this measurement error to bias
our estimate downwards. Third, there might exist omitted variables. For example,
a chemical explosion near the city pollutes the air. Meanwhile, that explosion might
reduce traffic flow because some workers would be allowed to be absent from work
due to the explosion. Omissions of such confounding factors might bias /.

To solve these problems, we instrument daily AQI using wind directions. Wind
directions are widely used as instrumental variables in studies examining the effect of
air pollution on health (e.g., Schlenker and Walker, 2015; Deryugina et al., 2016). Air
pollution varies as cities are either upwind or downwind of pollution, due to different

wind directions.

2.4.2 Identification strategy

To identify the causal impact of the daily AQI on daily traffic flow in Shanghai,
we use westerly wind as an instrumental variable for daily AQI. Shanghai is on the
east coast of China, with its east side facing the East China Sea. Its north and south
sides are also surrounded by the sea. When the wind blows from the west, it brings

air pollutants from inland China to the city. Jun and Jianguo (2013) find that air
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pollution increases with westerly winds in Shanghai.

The exclusion restriction is that, conditional on controls, the westerly wind in
Shanghai only affects traffic flow through its impact on AQI. The validity of the as-
sumption depends on the set of controls, since the wind direction might be correlated
with factors that influence daily traffic flow.

One obvious confounding factor is weather conditions. For example, if the wind
direction is correlated with daily precipitation which also affects people’s transporta-
tion choices, then westerly wind will be related to traffic low through the mechanism
of daily precipitation. Figure 2.5 shows the frequencies of daily precipitation when
wind blows from the west versus other directions on workdays from 2013 to 2014. It
rains more often when wind blows from other directions than when it blows from the
west. Our control of daily precipitation, daily average temperature, and daily average
maximum wind speed captures this effect that threatens the exclusion restriction of
our instrumental variable.

Time varying unobserved confounding factors might influence the impact of the
instrumented AQI on traffic flow as well. Westerly winds could affect traffic flow
through seasonality. For example, the wind might blow from the west more often
in winter than it does in other seasons, and people might drive more in winter due
to the colder weather. Figure 2.6 shows the frequencies of westerly wind directions
by month in Shanghai from 2013 to 2014. The wind blows from westerly directions
more frequently in July, November, and December. Also, the number of vehicles in
Shanghai keeps increasing over time, and wind directions might vary from year to
year as well. In addition, traffic low might vary with day of the week and date of the
month. For example, staff at commercial banks in China might need to go to visit
more clients during the end of each month in order to achieve their monthly business
goals. Considering these conditions, we include day-of-the-week, date-of-the-month,

and month-year fixed effects.
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Let Z4 be a dummy variable equal to one when wind blows from the SW, WSW|
W, WNW, or NW of Shanghai on day d. We supplement Equation (2.1) with the

following first-stage regression:

AQly = ag+ oy Zy + f(Weathery) + 0y + pam + Omy + fd (2.2)

where f(Weathery) is a quadratic function of weather variables including daily av-
erage temperature, daily precipitation, and daily average maximum wind speed. d,,
is a day-of-the-week fixed effect, pgn, is a date-of-the-month fixed effect, and 0,,, is a
month-year fixed effect. py is the error term clustered at the week level to allow for
serial correlation.

Our instrumental variable is valid in identifying the casual impact of daily AQI

and daily traffic flow if the following condition holds:

E[Zeq| f(Weatherq), 6w, pdm: Omy] =0 (2.3)

The westerly wind should be conditionally uncorrelated with the unobserved fac-
tors that affect traffic low. In the following section, we conduct tests of internal
validity of our identification strategy to examine whether our instrumental variable,
westerly wind, is conditionally correlated with any unobserved factors that affect

traffic flow.

2.4.3 Tests of Internal Validity

A major threat to our identification strategy is that wind directions may be cor-
related with unobserved daily economic activities that affect traffic flow. To test the
validity of our identification assumption, we use the Shenzhen Stock Market Closing
Prices and Shanghai retail gasoline price ceilings as measures of unobserved national

economic activities and local economic activities to examine their correlations with
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wind directions.

Conditioning the Shenzhen Stock Market Closing Prices on time fixed effects, in-
cluding day-of-the-week, date-of-the-month, and month-year fixed effects, we then
regress the resulting residuals on the set of wind directions.®® Figure 2.7 shows es-
timated correlations between the residuals of Shenzhen Stock Market Closing Prices
and wind directions within the 95% confidence interval. Each dot represents one
estimate of residuals of the stock closing prices on a wind direction from one regres-
sion. Results show that the Shenzhen Stock Market Closing Prices are not correlated
with wind directions in Shanghai. These results indicate that unobserved financial
activities nationwide that might affect traffic low through the income effect are in-
dependent of wind directions in Shanghai.

We use the Shanghai retail gasoline price ceiling as a measure of unobserved eco-
nomic activities in Shanghai that might affect traffic flow, and examine its correlations
with wind directions. Xu (2018) finds that weather conditions such as rain are corre-
lated with retail gasoline price ceilings in Shanghai. Since retail gasoline price ceilings
affect traffic flow, if wind directions are also correlated with the price ceilings, then
our exclusion restriction does not hold. Conditioning retail gasoline price ceilings in
Shanghai on daily precipitation, daily average temperature, daily average maximum
wind speed, and time fixed effects including day-of-the-week, date-of-the-month, and
month-year fixed effects, we then regress the resulting residuals on each wind direc-
tion.

Figure 2.8 presents the estimated correlations between the residuals of retail gaso-
line price ceilings and wind directions within the 95% confidence interval. Each dot
represents one estimate of residuals of retail gasoline price ceilings in Shanghai on a

wind direction from a separate regression. All but wind blowing from the WNW is

35Since westerly wind includes wind directions of SW, WSW, W, WNW, and NW, we conduct
separate regressions of residuals of Shenzhen Stock Market Closing Prices on each of the 16 wind
directions to examine whether any direction included in westerly wind is correlated with the residuals.
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positively correlated with the residuals of the price ceilings. Only one out of the 16
wind directions is statistically significantly correlated with the retail gasoline price
ceiling. According to Bonferroni Correction for multiple comparisons, the overall sig-
nificance level of 0.05 would need individual tests of p value of 0.05/16 ~ 0.003. None
of the estimates of correlations between the residuals of retail gasoline price ceilings
and wind directions has a p value greater than 0.003. In a robustness check, we in-
clude retail gasoline price ceilings as a control to examine whether our main results

are robust.

2.5 Results

In this section, we first present results using ordinary least squares estimation
in Section 2.5.1. We then present our main results using the instrumental variables

strategy in Section 2.5.2. Finally, we show robustness checks in Section 2.5.3.

2.5.1 Traffic Flow and Air Pollution

Table 2.3 shows the relationship between daily AQI and daily traffic flow estimated
using ordinary least squares (OLS). We add a quadratic function of daily weather
conditions, month-year fixed effects, date-of-the-month fixed effects, and day-of-the-
week fixed effects progressively and present corresponding results in Columns 1-5.
For brevity, we only present the coefficients of interest. Overall, results show that
daily traffic flow is positively correlated with daily air quality index. However, the
relationship is not statistically significant after we include a quadratic function of
weather conditions as a control. This result remains true when we add time fixed
effects progressively. Our preferred specification is in Column 5, which we use for the
remainder of the paper, except when specified.

The previous section indicates that there might exist problems of reverse causality,

measurement, error, and omitted variables that bias our estimate. Therefore, a naive
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regression of traffic flow on air quality index does not yield a causal estimate. To solve
this problem, we use a dummy variable representing winds blowing from westerly
directions as an instrumental variable for the air quality index. Before we present
our IV results, we conduct a Durbin-Wu-Hausman test and reject the null hypothesis

that the daily AQI is exogenous.

2.5.2 Instrumental Variable: Westerly Wind

In Figure 2.9 we show the estimated coefficients from regressions of daily AQI on
each wind direction within the 95% confidence interval. Air quality is worse when
the wind blows from westerly directions. The result is consistent with the findings in
Jun and Jianguo (2013), and motivates our identification strategy of using westerly
wind as an instrumental variable for the daily AQI.

The top part of Table 2.4 shows the first-stage result using a dummy representing
westerly wind as an instrumental variable for the daily AQI. The result shows that
the westerly wind is associated with an approximately 43-point increase in the daily
AQI. We conduct a test of weak instruments and find that the F-statistic is 49.34,
which is greater than the suggested cutoff value of ten proposed by Staiger and Stock
(1997). According to the cut-off points of air pollution levels in China (presented in
Table 2.1), given that the average of the daily AQI in Shanghai was 91 during our
study period, an over 40-point increase in the daily AQI can shift the AQI from a
non-polluted level to a polluted level.

The bottom part of Table 2.4 shows the second-stage result of the effect of instru-
mented daily AQI on daily traffic flow. An increase in daily AQI leads to an increase
in traffic flow. When daily AQI increases by one point, daily traffic flow increases
by approximately 0.02 percent. The estimate is statistically significant at the 1%
significance level.

This result indicates that daily traffic flow increases with the daily AQI. Given that
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the greater the daily AQI score, the more polluted the air is and the more severe health
impacts are, the increase in daily traffic flow might be due to commuters switching
from other transportation modes to riding vehicles in order to reduce their exposure
to outdoor air pollution. To examine whether the increase in daily traffic low with
the daily AQI is due to commuters’ pollution-avoidance behavior, we conduct an
analysis on the heterogeneous impacts of levels of the daily AQI on daily traffic flow
in Section 2.6.

Although our F-statistic is large, we conduct two robustness exercises to ensure
that our estimates do not suffer from weak instrument bias. Following Deryugina
et al. (2016), we estimate our IV model using the limited information maximum
likelihood (LIML) estimator which is approximately median unbiased in the presence
of weak instruments, and present the result in Column 1 of Table 2.5. The estimate
is similar to our 2SLS estimate presented in Table 2.4. Second, we conduct a placebo
test generating a set of random west winds and use those in the first stage instead of
the actual westerly wind (shown in Column 2 of Table 2.5). The first-stage F-statistic
is 0.23, which is not only much smaller than the F-statistics in our main result but
also smaller than the suggested cutoff value of ten proposed by Staiger and Stock
(1997).

2.5.3 Robustness Checks

In this section, we present robustness checks. We first conduct an analysis using
alternative specifications. We then include observations on weekends to test whether

our identification is robust to this variation in the sample used.

2.5.3.1 Alternative Specifications
Two unobserved factors might be correlated with wind directions and affect traffic

flow. The first factor is the path dependence of air quality. For example, if the air
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was heavily polluted yesterday due to the westerly wind blowing air pollutants to the
city, it is highly likely that the air is still polluted today even if the wind has changed
direction. Also, travelers’ driving decisions in the present day might be based on the
air quality on the previous day. To examine whether the omission of the air quality
one day before biases our estimates, we include a one-day lag of air quality index in
our regression.

Second, as discussed in Section 2.4.3, retail gasoline price ceilings in Shanghai
are positively correlated with the wind direction of WNW, which is a component of
our instrumental variable. With the concern that our instrumental variable might be
correlated with the retail gasoline price ceiling and also affect daily traffic flow, we
include the price ceiling as a control to examine whether our main result is robust to
this alternative specification.

Table 2.6 presents results with alternative specifications using the lag of daily
AQI and the price ceiling as additional control variables in our regression. Column
1 presents the estimated impact of the daily AQI on daily traffic flow from our main
result. Column 2 presents the estimated impact of the daily AQI on daily traffic flow
when we include the lag of the daily AQI as an additional control in Equation (2.1),
and Column 3 presents the estimated impact of the daily AQI on daily traffic flow
when we include the price ceiling as an additional control in Equation (2.1). Column
4 presents the estimated impact of the daily AQI on daily traffic low when we include
both the lag of the daily AQI and the price ceiling as additional control variables in
Equation (2.1). Overall, estimates of the impact of the daily AQI on daily traffic
flow in all the alternative specifications are within the 95% confidence interval of our
main result. The estimates of the impact of the one-day lag of the daily AQI on daily
traffic flow are negative but statistically insignificant.

The estimated impact of the retail gasoline price ceiling on daily traffic flow is

positive and statistically significant at the 5% significance level. As shown in Section
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2.4.3, wind blowing from the WNW is positively correlated with the residuals of retail
gasoline price ceilings. One possibility is that unobserved economic activities might
be correlated with wind blowing from the WNW and traffic flow. For example, an
industrial district locates in the WNW of the city. When wind blows from WNW,
it brings pollution from this industrial district to the city. Meanwhile, the growth of
production in the industrial district might stimulate the economy of the city, which

increases retail gasoline price ceilings through the income effect.

2.5.3.2 Including Observations On Weekends

Table 2.7 presents the results including observations on weekends. We also include
a weekend fixed effect as an additional control in Equation (2.1).3” Column 1 presents
the estimated impact of the daily AQI on daily traffic flow on workdays from our main
result. Columns 2-4 present the estimated impacts of the daily AQI on daily traffic
flow when we include observations on weekends.

The estimated magnitude of the impact of the daily AQI on daily traffic flow is
smaller in this new sample. The estimated impact of weekends on daily traffic flow is
negative and statistically significant at the 5% significance level, as shown in Columns
2-4. The lower traffic low on weekends might be due to people staying at home to
relax. The estimated magnitude of the impact of the daily AQI on daily traffic flow

in this new sample is within the 95% confidence interval of our main result.

2.6 Why Does Traffic Flow Increase?

In this section, we examine the difference of the impact of the daily AQI on daily

traffic low between days when air is polluted and days when air is not polluted.

36The Chinese government decides the level of retail gasoline price ceiling in a city based on global
crude oil prices and economic conditions in the city.

37The weekend fixed effect includes days that people do not need to work. In China, Saturday
and Sunday are generally weekends. However, sometimes the Chinese government makes those two
days workdays and assigns some workdays to be weekends when national holidays come.
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Second, we use daily metro ridership to examine whether the daily air quality index
affects people’s decision to ride the metro, which is another transportation mode in

Shanghai.

2.6.1 The Impact of Air Pollution on Traffic Flow

To examine different impacts of levels of the daily AQI on daily traffic flow, we
create a dummy variable that equals one when the daily AQI is above 100, which
represents the level at which the air is considered polluted. Again, we use the dummy
of westerly winds as the instrumental variable for air pollution.

Columns 1-2 in Table 2.8 presents our estimated results. Column 1 presents our
result using OLS, where air pollution is positively correlated with daily traffic flow.
Column 2 shows our result using the instrumental variable strategy. The result shows
that daily traffic flow increases with air pollution. The impact of daily AQI on daily
traffic flow when air is polluted is approximately 2.9 percent greater than the impact
when the air is not polluted, holding other factors constant.3®

We then examine the impacts of non-polluted air quality levels on daily traffic
flow. We create a dummy variable equal to one if the daily AQI is in the range of
excellent air quality and a dummy variable equal to one if the daily AQI is in the
range of good air quality. We then run a separate regression for each dummy.

Columns 3-6 in Table 2.8 presents estimated results for the impact of excellent
and good air quality on daily traffic flow. Column 3 and Column 4 show the impact
of excellent air quality on daily traffic flow. The results show that daily traffic flow
is lower when the air quality is excellent than when it is getting polluted. Columns
5 and 6 show the impact of good air quality on daily traffic flow. We drop days with

excellent air quality and keep days with polluted air as the base group. Compared

38 As a robustness check, we include a dummy variable that equals one when the daily AQI was
above 100 one day before as an additional control in our estimation and find a similar impact of the
contemporaneous air pollution on daily traffic flow, 0.0247. The impact of air pollution a day before
on daily traffic flow is positive but statistically insignificant.
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to days with polluted air quality, daily traffic flow is lower when air quality is good
with a smaller magnitude than it is on days with excellent air quality.?® These results
indicate that traffic low increases with daily AQI because of individuals’ avoidance

of air pollution.*°

2.6.2 The Impact of Air Pollution on Metro Ridership

Using data on daily metro ridership provided by the Shanghai Shentong Metro
Company, we examine the impact of daily AQI on the daily metro ridership. Due to
the unavailability of data for other transportation modes such as bicycling and mo-
torcycling, in which travelers are more exposed to outdoor air pollution than when
riding vehicles, we cannot identify whether the increase in traffic flow is due to trav-
elers switching from these transportation modes. However, with the data on daily
metro ridership, we can still examine whether the daily AQI affects this transportation
mode.

Following the form of Equation (2.1), we use the natural logarithm of daily metro
ridership on day d as the dependent variable. We conduct a Durbin-Wu-Hausman test
using the dummy representing westerly winds as the instrument for the daily AQI and
find that we fail to reject the null hypothesis that daily AQI is exogenous. However,
there might still exist omitted variables and measurement error as we discussed in
Section 2.4.1. Therefore, we conduct our analysis using both OLS and IV methods.

Columns 1-4 in Table 2.9 present our results using OLS. Column 1 presents the

impact of the daily AQI on daily metro ridership, showing that daily metro ridership

39We also conduct a regression including days with excellent air quality in our sample to estimate
the impact of good air quality on daily traffic flow. The IV result shows that daily traffic flow is
smaller on days with good air quality than it is on days with other air qualities. The estimate is
-0.0511 and is statistically significant at the five percent level. The magnitude is smaller than the
magnitude of the impact of excellent air quality on daily traffic flow.

40Including a one-day lag of the daily AQI as an additional control, we find similar impacts of
non-polluted air quality on daily traffic flow. Results show that the impact of excellent air quality
on daily traffic flow is -0.0640 and is statistically significant at the 5% level. The impact of good air
quality on daily traffic flow is -0.0258 and is statistically significant at the 5% level.
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decreases with the daily AQI, but the impact is not statistically significant. Column
2 presents our estimate of the impact of the daily AQI being above 100 points, i.e.,
the air is polluted, on daily metro ridership. The result shows that the daily metro
ridership increases when the air is polluted, but the impact is not statistically sig-
nificant. When air quality is excellent, daily metro ridership significantly decreases
by approximately 1.5 percent, as shown in Column 3. It also decreases when the air
quality is good comparing to days with polluted air, but the impact is not statistically
significant.

Columns 5-12 in Table 2.9 present our results using the IV strategy. The result in
Column 5 shows that a ten-percent increase in the daily AQI increases daily metro
ridership by approximately 0.03 percent. However, when we include the lag of daily
AQI as an additional control, the estimated impact of the contemporaneous daily
AQI on daily traffic flow becomes statistically insignificant as shown in Column 9.
When the daily AQI is above 100 points, i.e. the air is polluted, the daily traffic
flow increases by approximately 3.44 percent as shown in Column 6. The estimate,
however, becomes statistically insignificant when we include the lag of the dummy
variable that equals one if the daily AQI was above 100 on the previous day. Only
when air quality is excellent, i.e, the daily AQI is below 50 points, does the estimated
impact of the air quality on daily metro ridership show that daily metro ridership
significantly decreases, by 7.5% (shown in Column 7) and 6.3% (shown in Column
11). Daily metro ridership decreases when the air quality is good, but the estimated
impact is not statistically significant as shown in Column 8 and Column 12.

To better compare the impact of the daily AQI on daily traffic low and daily
metro ridership, we restrict the data on daily traffic flow data to be the same set of
days as the metro ridership data. There were four days in our study period without
availability of data on daily metro ridership. We drop these four days in our regression

of daily traffic flow on the daily AQI and present our results using the instrumental
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variables strategy in Table 2.10. The results are similar to our findings in Table 2.4
and are robust when we include the one-day lag of the daily AQI as an additional
control.

The reason why daily metro ridership does not significantly increase when the air
is polluted might be due to the difference in how protective each transportation mode
is towards air pollution. The reduction of outdoor air pollution in a metro is lower
than the reduction of outdoor air pollution in a vehicle as discussed in Section 2.2.
Based on the different estimated impacts of air pollution on daily traffic flow and
daily metro ridership, in the following section, we calculate people’s willingness to
pay for avoiding outdoor air pollution assuming that people might switch from riding

the metro to riding vehicles.

2.7 Willingness To Pay for Avoiding Outdoor Air Pollution

In this section, we conduct a back-of-the-envelope calculation of commuter’s will-
ingness to pay (WTP) to avoid being exposed to air pollution in terms of riding
vehicles.*! According to a national survey conducted by Baidu in 2014,%2 the average
commuting distance in Shanghai in 2014 was 18.8 kilometers. We assume that the
commuting distance is fixed, i.e. people do not change the length of their commute
in response to pollution. We further assume that the effect of pollution on traffic low
is because of an attempt to avoid pollution, and that the increase in the daily AQI
is due to the increase in PMs 5 concentration.*> We calculate the WTP to reduce

exposure to PMs 5 concentration in two cases: (1) commuters switch from riding the

#1Gince our study focuses on the impact of the daily AQI on traffic low on workdays, most
individuals who travel in the city are commuters.

42http://shanghaiist.com/2015/01/28/commuters_in_beijing_have_it/

43This assumption is valid on days when the major pollutant is PMs 5, given that the daily AQI is
the maximum value of the individual AQI across all air pollutants. In addition, we traced records of
daily average PMs 5 concentrations in Shanghai from December 2nd, 2013, to December 11th, 2013,
and found that when the daily AQI was above 100 points, the daily average PMs 5 concentration
was above the polluted level as well.
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metro to driving; and (2) commuters switch from riding the metro to riding taxis.

In case one, we only consider commuting costs in terms of gasoline cost and metro
fare. The metro fare for commuting 18.8 kilometers is 4 yuan. The average amount of
gasoline for private vehicles in China is 7 liters per one hundred kilometers,** and the
average retail gasoline price ceiling between 2013 and 2014 was 7.53 yuan per liter.%®
Therefore, the gasoline expenditure for a private vehicle to drive 18.8 kilometers is:
7 x 18.8 = 100 x 7.53 = 9.91 yuan. According to findings in Song et al. (2016),
the PMs 5 concentration inside vehicles was 48 j1g/m? when the PMy 5 concentration
outdoor was in the range from 75 ug/m? to 150 ug/m?3. Therefore, a commuter’s
reduction of exposure to outdoor PM, 5 concentration by driving ranges from 36% to
68%. Assuming two commuters share a private vehicle,’® the willingness to pay to
reduce exposure by approximately 36% to 68% of PMy 5 concentration is 1.91 yuan
($0.3117) per household.*®

This calculated WTP might be a lower bound because commuters who switch
from other transportation modes to driving vehicles might need to pay other fees
related to driving, such as a parking fee. However, due to the unavailability of data
on other driving fees, we cannot calculate the real expenditure for such commuters.

Using taxi fares in Shanghai, we then calculate an expenditure for commuters
who switch from other transportation modes to taking taxis since they either do not

have private vehicles, or the taxi fares for them are cheaper than the total cost of

“In China, the unit for vehicles’ mileage per gallon is one liter per one hundred kilometers.
We calculate the average gasoline consumed per one hundred kilometers based on information on
compact and full-size vehicles in China provided on http://chaxun.miit.gov.cn/asopCmsSearch/.

45Xu (2018) finds that most gasoline retailers in Shanghai set retail gasoline prices at the price
ceiling, which is regulated by the Chinese government.

46The size of a household in Shanghai includes two adults and one minor. According to the
statistics released by the Shanghai Police Department, in 2015, there were 52 private vehicles per
100 households in Shanghai http://sh.eastday.com/m/20160226/u1a9232632.html. We assume
that two adults from a household share a private vehicle when commuting to work.

47The International Monetary Fund reports that the annual nominal exchange rate in 2013 was
6.15 yuan per dollar.

48That is 9.91 - 2 x 4 = 1.91 yuan.
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driving vehicles to work. Taxi fares differ between the city and suburban areas, with
higher fares in the city. Since our study focuses on traffic flow on city expressways,
we use taxi fares in the city to calculate the cost of commuting to work by taxi.
We use the taxi fare during daytime (i.e., from 5 am to 11 pm) for our calculation
since office hours in Shanghai are generally from 9 am to 6 pm. The base taxi fare in
Shanghai during our study period was 14 yuan, with a travel distance of no more than
three kilometers. When the total distance is greater than three kilometers, the fare
increases by 2.4 yuan per kilometer for the additional seven kilometers. For a travel
distance greater than ten kilometers, the taxi fee increases by 3.6 yuan per kilometer.
The total taxi fare for commuting 18.8 kilometers is: 14+7x2.44-8.8x3.6=62.48 yuan
($10.16). The willingness to pay to reduce exposure by approximately 36% to 68% of
PM, 5 concentration is 58.48 yuan ($9.51) per person.

Referring to the estimated impact of air pollution on daily traffic flow in Column
2 of Table 2.8, we then calculate the willingness to pay for avoiding outdoor air
pollution at the city level. When the air becomes polluted, the daily traffic flow
increases by 2.9 percent which results in an increase of 310,300 trips per day. If the
increment of daily traffic flow is due to the increase of driving private vehicles, then
the excess expenditure in the city is 592,673 yuan ($96,369.59) on the day with air
pollution. If the increment of daily traffic flow is due to the increase of taxi rides,
then the excess expenditure in the city is 18,146,344 yuan ($2,950,625.04) on the day
with air pollution. Since the increase in traffic flow is likely a mix of both types of
transportation modes, the per-day aggregate willingness to pay to reduce exposure
by approximately 36% to 68% of PM, 5 concentration in the city is between 592,673
yuan ($96,369.59) and 18,146,344 yuan ($2,950,625.04).
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2.8 Conclusion

In this paper, we study the impact of information about daily air quality on daily
traffic low in Shanghai, China. Using westerly wind as an instrumental variable
for daily Air Quality Index (AQI), we find that an increase in the daily AQI causes
an increase in daily traffic flow, especially when the air reaches the level designated
by the AQI as “polluted”. Our estimates provide valuable information on people’s
willingness to pay to avoid outdoor air pollution.

Our results also imply that policymakers should carefully evaluate regulations
that invoke citizens’ awareness of environmental quality when air is polluted. Since
individuals respond to pollution by increasing traffic flow, pollution may lead to even
more polluted conditions, due to traffic congestion and vehicle emissions. In order not
to worsen air pollution, policymakers should consider providing incentives to attract
those who drive to take the metro instead of driving when air is polluted.

One possible method is to increase people’s awareness of environmental protection
when air is polluted. Existing studies have found that policies that suggest people to
reduce driving when air is polluted are effective in the United States. For example,
Cutter and Neidell (2009) find that “Spare the Air” advisories in San Francisco Bay
Area which suggests citizens to give up driving when the ground-level ozone is going to
exceed a limited threshold effectively reduces traffic volume and slightly increasing the
use of public transit. Welch et al. (2005) find that the ozone-level advisories in Chicago
changed the hourly patterns of train ridership. Findings in these studies suggest that
instead of only releasing information on air quality and its corresponding negative
health effects to individuals, policymakers should consider releasing advisories on
transportation choices in order to raise individuals’ environmental consciousness when

the air is polluted.
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Figure 2.1. Geographical Location of Shanghai

Note: The red lined areas are administrative zones in Shanghai. The two islands in the map are
suburban areas of Shanghai without city expressways. Map Source: Google Maps
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Figure 2.2. Locations of Sensors on Shanghai Expressways

—

J

Note: Each polygon represents a neighbourhood in Shanghai, and each color represents a district.
Red dots in the figure are locations of sensors on city expressways. Sensors inside the yellow square
are located in the inner circle of the city, which includes the financial district. Outside the yellow
square is the middle circle, including newly developed commercial centers and residential areas.
Neighborhoods not covered by sensors are suburban areas.
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Figure 2.3. Map of Sensors, Expressways, and Metro Lines in Shanghai
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Figure 2.4. Daily Traffic Flow Against Daily Air Quality Index in Shanghai
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Note: Each dot represents the natural logarithm of daily traffic flow in Shanghai at the corresponding
level of air quality index on a day. Each color of the reference line represents a threshold of the air
quality level. The green line represents the limit of excellent air quality, the yellow line represents
the limit of good air quality, the orange line represents the limit of lightly polluted air, the red line
represents the limit of moderately polluted air, and the dark red line represents the limit of heavily
polluted air. The purple line represents a linear regression of the natural logarithm of daily traffic
flow on the daily AQI.
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Figure 2.5. Distributions of Daily Precipitation by Wind Directions
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The left panel shows the frequency of the daily precipitation when wind blows from directions other
than west, and the right panel shows the frequency of the daily precipitation when wind blows from
the west on workdays in Shanghai from 2013 to 2014. It rains more often and more intensely when
wind blows from other directions than it blows from the west.
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Figure 2.6. Number of Days with Westerly Wind from 2013 to 2014 in Shanghai
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Note: Each bar represents the number of days with winds blowing from directions of SW, WSW,
W, WNW, or NW in Shanghai by month. The period is from 2013 to 2014.
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Figure 2.7. Correlations between Wind Directions in Shanghai and the Shenzhen
Stock Market Closing Prices
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Note: Each dot represents one estimated coefficient from a regression of residuals of the Shenzhen
Stock Market Closing Prices on each wind direction, where residuals are drawn from a regression of
the stock prices on day of the week, date of the month, and month-year fixed effects. All estimates
are presented within the 95% confidence interval.
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Figure 2.8. Correlations between Wind Directions and Retail Gasoline Price Ceilings
in Shanghai
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Note: Each dot represents one estimated coefficient from a regression of residuals of retail gasoline
price ceilings on each wind direction in Shanghai, where residuals are drawn from a regression of the
price ceilings on a quadratic function of daily precipitation, daily average temperature, and daily
average maximum wind speed and time fixed effects including day of the week, date of the month,
and month-year fixed effects. All estimates are presented within the 95% confidence interval.
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Figure 2.9. Daily Air Quality Index Against Wind Directions
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Note: Each dot represents one estimated coefficient from a regression of the daily air quality index
on each wind direction. All estimates are presented within the 95% confidence interval.
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Table 2.1. Cut-off Points and the Health Effects of Air Quality Index

AQI

Air Quality

Health Implications

0-50

Excellent

Air quality is considered satisfactory, and air
pollution poses little or no risk

51 -100

Good

Air quality is acceptable; however, for some
pollutants there may be a moderate health
concern for a very small number of people
who are unusually sensitive to air pollution.

101-150

Lightly Polluted: Unhealthy for Sensitive Groups

Members of sensitive groups may experience
health effects. The general public is not likely
to be affected.

151-200

Moderately Polluted: Unhealthy

Everyone may begin to experience health ef-
fects; members of sensitive groups may expe-
rience more serious health effects

201-300

Heavily Polluted: Very Unhealthy

Health warnings of emergency conditions.
The entire population is more likely to be
affected.

300+

Extremely Polluted: Hazardous

Health alert: everyone may experience more
serious health effects.

Information Source: China National Environmental Monitoring Centre. Translated by authors.

Table 2.2. Descriptive Statistics of Main Data

N Mean Std. Min Max
Daily Traffic Flow 500 10,700,000 486,619.7 8,049,236 11,900,000
Daily Metro Ridership 496 7,915,657 787,297 3,597,000 10,300,000
Daily Air Quality Index 500 91.112 49.618 21 465
Westerly Wind Other Winds t-Stats
1) @) (2)-(1)
Average Daily Air Quality Index 127.231 80.078 -9.819
N 117 383
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Table 2.3. OLS Results of Regressing the Natural Logarithm of Daily Traffic Flow
on Daily Air Quality Index

(1) (2) 3) (4) ©)

Air Quality Index 0.000103*  0.0000747  0.00000224  0.0000224  0.00000657
(0.0000618)  (0.0000579) (0.0000568) (0.0000553) (0.0000528)
N 500 500 500 500 500
R? 0.012 0.308 0.476 0.508 0.580
Quadratic Weather Function NO YES YES YES YES
Month-Year FE NO NO YES YES YES
Date of the Month FE NO NO NO YES YES
Day of the Week FE NO NO NO NO YES

Note: Standard errors are clustered at the week level to allow for serial correlation.
¥ p<0.01, ** p<0.05, * p<0.1
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Table 2.4. IV Results of the Impact of Daily Air Quality Index on Daily Traffic Flow

First Stage: Dependent Variable: AQI  Coefficient F-Stats
Winds Blowing from the West 42.743*** 49.34
(6.083)
N 500
R? 0.555
Adjusted R? 0.488
Partial R? 0.180
Quadratic Function of Weather YES
Day of the Week FE YES
Date of the Month FE YES
Month-Year FE YES
Second-Stage Coefficient
Air Quality Index 0.000224***
(0.0000773)
N 500
R? 0.552
Quadratic Function of Weather YES
Day of the Week FE YES
Date of the Month FE YES
Month-Year FE YES

Note: Standard errors are clustered at the week level to allow for serial correlation.
R p<0.01, ** p<0.05, * p<0.1
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Table 2.5. IV Results of the Impact of Daily Air Quality Index on Daily Traffic Flow

LIML Placebo Test

Air Quality Index 0.000217%** 0.0000227

(0.000078) (0.00123)
F-statistic 57.26 0.23
N 674 674
R? 0.704 0.722
Quadratic Function of Weather YES YES
Day of the Week FE YES YES
Date of the Month FE YES YES
Month-Year FE YES YES

Note: Standard errors are clustered at the week level to allow for serial correlation.
K p<0.01, ** p<0.05, * p<0.1

Table 2.6. The Impact of Daily Air Quality Index on Daily Traffic Flow (IV Results):
Adding Additional Controls

(1) (2) (3) (4)

Air Quality Index 0.000224*** 0.000200**  0.000207***  0.000180**
(0.0000773)  (0.0000835) (0.0000770)  (0.0000835)
One-Day Lag of Air Quality Index -0.0000161 -0.00000158
(0.0000526) (0.0000528)
Ln(Retail Gasoline Price Ceiling) 0.397** 0.328%*
(0.180) (0.130)
N 500 486 500 486
R? 0.552 0.566 0.563 0.577
Quadratic Weather Function YES YES YES YES
One-Day Lag of Daily Traffic Flow YES YES YES YES
Day of the Week FE YES YES YES YES
Date of the Month FE YES YES YES YES
Month-Year FE YES YES YES YES
First-Stage F Statistic 49.34 50.20 50.17 50.86

Note: Standard errors are clustered at the week level to allow for serial correlation.
¥ p<0.01, ** p<0.05, * p<0.1
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Table 2.7. The Impact of Daily Air Quality Index on Daily Traffic Flow (IV Results):
Including Observations on Weekends

(1) (2) (3) (4)
Air Quality Index 0.000224*** (0.000191***  0.000187***  0.000170**
(0.0000773)  (0.0000675)  (0.0000683)  (0.0000670)
Weekend -0.0557FFF  _0.0642*%F*F  -0.0657F**
(0.0190) (0.0160) (0.0163)
One-Day Lag of Air Quality Index -0.0000428  -0.0000353
(0.0000387)  (0.0000388)
Ln(Retail Gasoline Price Ceiling) 0.243
(0.150)
N 500 674 660 660
R? 0.552 0.726 0.755 0.759
Quadratic Weather Function YES YES YES YES
Day of the Week FE YES YES YES YES
Date of the Month FE YES YES YES YES
Month-Year FE YES YES YES YES
First-Stage F-Statistic 49.34 57.71 54.53 54.67

Note: Standard errors are clustered at the week level to allow for serial correlation.
*** p<0.01, ** p<0.05, * p<0.1
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Table 2.8. The Impacts of Different Air Qualities on Daily Traffic Flow

OLS v OLS v OLS v
(1) (2) (3) (4) (5) (6)
AQI>100 0.00594*  0.0287***
(0.00319)  (0.00967)
AQI <50 -0.0105%*%  -0.0654***
(0.00510)  (0.0243)
50 < AQI < 100 -0.00419 -0.0198**
(0.00294) (0.00942)
N 500 500 500 500 433 433
R? 0.582 0.553 0.584 0.475 0.567 0.550
Quadratic Weather Function YES YES YES YES YES YES
Day of the Week FE YES YES YES YES YES YES
Date of the Month FE YES YES YES YES YES YES
Month-Year FE YES YES YES YES YES YES
First-Stage F-Stats 38.21 22.11 33.16

Note: In Column 1 and Column 2, the base group is the daily AQI below 100 points.

In Column 3 and Column 4, the base group is the daily AQI above 50 points.
In Column 5 and Column 6, the base group is the daily AQI above 100 points.
We drop observations on days for which the daily AQI is less than or equal to 50 points.

Standard errors are clustered at the week level to allow for serial correlation. *** p<0.01, ** p<0.05, * p<0.1
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3 More Bicycles, More Traffic Accidents? A Case Study on Citi Bike in

New York City

3.1 Introduction

Bike-sharing programs have been adopted in many places around the world as
an alternative to riding automobiles. Bike-sharing stations are available in Paris,
London, Amsterdam, Hangzhou, Shanghai, Los Angeles, New York City, Washington,
D.C., and more. Bike-sharing programs aim to reduce traffic congestion, vehicle
emissions, and air pollution. In the United States, for example, from the fundamental
law of congestion (Duranton and Turner, 2011), provision of vehicle lanes or public
transportation does not have the expected effects on reducing traffic congestion.*’
Therefore, policymakers are experimenting with bike-sharing programs as another
method to reduce traffic congestion.

Previous studies have found that bike-sharing programs can reduce traffic con-
gestion in the United States. Using traffic data in census blocks in the metropolitan
Washington, D.C., area from 2010 to 2011, Hamilton and Wichman (2018) find that
the introduction of Capital Bikeshare in a census block reduced traffic congestion,
with greater impact in highly congested areas. By modeling alternative transporta-
tion modes for Citi Bike in New York City, Sobolevsky et al. (2018) find that Citi
Bike reduces the time cost of traveling as well as traffic congestion, vehicle emissions,
and air pollution. In Melbourne and Minneapolis/St. Paul, Fishman et al. (2014)
find that bike-sharing programs reduce motor vehicle use by 90,000 km per annum.

Despite the effectiveness of bike-sharing programs in reducing car use, there is a
debate regarding provisions of bike-sharing programs in cities. One concern about
bike-sharing is that additional bicycles on the road will increase crashes involving

bicycles. Crash-related cyclist injury is non-trivial in the United States. In 2015,

ODuranton and Turner (2011) find that vehicle kilometers traveled (VKT) increases with roadway
lanes and find no effect of the provision of public transportation on VKT in US cities.
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over 1,000 cyclists died and approximately 467,000 bicycle-related injuries occurred
in the United States.?® Fatal and non-fatal cyclist injuries in 2010 in the United States
cost approximately $10 billion in lifetime medical costs and productivity losses.?® 70%
of cyclist fatalities occurred in urban areas in 2015 (National Center for Statistics and
Analysis, 2017). Given these factors, it is reasonable that policymakers and citizens
have concerns about the safety of bike-sharing programs. In this paper, I empirically
estimate the impact of a bike-sharing program on bicycle-related traffic accidents.

To do so, I use daily reports of motor vehicle collisions to the New York Police
Department to study whether the introduction of Citi Bike in New York City affected
the incidence of bicycle-related traffic accidents. In New York City, the number of
traffic accidents involving cyclist injuries is also non-trivial. According to the esti-
mates provided by NYC Crash Mapper,>?, in 2012, there were 3,835 cyclist injuries,
which made up 7.6% of total traffic accidents involving any injuries. This proportion
rose to 7.8% by 2014,%3 a year after New York City’s bike-sharing program, Citi Bike,
launched.

I focus on traffic accidents that are of concern to the public: traffic accidents
involving bicycles, and traffic accidents involving cyclist injuries.?* Citi Bike was
launched in New York City on May 27th, 2013. Using traffic accident data near Citi

Bike stations from July 2012 to December 2014 with a focus on the areas that are

50Centers for Disease Control and Prevention. Web-based Injury Statistics Query and Reporting
System (WISQARS). Atlanta, GA: Centers for Disease Control and Prevention, National Cen-
ter for Injury Prevention and Control. Available at www.cdc.gov/injury/wisqars. Accessed on
06/13/2017.

51Ibid.

P2NYC Crash Mapper http://crashmapper.org/#/. Data are based on reports of traffic ac-
cidents to New York Police Department collected on NYC Open Data: https://opendata.
cityofnewyork.us/.

53The total number of traffic accidents involving cyclist injuries in 2014 is 3,995, and the total
traffic accidents involving all types of injuries is 51,124.

54Traffic accidents involving cyclist injuries include both traffic accidents involving bicycles and
traffic accidents involving cyclist injury but without the records of any bicycles involved. Details on
the construction of the data will be discussed in Section 3.3
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most likely to be affected by the availability of Citi Bike, I examine the impact of the
introduction of Citi Bike on traffic accidents involving bicycles in New York City.

Citi Bike was introduced to provide the last-mile option for travelers in the city.
Kaufman and O’Connell (2017) find that 48% of Citi Bike trips in September 2016
were under ten minutes, which suggests that Citi Bike riders use Citi Bike for short
trips in their neighborhoods or as a travel option for the last-mile connection to public
transit.”> Therefore, I focus my analysis on traffic accidents within 0.5 miles of Citi
Bike stations, a radius that generally contains a subway entrance, comparing days
before and days after the introduction of Citi Bike stations.

A key challenge to identifying the causal impact of the introduction of Citi Bike on
traffic accidents is that there may be other policies enacted at the same time as Citi
Bike. For example, policymakers in New York City have been installing bike lanes to
protect cyclists on the road. Also, police enforcement of laws regarding cyclist safety
may be changing over time. Such policies may be correlated with the launch of Citi
Bike and affect traffic accidents. To solve this problem, instead of using the launch
date to indicate treatment, I identify the first date when a Citi Bike station was used
as the date that Citi Bike was introduced to the area. I define those dates as the first
activation dates.

I do not find any significant impacts of the introduction of Citi Bike on bicycle-
related traffic accidents at the station level. There is no significant effect of Citi Bike
stations on either traffic accidents involving bicycles or traffic accidents involving
cyclist injuries. In contrast, at the city level, using an event study design,’® I find
that both the number of traffic accidents involving bicycles and the number of traffic

accidents involving cyclist injuries decrease by a statistically significant 30 percent

55Existing literature has found evidence of bike-sharing users combining bicycling with public
transit, for example, Tang et al. (2011) in Beijing and Shanghai, Lansell (2011) in Melbourne, and
LDA Consulting (2012) in Washington, D.C.

561 aggregate traffic accidents within 0.5 miles of nearest Citi Bike stations on each day to construct
a city-level data set on those traffic accidents per day.
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and 24 percent, respectively.

Another concern is the safety of pedestrians given the thousands of bicycles on
the street. For example, pedestrians might be hit by a Citi Bike. In my study period,
only eight out of 429,363 traffic accidents in the city are pedestrian injuries caused by
bicycles, and five of them happened before the introduction of Citi Bike. Three of the
traffic accidents happened within 0.5 miles of stations and only one of them happened
after first activation. Therefore, accidents in which bicyclists injure pedestrians are
quite rare in the city, even after the introduction of Citi Bike.

This study contributes to the literature on the social benefits of bike-sharing pro-
grams. Shaheen et al. (2010) summarize the social and environmental benefits gen-
erated by bike-sharing programs in the existing literature, such as reduction in car
use and vehicle emissions, options for flexible mobility, reduced traffic congestion,
and fuel usage. For example, using bike-sharing subscriber data in Barcelona, Spain,
Rojas-Rueda et al. (2011) conduct a sensitivity analysis and find that bicycling helps
to avoid deaths in traffic incidents and reduces air pollution.

In London, Woodcock et al. (2014) also find that the bike-sharing program brings
positive health impacts. Using data from April 2011-March 2012, Woodcock et al.
(2014) use a stochastic simulation model to evaluate the health impacts for bike-share
users and find that the bike-sharing program has positive health impacts by reducing
fatalities and injuries. However, the positive health impacts vary by group, and are
greater for men than for women and for older users than for younger users.

Despite the positive social impact found in the existing literature, safety concerns
about bike-sharing programs are also discussed in the literature. Fishman et al. (2013)
survey the literature on bike-sharing programs worldwide and report that bike-share
users have a greater tendency not to wear helmets than private bicycle riders, even
in areas where helmets are mandated by law. Fischer et al. (2012) observe bike-share

riders in Boston, MA, and Washington, D.C. at various times of the day and days of
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the week. From their 43 observation periods in the two cities at 36 locations, they
find that bike-share riders have a higher rate of not using helmets than private bicycle
riders: 80.8% versus 48.6%.

Shaheen et al. (2012) conduct a survey among bike-share users (10,1661 respon-
dents) in Montreal, Toronto, Washington, D.C., and Minnesota/Twin Cities during
2011 and 2012, and find that approximately half of respondents never use a helmet
when using bike-share. Their study, however, also concludes that bike-share related
accidents are relatively low in North America. Among all bike-sharing systems they
surveyed, they found an average of 1.36 accidents per system in 2011 with one ac-
cident for every 50,000 to 60,000 rides in one system, and one accident per 100,000
miles of riding in another system. According to their report, bike-sharing systems
with more than 1,000 bicycles have an average of 4.3 accidents per year.

Tuckel and Milczarski (2014) study the safety of Citi Bike riders. They observe
Citi Bike riders and other cyclists at 98 locations on the streets in New York City
in summer 2013. Comparing riding behaviors between bike-share riders and other
cyclists, 4,316 cyclists in total, Tuckel and Milczarski (2014) find that bike-share
riders are less likely to use helmets but are more cautious. Their findings, however,
are based on observational data over a very short time period. My findings serve
as a complement to this strand of literature by showing no significant increases in
bicycle-related traffic accidents as a result of the introduction of Citi Bike.

The paper proceeds as follows. Section 3.2 provides background information on
Citi Bike in New York City. Section 3.3 describes the data sources, Section 3.4
discusses the identification strategy, and Section 3.5 presents the key results. Section

3.6 discusses policy implications of my results, and Section 3.7 concludes.
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3.2 Background on Citi Bike

The Citi Bike program was launched in New York City (NYC) on May 27, 2013
with 332 stations in Manhattan and Brooklyn. Figure 3.1 presents the locations of
these bike stations. Most bike stations are located in the downtown or midtown
of Manhattan. 79 out of the 332 bike stations are located in Northwest Brooklyn.
These locations cover areas of Central Park, Times Square, the Financial District, the
Brooklyn Bridge, Williamsburg, and downtown Brooklyn, which are the busiest areas
in NYC. The expansion of Citi Bike started in August 2015, extending the service to
other areas including Long Island City, the Upper West Side, and Jersey City. This
study focuses on areas included in the initial launch of Citi Bike (May 27th, 2013).
NYC Department of Transportation (2016) finds that most taxi trips in those areas
are within short distances and suggests that those trips could be replaced by bicycling
when Citi Bike opened.

The Citi Bike program provides a convenient transportation option for people
traveling inside NYC. It is available 24 hours a day, seven days a week, 365 days a
year. Users (both members and non-members) can pick up a bike at any station and
return it to any station. A single 30-minute ride costs $3. A day pass costs $12 and
includes unlimited 30-minute rides within 24 hours. Citi Bike also offers an annual
membership. The annual membership cost was $149 ($99 at launch) in the first two
years of Citi Bike operation, which included 45 minutes of riding per trip. Over 90%
of daily average trips are conducted by Citi Bike annual members (Kaufman et al.,
2015).

The program is now the largest bike-sharing system in the United States. There
were 23 stations per square mile in New York City in 2013 which was greater than
the density in Chicago (8 stations per square mile in 2013), Boston (5 stations per
square mile in 2011), Washington, D.C. (4 stations per square mile in 2010), and

Minneapolis (4 stations per square mile in 2010) (Kaufman et al., 2015).
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The Citi Bike program aims to serve as the last-mile transportation option for
people traveling in NYC. 95% of the bike stations are within 0.5 miles of a subway
entrance, and the average distance between a Citi Bike station and a subway entrance
is 934 feet (Kaufman et al., 2015). The average distance of one subway entrance to the
next closest one is approximately 0.28 miles in New York City.’” The close distance
between Citi Bike stations and subway entrances enables travelers to switch between

public transportation modes without using automobiles.

3.3 Data Sources

In this section, I describe sources of data used in this study.

3.3.1 Data on Citi Bike Stations

The data on Citi Bike trips comes from its official website.”® The website publishes
data on trip duration, start time and date, stop time and date, start station name,
end station name, station ID, geo-coordinates of stations, bike ID, user type (member
or non-member), gender, and year of birth. The data is available since June 2013, six
days after Citi Bike launched.

Even though Citi Bike was officially launched on May 27th, 2013, the first day
of actual bike usage at each station varies based on user demand. I define the first
day when a station was used as the activation date of the station. 325 stations were
activated on June 1st, 2013, four stations were activated on June 2nd, 2013, one
station was activated on June 6th, 2013, one station was activated on June 22nd,
2013, and one station was activated on July 7th, 2013. I define these dates as dates

of first activation for the corresponding Citi Bike stations.

57 calculate the distance among subway entrances in New York City using the Generate Near
Table in ArcGIS. The shapefile of the 473 subway entrances in New York City is from NYC Open
Data.

58https://www.citibikenyc.com/system-data
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Since the Citi Bike launched on May 27th, 2013, but the availability of Citi Bike
data starts in June, 2013, the true first activation dates for some Citi Bike stations
might be earlier than June 1st, 2013. Considering that there may be stations that
were initially activated on the launch day, mistakenly assigning those activated Citi
Bike stations to the inactivated group would bias my estimates. Therefore, as a
robustness check, I use the initial launch date, May 27th, 2013, as the first activation
of Citi Bike stations that had recorded use on June 1st in the data because those

stations could well have been activated on the launch day.

3.3.2 Data on Traffic Accidents

The data on traffic accidents in New York City (NYC) is from the City of New
York Police Department (NYPD).%? Tt contains information of each traffic accident
including date, time, borough, zip code, latitude, longitude, streets, number of persons
injured or killed classified by types of person (i.e., pedestrians, cyclists, and motorists),
and types of vehicles involved.®® The data is from July 2012 to December 2014. Since
each traffic accident is geocoded, I can identify its location. The record on the date
of each traffic accident allows me to examine the impact of the introduction of Citi
Bike on traffic accidents at the daily level. The data, however, does not contain
information on whether a bicycle involved in a traffic accident is a Citi Bike.

My main interest is in bicycle-related traffic accidents. Using records of the types
of vehicles involved in traffic accidents, I identify traffic accidents as traffic accidents
involving bicycles as long as at least one bicycle was involved in those accidents.
Additionally, I examine the impact of the introduction of Citi Bike on traffic accidents
involving cyclist injuries using records of the number of cyclists injured or killed in

traffic accidents, I count traffic accidents as involving cyclist injuries as long as at least

"ohttps://opendata.cityofnewyork.us/

60The data does not provide information about whether bicycles involved in those traffic accidents
are from Citi Bike.
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one cyclist was injured /killed in a traffic accident. Sixteen Traffic accidents in the
data involve injured cyclists but do not list any bicycles as being involved. Details of
the construction of the panel data at the Citi Bike station-day level will be discussed

in the following section.

3.4 Empirical Strategy

In this section, I describe how I identify areas that are affected by Citi Bike
stations and present my identification strategy for determining the causal impact of

the introduction of Citi Bike on traffic accidents.

3.4.1 Nearest Neighborhood to Citi Bike Stations

One challenge in identifying the impact of the introduction of Citi Bike stations on
traffic accidents is determining the areas in which most Citi Bike users conduct their
trips. I focus on the area within the radius of 0.5 miles of each station. As discussed
in Section 3.2, most of its stations are located within 0.5 miles of subway entrances.
If the introduction of Citi Bike solves the problem of last mile transportation, as
suggested by Kaufman and O’Connell (2017), it is highly likely that the introduction
of Citi Bike stations mainly affects the number of cyclists within a radius of 0.5 miles
of subway stations.

However, a simple selection of the radius of 0.5 miles of Citi Bike stations might
cause duplicate counting of traffic accidents if the accidents are close to multiple
stations. The smallest distance between two stations is approximately 0.02 miles,
which is smaller than the radius of 0.5 miles this study focuses on. To avoid counting
the same traffic accident multiple times, I assign each traffic accident to the nearest
station.

Figure 3.2 illustrates an example of my assignment of traffic accidents to nearest

Citi Bike stations. Each black dot represents a Citi Bike station. Red dots represent
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traffic accidents that are nearest to Citi Bike staentify which Citi Bike station a bicycle
involved in a traffic accident is from. Since my interest is in identifying the impact
of Citi Bike on traffic accidents in the near area, in a robustness check, I conduct an
analysis on the impact of the introduction of Citi Bike on traffic accidents within 0.5

miles of any station at the city-level to examine the aggregate impact.

3.4.2 Identification Strategy

To identify a causal impact of Citi Bike on traffic accidents involving bicycles, I
rely on variation in the date of first activation of each station by bike users and adopt
a regression discontinuity in time framework. The key assumption of my identification
strategy is that there are no unobserved confounding factors that affect traffic acci-
dents in the area that are correlated with the first activation of Citi Bike. To mitigate
potential source of bias, I include a station fixed effect and time fixed effects.

The station-level fixed effect controls for locational characteristics that might in-
fluence traffic accidents. For example, stations located in business areas likely have
more traffic accidents occurring nearby. These stations might also tend to have earlier
dates of first activation than stations located far from business areas. Omission of
this control would bias my estimates.

Also, traffic accidents vary over time in a way that may be correlated with station
activation but not because of Citi Bike. For example, Citi Bike users on workdays are
most probably commuters, while users on weekends and holidays are most probably
tourists. Commuters are more familiar with the area than tourists and so might
be less likely to be involved in traffic accidents. Also, workers tend to get paid on
different dates of the month and might spend more time going out after they receive
payments. Considering these time varying conditions, I include day-of-the-week, date-
of-the-month, and month-year fixed effects.

Let Traffic Accident;; be the one of two outcome variables I am interested in:
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the number of traffic accidents involving bicycles, and the number of traffic accidents
involving cyclist injuries, within 0.5 miles of a Citi Bike station ¢ on day ¢. Let Openy,
be a dummy variable equal to one on days after the first activation of Citi Bike station
161

1. Since my dependent variable is count data, I adopt a Poisson regression mode

with the following specification:

Traffic Accident;; = a1 + apOpeny;, + v + 0y + Pam + Omy + €t (3.1)

where ~; is a station-level fixed effect accounting for unobserved locational charac-
teristics. d,, is a day-of-the-week fixed effect, pg,, is a date-of-the-month fixed effect,
and 0,,, is a month-year fixed effect. I cluster the error term at the station level to
allow for correlations within a station.%?

The coefficient of interest is o, which measures the impact of the introduction of

Citi Bike on traffic accidents if the following condition holds:

E[Openiteit”yh 5wa Pdm s emy] =0 (32)

Equation (3.2) holds if there are no other unobservables that are correlated with
the first activation of stations, conditional on the included controls. With controls
of locational and time-varying unobserved confounding factors, this condition likely
holds. In Section 3.5.3, I discuss several possible threats to my identification strategy

and conduct robustness checks to address these concerns.

61 A Poisson model is typically used for count data. For example, Beland and Brent (2018) use
a Poisson Model to study the impact of traffic congestion on domestic violence in Los Angeles. In
addition, Wooldridge (1991) shows that overdispersion or underdispersion is accommodated in a
fixed-effects Poisson Estimation.

62Given the possibility that accidents will be geographically correlated, I also present a result
clustering the error term at the police precinct level in one specification. Details will be discussed
in Section 3.5.
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3.5 Results

In this section, I first present descriptive statistics for my constructed station-
level panel data set. I then present my main estimation results on the impacts of the
introduction of Citi Bike on traffic accidents. Finally, I present results of robustness

checks.

3.5.1 Descriptive Statistics

Table 3.1 presents the summary statistics of my constructed panel data set. The
top part of the table shows the observations of the number of traffic accidents involving
bicycles in a day before and after first activation, and the bottom part of the table
shows the observations of the number of traffic accidents involving cyclist injuries in
a day before and after first activation. The t-statistic between the means of traffic
accidents involving bicycles before and after first activation is -5.53, and the t-statistic
is -4.18 comparing the means of traffic accidents involving cyclist injuries.

Figure 3.3 shows the number of traffic accidents involving bicycles at the station
level before and after first activation. Figure 3.3a shows the number of traffic accidents
involving bicycles within 0.5 miles of nearest stations before first activation, and
Figure 3.3b shows the number of traffic accidents involving bicycles within 0.5 miles
of nearest stations after first activation. In these two figures, each dot represents a
station. Each color represents a range of the number of traffic accidents involving
bicycles. The darker the color, the more traffic accidents a station has. Overall, the
number of traffic accidents involving bicycles before first activation is lower than the
number of traffic accidents involving bicycles after first activation.

Figure 3.4 shows the number of traffic accidents involving cyclist injuries at the
station level before and after first activation. Figure 3.4a shows the number of traffic
accidents involving cyclist injuries within 0.5 miles of nearest stations before first

activation, and Figure 3.4b shows the number of traffic accidents involving cyclist
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injuries within 0.5 miles of nearest stations after first activation. Once again, each
dot represents a station, and each color represents a range of the number of traffic
accidents involving cyclist injuries. The darker the color, the more traffic accidents a
station has. Overall, the number of traffic accidents involving cyclist injuries before
first activation is lower than the number of traffic accidents involving bicycles after
first activation.

To better illustrate changes in those traffic accidents in the days before and after
first activation, I recenter the days around the first activation day of each station
and calculate the daily average of traffic accidents for each day before and after first
activation. I drop observations on days greater than 336 days before first activation
because those observations are from no more than seven stations.

Figure 3.5 shows the change in daily average traffic accidents involving bicycles
across all stations on days before and after first activation. Figure 3.5a shows the
daily average of traffic accidents involving bicycles from 335 days before to 578 days
after first activation. Each gray dot represents a single day relative to the activation
day. The red line is a LOWESS smoothing function using days before activation, and
the green dashed line is a LOWESS smoothing function using days after activation.
The daily average of traffic accidents involving bicycles jumps up slightly on days
right after first activation. However, the average levels decrease with time.%

Since the dates of first activation for some stations were after June 1st, those
stations do not have observations on days greater than 557 days after first activation.
The decrease in the average levels with days might be due to the less number of
observations in the sample. To address this concern, I drop observations on days
greater than 557 days after first activation (21 observations out of 914) and present

the rest of the observations in Figure 3.5b. Again, the daily average of traffic accidents

63The numbers of daily average traffic accidents involving bicycles are the same in some days,
which results in horizontal lines in Figure 3.5. This might be due to low variation in the number
of traffic accidents involving bicycles as shown in Table 3.1. Most stations only have one traffic
accident involving bicycles in a day, and zero on most days.
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involving bicycles jumps up on days right after first activation, and then the average
levels decrease.

Figure 3.6 shows the change in daily average of traffic accidents involving cyclist
injuries before and after first activation. Figure 3.6a shows the daily average of
traffic accidents involving cyclist injuries from 335 days before to 578 days after first
activation. Each gray dot represents a single day relative to the activation day. The
red line is a LOWESS smoothing function using days before activation, and the green
dashed line is a LOWESS smoothing function using days after activation. In Figure
3.6b, I plot observations dropping those on days greater than 557 days after first
activation. The averages follow a similar pattern to Figure 3.5.64

In summary, the raw data shows that there might be an increase in traffic accidents
after the introduction of Citi Bike. However, such changes may be due to unobserved

confounding factors which, in the following section, are accounted for.

3.5.2 The Impact of the Introduction of Citi Bike on Traffic Accidents

The first four columns in Table 3.2 present the estimated impact of the intro-
duction of Citi Bike stations on traffic accidents involving bicycles using Poisson
regressions. Column 1 includes only station fixed effects as controls. I then progres-
sively add time-varying fixed effects, as indicated in Equation (3.1), and present the
results of these estimations in Columns 2 through 4.

The inclusion of time-varying fixed effects reverses the sign of the estimated impact
of Citi Bike, compared to Column 1. This difference might be due to unobserved time-
varying factors that are correlated with the impact of the introduction of Citi Bike and
traffic accidents involving bicycles, e.g., city policies building towards a bike-friendly

environment. This difference in estimates with controls of time-varying factors echoes

64 Again, horizontal lines in Figure 3.6 represent the same numbers of daily average traffic accidents
involving cyclist injuries in some days, which might be due to low variation in the number of traffic
accidents involving cyclist injuries, as shown in Table 3.1.
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the claim in Section 3.4 that unobserved time-varying confounders may affect the
estimated impact of Citi Bike on traffic accidents. Since the specification in Column
4 accounts for these unobserved time-varying confounders, I use this specification for
the remainder of the paper except when specified. The result shows that the number
of traffic accidents involving cyclist injuries decreases by approximately 22 percent
(€704 — 1) after the introduction of nearby Citi Bike stations, but the estimate is
not statistically significant at conventional levels of significance.

In the Poisson regression, stations with zero traffic accidents involving bicycles
on all days between year 2012 and year 2014 are automatically dropped from the
estimation.% Ten stations were dropped in the Poisson Regression. I estimate a linear
panel data model in the form of Equation (3.1), and present the estimated result in
Column 5. Similar to findings in my main result, I do not find a statistically significant
impact of the introduction of Citi Bike on traffic accidents involving bicycles. To
account for geographic clustering of accidents, I cluster the error term at the police
precinct level (20 police precincts) and present the result in Column 6. Again, I do
not find a significant impact of the introduction of Citi Bike on traffic accidents.

Columns 7-10 in Table 3.2 present the estimated impact of the introduction of Citi
Bike on traffic accidents involving cyclist injuries using Poisson regression models.
Overall, I do not find a statistically significant impact of the introduction of Citi Bike
on traffic accidents involving cyclist injuries. The estimated impact in Column 10
shows that traffic accidents involving cyclist injuries decrease by approximately 47
percent (¢7%6% — 1), Column 11 and Column 12 in Table 3.2 present the estimated
impact of the introduction of Citi Bike on traffic accidents involving cyclist injuries
using linear panel models. In Column 11, the error term is clustered at the station
level, and at the police precinct level in Column 12. Results from linear panel models

are qualitatively similar to the results from the Poisson regression.

65The fixed effects Poisson Panel Regression conditions on the sum of dependent variables over
time. Therefore, dependent variables with all zeros over all periods are not informative.
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One concern is that the occurrence of bicycle-related traffic accidents is low, and
hence my sample might not have enough statistical power to detect the difference
before and after first activation (i.e., Type II error). Using G*Power3(Faul et al.,
2007), I conduct a power analysis to determine the minimum detectable effect given
the variation in my treatment and dependent variables, after partialling out controls.
With a significance level of 0.05 and a power level of 90%, the minimum detectable
effect is 0.0023 for the sample of traffic accidents involving bicycles and 0.0017 for
the sample of traffic accidents involving cyclist injuries. Despite a small number of
accidents, my study is well-powered to uncover very small effect sizes.

These results may not capture the causal impacts if, as discussed in Section 3.4,
there are unobserved confounding factors that are correlated with the Citi Bike open-
ing and traffic accidents involving bicycles. For example, there may be more police
enforcement in areas with Citi Bike stations in order to ensure the safety of cyclists.
However, such enforcement might be correlated with the launch of Citi Bike. Since my
data on the introduction of Citi Bike depends on the first activation of each station,
it is unlikely that such unobserved confounding factors are correlated with users’ first
use of stations. Therefore, my specification should have accounted for this concern.

However, as mentioned in Section 3.3.1, the Citi Bike usage data is only available
from June 2013, but Citi Bike was launched on May 27th, 2013. Days of first ac-
tivation identified based on the initial usage of stations might not be the true days
when those stations were initially used. As shown in Figure 3.5 and Figure 3.6, the
averages of traffic accidents started to increase on days close to first activation. Such
increments in days before first activation might be due to the opening of Citi Bike
which, because of the unavailability of data in May 2013, are mistakenly classified as
control days and so bias my estimate.

Another concern is that my identification may not capture the causing station

of traffic accidents as mentioned in Section 3.4.1. To address these concerns, in the
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following section, I conduct several robustness checks.

3.5.3 Robustness Checks

In this section, I conduct robustness checks to address the concerns discussed

above.

3.5.3.1 Using the Initial Launch Date as the Date of First Activation
Instead of using the first activation days identified from the Citi Bike data, I use
the first launch day, May 27th, 2013, as the day of first activation, for the possibility
that some Citi Bike stations might be activated early enough that their actual activa-
tion days may not be observed in Citi Bike data. I assign the launch day as the day
of first activation for stations that were activated on June 1st, 2013 because those
stations are more likely to have been used on the launch day of March 27th, 2013.
Table 3.3 presents the corresponding estimated results. Results are qualitatively

similar to the main results in Table 3.2.

3.5.3.2 The Impact of Citi Bike on Traffic Accidents at the City Level
As discussed in Section 3.4.1, my identification of the nearest Citi Bike station to
a traffic accident involving bicycles may lead to a mistaken causal estimation. Due to
the nature of my data, I cannot identify which station a bicycle involved in a traffic
accident is from. However, since my interest is in the impact of Citi Bike on traffic
accidents within 0.5 miles of stations, instead of estimating the impact at the station
level, I conduct an analysis on the impact of Citi Bike on traffic accidents at the city
level. Recentering the days by the first activation day of each Citi Bike station, I
calculate the number of traffic accidents involving bicycles and the number of traffic
accidents involving cyclist injuries within 0.5 miles of any stations on each day. I
conduct an event study of the difference of daily traffic accidents with the following

specification:
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Traffic Accident, = 1 + B20pen, + 8y + Pam + Omy + Gws + & (3.3)

where Traffic Accident, is the number of traffic accidents within 0.5 miles of any sta-
tions on day t. Open, is a dummy variable equal to one on days after first activation.
0y is a day-of-the-week fixed effect, pgn, is a date-of-the-month fixed effect, 0,,, is a
month-year fixed effect, and ¢, is a week fixed effect. I cluster the error term at the
week level to allow for serial correlations.

Table 3.4 presents the estimated results. Column 1 and Column 2 present the es-
timated impacts of the introduction of Citi Bike on traffic accidents involving bicycles
using a Poisson regression model (Column 1) and a linear panel data model (Column
2). Column 3 and Column 4 present the estimated impacts of the introduction of Citi
Bike on traffic accidents involving cyclist injuries using a Poisson regression model
(Column 3) and a linear panel data model (Column 4). Overall, both types of traf-
fic accidents decrease after first activation. The result in Column 1 shows that the
number of traffic accidents involving bicycles decrease by approximately 30 percent
(e70-358 — 1), Column 3 shows that the number of traffic accidents involving cyclist
injuries decrease by approximately 24 percent (¢7%2° —1). Both results indicate that

bicycle-related traffic accidents do not increase after the introduction of Citi Bike.

3.6 Policy Implications

My findings provide statistical evidence for policymakers that Citi Bike is unlikely
to have resulted in a significantly higher rate of traffic accidents due to the increased
number of bicycles in the city. Since the main result is based on a two-tail test, using
the estimated results shown in Column 4 and Column 10 of Table 3.2, I conduct one-
tail tests to examine whether the introduction of Citi Bike increased bicycle-related
traffic accidents. The p-value for the one-tail test is 0.641 from the result in Column 4

and 0.794 from the result in Column 10. Both p values are greater than 0.05. I fail to
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reject the null hypothesis that as is less than or equal to zero. Therefore, I conclude
that there is no statistically significant evidence showing that the introduction of Citi

Bike increases the number of bicycle-related traffic accidents.

3.7 Conclusion

Bike-sharing programs have been expanding worldwide. With their positive im-
pacts on reducing traffic congestion and vehicle emissions, the safety of bike-share
programs should also be emphasized. To assess whether a bike-sharing program
might increase bicycle-related traffic accidents, in this paper, I examine the impact of
the introduction of Citi Bike, the largest bike-sharing system in the United States, on
the number of traffic accidents involving bicycles and the number of traffic accidents
involving cyclist injuries in New York City. I do not find that the introduction of Citi
Bike increases both types of bicycle-related traffic accidents.

Even though my finding provides evidence to policymakers and citizens who are
concerned about safety issues related to bike-sharing programs, I propose that my
findings may be due to the hard work that policymakers in New York City have done
and continue to do. For example, the city started building bike lanes in years before
the launch of Citi Bike. Citi Bike released its limited-edition helmets for its riders to
purchase, and the New York City Department of Transportation (DOT) gives away
free helmets to attendants of DOT free helmet fitting classes. All of these activities
may be effective ways of reducing bicycle-related traffic accidents and offsetting any
potential increase in injuries.

Further study is encouraged to examine the effect of provisions of bike-friendly
environments on the safety of bike-sharing programs. For example, a protected bike
lane that separates bike-share riders and automobiles may be more effective in en-
suring the safety of bike-share riders than a bike lane shared with automobiles. Also,

a study on the effectiveness of giving away free helmets and offering classes about
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helmet safety may shed light on other ways to encourage additional safety, which

may be necessary given the increased number of bicycles on the road.
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Figure 3.1. Locations of Citi Bike Stations

N
( R

Note: Each red dot represents one bike station opened in 2013. Each color represents one borough
in New York City. The yellow color represents Manhattan, and the blue color represents Brooklyn.
332 Citi Bike stations opened in these two boroughs on May 27th, 2013. Boroughs without Citi
Bike stations when Citi Bike initially opened in the city are Queens (purple color), Bronx (green
color), and Staten Island (Orange color). The base map is census block in the city, provided by
NYC OpenData (https://opendata.cityofnewyork.us/).
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Figure 3.2. Traffic Accidents within .5 Miles of Nearest Citi Bike Stations
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Note: Each black dot represents a station. Each circle represents the area within a radius of 0.5
miles of a station. Red dots represent traffic accidents that are within 0.5 miles of station 1. Green
dots represent traffic accidents that are within 0.5 miles of station 2, and blue dots represent traffic
accidents that are within 0.5 miles of station 3. Each traffic accident is assigned to the nearest
station.
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Figure 3.5. Daily Average Traffic Accidents Involving Bicycles Before and After First
Activation
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Note: Each gray dot represents a daily average of traffic accidents involving bicycles on a day
before/after the first activation of a station. Day zero is the day when a station was first used. The
red line is the LOWESS smoothing function of daily average of traffic accidents involving bicycles
on days before first activation of a station, and the green dashed line is the function on days after
first activation of a station.
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Figure 3.6. Daily Average Traffic Accidents Involving Cyclist Injuries Before and
After First Activation

.04

.01
|

Daily Average Traffic Accidents Involving Cylist Injuries

of » . .
g — . . . . . 8
- e L] [ ] LT ) - - [ ]

. . . -— e . 8 -
ol L ) L] - ot & & M L Yl ) LI )
O

. sees @me @ SeseEn [sos SeO @ SRR W eme Wmomme & @

- bbb o & . o Nk boei b dGeeeh ¢ 8 00 wibedbe ¢ @ Gds & 8

- -

-~
-..-h\-- o) - NN M A R G
~ . — T

~ — s
L FYR TR Y mu-{-n-

N
BHEN B0 & 0 & Ememmy

LU XL TRR I L I T ] ol Sk & i i b & L R 11 N ]
o - L] L] LR LR R 1l 1 1 1 ] . o & ROSMEEEES & . - e
-400 -200 0 200 400 600
Days Before/After First Activations
(a) Including All Days
83
=
£ .
]
= of o . .
© ©
-E]D- — L] L] L] - - -
2 L 1] . - L1 - L L[]
o
=3
E L] [ ] [ ] L] (1] L] [ ] L] -
2
537 “-e . - - LL XL RN L] - - s .
:§ : L] LI X ] - @ Shebin (bbb Sob i b0 @ shibe Bobbin s & @
4 LK 1 TL NN . - B 4000 BED LSS * 8 08 EBENEE & oM &
) T
hf:‘E bdibiing dbiihs & & dih L L] ﬂﬁ.l.‘.%. L o s dnbibiee i i dibdninbiniinkinn
Fs S A
Qo - [T i e o &6 :m’ Mﬁ@
% - “
b LN T L L b &b Skt bt B0 & & & dibbib
'ﬂ>: Sl S b0 0 AN EERRRESENLAE S S - & s SR SIS & SRS BESS & - kA s
=
ED— L] L] & b i b bl el b LR B & & olbbbbiinilivith & - - -
-400 -200 400 600

0 200
Days Before/After First Activations

(b) Excluding Days Greater Than 557

Note: Each gray dot represents a daily average of traffic accidents involving cyclist injuries on a day
before/after the first activation of a station. Day zero is the day when a station was first used. The
red line is the LOWESS smoothing function of daily average of traffic accidents involving cyclist
injuries on days before first activation of a station, and the green dashed line is the function on days
after first activation of a station.
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Table 3.1. Summary Statistics

# of Traffic Accidents Involving Bicycles in a Day

# of Observations

Before After
0 109,902 | 189,416
1 1,292 2,697
2 26 49
Mean 0.012 0.015
t-stat (Before-After) -5.53

# of Traffic Accidents Cyclist Injuries in a Day

# of Observations

Before After
0 110,282 | 190,242
1 922 1,893
2 16 27
Mean 0.009 0.010
t-stat (Before-After) -4.18
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Table 3.3. The Impact of the Introduction of Citi Bike on Traffic Accidents: Launch
Day

Bicycles Cyclist Injuries
Poisson  Linear  Poisson  Linear
(1) (2) (3) (4)
After First Activation (Launch Day) -0.0935 -0.00142 -0.221  -0.00234
(0.209) (0.00331) (0.269) (0.00262)

N 294,243 303,382 286,017 303,382
R? 0.016 0.013
Number of Bike Stations 322 332 313 332
Station FE YES YES YES YES
Month-Year FE YES YES YES YES
Day of the Week FE YES YES YES YES
Date of the Month FE YES YES YES YES

Note: Robust standard errors clustered at the station level are in parentheses. *** p<0.01,
** p<0.05, * p<0.1
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Table 3.4. The Impact of the Introduction of Citi Bike on Traffic Accidents:
City Level

Bicycles Cyclist Injuries
Poisson Linear Poisson Linear

(1) (2) (3) (4)

After First Activation  -0.358%% -0.966"*  -0.280% -0.593
(0.149)  (0.462)  (0.165) (0.407)

N 914 914 914 914
R? 0.447 0.365

Week of the Sample FE YES YES YES YES
Month-Year FE YES YES YES YES
Day of the Week FE YES YES YES YES
Date of the Month FE YES YES YES YES

Note: Robust standard errors clustered at the week level are in parentheses.
¥ p<0.01, ** p<0.05, * p<0.1
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Appendices

A Media reports on the NDRC’s Price Adjustments

In this section, I present two media reports on consumers’ expectations of the
NDRC’s gasoline price adjustments under the Unanticipated Price Change regime.

Figure A.1 shows a report on gasoline price increase on June 3rd, 2009.5¢

At the beginning of the second paragraph, it says that car owners thought the
gasoline price was going to increase on May 28th, 2009, but the price did not change.
However, the price finally went up on June 1st when car owners thought the price
was not going to increase (as shown in the highlighted sentence).

Figure A.2 shows a report on a gasoline price decrease on May 10th, 2012.7 The
first sentence in the last paragraph quotes a comment on the price decrease from a
taxi driver in Shanghai. The driver told the reporter that he expected that the price
was going to decrease but did not anticipate that the NDRC would adjust the price
so late.

In summary, both reports provide evidence that the NDRC’s price adjustments

were unanticipated by consumers.

86http://auto.sina.com.cn/news/2009-06-03/0753496463.shtml
6"http://district.ce.cn/newarea/roll/201205/10/t20120510_23311000. shtml
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Figure A.1. Car Owners’ Unanticipated Price Increase
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Figure A.2. Taxi Drivers’ Unanticipated Price Decrease
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