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The thesis consists of three independent chapters on environmental and urban economics. A central

theme explored in this thesis is individuals’ responses to environmental challenges.

The first chapter, “The Healthcare Cost of Air Pollution: Evidence from the World’s Largest

Payment Network”, provides the first nationwide analysis of the healthcare cost of PM2.5 using the

universe of credit- and debit-card transactions in China during 2013-2015. This research leverages

spatial spillovers of PM2.5 from long-range transport for exogenous variation in local pollution

and employ a flexible distributed lag model to capture semiparametrically the dynamic response

of pollution exposure. The analysis shows significant impacts of PM2.5 on healthcare spending in

both the short and medium terms. A 10 mg/m3 decrease in PM2.5 would reduce annual healthcare

spending by more than $9.2 billion, about 1.5% of China’s annual healthcare expenditure.

The second chapter, “Improved Transportation Networks Facilitate Adaptation to Pollution

and Temperature Extremes”, compiles daily travel flows based on transaction records from

the world’s largest payment network and documents that China’s rapid expansion of high-speed

railways (HSR) facilitates the use of intercity travel as an effective adaptation strategy. Access to

HSR reduces travelers’ exposure to extreme air pollution and temperature by 7% and 10%, leading

to substantial health benefits. These reductions are attributed to both contemporaneous responses

to unexpected adverse conditions and also longer-horizon changes in travel patterns.

In the third chapter, “The Role of Environmental Amenities in the Urban Economy: Evidence

From a Spatial General Equilibrium Approach”, I develop and estimate a spatial general

equilibrium model to examine how environmental amenities affect the spatial distribution of

urban economic activities and their welfare consequences. The model characterizes household

location and consumption decisions, production decisions, as well as urban agglomeration and



dispersion forces. The empirical analysis leverages a natural experiment of pollution monitoring

and information disclosure program and recovers key underlying parameters using fine-scale travel

data on commuting and consumption trips and environmental amenities. The analysis shows

that job access, residential amenities, and consumption access account for 49%, 30% and 21%

of overall attractiveness of a residential location, respectively. A one-standard-deviation change

in air quality leads to a 0.24-standard-deviation change in individuals’ perceived amenity level.

Counterfactual simulations suggest an 8.4% welfare gain if individuals were to fully incorporate

environmental amenities into their decisions, compared to the scenario of not incorporating their

impacts. The welfare difference is driven by changes in residential and workplace locations as well

as consumption and production decisions.
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CHAPTER 1

THE HEALTHCARE COST OF AIR POLLUTION: EVIDENCE FROM THE WORLD'S

LARGEST PAYMENT NETWORK

1.1 Introduction

The mortality and morbidity impact of air pollution is an essential component of the overall

bene�t of environmental regulations. The existing literature has primarily focused on the impact

of air pollution on mortality.1 Among the studies on the morbidity impact of pollution, most of

them focus on speci�c health outcomes (such as asthma attacks) and the associated physiological

channels of the impact.2 There is a limited understanding of the aggregate morbidity cost of

air pollution from all health outcomes and a lack of a commonly agreed method to measure it

(WHO, 2015). Different from mortality, morbidity outcomes have diverse endpoints ranging from

respiratory problems to cardiovascular diseases and lung cancer, as well as multiple complications

that could arise for those with pre-existing conditions. Therefore, the morbidity outcomes are much

harder to collect and measure on a large scale than mortality (Landrigan et al., 2018), especially in

developing countries.

As a result of the increased pressure from economic development and lax environmental

regulations, developing countries and especially emerging economies, such as China and India,

are currently experiencing the worst air pollution in the world. This is especially concerning given

the size of the population and the lack of access to adequate health care in these countries. While

policymakers in these countries are increasingly aware of the negative impacts of air pollution

on human health and quality of life, data on health outcomes are limited and rigorous empirical

evidence on the health impact of air pollution is only emerging recently. Consequently, the dose-

1For papers on mortality, see for example Chay and Greenstone (2003); Currie and Neidell (2005); Currie and Walker

(2011); Chen et al. (2013); Knittel et al. (2015); Clay et al. (2016); Ebenstein et al. (2017); Anderson (2020).
2For example Pope (1989); Dockery (2009); Pope and Dockery (2012); Neidell (2004); Schlenker and Walker (2016).
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response relationships (between pollution exposure and health outcomes) estimated using data from

developed countries have often been used as critical inputs for evaluating environmental regulations

in developing countries, raising the question of external validity of this bene�t-transfer approach

(Arceo et al., 2015; OECD, 2016).

This study �lls these two gaps in the literature by offering, to our knowledge, the �rst

comprehensive, nationwide analysis of how air pollution affects health expenditures from all

medical conditions for a developing country.3 We combine hourly air pollution readings from

all monitoring stations from January 2013 to December 2015 with the universe of credit and debit

card (or `bank card') transactions in China during the same period. The transaction data come

from the UnionPay Network, the largest payment network in the world, and the only inter-bank

payment network in China. The data contain transactions for 2.7 billion bank cards that contribute

to over $5 trillion of economic transactions annually. In addition to covering 51% of private

healthcare spending in China in 2015, this dataset also includes spending in over 300 non-healthcare

categories. Our approach of using healthcare spending data (which include both the frequency

and value of transactions) allows us to quantify the aggregate healthcare cost without explicitly

examining every health outcome that is negatively affected by pollution. Although our data on bank

card transactions in healthcare facilities do not contain information on the speci�c diagnoses or

treatment associated with these transactions, we provide evidence on the strong correlation between

our spending data and health outcomes at both the macro- and micro- levels.

There are two key empirical challenges in identifying the causal effect of air pollution

on healthcare spending. The �rst challenge is the potential endogeneity in contemporaneous

and lagged PM2.5 that we use to capture pollution exposure. The endogeneity can arise

3A growing literature uses health insurance claims data to examine the impact of air pollution on healthcare spending

in the U.S. (Deschenes et al., 2017; Williams and Phaneuf, 2016; Deryugina et al., 2017). In developing countries,

health insurance tends to be inadequately provided and detailed insurance data at the national level are hard to �nd.

The current system of health-care delivery in China is fragmented, hospital-centered and treatment-dominated, with

little effective collaboration among institutions in different tiers of the system (Wang et al., 2018b). This is a key

challenge in obtaining consistent micro-level data of health outcomes for the whole country.
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from unobservables that affect both the pollution level and consumer spending (e.g., economic

conditions). In addition, there could be measurement errors in constructing pollution exposure

using air quality monitoring data. Ideally, residents' pollution exposure should be measured by the

population-weighted local pollution, because the pollution level could vary greatly across locations

within a city. However, monitoring stations are located sparsely across the country, preventing us

from constructing population-weighted averages at a �ne geographic scale.

To deal with this challenge, we construct instrumental variables by modeling the spatial

spillovers of PM2.5 due to �ne particles' long-range transport property. Our IV approach is

similar to the identi�cation strategy used in Bayer et al. (2009), Williams and Phaneuf (2016),

and Deryugina et al. (2017). The �rst two studies construct IVs based on air quality predictions

from the EPA's source-receptor matrix that uses distant polluting facilities as inputs, while the

latter study exploits changes in daily wind directions in a county as exogenous shocks to local

air pollution. Based on a parsimonious model of PM2.5 concentration in the spirit of EPA's air

quality modeling, we disentangle the contribution of local and non-local sources and use PM2.5

concentration from non-local sources as an exogenous variation. This allows us to leverage factors

that directly affect pollution transport – wind patterns and other meteorological conditions in both

the source and receptor cities, as well as geographic information such as distance – in constructing

IVs.

Our instruments are essentially weighted averages of lagged PM2.5 levels in distant cities where

the weights are a function of the distance between the source and receptor cities, wind direction

and speed, and other meteorological conditions. To examine the role of different identi�cation

variations, we experiment with alternative IVs, including the historical average and hence time-

invariant level of air pollution in source cities, IVs that do not depend on local conditions, wind

direction in the destination city interacted with regional dummies as in Deryugina et al. (2017), as

well as placebo tests that randomize wind direction and speed. Our results indicate that both wind

direction and other meteorological conditions (wind speed, precipitation, and temperature) provide
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important exogenous identifying variation.

The second challenge in estimating the causal effect of pollution on healthcare spending arises

from the nature of the high-frequency data. On the one hand, the rich data variation provides an

opportunity to examine the dynamic impacts of past pollution exposure. On the other hand, daily

pollution measures exhibit high autocorrelation. A direct OLS or IV estimation that includes many

lagged terms leads to oscillating and imprecise estimates. We propose a �exible distributed lag

model that extends the Almon technique (Almon, 1965) and uses �nite-order B-splines (Corradi,

1977) to �exibly capture the effects of long lags. We combine this framework with the IV method

to address endogeneity in contemporaneous and lagged air pollution measures. Our empirical

framework is semiparametric in nature and can �exibly accommodate various data patterns.4

Our analysis based on daily healthcare spending by city shows that a short-run (i.e.,

contemporaneous) increase of 10mg/m3 in PM2.5 would lead to 0.65% more healthcare

transactions. A medium-run (i.e., three-months) increase of PM2.5 would lead to 2.65% more

healthcare transactions. The impact of PM2.5 differs across health facilities: spending in Children's

hospitals is more than twice as responsive as spending in other types of health facilities. For non-

healthcare spending, we �nd a negative impact of PM2.5 in the short-term but no signi�cant impact

beyond a few weeks. In addition, predicted worsening of air quality the next day increases the

current day's spending in both health and non-healthcare categories. These results provide evidence

of avoidance behavior whereby consumers reduce outdoor activities (such as shopping) to mitigate

pollution exposure.

We have examined a host of robustness checks, including various parametric speci�cations

of the medium-term impact, different buffer zones, alternative B-spline segments, more �exible

controls of meteorological conditions, the inclusion of other pollutants such as CO, SO2 and

average PM2.5 in nearby cities, and different sample cuts. Our results are robust to these alternative

4This framework is less restrictive than a more intuitive framework that regresses the current-day spending on the

average pollution during a time window (e.g., the past week or month), where the effect of pollution is assumed

constant over the time window.
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speci�cations. The estimates are also similar if we conduct the analysis using the number of

healthcare transactions per capita, or if we include controls for card penetration over time.

In monetary terms, a medium-run reduction of 10mg/m3 in daily PM2.5 would lead to annual

savings in healthcare spending that exceed 59.6 billionyuan, or $9.2 billion, with a 95% con�dence

interval ranging from 4.0-115.2 billionyuan.5 This is equivalent to $22.4 per household per year.

Bringing down China's PM2.5 to the World Health Organization's (WHO) annual standard of

10 mg/m3 could lead to savings exceeding $42 billion per year, nearly 7% of China's national

healthcare spending or 0.4% of China's GDP in 2015.

How does the estimated healthcare cost from this study compare to the mortality cost estimates

in the literature? Ebenstein et al. (2017) examine the mortality impact of PM10 in China for different

age groups. Their results imply that the monetized mortality cost based on the Value of a Statistical

Life (VSL) is $13.4 billion from a 10 unit increase in PM10. Our estimated healthcare cost of

$9.2 billion is therefore about two-thirds of the mortality cost estimates in the literature. The ratio

between pollution's healthcare cost and mortality cost in China is similar to the estimate derived

by Deschenes et al. (2017) who analyze reductions in NOx emissions in the U.S. These �ndings

contribute to a better understanding of the signi�cance of air pollution's morbidity cost and are

in contrast to the common perception that morbidity is a minor component of the overall health

impact of air pollution.6

Our study makes several contributions to the literature. First, to our knowledge, this is the �rst

comprehensive study that analyzes the effect of pollution on healthcare spending at the national

level for a developing country. Our paper adds to the growing literature that examines air pollution

in developing countries (Arceo et al., 2015; Chen et al., 2013; Greenstone and Hanna, 2014; He

et al., 2016; Ebenstein et al., 2017). Different from these studies which all focus on mortality,

our analysis studies the impact of air pollution on spending in healthcare facilities. Among its

5We use an exchange rate of $1= 6.5yuanthroughout this analysis.
6EPA (2011) estimates that the morbidity bene�t from the Clean Air Act from 1990 to 2020 is about 8% of the mortality

bene�t. WHO (2015) applies an additional 10% of the overall mortality cost as an estimate for the morbidity cost.
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recommendations to contain pollution's economic costs, the Lancet Commission on pollution and

health (Landrigan et al., 2018) calls for further research to improve the morbidity cost estimates of

pollution, recognizing that it is more dif�cult to measure the morbidity impact than mortality. Our

analysis directly contributes to this research endeavor and highlights the economic magnitude of

the morbidity impact.

Second, our analysis provides an alternative to the bene�t-transfer approach commonly used in

the literature to evaluate the health impact of air pollution in developing countries (due to a lack of

rigorous empirical evidence from these countries). The bene�t-transfer approach takes the dose-

response function estimated in developed countries and interpolates the mortality or morbidity

bene�t from reduced air pollution to developing countries (Lelieveld et al., 2015; World Bank,

2007). This approach may lead to signi�cant inaccuracies due to differences in air pollution

levels, baseline health conditions, and access to health care between these two groups of countries.

In addition, to monetize the health impact, the dose-response function is then combined with

sometimes ad hoc assumptions on the monetary costs for different illnesses (e.g., the cost of

one asthma attack). Our analysis is not subject to these concerns. Our estimates suggest that

China's elevated PM2.5 level relative to the WHO's annual standards entails $42 billion additional

healthcare expenditure in 2015. This estimate is an order of magnitude larger than the estimate in

OECD (2016) based on the bene�t-transfer approach.

Third, the rich spatial and temporal variation in our data allows us to examine both the short-

and medium-term impacts of air pollution on healthcare spending. Most studies focus on the

contemporaneous impact by using daily or quarterly data and abstract away from the dynamic

impact of air pollution. This is partly because it is dif�cult to disentangle the short-term and

medium-term health impacts when current and lagged air pollution variables are both endogenous

and at the same time exhibit high autocorrelations. We address this challenge by developing a

novel approach that adapts a �exible distributed lag model to the IV setting. Our method is

semiparametric, computationally light and has several advantages over existing methods such as
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VARs or local projection methods. It delivers a smooth impulse response function of both the

short- and medium-term effects, easily incorporates instrumental variables, and can accommodate

theoretical restrictions re�ecting researchers' prior about the data generating process. To our

knowledge, our study is the �rst analysis in the economics literature that exploits this technique

to study the short- and medium-term health impacts with high-frequency data.

The rest of the paper is organized as follows. Section 2 describes the data and air pollution

challenges facing China. Section 3 discusses our empirical framework and the identi�cation

strategy. Section 4 presents estimation results and Section 5 calculates the morbidity cost based

on parameter estimates. Section 6 concludes.

1.2 Data

Our analysis is based on three comprehensive, nation-wide, micro-level datasets of air pollution,

consumer spending by category, and meteorology conditions from January 2013 to December 2015,

aggregated to daily and city-level. These datasets enable us to evaluate the impact of air pollution

on spending in both the short- and medium-terms, as well as heterogeneous impacts across regions

and pollution levels.

1.2.1 Air Pollution

For nearly four decades, China has maintained its GDP growth at an annual rate of nearly

10% and has transformed from an agricultural economy to a manufacturing-dominated economy.

China became the world's largest exporter in 2009 and the largest trading nation in 2013. This

unprecedented economic growth is largely propelled by fossil fuels, with coal accounting for about

two-thirds of aggregate energy consumption and oil nearly twenty percent. China is by far the
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world's largest energy consumer, accounting for roughly a quarter of the world's total energy

consumption and half of the world's coal consumption.

Fast economic growth and rising energy consumption have put enormous pressure on the

environment, with air, water, and soil pollution becoming serious challenges that adversely affect

human health, ecosystems, and the quality of life.7 Improving air quality has become an important

policy goal for the central government, which extensively revised the Environmental Protection

Law in 2014 and de�ned goals of pollution abatement in both the 12th (2011 - 2015) and 13th

(2016 - 2020) �ve-year plans.

Fine-scale air quality data at monitoring stations in China only became publicly available in

2013. The Ministry of Environmental Protection (MEP) publishes hourly measures of PM2.5, CO,

SO2, NO2, and O3. The number of monitoring stations and cities covered increased steadily from

1003 stations in 159 cities in 2013 to 1582 stations in 367 cities in 2015. We calculate the daily

concentration of PM2.5 and other pollutants at the city level by averaging data across monitoring

stations within a city.

Air pollution affects human health mainly through its impact on respiratory and cardiovascular

systems. Several decades of study in epidemiology and more recently in economics has associated

exposure to air pollution with increases in mortality and morbidity risks (Brunekreef and Holgate,

2002; Pope and Dockery, 2012). Fine particles (PM2.5), the focus of our analysis, are shown

to be especially detrimental to health as they can penetrate deep into lungs and carry toxins to

other organs. High levels of PM2.5 irritate respiratory and cardiovascular systems and can lead to

aggravated asthma, lung disease, heart attacks, and stroke.

Figure 1.1 plots the three-year average of PM2.5 from 2013 to 2015 across cities. China's

nationwide average during this period is 56mg/m3 (with a standard error of 46mg/m3), which

7Lelieveld et al. (2015) estimate that air pollution led to 1.3 million premature deaths in China in 2010, accounting for

40% of the world's total premature deaths in the same year. World Bank (2007) puts the health cost of air pollution at

1.2-3.8% of China's GDP in 2003.
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is much higher than the annual standard of 12mg/m3 that is set by the U.S. Environmental

Protection Agency and also higher than the standard of 35mg/m3 by China's MEP.8 Notably, there

is considerable regional disparity. Cities in northern and central China with a high concentration of

manufacturing industries suffer from the most severe pollution, with many of them experiencing a

three-year average PM2.5 concentration of 90mg/m3 or higher. The less-developed regions in the

west and wealthy regions in the south have better air quality. The latter, especially regions along

the coast, has seen noticeable improvement in air quality as a result of shutting down or relocating

polluting industries and reorienting the industry structure toward high tech and service industries.

One advantage of our empirical analysis is the rich variation in pollution measures both across

cities and over time. To illustrate the time-series variation, we present in Appendix Figure A.1 the

daily PM2.5 concentration for the nation (the top panel) and separately for four regions (the bottom

panel). The daily PM2.5 concentration is higher than 35mg/m3, the of�cial MEP standard, in most

days for all parts of the country. The northern regions have more pronounced peaks in winter than

the southern region, largely because of the coal-�red central heating systems north of the Huai River

(Chen et al., 2013). The pollution level is trending downwards in all regions, driven by tightened

government regulations, private and public investment in waste treatment, and changes in China's

overall industry structure.

1.2.2 Credit and Debit Transactions

The second main database for our analysis is the universe of credit and debit card (or `bank card')

transactions in China that are settled through the UnionPay network. The UnionPay network is the

only inter-bank payment network in China and is state-owned. It is the largest network in the world

in terms of both the number and value of transactions, ahead of Visa and Mastercard. There were

2.7 billion cards in use from 2013 to 2015, covering over 300 merchant categories and contributing

8U.S. EPA's daily standard is 35mg/m3 and annual standard is 12mg/m3. China's MEP sets limits on PM2.5 for the

�rst time in 2012 to take effect in 2016: the daily standard is 75mg/m3 and annual standard is 35mg/m3.
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to over $5 trillion of economic transactions annually.9;10 We observe the location, time, merchant

name, and amount for all transactions and aggregate the data to daily spending by category and city.

To our knowledge, these are the most comprehensive and �ne-scale data on consumer spending in

China in temporal and spatial dimensions, and we are the �rst to utilize them for academic research.

It is worth noting that during our sample (2013-15), the use of mobile payment (such as WeChat Pay

and AliPay) was limited. In 2015, the share of mobile payments in China's total retail consumption

was only 8%, compared to 44% for debit and credit cards (Kapron and Meertens, 2017).

Healthcare spending includes transactions at hospitals, pharmacies, and other healthcare

facilities (e.g. small health clinics). We exclude transactions exceeding 200,000yuan($30,770).11

In 2015, hospitals account for 83.5% of healthcare spending and 56.8% of healthcare transactions.

Different from pharmacies in the U.S., such as CVS or Walgreens, most pharmacies in China

only carry medicine and do not sell daily necessities. Pharmacies account for 6.0% of healthcare

spending and 31.0% of healthcare transactions in 2015. The remaining transactions are accounted

for by other healthcare facilities. Within hospitals, we identify People's hospitals and Children's

hospitals based on merchant name. People's hospitals are state-owned general hospitals and tend

to be the largest health care facilities in a city. Each city has at least one People's hospital but not

all cities have Children's hospitals, which accept mostly child patients. People's and Children's

hospitals account for 24.1% and 4.2% of total healthcare spending respectively, and 26.2% and

9.0% of transactions in 2015.

Our data account for 31% of total private healthcare spending in 2013. As card penetration grew,

9There were 800 million bank-card holders in China in 2015. The latest available census (2010-2011) shows that

China's population was 1.33 billion, out of which 221 million were below the age of 15 (and ineligible to hold bank

cards). Of the 1.1 billion eligible individuals, 72% hold at least one bank card.
10There are seven major categories and 300 subcategories. The major categories are: retail; wholesale; direct sales; real

estate and �nance; residential and commercial service; hotel, restaurant, and entertainment; and education, health,

and government service. Merchants are classi�ed by these categories.
11200,000yuan($30,770) is the 99th percentile of transaction values across all categories. Transactions exceeding

200,000yuanare excluded from the database due to UnionPay's data quality assurance protocol that aims to remove

potentially fraudulent transactions (a practice called “cash out”).
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the coverage rose to 51% in 2015, similar to the share of bank card transactions in other sectors.

According to of�cial statistics from the Central Bank of China (2015), bank card transactions

accounted for 48% of overall spending in retail sales of consumer goods in the third quarter of

2015. In comparison, spending from credit and debit cards accounts for 55% of all consumer

spending in 2012 in the U.S. (Bagnall et al., 2014).

Appendix Figure A.2 illustrates the spatial pattern of card adoption by plotting the number of

active cards per resident by city in 2015. Card adoption is higher in coastal or high-income cities.

Table A.1 in Appendix A.1 correlates the cross-sectional card adoption rate with city demographics.

Cities with a higher household income and education and a younger population are associated with

higher adoption.

In addition to healthcare spending, we also analyze spending in non-healthcare categories,

such as daily necessities. We closely follow the United Nations' Classi�cation of Individual

Consumption According to Purpose (COICOP) in de�ning necessity goods.12 Relative to

healthcare spending, spending on daily necessities is three times as large and transactions three

times as frequent. A unique feature of Chinese consumers' shopping behavior is their frequent

trips to supermarkets for groceries (often on a daily basis). We therefore use supermarket spending

as another proxy for daily consumption, in addition to spending on necessities.13 Spending in

supermarkets is over four times as large as healthcare spending in value and �ve times as frequent

in 2015.

To illustrate inter-temporal spending patterns, Appendix Figure A.3 plots weekly healthcare

spending and the number of transactions at the national level from 2013 to 2015. There is a

signi�cant drop in both the spending amount and the transaction frequency during holidays. In

addition, both variables have more than tripled during our sample period due to the diffusion of

bank cards. We control for these two salient features in our regression analysis through holiday

12United Nations' COICOP de�nes necessity goods as 1) food and non-alcoholic beverages, 2) alcoholic beverages,

tobacco and narcotics, 3) clothing and footwear, 4) recreation and culture, and 5) restaurants and hotels.
13We exclude supermarkets from necessity spending because they sell a large variety of goods other than necessities.
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�xed effects and city-speci�c time trends.

To graphically illustrate the relationship between pollution and spending, we plot the log

number of transactions against contemporaneous PM2.5 in Figure 1.2. All other controls (weather,

city trend, etc.) are partialled out, so the �gure displays the net correlation of pollution with

spending. For ease of presentation, we group PM2.5 by percentiles and plot the in-group average of

log number of transactions against each percentile of PM2.5. In addition to the aggregate number of

healthcare transactions (top left), we also plot the relationship separately for pharmacies, People's

hospitals, Children's hospitals, and two non-healthcare categories (necessities and supermarkets).

PM2.5 has a positive relationship with spending in all health categories and a negative relationship

with non-health spending across nearly all quantiles of PM2.5. The contrast in the relationship of

PM2.5 with health versus non-health spending is interesting and suggests potential causal impacts:

elevated air pollution negatively affects health and leads to avoidance behavior among consumers.

We quantify the causal impact in our regression analysis below.

1.2.3 Health Insurance and Health Outcomes

Health care in China is �nanced by government programs, individuals' out-of-pocket spending, and

commercial health insurance. There are three major public health insurance programs, covering

urban employees, urban non-employee residents, and rural residents, respectively. Through

massive government subsidies and successful public campaigns, China achieved nearly universal

health care coverage in 2011, when 95% of the population was covered through these three

government supported insurance programs, up from 65% in 2009 (Yu, 2015). Commercial health

insurance is rare and accounts for a negligible fraction of national health spending (Choi et al.,

2018).

Despite the nearly universal health insurance in China, the coverage is low with high

coinsurance rates (the fraction of health care expenses paid by individuals out of pocket) and low
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coverage ceilings that vary across insurance programs, healthcare facilities, and cities (or counties)

which are the local risk pooling units in China (Meng and Yang, 2015). For example, the 2016

coinsurance rate (after deductible) in Shanghai varied from 25%-50% across tiers of healthcare

facilities for employees and 10%-30% for retirees for out-patient visits and 8-20% for in-patient

visits.14 In terms of the drug coverage, the Ministry of Human Resources and Social Security

maintains the National Reimbursement Drug List. Only drugs on this list are covered by China's

public health insurance programs, some in full (type A drugs) and others partially (type B). In most

cases, individuals can purchase drugs without a doctor prescription.

Nearly all covered medical expenses (e.g., hospital visits and drug purchases) require some

individual contributions through either bank card payments (which are included in our database) or

cash.15 In most cases, out-patient care requires payment up front before receiving treatment, while

in-patient care is billed several times a week (Jha, 2014; Browne, 2005). In light of this, the number

of health-related transactions recorded in our database should capture well the number of visits to

healthcare facilities and serves as a key outcome variable in our empirical analysis.

The bank card transactions do not identify speci�c disease diagnoses or treatment associated

with the spending. This may raise concerns of whether the healthcare spending data correspond

well to health outcomes. We provide several pieces of evidence that validate the data quality. We

�rst obtain data on the aggregate number of hospital visits by in-patients, out-patients, and ERs

in each province from the annual China Statistical Yearbook that is published by the National

Bureau of Statistics (NBS). This allows us to examine the correlation between our healthcare

spending data and the national-level healthcare statistics. Appendix Figure A.4 plots the number

of card transactions in hospitals against the number of hospital visits in logarithms at the province-

year level for our sample period. There is a close relationship between these two series with a

high correlation coef�cient: 0.86 in logs and 0.75 in levels, indicating that the number of card

14http://sh.bendibao.com/zffw/2016325/158153.shtm . Last accessed in Nov 2018.
15The fraction of medical expenses that is covered by the government health insurance programs is directly billed on

health insurance cards and goes through a different clearing system from UnionPay.
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transactions is a good proxy for hospital visits.

Appendix Table A.2, Table A.3, Figure A.5, and Figure A.6 provide further evidence based on

two con�dential micro-level data sets, including the universe of medical emergency calls in Beijing

and healthcare insurance claims in Ganzhou city, Jiangxi Province. As the capital city, Beijing has

a highly educated population and a high penetration of bank cards. Ganzhou, on the other hand,

is a medium-sized city that is primarily rural. In both cases, there is a strong correlation between

our spending data and micro-level health outcomes, which is reassuring. Patterns from these very

different examples suggest that the spending data provide reliable measures of health outcomes.

Given the lack of micro-level data on health outcomes at the national level, our data provide to

our knowledge the only alternative health-related measures that are both granular and have national

coverage in China.

1.2.4 Meteorology Data and Summary Statistics

We obtain meteorology data from the Integrated Surface Database (ISD) that is hosted by National

Oceanic and Atmospheric Administration (NOAA). The ISD dataset includes hourly measures of

temperature, precipitation, wind speed, and wind direction for 407 monitoring stations in China,

covering most major Chinese cities. We match cities with the nearest weather station according to

their geographic coordinates and compute daily temperature and wind speed from a simple average

of the hourly data.

ISD's hourly measure of precipitation suffers from noticeable measurement errors, so we use

daily precipitation from NOAA'sGlobal Surface Summary of the Daydatabase (GSOD) instead.16

Daily wind direction is calculated by adding up twenty-four hourly vectors of wind direction, where

the length of each vector is the hourly wind speed.

16GSOD reports daily precipitation using Greenwich Mean Time, which is the cumulative rainfall from 8 a.m. Beijing

time to 8 a.m. the next day. We use this measure as our daily precipitation.
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Table 1.1 reports the summary statistics for all variables used in our study at the city-day level.

The daily PM2.5 concentration is on average 56mg/m3, with the inter-quartile range from 27 to 69

mg/m3. The maximum recorded daily PM2.5 is 985mg/m3. Sixty-seven percent of these city-day

observations record a concentration level that is above the U.S. daily standard of 35mg/m3. For

healthcare spending, the average daily number of transactions is 7,229 per city, and the average

daily spending is 6.7 millionyuan.

1.3 Empirical Framework

In this section, we �rst present a �exible econometric model that allows us to estimate the short-

and medium-term impacts of air pollution on healthcare spending. Then we discuss our estimation

strategy and the construction of instrumental variables.

1.3.1 Flexible Distributed Lag Model

Air pollution has both short- and long-term consequences on healthcare spending. Different from

quarterly or annual data commonly used in the literature, our daily data allow us to characterize

the path of health impacts from both contemporaneous and past air pollution exposure. We use the

following distributed lag model (DL) to capture this relationship:

yit =
k

å
t = 0

bt pi;t� t + xit a + qi � t + xi + hw + eit (1.1)

whereyit is daily healthcare spending in cityi on dayt, pi;t� t is either contemporaneous (t = 0) or

lagged pollution exposure (t � 1), andk is the number of lagged pollution variables.xit includes

a rich set of controls such as weather conditions, holiday �xed effects, day-of-week �xed effects,
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and seasonality.qi � t is a city-speci�c linear time trend,xi is city �xed effect, andhw is week-

of-the-sample �xed effect. The key parameters of interest arebt 's, which capture the short- and

longer-term causal impacts of pollution exposure on healthcare spending.

The short-term impact of pollution is characterised byb0, which captures responses in

healthcare spending to a contemporaneous increase in pollution concentration, everything else

�xed. The long-term impact, or the cumulative impact of pollution, is characterised byå k
t = 0bt ,

which re�ects changes in healthcare spending as a result of persistent elevation in past pollution

exposure. We are interested in quantifying both the short-term and the long-term impact of

pollution.

Suppose, for a moment, that there is no measurement error in pollution exposurepi;t� t and

that there are no omitted variables, two important issues we return to in the next section. Then

the DL model can be estimated using OLS. But the linear estimation with a large number of lags is

undesirable due to the high autocorrelation among the lag variablespi;t� t . The parameter estimates

tend to be imprecise with arti�cial oscillations as shown in Appendix Table A.4. Alternatively, one

can use the average pollution during a time window (such as the past week or past month) as in the

following framework:

yit = b p̄it + xit a + qi � t + xi + hw + eit ; (1.2)

where p̄it = 1
k+ 1 å k

t = 0 pi;t� t . Although this speci�cation is easy to implement and addresses the

issue of high autocorrelation, it imposes a strong restriction that all lagged pollution variables

within the time window have a constant impact on current-day spending and does not allow

researchers to examine the dynamic time-path of pollution's impact. We present results from this

speci�cation as a robustness check in Section 1.4.2.

To allow for �exible and smooth longer-term impacts and at the same time dealing with the

issue of high autocorrelation, we extend Almon (1965) and specifybt 's in equation (1.1) as cubic

B-spline functions of time withz segments (wherez is a constant chosen by econometricians),
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following Corradi (1977).17 The intuition is that any smooth function (herebt can be treated as a

function of time) de�ned on a closed interval[a;b] can be approximated uniformly closely by basis

splines.

To illustrate our approach, consider the example of cubic B-splines with one segment which

amounts to a simple 3rd order polynomial:

bt = g0 + g1t + g2t 2 + g3t 3; (1.3)

where the contemporaneous effect of pollution on spending is captured byb0 = g0, the effect of

yesterday's pollution isb1 = g0 + g1 + g2 + g3, and the effect of pollution fromt days' in the past is

bt = g0 + g1t + g2t 2 + g3t 3. Appendix A.2.1 describes how to extend this to the more general case

where there are multiple segments and the coef�cientsbt are piecewise polynomials int . Plug

(1.3) into (1.1) and rearrange terms, we have:

yit =
k

å
t = 0

bt pi;t� t + xit a + qit + xi + hw + eit

= g0pit + ( g0 + g1 + g2 + g3)pi;t� 1 + ::: + ( g0 + g1k+ g2k2 + g3k3)pi;t� k

+ xit a + qit + xi + hw + eit

= g0v1;it + g1v2;it + g2v3;it + g3v4;it + xit a + qit + xi + hw + eit (1.4)

wherev1;it = pit + pi;t� 1 + pi;t� 2 + :::+ pi;t� k, v2;it = pi;t� 1 + 2pi;t� 2 + :::+ kpi;t� k, v3;it = pi;t� 1 +

22pi;t� 2 + ::: + k2pi;t� k, andv4;it = pi;t� 1 + 23pi;t� 2 + ::: + k3pi;t� k, respectively. These four terms

in equation (1.4) now constitute our key regressors. The �rst term,v1;it , is the sum of past pollution

exposure. The second to the fourth terms,v2;it ; :::;v4;it , are weighted sums of past exposure with

the weights being polynomial terms of time. With this reformulation, we only need to estimate four

17Almon (1965) �rst proposed approximating the lag coef�cients with polynomial functions. Poirier (1975), Corradi

and Gambetta (1976) and Corradi (1977) suggested using spline functions, which impose weaker restrictions on the

lag coef�cients than polynomials while keeping the number of parameters small.
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coef�cients f gig3
i= 0 rather thank+ 1 coef�cients (the number of lags plus current day). Once we

obtain the OLS or IV estimates and standard errors ofg's, we can recoverbt 's using equation (1.3).

In summary, the �exible distributed lag model transforms a series of many lagged pollution

variablesf pi;t� t gt into a small number off v�;it }'s, which are weighted sums of past pollution

exposure with the B-spline functions of time as weights. This approach has several advantages over

competing distributed lag models, the most popular one being the geometric decay model. First,

these new regressorsf v�;it g exhibit much less multicollinearity than lagged pollutionsf pi;t� t gk
t = 0.

Second, this model allows for much more �exible time-series patterns of the marginal impactbt

than those in geometric decay models. Third, it is straightforward to impose additional restrictions

that are generated by economic theories or re�ect prior knowledge of the data generating process.

For example, if tomorrow's pollution exposure (forward one period) should not affect current

healthcare spending, thenb� 1 = 0. If pollution exposure prior tok lags has no effect, then

bk+ t = 0;8t 2 N andt > 0. These assumptions can be imposed individually or jointly as estimation

constraints and tested as linear restrictions.18 Finally, we allow for an arbitrary correlation between

the contemporaneous error termeit and past error terms, which is dif�cult in geometric decay

models.

Our benchmark speci�cation incorporates 90 daily lags (k = 90) and allows the time series

patterns of the marginal impactbt in each month to be characterized by a separate cubic

polynomial. This corresponds to a cubic B-spline with three segments, which leads to six regressors

f v1;it ; :::;v6;it g and sixg parameters to be estimated. We examine robustness to different numbers

of lagged pollution variables and spline segments in Section 1.4.2.

18Another bene�t over other distributed lag models is that this speci�cation does not require instruments for the lagged

dependent variable (lagged consumption in our setting), which is often challenging.
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1.3.2 Identi�cation

Sources of Endogeneity

There are multiple factors that would render the OLS estimates as discussed above inconsistent.

As recognized in the recent literature on estimating the causal impact of air pollution on health

(Currie and Neidell, 2005; Arceo et al., 2015; Knittel et al., 2015; Schlenker and Walker, 2016;

Deryugina et al., 2017), the pollution exposure variable likely suffers from measurement errors.

This is because pollution levels vary across locations within a city and pollution readings from

different monitoring stations are averaged to the city level. For example, among the 9 monitoring

stations in the urban core of Beijing, the average difference between the maximum and minimum

pollution level in a day is 35mg/m3 in 2014, a sizable gap given the daily average of 87mg/m3

at the city level. Since population is unevenly distributed within a city and the spatial distribution

of monitoring stations does not align with residential areas, the arithmetic mean across all stations

within a city may not accurately re�ect the city population's pollution exposure. An ideal measure

would be the population-weighted average of local air quality, but this is impractical due to the

lack of air pollution data at the �ner spatial level (e.g., city block or zip code) and the fact that

many monitoring stations are located outside of population centers. In addition, our daily pollution

measure is a simple average of hourly measurements and abstracts away the temporal variation.

To the extent that these measurement errors are classical, our OLS estimates would suffer from

attenuation bias.19 City �xed effects are unlikely to adequately address these measurement errors,

which vary over time. For example, on days when there is more local pollution in densely populated

areas, the difference between the population's pollution exposure and the simple average pollution

will be larger.

Another factor that makes OLS estimates inconsistent is unobservables that are correlated with

19Satellite data on Aerosol Optical Depth (AOD) offer an alternative measure of the ground level pollution with �ner

spatial resolutions (e.g., 3 km by 3 km from Terra satellite and 10 km by 10 km from Aqua) (Zou, 2018). However,

there are a lot of missing values at the daily level due to cloud coverage.
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pollution. Despite our rich set of controls for weather and local conditions (e.g., city speci�c time

trend and seasonality), there are various sources of temporal variations that cannot be adequately

controlled for. For example, permanent local shocks to healthcare spending, such as income shocks,

could be correlated with economic activities and thus with air quality. Temporary local shocks, such

as major sport and political events and traf�c congestion, could affect both the air pollution level

and healthcare spending (and consumer activities in general).20 These unobservables that are not

absorbed by our location �xed effects and trend/seasonality interactions would render the air quality

variable endogenous.

IV Construction

To address these concerns, we construct instruments by exploiting the spatial spillovers of PM2.5

due to its long-range transportability. PM2.5 particles are light, can travel at a speed of 10 mph,

and often reside in the atmosphere for 3-4 days (Yassin et al., 2012; Díaz and Dominguez, 2009;

Riva et al., 2011; Joksić et al., 2009). Their region of in�uence is determined by wind speed

and direction. Based on atmospheric modeling, Zhang et al. (2015) document signi�cant regional

pollutant transport in China. For example, nearly half of the pollution in Beijing originates from

sources outside of the municipality. These results suggest that PM2.5 from other cities could serve

as exogenous shocks to the pollution level for a given city.

We use a parsimonious model to apportion observed pollution levels into components from

local and non-local sources (see Appendix A.2.2 for more details on modeling and IV construction).

Denote the pollution level of cityi in timet aspit , which is a function of past pollution and pollution

20An unexpected increase in congestion on a given day (e.g., due to accidents or weather conditions) raises air pollution

and at the same time reduces healthcare spending (residents might prefer to stay at home on more congested days).
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from other cities:

pit = q1pi;t� 1 + å
j6= i;di j � r

p+
j! i; t

| {z }
PM2:5 imported

from nearby cities

+ å
j6= i;di j > r

p+
j! i; t

| {z }
PM2:5 imported

from distant cities

+ mit

whereq1 captures the amount of pollution that is carried over from the previous day (which is

affected by local meteorological conditions),p+
j! i; t denotes the amount of PM2.5 pollutants in

city i at timet that is originated from cityj, di j represents the distance between citiesi and j, r

is the radius of a buffer zone, andmit is the error term. The total amount of PM2:5 imported by

city i is the sum ofå j6= i;di j � r p+
j! i; t (pollution imported from cities within the buffer zone) and

å j6= i;di j > r p+
j! i; t (pollution imported from cities outside the buffer zone).

The contribution of non-local sources to the pollution level of a given city could be affected

by a host of meteorological conditions and is the subject of sophisticated air quality modeling.21

We use the following parsimonious model to capture the key feature that PM2.5 pollutants dissipate

over time and across space as they move:

p+
j! i; t = max[cosF ji ;0] � p j ;t� si jt � f (di j ;w j ;t� si jt ;wi;t); (1.5)

wherep+
j! i; t is the amount of pollution that enters cityi on dayt, having originated from cityj on

dayt � si jt . Pollution decays over time as it travels and only part of the pollution from cityj enters

the atmosphere of cityi. This is represented byf (di j ;w j ;t� si jt ;wi;t) 2 [0;1], which is a function of

the distance between the two cities (di j ), weather conditions in the source city when the pollution

is generated (w j ;t� si jt ), and weather conditions in the destination city when the pollution enters its

atmosphere (wi;t). To take into consideration the effect of wind direction and speed, we invoke a

vector decomposition. LetF ji denote the angle between the wind direction and the direction from

21Meteorological conditions play a key role in the diffusion of PM2.5. See, for example, Seibert and Frank (2003); Tai

et al. (2012); Wang and Ogawa (2015); Wang et al. (2018a) and Wang et al. (2019).
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city j to city i, andv j ;t� si jt denote the wind speed in cityj. The amount of pollutants carried toward

city i from city j is assumed to be cos(F ji )p j ;t� si jt at speed cos(F ji )v j ;t� si jt . Note thatp+
j! i; t is

zero if cos(F ji ) is negative: when wind blows away from cityi, pollution from the source cityj

should not contribute to that of the receptor city. The number of days it takes pollutants to travel

from city j to city i, si jt , is rounded to the next smallest integer:si jt =
�

di j
cos(F ji )v j ;t� si jt

�
. As an

example, Appendix Figure A.7 illustrates graphically all subvectors of pollutants that are blown

towards Beijing on Dec. 5, 2013.

We now describe how to construct instruments using the above model. The decay function

f (di j ;w j ;t� si jt ;wi;t) in equation (1.5) is unknown. We approximate it by a set of polynomial

functionsf ul (di j ;w j ;t� si jt ;wi;t)gL
l= 1. The total amount of pollution imported from cities outside

of the buffer zone, ˆpf ar
it , is the following:

p̂f ar
it = å

j :di j > r
p+

j! i; t = å
j :di j > r

max[cosF ji ;0] � p j ;t� si jt �
L

å
l

gl ul (di j ;w j ;t� si jt ;wi;t)

=
L

å
l

gl å
j :di j > r

max[cosF ji ;0] � p j ;t� si jt � ul (di j ;w j ;t� si jt ;wi;t)

=
L

å
l

gl Z
l
it

whereZl
it = å

j :di j > r
max[cosF ji ;0] � p j ;t� si jt � ul (di j ;w j ;t� si jt ;wi;t); l = 1; :::;L (1.6)

Our instruments for current day pollutionpit is the set off Zl
it g

L
l= 1. These are valid instruments

since they only depend on weather in cityi at timet, which we control for in our regressions,

and on pollution and weather variables in cities outside of the buffer zone at timet � si jt , which are

uncorrelated with cityi's spending shocks by our identi�cation assumption. Equation (1.6) makes it

explicit that this strategy exploits a number of restrictions to construct powerful IVs. For example,

if the prevailing wind conditions are such that it takes two days for pollution generated in cityj
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to reach cityi, we would expectp j ;t� 2 instead ofp j ;t or p j ;t� 1 to affectpi;t . Our instrumentZit is

therefore a function ofp j ;t� si jt , wheresi jt is the number of days it takes for pollution generated in

city j to arrive in cityi. As such, the calculation ofZit properly dates the relevant pollution source

in origin city p j ;t� si jt and aggregates over all origin cities.

Set of IVs In the baseline speci�cation, we use 15 second-order polynomial termsf ul (�)gL= 15
l= 1 to

�exibly approximate the decay function: 1) constant, the inverse distance, and origin city's weather

(wind speed, precipitation, temperature) (5 terms); 2) the quadratic terms of the inverse distance

and origin city's weather (4 terms); 3) the product of the inverse distance and the origin city's

weather (3 terms); 4) the destination city's weather (wind speed, precipitation, temperature) (3

terms). Hence, we have 15 instrumentsf Zl
it g

L= 15
l= 1 for current day pollutionpit .

As shown in Section 1.3.1, the �exible distributed lag model transforms many lagged pollution

variablesf pi;t� t gt into a fewf v�;it g's, which are weighted sums of past pollution exposure with

B-splines as weights (see equation (1.4) for a simple example). In our main speci�cation that uses a

cubic B-spline with three segments, there are six B-spline terms and hence six endogenous variables

f v1;it ; :::;v6;it g. The instruments for these endogenous variables are constructed analogously, except

that the lagged endogenous pollution variables are replaced with the corresponding lagged vector

of exogenous IVsf Zl
i;t� t gL= 15

l= 1 . There are �fteen IVs for eachv�;it and a total of 90 instruments.

Appendix A.2.2 provides more details.

Identi�cation Assumptions Our approach that exploits PM2.5's region of in�uence is analogous

to the source-receptor matrix constructed by the US EPA for air pollution prediction. The

instruments we construct leverage variation in PM2:5 in non-local sources, wind patterns and

other meteorological conditions such as temperature and precipitation in both the source cities

and the destination city, which have been shown to affect the long-range transport of PM2:5. These

instruments provide ample variation that allows us to simultaneously identify the short-term and
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medium-term impacts of pollution and quantify the time-path of these impacts. An alternative

strategy involves using variation in local wind direction to estimate the health impacts of particulate

matter pollution (Deryugina et al., 2017). Although changes in local wind direction are more

plausibly exogenous and well suited towards identifying the short-run impact of pollution, they

may lack enough variation to explain changes in both current and lagged pollution variables. As

we illustrate in Section 1.4.2, IVs that only use variation in wind direction (interacted with region

dummies) fail to pass the weak IV tests and lead to insigni�cant estimates, though the estimated

impact of PM2:5 on aggregate health spending is broadly similar to our baseline estimates.

Our identi�cation assumption is that pollution shocks (e.g., economic activities) in regions

outside of the buffer zone are uncorrelated with local shocks to spending.22 This assumption would

be violated if spending shocks (e.g., high temperature that leads to more hospital visits as well as

increased demand for electricity) in cityi affect production activities in other cities (e.g., electricity

generation) outside the buffer zone, which in turn affect the pollution level in cityi. To the extent

that economic shocks in cityi affect production and hence pollution in other cities, this should

induce correlation between the error termeit andfuturepollution levels rather than lagged pollution

levels in other cities. In contrast, our instruments are weighted sums oflaggedpollution levels in

distant cities, where the weights are the inverse distance and meteorological conditions in both the

source and receptor cities. In addition, averaging over the exogenous variation in wind speed and

direction across a large number of source cities should reduce such correlations, if any.

To further address potential concerns on the validity of our IVs, we proceed in three ways. First,

we show in section 1.4.2 that results are robust to different radii of the buffer-zone. Second, we

construct an alternative set of IVs using the historical average (time-invariant) level of air pollution

in source cities, rather than the observed lagged pollution that could be subject to regional economic

22Pollution imported from regions outside the buffer zone is assumed to be uncorrelated with the measurement errors

in local pollution exposure. This is plausible because changes in measurement errors arise from within-city variation,

while imported pollution is affected by economic activities at the source cities and weather conditions determining

the diffusion of pollutants.
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spillovers. The within-city variation of these IVs is solely driven by wind patterns and other weather

conditions rather than time-varying pollution levels in source cities, hence should not be correlated

with unobserved economic shocks in the destination city. The results from this speci�cation are

similar to the benchmark estimates. Third, we include the average PM2.5 in other cities outside

of the buffer zone but within the same region as an additional regressor to control for regional

spillovers in economic activities. This has little impact on the parameter estimates.

Finally, our identi�cation strategy is different from the regression discontinuity (RD) approach

based on the Huai River heating policy used in Chen et al. (2013) and Ito and Zhang (2020). The

RD design exploits the long-term cross-sectional variation in pollution and is better suited to study

long-term impacts, such as that on mortality. This study focuses on the short- and medium-term

impacts and our IV approach is designed to leverage the data's rich spatial and temporal variations.

1.4 Empirical Results

1.4.1 Impact of Pollution on Health Spending

We now describe our empirical analysis of air pollution's effect on health spending. We use the

logarithm number of transactions as the dependent variable rather than the value of transactions,

following the literature that uses similar transaction-level purchase data (Einav et al., 2014). As

explained in Sec 1.2.3, the number of transactions is a good proxy for visits to healthcare facilities.

In Appendix A.3, we report results using the value of transactions as the dependent variable. They

are similar in magnitude to those based on the number of transactions but less precise. This is partly

because the distribution of healthcare spending is right-skewed with many large transactions (e.g.,

surgeries) that are unlikely caused by air pollution in the short run. While our baseline speci�cation

utilizes the total number of transactions as the dependent variable, the estimates are very similar if

we instead use the number of transactions per capita, as discussed in Section 1.4.2.
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All regressions include city �xed effects to control for time-invariant unobservables, week-of-

the-sample �xed effects to control for nationwide shocks, and city-speci�c time trend and city-

speci�c seasonality (i.e., interactions of city �xed effects and quarterly dummies) to control for

trends in bank card adoption and seasonal diseases. We also add �xed effects for state holidays,

working weekend,23 day of the week, as well as weather variables to control for their direct effects

on spending. For example, people may reduce non-urgent hospital visits during holidays or on

raining days. All standard errors are clustered at the city level.

First-Stage Results To address the issue of measurement errors and endogeneity, we instrument

PM2.5 using pollution imported from distant cities outside the buffer zone as discussed in Section

1.3.2. To assess the strength of instruments in �rst stage regressions, we follow the best

practice as suggested in the weak IV literature. Since the Cragg-Donald F-statistic that assumes

homoskedasticity tends to overstate the strength of instruments in non-homoskedastic settings, we

report F-statistics that are robust to heteroskedasticity throughout this analysis. When there is

one endogenous regressor, Andrews et al. (2019) recommend the effective F-statistic of Olea and

P�ueger (2013), which is the appropriate statistic for formally testing weak identi�cation in non-

homoskedastic settings. We therefore report the effective F-statistic in all regressions with one

endogenous variable.

The benchmark speci�cation of our distributed lag model has six endogenous variables and a

total of 90 instruments. To our knowledge, the literature on weak instruments has not yet developed

formal methods for detecting weak identi�cation in the presence of multiple endogenous regressors

and non-homoskedastic errors. As such, we report the Kleibergen-Paap Wald rk F-statistic that is

clustered at the city level in all regressions with multiple endogenous regressors.

Appendix Table A.5 reports the �rst-stage result where we regresspit on different sets of IVs.

23Weekends near multi-day holidays are usually swapped with weekdays next to the actual holidays to create a longer

holiday. As a result, businesses and schools treat those weekends asworking weekends.
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The signs for included IVs are expected: pollution is lower in holidays and decreases with local

precipitation and wind speed. In Column (1), the only excluded instrument is a simple sum of PM2:5

from distant cities traveling toward the destination city. Column (2) takes into account that PM2:5

decays as it travels and uses the sum of PM2:5 from distant cities weighted by the inverse distance

and weather variables of the origin cities as excluded IVs. This corresponds to a linear decay

function. The coef�cient estimates suggest that both higher temperatures and greater precipitation

in origin cities lead to a faster decay of PM2:5. In addition, the further PM2:5 has to travel, the

more it decays. As a result, the distance weighted sum of PM2:5 has a much higher predictive

power of local pollution than a simple sum of pollution from origin cities.24 Column (3) allows

for a second-order polynomial decay function in the inverse distance and weather conditions in

the origin cities, as well as weather conditions in the destination city, leading to a total of �fteen

instruments as discussed in Section 1.3.2. The effective F-statistic is 161 and 112 in Columns (2)

and (3), respectively. They exceed the critical value by a large margin and indicate a strong �rst

stage. Our preferred speci�cation is Column (3) which allows for a more �exible decay function of

PM2:5 than Column (2), though the estimated health impacts are similar with either four or �fteen

IVs.

For our baseline speci�cation, the robust F-statistic varies from 38 to 48 (Table 1.3), which

suggests that weak identi�cation is unlikely to be a concern in our setting. In comparison, if we

were to assume homoskedastic errors, the Cragg-Donald F-statistic varies from 213 to 255 and far

exceeds the critical value (which converges to 21 with a large number of IVs).25

Short-term Impacts Our empirical analysis begins with the current-day PM2:5 as the only key

variable of interest, i.e.,k = 0 in Equation (1.1). The coef�cient estimate on current-day PM2:5,

24The raw correlation between local pollution and distance weighted pollution from origin cities is 0.21, while the raw

correlation between local pollution and a simple sum of pollution from origin cities is close to 0.
25We extend the analysis in Stock and Yogo (2005) by using the programming code in Skeels and Windmeijer (2018) to

compute the critical value for the homoskedastic F-statistic with a large number of IVs. The critical value converges

to 21 at the 5% signi�cance level when there are 30 or more IVs with one endogenous variable.
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b0, captures the effect of both current-day and past pollution exposure, the latter of which are

correlated with current-day pollution but omitted from the regression. As a result,b0 is not the

marginal impact of the current-day exposure on spending. Nevertheless, we can view the estimate

as a short-term impact. Appendix Tables A.6 and A.7 report the OLS and IV estimates of the short-

term impacts, respectively. A 10mg/m3 increase in current-day PM2.5 is associated with a 0.65%

contemporaneous increase in transactions in the aggregate health care sector. The effect of air

pollution on spending at Children's hospitals is the largest among different health care categories

and is nearly twice as large as that for the overall healthcare spending.

The IV estimates of the health impact of air pollution are several times as large as their OLS

counterparts.26 The large differences between OLS and 2SLS results are common in this literature.

For example, Schlenker and Walker (2016) use runway congestion at airports on the US East Coast

as exogenous variation to measure the contemporaneous health impact of air pollution exposure

for communities near large airports in California. Their 2SLS estimates on the respiratory-related

emergency room admissions due to CO and NO2 exposure are 7-10 times as large as the OLS

estimates. Ebenstein et al. (2017) use a regression discontinuity design based on the Huai River

policy to examine the long-term impact of PM10 on mortality. Their RD estimates are 2-3 times

as large as the OLS estimates. Similarly, in Deryugina et al. (2017)'s study of the mortality and

medical costs of PM2:5 in the US, the IV estimates are between 6 and 17 times larger than the

corresponding OLS estimates. The smaller OLS estimates are consistent with the attenuation

bias due to (classical) measurement errors in PM2.5. The downward bias could also be driven

by temporary local shocks, such as economic activities or major local events, that are positively

correlated with air pollution but negatively correlated with healthcare spending (more outdoor

activities and fewer hospital visits).

26The magnitude of the differences between OLS and IV estimates is theoretically possible, especially with a large

number of �xed effects (Cameron and Trivedi, 2005).
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Longer-Term Impacts Exposure to PM2.5 could have dynamic longer-term health impacts that

are nonlinear. Directly including a large number of lagged PM2.5 suffers from high autocorrelation.

For example, Appendix Table A.4 reports coef�cient estimates from including up to 5-day lags of

PM2.5 in equation (1.1). Although these results indicate that the effect of PM2.5 persists beyond one

day, the high autocorrelation makes it dif�cult to tell apart the effect of PM2.5 on consecutive days.

As such, many coef�cients are imprecise with oscillating signs. To address this issue, we employ

the �exible distributed lag model discussed in Section 1.3.1 and allow pollution impacts to follow

a smooth path.

Table 1.2 reports the cumulative effects of elevated PM2.5 concentration over different time

periods,å k
t = 0bt , from OLS regressions. Our benchmark speci�cation incorporates daily pollution

exposure for the past three months (90 lags). Effects beyond 90 days are modest and imprecisely

estimated, thus excluded from the cumulative effects.27 A one-day surge of 10mg/m3 in PM2.5

concentration increases today's transactions in all healthcare facilities by 0.03%. A medium-run

(three-month) elevation of 10mg/m3 raises the number of transactions by 0.86%, eight times as

large as the effect reported in Appendix Table A.6 when only the contemporary PM2.5 concentration

is included in the regression. There is a statistically signi�cant negative impact on necessities and

supermarket spending within two weeks, but not in the long run.

To deal with measurement errors and the endogeneity in current and lagged PM2.5, we use IVs

discussed in Section 1.3.2 and present results in Table 1.3. Several important �ndings emerge. First,

the estimated 2SLS longer-term impacts of PM2.5 across all healthcare categories are positive and

much larger than the short-term impact, consistent with the comparisons from the OLS estimates.

Speci�cally, a 10mg/m3 increase in PM2.5 concentration over the past 90 days raises the number

of transactions in the aggregate healthcare sector by 2.65%. Second, the impact on Children's

hospitals is the largest and more than twice as large as the impact on aggregate healthcare spending,

consistent with the fact that children are among the most vulnerable groups. Pharmacy is the

27We examine the robustness of our results to the choice of lags and B-spline segments in section 1.4.2.
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second most responsive category among the four healthcare categories. When elevated air pollution

aggravates symptoms for people with respiratory problems, they may go to pharmacies without

visiting hospitals. Third, the effects on daily necessities and supermarket spending are all negative

and appear to be short-lived.

To examine how the impact on spending changes over time, Figure 1.3 plots the path of the

cumulative effects of past pollution exposure across different categories. Solid lines (and solid

segments) indicate signi�cance at the 5% level. The optimal number of lags should in theory differ

across categories. For example, the effect of pollution on non-healthcare categories appears to

be short-lived, while for children's hospitals it could last for more than three months. To keep

the results comparable, we impose the same lag structure on all categories. Panel (a) depicts

the cumulative effect for the aggregate health spending and spending in Children's hospitals.

Consistent with the results in Table 1.3, the cumulative effect increases over the 90-day window and

is stronger (in percentage terms) for spending in Children's hospitals. For spending in the aggregate

health category, the cumulative effect appears to stabilize at three months, which is con�rmed in

the robustness analysis below.

In contrast, air pollution reduces spending on necessities and in supermarkets in the short term.

The cumulative effect appears to peak at around two weeks, reduces in magnitude afterward and

becomes imprecise past one month. One explanation for the short-term reduction in non-health

spending is the budget constraint: if consumers have to spend more on heath care to mitigate

the negative health impact of air pollution, they may have less to spend on non-health-related

categories. However, the temporary reduction we �nd is inconsistent with the budget constraint

hypothesis, since a sustained increase in healthcare spending would lead to a sustained reduction

in necessities with a �xed budget. Instead, our results lend support to the hypothesis of avoidance

behavior, whereby consumers postpone or reduce shopping trips to reduce pollution exposure in

response to poor air quality. This is consistent with recent evidence in the literature (Mu and

Zhang, 2016; Ito and Zhang, 2020; Sun et al., 2017).
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Chinese consumers are increasingly aware of the air quality and its impact on health (Barwick

et al., 2020a) and PM2.5 readings are becoming readily accessible through cell phone apps and

from government websites in recent years.28 Given the importance of avoidance behavior, we

provide additional evidence that individuals engage in avoidance in Appendix A.6 by examining

how expectations about future air pollution affect current healthcare and non-health spending.

Table 1.4 examines how the estimates of the short- and medium-run effects of PM2:5 on total

health transactions depend on various controls included in regressions. City �xed effects control for

baseline differences across cities where more polluted cities tend to have higher health spending.

Week-of-the-sample �xed effects allow for nation-wide temporal variation in spending and air

pollution. City-speci�c time trends capture the heterogeneous card adoption rates across cities,

which are important given the rising card penetration in our sample periods. The coef�cient

estimates for short- and medium-run effects become intuitive after controlling for city �xed effects

and week-of-the-sample �xed effects and remain stable once we include city-speci�c time trends.

The holiday �xed effects, day-of-the-week �xed effects, and weather variables play a less important

role in determining the magnitude of pollution's impact on health spending.

Our results suggest that a 10mg/m3 increase in PM2.5 would raise health-related transactions

by 2.65% in the medium term. In terms of the value of transactions, the effect is 1.5% over the

out-of-pocket expenses (Appendix Table A.8). The estimates are somewhat less precise than those

based on the number of transactions, driven by the larger noise inherent in the value of healthcare

spending. The smaller impact on the transaction value makes intuitive sense in that the illnesses

due to air pollution likely cost less to treat than other diseases on average.29 In our analysis in

Section 1.5.1, we use these estimates to bound the healthcare cost.

28Hourly air pollution data in major Chinese cities have been published on the websites of the Ministry of Environment

Protection and other non-government entities since 2013.
29The average medical spending for in-patients in China is 6140yuan($944) in 2013, while the average is 4109yuan

($632) for in-patients treated for respiratory diseases (National Health Commission, 2013). Relatedly, in the US,

average expenditure per in-patient for respiratory diseases is $1491, ranked 22 among 30 disease types according to

Agency for Healthcare Research and Quality (2017).
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1.4.2 Robustness Checks

We conduct an extensive set of robustness checks to examine whether the results discussed above

depend on the empirical speci�cation and choices of IVs.

Robustness to B-splines and buffer zone radii Table 1.5 reports the cumulative impact for

overall healthcare spending under three different numbers of B-spline segments (1, 2, and 3) and

�ve lags (30, 60, 90, 120 and 150). The estimates across different segments are similar. Our base

speci�cation uses three segments which provides a good balance between �exibility and precision.

In terms of the number of lags, the cumulative impact is considerably smaller using 30-day lags

but stabilizes after 90 lags.30 Figure A.8 plots individual coef�cients for each day under the 90-day

and 150-day speci�cation. We prefer 90-day lags because the estimated effects for lagged pollution

are signi�cant until around 90 days and start to lose signi�cance for further distant lags.

Next, we carry out robustness checks with regard to the buffer zone radius in constructing

IVs. We �x the radius at 150 km in the benchmark speci�cation and assume that unobservables

outside of the buffer zone of a city would not affect healthcare spending in that city. There is

an inherent trade-off in the choice of the radius. On the one hand, the larger the buffer zone,

the easier it is for the exclusion restriction to hold. On the other hand, the bigger the radius, the

weaker the correlation between the predicted PM2.5 using non-local pollution and the observed

PM2.5 in a given city. Table 1.6 presents several choices of the buffer zone from 100 km to 300

km with an increment of 50 km.31 The top panel reports the �rst-stage results. Generally, both the

R2 and the F-statistics decrease with the radius of the buffer zone, suggesting a weaker correlation

between the IV and the endogenous variable as the buffer zone gets larger. The bottom panel shows

the cumulative medium-term impact on healthcare spending, which varies from 2.42% to 2.88%

across different radii when PM2.5 increases by 10mg/m3 over a 3-month period. Our preferred

30Cross-validation results indicate that models with long lags are preferred to the model with 30 days of lags.
31Williams and Phaneuf (2016) construct IVs for air pollution using pollutants 60 km (or 120 km) away without

exploiting wind patterns.
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speci�cation with a 150 km radius delivers an estimate that is in the middle of this range, though

results are relatively stable across buffer zones within 300km.32 This is consistent with: (1) the

long-range transportability of PM2.5, and (2) non-local sources accounting for a signi�cant share of

local air pollution level (e.g., on average 35% for Beijing during 2005-2010 (Wang et al., 2015)).

Additional Controls The next set of robustness analysis includes various additional controls.

Panel A in Table 1.7 reports estimates controlling for other pollutants including O3, SO2, NO2 and

CO. Emission sources such as electricity generation and transportation produce both particulate

matters and other pollutants which also have harmful health impacts, though our IV strategy should

address this to some extent since it leverages the long-range transport property of PM2.5, which is

different for other pollutants, especially O3 and CO. Results with these four additional pollutants

are similar to those in Table 1.3 for both healthcare and non-healthcare spending categories.33

To address potential spillovers in regional economic activities, Panel B in Table 1.7 includes as a

regressor the average level of PM2.5 of nearby cities in the same region outside of the buffer zone.34

If regional economic activities have systematic spillover beyond the buffer zone, one might be

concerned with the exogeneity of our IVs: local unobservables could be correlated with economic

activities in other cities, which are in turn correlated with pollution levels in other cities. Including

PM2.5 of nearby cities directly controls for economic activities in other cities and delivers similar

results as those in the benchmark speci�cations.

Card penetration is growing rapidly over time during our sample period, which raises a concern

that our results might be driven by uneven rates of card adoption across cities. The city-speci�c

32300km is well within the travel distance of PM2.5. For example, at a moderate speed of 15 miles per hour, it takes

only one day for PM2.5 from 360 miles away to be transported to a destination.
33The correlation coef�cient between daily levels of PM2.5 and O3, SO2, NO2 and CO is -0.13, 0.55, 0.66, 0.03,

respectively. While we directly control for these pollutants in addition to PM2.5 in our robustness checks, we do

not address the potential endogeneity in these pollutants. Therefore, our estimated impact of PM2.5 may re�ect the

impact of other pollutants. Disentangling the impacts of different pollutants is an important gap in the literature.
34We follow the National Bureau of Statistics' classi�cation that groups provinces into seven regions: East, North,

Mid, South, Southwest, Northwest and Northeast.
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time trends in our baseline speci�cation should capture this. In Panel C of Table 1.7, we introduce

as additional controls the annual number of active cards and the annual number of point-of-service

terminals in each city. Including these variables has little effect on the estimated impacts of PM2:5.

In our baseline regressions, we control for local temperature, precipitation and wind speed.

Table 1.8 explores the effect of including more �exible weather controls. Panel A is identical to the

baseline speci�cation. Panel B includes 2nd-order polynomial terms in weather variables. In Panel

C, we create ten temperature bins similar to Deschenes and Greenstone (2011) and six bins for each

of precipitation and average wind and include interaction terms of the bins. Panel D accommodates

medium-term effects of local weather on health spending by additionally controlling for lagged

weather variables up to 90 days.35 Finally, in Panel E, we include lagged weather at both the

origin and the destination cities, given that weather patterns are spatially correlated and weather

conditions in a destination city may be correlated with lagged weather conditions in origin cities.36

Overall the results appear reasonably robust though somewhat smaller with the inclusion of more

�exible weather variables. The long-run effect of a 10mg/m3 increase in PM2:5 on the number of all

health transactions is 2.16% in Panel C with the most �exible weather controls, 1.98% in Panel D

with lagged local weather variables, and 1.80% in Panel E with lagged weather in both the source

and destination cities, as opposed to 2.65% in the baseline speci�cation.

Finally, Appendix Table A.9 illustrates that adjusting for population size by using the number

of transaction per capita as the dependent variable leads to similar results to those in the baseline

speci�cation.

35We include the following lags for each weather variable at the destination city: the weather of day (t-1), (t-2), up to

day (t-7); the average weather from day (t-8) to (t-14), the average weather from (t-15) to (t-28), the average weather

from day (t-29) to (t-56) and the average weather from (t-57) to (t-90).
36For each destination city, we construct an unweighted average of the lagged weather in each of the source cities,

under the assumption that the weather travels to the destination city at the prevailing wind speed. We then include the

same set of lags for source weather as we do for local weather. We thank an anonymous referee for this suggestion.
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Speci�cations Using Average Pollution Our �exible distributed lag model delivers a smooth

marginal impact estimates of past pollution on current-day spending. The robustness checks

presented in Table 1.5 illustrate that our results are not driven by the B-spline choices. To

further address concerns over the functional form assumption, we estimate the more conventional

speci�cation in Equation (1.2) that uses the average pollution during a certain time window (e.g.,

current day + the past week) as the key variable of interest. While the speci�cation may appear to be

less restrictive than the �exible distributed lag model, it actually imposes a strong restriction that the

marginal impact of lagged daily pollution on current-day spending is constant within the speci�ed

time window. The epidemiology literature has documented hump-shape (nonlinear) responses to air

pollutants due to either normal physiological considerations or behavioral factors such as harvesting

(Zanobetti et al., 2000, 2002; Schwartz, 2000). On the one hand, the impact of air pollution on

respiratory system could take time to manifest. On the other hand, patients may postpone hospital

visits until the symptoms are fully developed or cannot be treated by home remedies. Figure 1.3

corroborates these �ndings in the epidemiology literature and indicates that the marginal impact of

lagged daily pollution on healthcare spending is unlikely to be constant.

Nonetheless, Appendix Table A.10 presents the IV results for Equation (1.2) across several

windows: current day, a week, a month, two-months, and 90 days. While the overall patterns are

broadly consistent with those from the more �exible model in Table 1.3, the estimates from the

restrictive model over current-day are substantially larger than those in our baseline speci�cation

across all health categories, while the estimates over the 90-day period are smaller. These

differences are driven by two considerations. First, when pollution exhibits serial correlation,

the estimated impact for the average pollution over a given window also captures the impact of

pollution exposure in earlier periods. This is especially true for the current-day estimate. Second,

restricting lagged pollution to have a constant impact on health spending could either overestimate

or underestimate the true effect.
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Choices of Instruments and Placebo Tests We have carried out a series of robustness analyses to

examine the role of the instruments. To address the concern on the exogeneity of the instruments,

we create an alternative set of IVs in Panel A of Table 1.9 using the historical average (time-

invariant) level of air pollution in source cities, rather than the observed lagged pollution that could

be subject to regional economic spillovers. The within-city variation in these IVs comes purely

from changes in wind and weather patterns, and thus the IVs should be uncorrelated with local

unobserved economic shocks after controlling for city �xed effects. Though the IVs are not as

strong as those in the main speci�cation as indicated by a reduction in the F-statistic, the estimated

effect of pollution on healthcare spending is similar to the benchmark speci�cation.

A subset of the instruments depend on the destination city's weather. Panel B in Table 1.9

drops instruments that are functions of the destination city's weather so that none of the IVs uses

information related to local conditions. The estimated aggregated health impact is 2.91%, slightly

larger than our baseline result of 2.65%. In Panel C of Table 1.9, we drop the following large cities:

Beijing, Shanghai, Guangzhou, Shenzhen, Wuhan, Chongqing, Chengdu, and Nanjing. Due to

superior medical facilities in these large transportation hubs, these cities receive a large number of

patients from other areas. If some out-of-town patients come from areas that export pollution

to these major cities, this could lead to a correlation between the instruments and unobserved

healthcare spending shocks. The estimated aggregated health impact is 2.25%, somewhat lower

than our baseline result though the difference is insigni�cant statistically.

Appendix Table A.11 conducts a placebo test that constructs IVs based on randomly generated

wind direction and wind speed. To offer a useful benchmark, we �rst drop IVs that depend on

temperature and precipitation and limit to a parsimonious set of IVs that are only interactions

between wind speed and direction and source cities' pollution. As shown in Column (2), the

estimated impact of PM2:5 on health spending is comparable to our baseline speci�cation, though

the F-stats is lower indicating weaker IVs. In Column (3), we randomize wind direction and

speed using random draws from their empirical distribution. The �rst-stage F-stat is merely
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7.24. Moreover, the impact of air pollution is noisily estimated with wrong signs and statistically

insigni�cant, as expected.

Alternative Identi�cation Strategies An alternative identi�cation strategy is to drop source

cities' pollution and other meteorological conditions altogether and only uses wind direction in

destination cities to instrument for changes in air pollution. Since the effect of wind direction on

air pollution depend on geography, we interact wind direction with region dummies that are created

by a K-means clustering algorithm to spatially classify cities.37 This is essentially the empirical

strategy used in Deryugina et al. (2017).

Appendix Table A.12 compares our baseline results (Column 1) with results from these

alternative IVs that are purely based on destination wind direction (Column 2). One challenge we

encounter with wind-IVs is that they fail to pass the weak IV test. While wind directions are well-

suited to identify short-term impacts as in Deryugina et al. (2017), they lack enough variation to

explain changes in both current and lagged daily pollution in our context. Using the identi�cation-

robust con�dence intervals proposed by Andrews (2018) that are valid under weak IVs, the impacts

of pollution on healthcare spending are estimated with much less precision. The long-run effect

of a 10mg/m3 increase in PM2:5 on the aggregate healthcare transactions is estimated to be an

insigni�cant 1.48%, as opposed to 2.65% in the baseline.

Lastly, we also implement the RD design based on the differential heating policy across the Huai

River. Following Chen et al. (2013); Ebenstein et al. (2017); Ito and Zhang (2020), we collapse

the sample to a single cross-section which removes the high-resolution temporal variation. These

papers examined (heavier) TSP or PM10 in earlier years. In our context, the Huai River policy

turns out a weak IV for PM2.5, likely a result of PM2.5's long-range transport property, the recent

reform on the heating policy (e.g., pay for heating in the north), and other environmental and energy

regulations (e.g., switching coal to natural gas for winter heating) in recent years.

37Results are similar if use wind direction interacted with province �xed effects as IVs.
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Pollution Monitoring and Sample Cities The number of cities where air pollution was

monitored has grown considerably over time as the Chinese government rolled out the nationwide

pollution monitoring and public disclosure program from 2013 (Barwick et al., 2020a). To check

if the effects of air pollution are different for cities where monitoring began early and cities

where monitoring began later, we carry out a robustness check that limits to the 159 cities where

pollution has been monitored since 2013 (thus dropping cities where monitoring began in 2014

or afterwards). The results are shown in Appendix Table A.13. The long-run effect of a 10mg/m3

increase in PM2:5 on the number of health transactions is 2.08% for cities with pollution monitoring

since 2013, as opposed to 2.65% for the full sample. This re�ects the fact that pollution monitoring

began in larger, richer cities and was later extended to smaller cities with lower per capita income.

As we discuss in the next section, the marginal effect of PM2:5 is smaller for wealthier cities.

1.4.3 Nonlinearity and Heterogeneity

One concern regarding the external validity of the bene�t-transfer approach is the potential

nonlinearity of the dose-response function. The pollution level observed in developing countries

such as China and India is far greater than the prevailing level studied in the literature. Linear

projections in the bene�t-transfer approach could either under- or over-estimate the health costs of

air pollution in developing countries if the underlying effect is nonlinear (Lelieveld et al., 2015;

World Bank, 2007). Despite of its important implications, there is a lack of empirical evidence on

the nonlinearity of the dose-response function (Lelieveld and Poschl, 2017). The rich spatial and

temporal variation in our data allows us to examine the health impacts of PM2.5 for a wide range of

pollution levels.

To capture nonlinearity, we include the quadratic term of PM2.5 in addition to its linear form.38

The top panel of Figure 1.4 plots the estimated surface of the marginal response for varying levels

38To conserve the number of parameters, we use one-segment instead of three-segment B-splines, since cumulative

effects are similar across different segments (section 1.4.2). Appendix Table A.14 reports the coef�cient estimates.
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of PM2.5 and along the time path for up to 100 days. For each value of PM2.5, the slice of the

surface along the p-axis is the estimated dynamic response. The surface is tilted upwards with a

higher marginal response for a higher pollution level, indicating an increasing marginal impact of

PM2.5 on healthcare spending. In the bottom panel of Figure 1.4, we plot the cumulated marginal

effect over three months (å t bt ) against pollution level. The cumulative impact on healthcare

spending increases in PM2.5, but the overall nonlinearity of the health impact does not appear very

pronounced. Based on this �nding, we extrapolate our estimates across a wide range of pollution

levels in evaluating the pollution's healthcare cost in China (Section 1.5).

Appendix Figure A.9 examines the impact of air pollution across cities with different per capita

income. In 2015, China's average annual disposable income per capita varied from 12,000yuan

to 53,000yuanacross cities, with an average of 25,530yuan. Pollution's impact on healthcare

spending appears to diminish monotonically within our range of disposable income: it is largest

in poor cities and decreases with income. This may be driven by the limited avoidance behavior

(e.g., use of air puri�ers) among low-income households and a lack of preventive healthcare in poor

cities. While the differences across income levels could be meaningful economically, the evidence

is suggestive given the statistical insigni�cance of income coef�cients (Appendix Table A.14).

We have also estimated heterogeneity across seasons and years (Appendix Table A.15). Most

of the heterogeneity coef�cients are statistically insigni�cant, except for the coef�cient on winter,

suggesting that health spending is more responsive to pollution in winter than in other seasons.

This is consistent with results on the nonlinearity analysis, as pollution peaks in winter and higher

pollution invokes a larger marginal response.
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1.5 Healthcare Cost of Air Pollution

In this section, we estimate the healthcare cost of PM2.5 in China and compare it with the mortality

cost estimated from the literature. It is important to note that the impact of particulate matter

pollution on health spending will generally understate the welfare impact of morbidity. This is

because in addition to increased healthcare costs, individuals who fall sick due to air pollution also

suffer from reduced productivity (e.g. sick-days) and reduced quality of life. Moreover, individuals

may engage in costly avoidance behavior in order to reduce exposure to air pollution as shown in

Appendix A.6. Since avoidance behavior is a response to pollution (i.e., an outcome), rather than an

unobserved confounding factor, the presence of avoidance behavior does not bias our estimates per

se. It does, however, change the interpretation of the results. Our estimates provide the healthcare

cost of pollutionconditionalon defensive behaviors undertaken by individuals, which is different

from (and in general lower than) the morbidity cost of pollution in the absence of any avoidance

behavior.

1.5.1 Healthcare Cost

To better understand the magnitude of our estimates, we �rst benchmark our results with the

�ndings in the related literature in Appendix Table A.16. Our preferred speci�cations show that

a 10 mg/m3 increase in PM2.5 would lead to a 2.65% increase in the number of health-related

transactions (Table 1.3) and a 1.5% increase in the value of transactions (Table A.8) in the long

term. In a study on preventive expenditure, Mu and Zhang (2016) estimate that face mask purchases

in China increase by 5.45% for a 10-point increase in Air Quality Index (AQI) and 7.06% for anti-

PM2.5 masks. Using the piecewise linear relationship between PM2.5 and AQI, this means that

exposure to 10mg/m3 more PM2.5 leads to a 3.6% to 7.3% increase in preventive spending.
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Williams and Phaneuf (2016) use data in the U.S. and �nd that a one-standard-deviation (3.78

mg/m3) change in PM2.5 leads to 8.3% more spending on asthma and COPD, which is equivalent to

a 22% increase for 10mg/m3 more PM2.5. According to China's National Health Commission

(2013), spending on respiratory diseases accounts for 8% of total health expenditure in 2012.

Assuming all additional spending induced by air pollution is for respiratory diseases, our estimates

translate to a 33% increase in respiratory-related spending, about 50% larger than the estimate from

Williams and Phaneuf (2016).

We now calculate the healthcare cost from elevated PM2.5. Assuming that the health impact is

the same for both bank-card and non-bank-card spending (see discussions in Appendix A.5), the

1.5% impact from a 10mg/m3 increase in PM2.5 translates to 59.6 billion yuan ($9.2 billion) based

on the national healthcare spending in 2015.39 Taking 2.65% as the upper bound, the healthcare cost

from a 10mg/m3 increase in PM2.5 would be 105.3 billion Yuan ($16.2 billion). To be conservative,

we use the lower bound estimate for our analysis below. These estimates can directly inform

the overall economic cost of PM2.5 and related policy discussions. For example, OECD (2016)

estimates that PM2.5 and ground level ozone are associated with a $20 billion direct cost on health

expenditures (due to morbidity) worldwide based on the bene�t-transfer approach, with half of

these costs coming from non-OECD countries. A simple linear interpolation based on our estimates

implies that the elevated PM2.5 (56mg/m3 on average) relative to WHO's recommended level of 10

mg/m3 leads to $42 billion (with a 95% con�dence interval of $2.8 - $81.8 billion) added healthcare

spending each year in China alone.

Our analysis suggests that OECD (2016) underestimates the health cost from air pollution,

potentially up to an order of magnitude for developing countries. This could be due to: (1) the

downward bias from endogeneity in the dose-response function; (2) the inherent differences in

the dose-response function across countries; and (3) the monetization of the disease incidences.

The discrepancy highlights the importance of empirical studies using data on health spending from

39China's health expenditure exceeded four trillionyuan($615 billion) in 2015 (National Health Commission, 2016).

41



developing countries.

The morbidity cost of air pollution includes both the direct healthcare cost and the value of lost

time from the illnesses (such as hospital visits and sick days). Our database recorded 670 million

health-related transactions in 2015, which accounted for 50% of private health spending. As such,

our estimate implies 35.5 million additional trips to healthcare facilities from a 10mg/m3 increase

in PM2.5. To monetize the lost time, we assume that each trip takes three hours and the value of

time (VOT) is 100% of the hourly wage, which is an upper-end estimate of VOT in the literature

(Small, 2012; Wolff, 2014). The total value of the lost time from additional trips to healthcare

facilities amounts to 2.3 billionyuanin 2015, compared to 59.6 billionyuanin additional healthcare

spending from a 10mg/m3 increase in PM2.5. This suggests that the direct healthcare cost is the

dominant component of the overall morbidity cost.

1.5.2 Comparing Morbidity and Mortality Cost

The current literature on the burden of disease from air pollution is based primarily on mortality.

A common perception is that relative to mortality, the morbidity cost is a minor component of

the overall cost of pollution. To put our estimates on healthcare cost (the primary component

of morbidity) into perspective, we calculate the mortality cost based on the empirical analysis of

Ebenstein et al. (2017). Using detailed mortality data by gender, age cohort, and disease types in

161 representative counties across China, they estimate that a 10mg/m3 increase of PM10 would

increase the cardiorespiratory mortality rate by 8% on average and the impact varies across age

cohorts but not across gender.

We take two steps to monetize the literature's mortality estimate. There are no national-level

estimates on the Chinese population's VSL. Narain and Sall (2016) suggest a transfer elasticity (or

income elasticity) of 1.2 for transferring the U.S. VSL estimate to a developing country. China's

per capita income is about an eighth of that in the U.S. At the elasticity of 1.2, the VSL for the
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Chinese population is 9.27% of that for the U.S. population. Using Ashenfelter and Greenstone

(2004)'s estimate of $2.27 million (in 2015$) for the U.S. population – adopted by Deschenes et al.

(2017) to quantify the mortality cost of NOx emissions reductions – the Chinese population's VSL

is $0.21 million in 2015.40

Second, we use estimates in Murphy and Topel (2006) to adjust the VSL for each age group.

The VSL is at the full value for people less than 40 years old but reduces to 40% of its full value

by age 65 and 15% by age 80. Similar to what Deschenes et al. (2017) �nd, this adjustment is

important because the age group 65 and above accounts for less than 9% of the total population but

nearly 75% of the changes in mortality from air quality improvement.

This back-of-the-envelope analysis implies that a 10mg/m3 increase of PM2.5 would generate

a mortality impact of $13.4 billion in 2015 in China (Appendix Table A.17). In comparison, our

conservative estimate of the healthcare cost is 59.6 billion yuan, or $9.2 billion, which constitutes

69% of the mortality cost. The implied ratio of healthcare costs to mortality costs is similar

to that from Deschenes et al. (2017) in the context of the NOx emissions reduction in the U.S..

Both estimates are substantially higher than the 10% ratio used in WHO (2015) to interpolate air

pollution's economic impact.

The mortality cost is sensitive to the assumed VSL. There is considerable heterogeneity across

published estimates of the VSL (Kniesner et al., 2012), ranging from under $2 million (Alberini

et al., 2004; Ashenfelter and Greenstone, 2004) to EPA's estimate of $8.7 million. If we were to

use EPA's estimate of $8.7 million, the healthcare cost we estimate from PM2:5 is still 18% of the

mortality cost. The ratio of morbidity over mortality could be higher once other components of

morbidity are factored in, such as reduced productivity and the disutility of falling sick.

40Hoffmann et al. (2017) use data from 3 major cities in China and �nd a VSL of $0.615 million in 2016 dollars. The

average income in these cities doubles China's national average income level. Using a transfer elasticity of 1.2, the

VSL at the national level would be $0.25 million, close to our estimate of $0.21 million.
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1.6 Conclusion

WHO's global air pollution database shows that the world's most polluted cities in 2016 were all

from developing countries such as China, India, Iran, Pakistan, Philippines, and Saudi Arabia. In

addition, 98% of cities in low- and middle-income countries with more than 100,000 residents do

not meet WHO air quality guidelines. However, past research from epidemiology and economics

going back several decades has focused on the impacts of air pollution on human health, particularly

mortality, in developed countries. This study provides the �rst comprehensive analysis on the direct

healthcare cost of PM2.5 in a developing country context based on the high-resolution data from the

world's largest payment network.

To address potential endogeneity in the pollution exposure measure, we develop an air quality

prediction model in the spirit of the US EPA's source-receptor matrix that allows us to isolate

exogenous variations in local air quality using the spatial spillovers of PM2.5. We propose a �exible

distributed �exible distributed lag model to estimate the temporal effect on healthcare spending and

use a data-driven method to construct powerful IVs. Our results suggest that a 10mg/m3 decrease

in PM2.5 would lead to at least a $9.2 billion reduction in healthcare spending annually, or 1.5%

of China's national annual healthcare expenditure. The estimated healthcare cost exceeds two-

thirds of the mortality cost based on the recent literature. China's elevated PM2.5 level relative to

the WHO's annual standards entails at least $42 billion added healthcare expenditure in 2015.

Together, these results indicate that the recent report by OECD (2016) may have signi�cantly

underestimated the worldwide impact of air pollution on health expenditure ($10 billion for all

non-OCED countries including China).

In estimating the healthcare cost of air pollution in China, our analysis offers an alternative

approach to the commonly used bene�t-transfer approach for developing countries. The air

pollution level in urban centers in developing countries is often an order of magnitude higher

than that observed in developed countries. As urbanization continues and development pressure
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rises, air pollution could get worse before it gets better. The aggregate impact of air pollution

on economic growth, including factors such as human capital accumulation, productivity, talent

loss due to migration, and foreign direct investment, is an interesting and important area for future

research.
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Figure 1.1: Three-Year Average PM2.5 Concentration

Jan. 2013 - Dec. 2015,mg/m3

Notes: Each dot represents a city. There are 329 cities in total.
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Figure 1.2: Residuals of Log Number of Transactions v. Residual of PM2.5 Concentration (Binned,
Percentiles)

(a) Total Healthcare Industry (b) Pharmacies

(c) People's Hospitals (d) Children's Hospitals

(e) Necessities (f) Supermarkets

Notes: Each dot denotes the in-group average residuals, partialing out city FEs, weekly FEs, city-speci�c time
trends, city-speci�c seasonality, day-of-week FEs, dummies for holidays and working weekends, and weather controls
(temperature, precipitation, wind speed). Groups are binned by percentiles of PM2.5, which is depicted by the x-axis.
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Figure 1.3: Impact of Air Pollution on Number of Transactions from IV Regressions with 90 Lags

(a) Health-related Consumption

(b) Non-Health Consumption

Notes: the �gure plotså k
t = 0bt , the percentage change in the number of transactions for a given consumption category

as a result of a 10mg/m3 increase in PM2.5 concentration over the pastk days as indicated by the x-axis. On the x-axis,
0 refers to the current day, 30 refers to the past 30 days, etc. For example, a 10mg/m3 increase in PM2.5 concentration
over the past 28 days leads to 2.12% more transactions in Children's hospitals but 0.41% fewer transactions in
supermarkets. Solid lines (and solid segments) indicate signi�cance at the 5% level. Dashed lines indicate that the
impact is statistically insigni�cant at the 5% level. Shaded areas are 95% con�dence intervals.
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Figure 1.4: Nonlinear Impacts of Air Pollution

Notes: the top panel plotsbt , the (marginal) percentage change in today's healthcare transactions for a temporary 10
mg/m3 increase in PM2.5 on dayt � t at a speci�c level of pollution concentration. On thet -axis, 0 refers to dayt, 50
refers to dayt � 50, etc. The bottom panel plotså k0

t = 0bt , the percentage change in today's total healthcare transactions
as a result of a 10mg/m3 increase in PM2.5 over the past 30, 60, or 90 days, at different pollution levels as denoted
by the x-axis. For example, a 10mg/m3 increase in PM2.5 over the past 90 days raises total healthcare transactions by
2.21% when the PM2.5 concentration is at 50mg/m3. Based on parameter estimates reported in Appendix Table A.14.
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Table 1.1: Summary Statistics

Mean Std. Dev. Min. Max. N

Pollution
PM2.5 Concentration,mg=m3 56.3 46.4 0 985.2 198,246

Number of Transactions, Daily
Healthcare Industry, Total 7,229.2 21,308.6 0 330,974 211,318
All Hospitals 4,122.7 14,503.9 0 237,525 210,539
People's Hospitals 1,060.6 2,800.4 0 40,332 203,407
Children's Hospitals 464.7 1,290.5 0 18,227 158,637

Pharmacies 2,245.3 7,063.3 0 96,336 210,001
Non-health Spending,from 1% card sample

Daily Necessities 233.3 628.6 0 10,865 211,318
Supermarkets 393.4 990.3 0 15,224 210,493

Total Value of Transactions, Daily,thousand yuan
Healthcare Industry, Total 6,701.8 17,818.9 0 301,108.7 211,318
All Hospitals 5,556.5 15,066.8 0 275,883.0 210,539
People's Hospitals 1,588.1 3,401.2 0 56,856.9 203,407
Children's Hospitals 363.9 843.3 0 10,324.3 158,637

Pharmacies 407.4 1,109.5 0 16,735.1 210,001
Non-health Spending,from 1% card sample

Daily Necessities 236.9 551.3 0 9,532.4 211,318
Supermarkets 232.8 643.4 0 14,404.7 210,493

Weather
Mean Temperature,� F 60.1 18.9 -27.5 101.6 211,317
Precipitation,inch 0.1 0.4 0 15.6 211,318
Mean Wind Speed,mph 5.5 3.1 0 48.7 211,296
Wind Direction,navigational bearing - - 0 360 211,263

Notes: Data sources include China's Ministry of Environmental Protection, UnionPay, Integrated Surface Database
(ISD), and Global Surface Summary of the Day (GSOD) Database. Data for health spending are from the full sample
of bank cards. Data for non-health spending are based on a randomly selected 1% of bank cards. Children's hospital
category has fewer observations because some small cities do not have a Children's hospital. UnionPay's data quality
control process treats certain transactions as fraudulent, which leads to missing data in a few cases. The arithmetic
mean and standard deviation of wind directions do not have statistical meaning and are left out in the table.
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Table 1.2: Cumulative Effect of Pollution, OLS with 90 Lags

Health-related Consumption Non-health Spending

Health All Hospitals Pharmacy People's Children's Necessities Supermarket

(1) (2) (3) (4) (5) (6) (7)

Current Day 0.03*** 0.04*** 0.05*** 0.04*** 0.06*** -0.03*** -0.02**
(0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01)

Current + Past 3d 0.12*** 0.11*** 0.18*** 0.13*** 0.19** -0.11*** -0.07**
(0.03) (0.03) (0.04) (0.04) (0.08) (0.03) (0.03)

Current + Past 7d 0.19*** 0.16*** 0.32*** 0.21*** 0.25* -0.16*** -0.11***
(0.05) (0.06) (0.07) (0.06) (0.15) (0.05) (0.04)

Current + Past 14d 0.25*** 0.16 0.49*** 0.30*** 0.20 -0.16** -0.13**
(0.08) (0.10) (0.10) (0.08) (0.28) (0.07) (0.06)

Current + Past 28d 0.38*** 0.18 0.80*** 0.39*** 0.12 -0.15 -0.09
(0.13) (0.15) (0.16) (0.14) (0.50) (0.12) (0.11)

Current + Past 56d 0.66*** 0.27 1.42*** 0.47** 0.57 -0.27 0.03
(0.19) (0.20) (0.29) (0.24) (0.74) (0.21) (0.18)

Current + All Lags 0.86*** 0.34 1.81*** 0.59* 0.38 -0.08 0.02
(0.27) (0.28) (0.42) (0.36) (1.14) (0.27) (0.21)

N 141,794 141,657 141,567 137,853 110,259 141,770 141,652

Notes: The dependent variable is log(number of transactions) for a given consumption category in cityi on dayt. Column (1) includes all healthcare facilities.
Columns (2)-(5) include all hospitals, pharmacies, people's hospitals, and children's hospitals, respectively. Columns (6)-(7) include necessities following United
Nations' COICOP classi�cation and supermarkets, respectively. Each row reports the percentage change in the dependent variable in response to a 10mg/m3

increase in PM2.5 over the corresponding period,å k
t = 0bt , estimated using the OLS version of the �exible distributed lag model with 90 lags. For example, the third

row reports the cumulative effect of a 10mg/m3 increase in PM2.5 in the current day and the past week. The controls are city FEs, week FEs, city-speci�c time
trends, city-speci�c seasonality, day-of-week FEs, dummies for holidays and working weekends, and weather controls (temperature, precipitation, wind speed).
Standard errors are in parentheses, clustered at the city level. Signi�cance levels are indicated by *** p< 0:01, ** p < 0:05, and * p< 0:10.

51



Table 1.3: Cumulative Effect of Pollution, IV with 90 Lags

Health-related Consumption Non-health Spending

Health All Hospitals Pharmacy People's Children's Necessities Supermarket

(1) (2) (3) (4) (5) (6) (7)

Current Day 0.12*** 0.12*** 0.07* 0.14*** 0.19*** -0.14*** -0.06***
(0.02) (0.03) (0.04) (0.04) (0.07) (0.03) (0.02)

Current + Past 3d 0.40*** 0.40*** 0.23* 0.47*** 0.65*** -0.45*** -0.21***
(0.07) (0.08) (0.12) (0.13) (0.23) (0.09) (0.07)

Current + Past 7d 0.61*** 0.62*** 0.39** 0.75*** 1.04*** -0.64*** -0.34***
(0.10) (0.12) (0.18) (0.19) (0.36) (0.13) (0.10)

Current + Past 14d 0.74*** 0.75*** 0.57*** 0.97*** 1.40*** -0.63*** -0.45***
(0.14) (0.16) (0.21) (0.22) (0.50) (0.16) (0.12)

Current + Past 28d 0.91*** 0.90*** 0.99*** 1.24*** 2.12*** -0.44* -0.41**
(0.22) (0.25) (0.30) (0.27) (0.79) (0.23) (0.21)

Current + Past 56d 1.97*** 1.71*** 2.31*** 2.01*** 4.65*** -0.85** -0.23
(0.42) (0.47) (0.54) (0.46) (1.56) (0.41) (0.36)

Current + All Lags 2.65*** 2.18*** 2.80*** 2.13*** 6.37*** -0.55 -0.57
(0.68) (0.71) (0.89) (0.75) (2.33) (0.58) (0.47)

N 141,794 141,657 141,567 137,853 110,259 141,770 141,652
First-stage F 38.35 38.36 38.37 39.69 47.79 38.29 38.29

Notes: The dependent variable is log(number of transactions) for a given consumption category in cityi on dayt. Column (1) includes all healthcare facilities.
Columns (2)-(5) include all hospitals, pharmacies, people's hospitals, and children's hospitals, respectively. Columns (6)-(7) include necessities following United
Nations' COICOP classi�cation and supermarkets, respectively. Each row reports the percentage change in the dependent variable in response to a 10mg/m3

increase in PM2.5 over the corresponding period,å k
t = 0bt , estimated via the IV version of the �exible distributed lag model with 90 lags. Same controls as in Table

1.2. The IVs are interactions of pollution transported from distant source cities (150km away) and meteorological conditions in the source and destination cities
as de�ned in Equation (1.6) and Section 1.3.2. Standard errors are in parentheses, clustered at the city level. Signi�cance levels are indicated by *** p< 0:01, **
p < 0:05, and * p< 0:10. The �rst-stage F-statistics are Kleibergen-Paap Wald rk F-stat that are robust to heteroskedasticity and clustered at the city level.
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Table 1.4: IV Cumulative Effect of Pollution on Health Transactions: Different Fixed Effects

Total Number of Healthcare-related Transactions

No Controls City FE + Week FE + City� Trend + Holiday + Day-of-week + Weather + City� Season

Current Day 0.11 0.34*** 0.05* 0.12*** 0.14*** 0.15*** 0.12*** 0.12***
(0.31) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02)

Current + Past 3d 0.61 1.00*** 0.18* 0.39*** 0.47*** 0.48*** 0.39*** 0.40***
(0.99) (0.10) (0.11) (0.07) (0.07) (0.07) (0.07) (0.07)

Current + Past 7d 1.57 1.26*** 0.29* 0.61*** 0.72*** 0.73*** 0.61*** 0.61***
(1.48) (0.14) (0.16) (0.11) (0.11) (0.11) (0.10) (0.10)

Current + Past 14d 3.50** 0.73*** 0.39* 0.76*** 0.87*** 0.87*** 0.75*** 0.74***
(1.74) (0.15) (0.20) (0.13) (0.13) (0.13) (0.12) (0.14)

Current + Past 28d 6.12*** -0.93*** 0.56* 0.96*** 1.04*** 1.03*** 0.92*** 0.91***
(1.87) (0.25) (0.32) (0.20) (0.20) (0.20) (0.19) (0.22)

Current + Past 56d 6.87*** -3.27*** 1.15* 1.80*** 1.88*** 1.86*** 1.70*** 1.97***
(2.03) (0.31) (0.62) (0.38) (0.38) (0.38) (0.36) (0.42)

Current + All Lags 11.43*** -6.33*** 1.15 2.45*** 2.53*** 2.50*** 2.28*** 2.65***
(3.15) (0.46) (1.06) (0.61) (0.61) (0.61) (0.59) (0.68)

N 146,427 146,427 146,427 146,427 146,427 146,427 141,794 141,794
First-stage F 50.50 55.15 29.71 38.30 38.35 38.34 38.39 38.35

City FE Yes Yes Yes Yes Yes Yes Yes
Week FE Yes Yes Yes Yes Yes Yes
City� Trend Yes Yes Yes Yes Yes
Holiday Yes Yes Yes Yes
Day of the Week Yes Yes Yes
Weather Yes Yes
City� Season FE Yes

Notes: The dependent variable is log(total number of healthcare transactions) in cityi on dayt. Each row reports the percentage change in the dependent variable
in response to a 10mg/m3 increase in PM2.5 over the corresponding period,å k

t = 0bt , estimated via the IV version of the �exible distributed lag model with 90 lags.
Same IVs as in Table 1.3. Each column progressively adds more controls, as denoted in the bottom panel. Standard errors are in parentheses, clustered at the city
level. Signi�cance levels are indicated by *** p< 0:01, ** p < 0:05, and * p< 0:10. The �rst-stage F-statistics are Kleibergen-Paap Wald rk F-stat that are robust
to heteroskedasticity and clustered at the city level.
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Table 1.5: IV Cumulative Effects of Pollution: Different Number of Lags and Segments

Number of Lagsk

Number of Segmentsz 30 days 60 days 90 days 120 days 150 days

1 1.18*** 2.12*** 2.42*** 2.60*** 2.58*
(0.25) (0.51) (0.69) (0.98) (1.48)

2 1.41*** 2.26*** 2.67*** 2.80*** 2.62*
(0.25) (0.52) (0.69) (0.95) (1.43)

3 1.28*** 2.16*** 2.65*** 2.74*** 2.41*
(0.25) (0.49) (0.68) (0.93) (1.40)

Notes: The dependent variable is log(total number of healthcare transactions) in cityi on dayt. Each cell reports the
percentage change in the dependent variable in response to a 10mg/m3 increase in PM2.5 over the period as indicated
by the column heading, estimated via the IV version of the �exible distributed lag model that uses the number of
B-spline segments as indicated by the row heading. For example, the cell in the �rst column and �rst row reports the
percentage change in all health-related transactions in response to a 10mg/m3 increase in PM2.5 over the past 30 days,
estimated via the IV version of the �exible distributed lag model with one B-spline segment. Same IVs and controls
as in Table 1.3. Standard errors are in parentheses, clustered at the city level. Signi�cance levels are indicated by ***
p < 0:01, ** p < 0:05, and * p< 0:10.

Table 1.6: IV Cumulative Effects of Pollution: Different Buffer Zone Radii

Radius for the Buffer Zone

100 km 150 km 200 km 250 km 300 km

First Stage Regression
R2 0.486 0.474 0.467 0.464 0.462
First-stage F 46.69 38.35 34.14 35.36 35.33

IV Regression
Current + All Lags 2.42*** 2.65*** 2.86*** 2.86*** 2.88***

(0.60) (0.68) (0.71) (0.72) (0.70)

Notes: The dependent variable is log(total number of healthcare transactions) in cityi on dayt. The number of obs is
141,794. Each column uses the buffer zone radius as indicated by the column heading in constructing the instruments.
The top panel reports the �rst-stage results and the bottom panel reports the percentage change in all health-related
transactions in response to a medium-run 10mg/m3 increase in PM2.5 over the past 90 days. Same set of IVs (except
for the buffer zone radius) and controls as in Table 1.3. Standard errors are in parentheses, clustered at the city
level. Signi�cance levels are indicated by *** p< 0:01, ** p < 0:05, and * p< 0:10. The �rst-stage F-statistics are
Kleibergen-Paap Wald rk F-stat that are robust to heteroskedasticity and clustered at the city level.
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Table 1.7: IV Cumulative Effects of Pollution: Additional Controls

Health-related Consumption Non-health Spending

Health All Hospitals Pharmacy People's Children's Necessities Supermarket

(1) (2) (3) (4) (5) (6) (7)

Panel A:Controlling for other pollutants
Current + All Lags 2.55*** 2.07*** 2.73*** 2.01*** 6.21*** -0.55 -0.69

(0.69) (0.72) (0.91) (0.76) (2.34) (0.58) (0.46)
First-stage F 39.76 39.85 39.75 41.61 50.98 39.71 39.71

Panel B:Controlling for economic spillover
Current + All Lags 2.62*** 2.15*** 2.76*** 2.12*** 6.37*** -0.56 -0.56

(0.68) (0.72) (0.89) (0.76) (2.34) (0.59) (0.47)
First-stage F 37.53 37.49 37.54 38.91 45.28 37.49 37.48

Panel C:Controlling for card adoption
Current + All Lags 2.60*** 2.14*** 2.75*** 2.10*** 6.31*** -0.56 -0.59

(0.69) (0.73) (0.90) (0.74) (2.37) (0.56) (0.46)
First-stage F 38.01 38.02 38.03 39.33 47.38 37.95 37.95

Notes: The dependent variable is log(number of transactions) for a given consumption category in cityi on dayt. Each cell reports the percentage change in the
dependent variable in response to a 10mg/m3 increase in PM2.5 over the past 90 days,å 90

t = 0bt , estimated via the IV version of the �exible distributed lag model.
Same IVs as in Table 1.3. In addition to controls in Table 1.3, Panel A includes the daily average concentration levels of O3, SO2, NO2 and CO, Panel B includes
the average pollution level in cities outside of the buffer zone but within the same region, and Panel C includes log(number of cards used) and log(number of POS
terminals) at the city-year level. Standard errors are in parentheses, clustered at the city level. Signi�cance levels are indicated by *** p< 0:01, ** p < 0:05, and *
p < 0:10. The �rst-stage F-statistics are Kleibergen-Paap Wald rk F-stat that are robust to heteroskedasticity and clustered at the city level.
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Table 1.8: IV Cumulative Effects of Pollution: Flexible Weather Controls

Health-related Consumption Non-health Spending

Health All Hospitals Pharmacy People's Children's Necessities Supermarket

Panel A:Baseline regression with linear terms of local weather
Current + All Lags 2.65*** 2.18*** 2.80*** 2.13*** 6.37*** -0.24 -0.55

(0.68) (0.71) (0.89) (0.75) (2.33) (0.44) (0.58)
First-stage F 38.35 38.36 38.37 39.69 47.79 38.35 38.29

Panel B:Include 2nd-order polynomials of local weather
Current + All Lags 2.39*** 1.85*** 2.66*** 1.94*** 5.54** -0.41 -0.74*

(0.67) (0.69) (0.90) (0.74) (2.34) (0.57) (0.45)
First-stage F 37.28 37.25 37.30 38.11 46.46 37.21 37.20

Panel C:Include bins of local weather variables
Current + All Lags 2.16*** 1.58** 2.54*** 1.63** 5.49** -0.37 -0.74

(0.68) (0.70) (0.91) (0.72) (2.37) (0.58) (0.46)
First-stage F 36.25 36.21 36.23 36.89 46.90 36.19 36.22

Panel D:Include current and lagged local weather variables
Current + All Lags 1.98*** 1.06* 3.01** 1.81** 4.29 0.25 -0.61

(0.59) (0.58) (1.24) (0.87) (3.65) (0.76) (0.60)
First-stage F 24.88 24.82 24.81 26.33 33.75 24.86 24.88

Panel E:Include lagged weather variables at both source cities and destination city
Current + All Lags 1.80*** 0.68 3.03** 1.37 4.02 0.36 -0.55

(0.60) (0.61) (1.24) (0.90) (3.74) (0.77) (0.59)
First-stage F 23.77 23.81 23.64 24.44 32.16 23.76 23.73

Notes: The dependent variable is log(number of transactions) for a given consumption category in cityi on dayt. Each cell reports the percentage change in the
dependent variable in response to a 10mg/m3 increase in PM2.5 over the past 90 days,å 90

t = 0bt , estimated via the IV version of the �exible distributed lag model.
Panel A replicates the bottom row of Table 1.3 which controls for linear terms of weather variables (temperature, precipitation and average wind speed). Panel
B includes 2nd-order polynomials in weather variables. Panel C includes bins of temperature, precipitation and average wind speed as well as all the interactions
between the bins. Temperature is grouped into 10 bins (< 10F � ;10� 20F � ; :::;> 90F � ). Precipitation and average wind speed are grouped into 6 bins each. Panel
D includes the following weather lags at the destination city: the weather of day(t � 1); (t � 2), up to day(t � 7); the average weather between day(t � 8) and
(t � 14), the average weather between(t � 15) and(t � 28), the average weather between day(t � 29) and(t � 56) and the average weather between(t � 57) and
(t � 90). Panel E includes the same set of weather lags as in Panel D for both the source and destination cities. The remaining controls and IVs are the same as
in Table 1.3. Standard errors are in parentheses, clustered at the city level. Signi�cance levels are indicated by *** p< 0:01, ** p < 0:05, and * p< 0:10. The
�rst-stage F-statistics are Kleibergen-Paap Wald rk F-stat that are robust to heteroskedasticity and clustered at the city level.
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Table 1.9: Cumulative Effects of Pollution: Robustness of IVs

Health-related Consumption Non-health Spending

Health All Hospitals Pharmacy People's Children's Necessities Supermarket

Panel A:IV constructed using source cities' time-invariant pollution
Current + All Lags 2.69*** 2.17*** 3.83*** 2.16** 2.41 -1.74*** -0.56

(0.64) (0.58) (1.22) (0.90) (1.99) (0.67) (0.57)
First-stage F 26.96 27.02 26.95 26.88 29.34 26.79 26.93

Panel B:IV constructed without destination cities' weather variables
Current + All Lags 2.91*** 2.49*** 2.79*** 2.41*** 6.66*** -0.41 -0.31

(0.71) (0.77) (0.90) (0.80) (2.56) (0.62) (0.49)
First-stage F 29.62 29.67 29.60 30.57 37.92 29.55 29.57

Panel C:Drop major cities
Current + All Lags 2.25*** 1.75*** 2.75*** 2.21*** 5.50*** -0.48 -0.51

(0.55) (0.51) (0.92) (0.76) (2.03) (0.60) (0.48)
First-stage F 37.00 37.03 37.06 38.16 47.25 36.98 36.93

Notes: The dependent variable is log(number of transactions) for a given consumption category in cityi on dayt. Each cell reports the percentage change in the
dependent variable in response to a 10mg/m3 increase in PM2.5 over the past 90 days, estimated via the IV version of the �exible distributed lag model. Same
controls as in Table 1.3. Panel A constructs the IVs using theaverage(time-invariant) level of PM2:5 in cities more than 150 km away. Panel B drops IVs constructed
using destination cities' weather so that none of the IVs uses local information. Panel C drops the following large cities: Beijing, Shanghai, Guangzhou, Shenzhen,
Wuhan, Chongqing, Chengdu, and Nanjing. Standard errors are in parentheses, clustered at the city level. Signi�cance levels are indicated by *** p< 0:01, **
p < 0:05, and * p< 0:10. The �rst-stage F-statistics are Kleibergen-Paap Wald rk F-stat that are robust to heteroskedasticity and clustered at the city level.
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CHAPTER 2

IMPROVED TRANSPORTATION NETWORKS FACILITATE ADAPTATION TO

POLLUTION AND TEMPERATURE EXTREMES

2.1 Introduction

Environmental degradation and climate change pose growing risks to humans.1 The social costs of

pollution and climate change depend crucially on the extent to which humans can adapt to extreme

environmental conditions. While long-term migration could be an effective strategy to adapt to

a changing environment (Banzhaf and Walsh, 2008; Deschenes and Moretti, 2009; Kahn, 2010;

Freeman et al., 2019), it entails signi�cant costs especially for residents in developing countries

with severe market frictions and institutional constraints. In contrast, short-term intercity travel

may offer a more practical and affordable adaptation strategy to reduce the negative effects of local

environmental conditions. Indeed, “haze-avoidance tourism” and “smog refugees” have become

important trends in intercity travel in China with the advent of cheap and fast transportation modes

(Arlt, 2017; Sharkov, 2016; Chen et al., 2021).

This study provides to our knowledge the �rst analysis of how improved transportation

infrastructure facilitates behavioral changes in response to adverse environmental conditions. Our

analysis uses a unique data set of daily travel �ows between all city-pairs in China, constructed

based on credit and debit card transactions from the world's largest inter-bank payment network

(UnionPay). The estimation takes advantage of the unprecedented and staggered expansion of high-

speed railways (HSR) in China shown in Figure B.1. Since 2008, China has built by far the largest

HSR network in the world, reaching nearly 38,000 km by 2020 and more than twice as long as the

HSR network of all other countries combined. In the meantime, with rapid economic growth and

1A large literature has documented various impacts of pollution and climate change on economic growth (Nordhaus,

2006; Dell et al., 2012; Carleton and Hsiang, 2016), social stability (Burke et al., 2010; Hsiang et al., 2013), and

health (Deschenes et al., 2009; Currie and Neidell, 2005; Chen et al., 2013; Landrigan et al., 2018) among others.
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heavy reliance on fossil fuels, air pollution has become one of the most pressing challenges in large

urban centers in China (Greenstone et al., 2021; The Health Effects Institute, 2019). Many Chinese

cities regularly rank among the most polluted cities in the world. In addition, climate change has

increased both the frequency and the intensity of heat waves, exacerbated by the heat island effect

in mega cities (Ye et al., 2014; Luo and Lau, 2017). Pollution and temperature extremes raise

serious concerns given the size of the affected population in China, and technological or �nancial

constraints for adaptation, especially for the urban poor.

Our analysis uses an empirical framework that combines the difference-in-differences and

triple-difference strategies: comparing the exposure to extreme air pollution and temperature

among travelers from cities with HSR access to that among travelers from cities without such

access, under different environmental conditions in home cities. The causal effect of HSR

connection on adaptation to environmental extremes is established based on the variation in travel

patterns and environmental conditions by leveraging the expansion of the HSR network. The key

identi�cation assumption is that the timing of a city's connection to HSR network is not driven by or

in response to unobserved factors that affect daily variation in travel patterns. After controlling for a

rich set of �xed effects including city �xed effects, day-of-sample �xed effects, the date when a city

connects to the HSR network is assumed to be random. The event study analysis shows no clear

trend in the outcome variable before HSR connection, supporting our identi�cation assumption.

Our results show that China's rapid expansion of the HSR network has facilitated the adaption

to environmental extremes: residents can more easily travel to destinations that have better

environmental conditions. When home cities are subject to pollution extremes, travelers from cities

without HSR access are 12.8% more likely to experience these detrimental conditions than those

from cities with HSR connection. When home cities encounter temperature extremes, travelers

without HSR access are 27.7% more likely to expose to temperature extremes than those with HSR

access. In comparison, when home cities are not subject to pollution or temperature extremes,

travelers' exposure to environmental extremes is similar regardless of the access to the HSR
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network. Longer travel distances as a result of the HSR expansion explain 43% of the reduction in

exposure to extreme pollution and 50% of the reduction in exposure to extreme temperatures. The

remaining effect can be attributed to travelers' ability to leverage HSR connection and deliberately

choose destination cities with better environmental conditions, conditioning on the distance to

the origin city. Finally, longer term adaptation to predictable environmental conditions in travel

patterns before and after HSR access explains 71% of the reduction in extreme pollution exposure

and 83% of the reduction in extreme temperature exposure. The remaining impacts are attributed to

contemporaneous responses to environmental extremes. Altogether, these reductions in exposure

to environmental extremes entail substantial health bene�ts through reduced mortality.

This study contributes to two stands of literature. First, a large literature examines the bene�t

of transportation networks through promoting the mobility of people and goods (Behrens and Pels,

2012; Donaldson, 2018; Bernard et al., 2019), fostering market integration (Baum-Snow, 2010;

Zheng and Kahn, 2013; Faber, 2014; Donaldson and Hornbeck, 2016; Lin, 2017), and facilitating

knowledge sharing (Agrawal et al., 2017; Dong et al., 2020). Leveraging the rapid expansion

of the HSR network in China and high-frequency data on intercity travel, our paper adds to this

literature by demonstrating how improved transportation networks can facilitate adaptation to air

pollution and temperature extremes. Second, this paper contributes to the literature on adaptation

to adverse environmental conditions such as climate change and local pollution. Studies show that

behavioral changes play an important role in mitigating the risks associated with air pollution and

climate change through reducing outdoor activities (Graff Zivin and Neidell, 2014; Moretti and

Neidell, 2011a; Barwick et al., 2020b), increasing defensive investments (Barreca et al., 2016; Ito

and Zhang, 2020; Zheng and Kahn, 2017; Zhang and Mu, 2018), as well as changing residential

locations (Banzhaf and Walsh, 2008; Bayer et al., 2009; Deschenes and Moretti, 2009; Kahn, 2010;

Black et al., 2011; Chen et al., 2017; Freeman et al., 2019). Our study demonstrates that improved

transportation infrastructure renders short-term intercity travel as a practical adaptation strategy to

mitigate the negative effects of adverse environmental conditions.
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2.2 Data and Descriptive Evidence

Intercity Travel Flow We construct daily bilateral passenger �ows across cities by leveraging the

universe of credit and debit card transactions conducted through the UnionPay network. UnionPay

is the only inter-bank payment network in China, and the largest network in the world. The database

covers 34 trillionyuan ($4.9 trillion) of annual economic activities from 2.7 billion cards from

2011 to 2016. The date and location information of transaction records allows us to trace traveler

�ows between city pairs on a daily basis. This enables us to overcome a major data limitation

in the literature where high-frequency measures of city-pair travel �ows at the national level are

unavailable until very recently with the proliferation of mobile positioning data.

Our traveler �ow is calculated from a 1% card sample, which includes the stream of transactions

made by 270 million cards during 2013-2016. We focus on of�ine transactions, for which the

cardholder is physically present at the merchant's location. A trip occurs if the city of the

transaction differs from the home city.2 Using credit and debit cards is a popular payment method

and accounted for over 40% of national retail consumption during our data period. Electronic

payment methods such as Wechat and Alipay were limited during our data period, accounting for

less than 2% of aggregate retail sales in 2013 and about 10% in 2016.

To examine the quality of our intercity travel �ows based on card transactions data, we compare

our data on travel �ows with intercity mobility data from Baidu Migration by Baidu Maps, China's

leading provider of digital map and online navigation services. Baidu migration data report

population in�ows from the top 100 origin cities and out�ows to the top 100 destination cities

between January 21 and March 23 in 2019 and between January 10 and March 15 in 2020.3 The

data are based on the location of over 600 million users of Baidu's location-based services, hence

providing good coverage and accuracy. Panels (a) and (b) in Appendix Figure B.2 show that the

2We limit our sample to trips up to seven days. The majority of trips last for one to two days.
3Source: http://qianxi.baidu.com/. Baidu Migration data aim to help understand population �ows during the Chinese

New Year so the data duration centers around the time of Chinese New Year. The data are only available from 2019.
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two measures of intercity travels have high correlations, with a R2 of 0.79 for both out�ows and

in�ows. Panel (c) depicts the coef�cient estimates of a gravity equation where the travel frequencies

between city pairs (in logarithm) from the two data sources are separately regressed on �exible

distance bins between the origin and destination cities. The coef�cient estimates based on the

UnionPay and Baidu data are very close to each other across all distance bins. These validation

exercises con�rm the high quality of our travel �ow measures based on card transactions data.

Air Pollution and Temperature Data Air quality data come from China's Ministry of Ecology

and Environment (MEE, formerly the Ministry of Environmental Protection). From 2013, ground-

level monitoring stations were installed or upgraded in over 1600 sites throughout China and hourly

air quality data from these monitoring stations are publicly reported on the MEE website. The

number of monitoring stations and cities covered increased steadily from 1003 stations in 159

cities in 2013 to 1615 stations in 367 cities in 2015. We calculate the daily concentration of PM2:5

at the city-daily level by averaging hourly readings from monitoring stations within a city. The

nationwide average concentration of PM2:5 during the 2013-2016 period was 48mg/m3 (with a

standard deviation of 41mg/m3), much higher than the annual air quality standards of 12mg/m3

set by the U.S. Environmental Protection Agency and 35mg/m3 by China's MEE.

We collect hourly temperature data from NOAA's Integrated Surface Database (ISD) for all

weather stations in China. ISD includes 408 weather stations in China that has complete time

series from 2013 to 2016. We match each city to the nearest weather station in ISD using their

geographical coordinates. All timestamps in the dataset are adjusted by an 8-hour lead to offset the

difference between Bejing Time and Greenwich Mean Time. We average over hourly readings to

obtain the daily average temperature.

HSR Network The expansion of the HSR network has been unprecedented in China (Figure

B.1). While the country had no HSR at the beginning of 21st century, the total lengthen of HSR
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reached 37,900 km by 2020, linking all of its major cities. The rapid expansion of the HSR network

has led to one of the most signi�cant increases in human mobility in modern history: the passenger

trips via HSR increased from 290 million to 2.3 billion during 2010-2019.

We gather information on the opening dates of HSR station from government of�cial reports.

If a city has multiple HSR stations, we use the date when the �rst HSR station started operation

in the city. For HSR connections, we use national railway timetables which report the origin and

destination cities for all train services on a given day. The number of connections via HSR is

de�ned as the number of distinct cities that are directly connected to the origin city via HSR.

China's airport network also expanded during our sample period. To control for the expansion of

the air transport network, we collect data on airport connections based on monthly reports from the

Of�cial Aviation Guide that cover schedules on all of China's domestic �ights from 2013 to 2016.

Figure 2.1 provides the �rst descriptive evidence on the bene�t of improved transportation

networks in mitigating households' pollution exposure. The top panel plots travelers' pollution

exposure against the corresponding day's pollution in the home city. Travelers' pollution exposure

is de�ned as the weighted average of the daily pollution levels across destination cities, where

the weights are daily origin-destination traveler shares. Travelers based in cities with active HSR

connections experience a statistically signi�cant lower pollution exposure than those without HSR

connections throughout the entire spectrum of home pollution levels, with a widening gap as home

conditions deteriorate. When the home city suffers from hazardous pollution – PM2:5 higher than

100 mg=m3 (the 90th percentile), the wedge between travelers from HSR cities and those from

non-HSR cities exceeds 9mg=m3 and can reach as high as 30mg=m3.

Table 2.1 provides the second piece of descriptive evidence by further tabulating travel patterns

– the share of traveler �ows to destination cities with different pollution quintiles – for each

pollution quintile of the home city. Panels (a) and (b) present the statistics for HSR city travelers

and non-HSR city travelers, respectively, and Panel (c) reports their difference. Consistent with

the evidence in Figure 2.1, the last column of Panel (c) shows that intercity travelers from cities
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with HSR access experience a lower pollution exposure than travelers from cities without HSR

across all �ve quintiles of home pollution. The gap increases monotonically with home pollution

levels. While the difference is a modest 0.44mg/m3 when the home city's pollution is in the lowest

quintile, the gap enlarges to 8.35mg/m3 at the highest quintile. Much of this reduction is driven

by a noticeably smaller fraction of HSR city travelers who visit dirty destinations (47.3%) than

non-HSR city travelers (55.1%).

Appendix Table B.1 and Section B.1 provide the summary statistics of key variables and

additional descriptive evidence. Results for temperature exposure are similar and are shown in

Appendix Figure B.3 and Table B.2. These patterns present strong suggestive evidence that

travelers bene�t from improvements in passenger transportation infrastructure by experiencing

reduced exposure to adverse environmental conditions.

2.3 Empirical Framework

Our empirical framework combines the difference-in-differences (DID) and triple-differences to

examine how improved transportation infrastructure affects travelers' exposure to environmental

extremes:

TravExpoit = b1 Expoit + b2iHSRit + b3HSRit � Expoit + Xit + mi + dt + eit : (2.1)

The outcome variable of our analysis, travelers' exposure,TravExpoit captures the average

exposure to environmental (either air pollution or temperature) extremes for travelers from city

i on dayt. It is de�ned as a weighted average of environmental conditions at the destination

cities, where the weight for a destination city is the share of travelers from a given city to the
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corresponding destination city:

TravExpoit = å
j6= i

Expojt �
Ni jt

å k6= i Nikt
; (2.2)

whereExpojt is the environmental condition in destination cityj on dayt, Ni jt is the number of

travelers from cityi visiting city j on dayt, andå k6= i Nikt is the total number of travelers from city

i on dayt. In our baseline speci�cation,Expojt is constructed as an indicator being one when city

i experiences extreme air pollution or temperature on dayt. Extreme pollution is de�ned as PM2:5

larger than 100mg/m3 (the 90th percentile of the empirical distribution) and extreme temperature is

de�ned as daily average temperature below 30� F or above 90� F (about 10% of the observations).4

In robustness checks, we use different cutoffs to de�ne extreme conditions and also estimate a

model with continuous environmental variables.

HSRit captures the connectivity of cityi at timet. We use two measures: an indicator variable

indicating whether cityi is connected to the network or not at timet, and a continuous connectivity

measure that is a weighted number of destination cities that can be reached from cityi via HSR at

time t. The weight for each destination cityj is its total in�ow of visitors in the base year of 2012

over the squared distance between the origin and destination city-pair:

ĤSRC
it = å

j6= i

�
TotalIn f lowj ;2012

Distance2i j
� HSRi jt

�
;

HSRC
it = ( ĤSRC

it � m)=s :

TotalIn f lowj ;2012 is city j 's total number of visitors in 2012,distancei j is the great circle distance,

andHSRi jt is an indicator for HSR connection between city-pairi j on datet. We normalize the

connectivity measure to have zero mean and unit variance and de�ne it asHSRC
it . Unlike the

HSR dummy (HSRit ) used in the main analysis whose value remains the same after a city is

4China's standard for daily maximum PM2:5 is 75mg/m3. In comparison, the US Environmental Protection Agency's

daily PM2:5 standard is 35mg=m3.
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�rst connected to the HSR network,HSRC
it increases whenever cityi is connected to additional

destinations as the HSR network expands. In addition, this measure also re�ects cities' centrality

in the transportation network.

The coef�cient b1 in Equation (2.1) captures the relationship between a home city's

environmental condition and its travelers' exposure. While both pollution and temperature are

correlated geographically, the spatial correlation decays across space. In the absence of a strong

correlation between the trip direction and destination conditions (e.g., all trips going from dirty to

dirty cities), one should expect to see 0< b1 < 1. The second coef�cient,b2i , varies by city and

allows for differential changes in travelers' exposure before and after the HSR connection. The key

parameter of interest isb3 on the interaction term,HSRit � Expoit . It captures how HSR connection

affects the slope of the relationship between local environmental conditions and travelers' exposure.

If HSR facilitates residents' ability to mitigate adverse environmental conditions at home,b3 should

be negative. Time-varying city attributesXit include whether cityi has airports at timet and the

number of destination airports with direct �ights from cityi. We incorporate city-level controlsXit

city-�xed effects mi to control for time-invariant unobservables (e.g., connectivity or centrality) at

the city level and day-of-sample �xed effectsdt to control for seasonality and temporal shocks in

travel patterns.5

The identi�cation of b2i relies on the DID strategy and the staggered roll-out of the HSR

expansion across cities. The identi�cation ofb3 relies on a triple-difference design: it compares

changes in the outcome variable (before and after the HSR connection) when the home city is

subject to environmental extremes relative to changes in the outcome when the home city has mild

environmental conditions. As illustrated in both Figure 2.1 and Panel (c) in Table 2.1, when home

city is clean, travelers from cities with HSR connection experience a negligible or small reduction in

pollution exposure compared to those from cities without HSR connection. However, when home

city is polluted, the reduction in pollution exposure is much more pronounced. The differences

5All regressions are weighted by the number of travelers from home cityi on dayt, so that the effect sizes reported

below can be interpreted as the national average across all travelers.
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in the pollution exposure reduction across different pollution levels in the home city pin down the

magnitude ofb3.

The key identi�cation assumption is that the exact timing of a city's connection to the HSR

network is exogenous. That is, there are no confounding factors that affect the relationship between

a home city's environmental conditions and its travelers' exposure before and after the HSR

connection. The assumption would be violated if the connection is driven by or in response to time-

varying and city-speci�c unobservables that also affect travel patterns hence travelers' exposure to

environmental extremes.

In practice, the HSR network's expansion is a complicated process involving many entities

and numerous steps from siting to obtaining building permissions, securing the �nancing and

implementing the physical construction. The exact timing (day or month) of a city's connection

to the HSR network is often driven by a host of idiosyncratic factors. Most HSR lines in our

sample started construction in 2005 or right after 2008, directly following the passage of the Mid-

to-Long Railway Plan in 2004 and its revision in 2008. However, their completion dates spread out

across years. The duration of the construction progress depends on engineering dif�culties which

increases with the railway's length and bridge/tunnel ratio. For instance, the opening of the Wuhan-

Guangzhou line must wait for the completion of the Wuhan Tianxingzhou Yangtze River Bridge,

the longest combined road and rail span bridge in the world. It is also affected by political factors,

accidents, and other exogenous factors that expedite or delay these projects. Notable examples

include the Wenzhou train crash in July 2011 that has halted the construction of ongoing projects

for more than a year.6

The event study in Figure 2.2 displays no clear trend in changes in travelers' exposure to

extreme pollution on either clean or polluted days before the HSR connection, lending support

to our identi�cation assumption. In addition, the HSR treatment effects appear stable over time,

supporting the causal interpretation of the coef�cient estimates from our regressions (Goodman-

6https://www.ft.com/content/a9337b06-fe20-11e0-a1eb-00144feabdc0
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Bacon, 2021).

All regressions are weighted by the number of home cityi's travelers at timet, so that the

effect sizes reported below can be interpreted as the national average across all travelers.7 In

theory, if HSR connection simply enables travelers to travel further to destinations whose pollution

and temperature are less correlated to those at home, the aggregate bene�t in terms of pollution

mitigation could be either negative or positive. For example, travelers might visit dirty places when

home cities are clean and such a negative effect could cancel out or dominate the bene�t from

mitigation when the home city is polluted. Hence, whether improved transportation facilitates

adaptation on net is an empirical question.

2.4 Empirical Findings

2.4.1 Baseline Results

Table 2.2 reports OLS estimates as speci�ed in Equation (2.1) for travelers' exposure to air pollution

and temperature in Panel (a) and (b), respectively. Column (1) uses the indicator variable to measure

HSR connectivity while Column (2) uses the continuous measure. The estimates ofb1 in both

columns and both panels are signi�cantly lower than one, implying that intercity travel reduces the

correlation between the environmental condition in the home city and travelers' realized exposure.

The estimates ofb1 for temperature exposure are slightly larger than those for pollution exposure,

likely due to stronger spatial correlation in temperature than air pollution.

The estimates ofb2i , not shown in the table, tend to be small and statistically insigni�cant on

average, consistent with the negligible differences in the two lines' intercept as shown in Figure

7The aggregate bene�t of the HSR network's expansion on travelers' pollution exposure is estimated based on

� å i å t wit (b2i + b3 � Expoit ), wherewit is the share of travelers in cityi and on dayt among all HSR city-days

in our sample period.

68



2.1. In Column (1) for example, the set ofb2i estimates has an average of -0.002 and standard error

of 0.033 for air pollution, and an average of 0.008 and standard error of 0.018 for temperature.8

In contrast to the small estimates ofb2i , the estimates ofb3 are negative and economically large

in all columns. In other words, the impact of HSR connection on adaptation is mainly through the

change in the slope, rather than the intercept. As a result, the expansion of the HSR network has

�attened the relationship between environmental extremes in the home city and travelers' exposure.

The last row of Panel (a) presents the HSR connection's aggregate impact across all city-days

on travelers' exposure to environmental extremes. HSR connection leads to a 0.7 percentage-point

reduction in the likelihood of being exposed to extreme pollution (relative to the sample mean

of 11 percentage points), based on the discrete measure of HSR connectivity. This represents

a 7% decrease in travelers' likelihood of experiencing extreme pollution over all environmental

conditions in home cities. Using the continuous measure, HSR connectivity leads to a 1.1

percentage-point reduction, or 10% decrease in travelers' exposure to extreme pollution. The larger

estimates re�ect the continuous measure's ability to capture not only the home city's connection to

the HSR network, but also the improved connectivity as the network expands.

Results on travelers' exposure to extreme temperatures are reported in Panel (b). These

�ndings mirror those for pollution exposure: intercity travel reduces the correlation between

home conditions and travelers' realized exposure. In addition, connection to a better passenger

transportation network reduces travelers' likelihood of exposure to extreme temperatures by 0.6

percentage points (using the discrete HSR connection measure) and 0.7 percentage points (using

the continuous HSR connection measure) out of a sample mean of 6 percentage points, which is

equivalent to a 10-11% reduction.

Figure 2.3 illustrates the magnitude of the estimates in Column (1) of Table 2.2 by contrasting

the actual exposure to extreme conditions with counterfactual exposure for travelers with HSR

8The inter-quartile range is from -0.015 to 0.020 for pollution and from 0.003 to 0.020 for temperature.
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connections. The counterfactual exposure is simulated as the predicted outcome from Equation

(2.1) when HSR dummies are switched to zero. This comparison allows us to focus on the same

set of city-days with HSR connections and avoid the differences between HSR cities and non-HSR

cities that are unrelated to pollution mitigation. Panels (a) and (b) display results for pollution

exposure and temperature exposure separately.

When a traveler's home city is clean, the traveler can expect to experience a modest chance

(8 percentage points) of being subject to severe pollution – a re�ection of mean reversion and

the spatial heterogeneity of air pollution. Removing HSR only moderately increases the traveler's

chance of experiencing severe pollution to 8.1 percentage points. In contrast, when the home city

is suffering from extreme pollution, removing access to the HSR network would raise the traveler's

probability of experiencing extreme pollution from 38.4 to 43.3 percentage points, amounting

to a 12.8% increase. Results for extreme temperature exposure are similar. The impact of

HSR connection is negligible when home cities have mild temperatures. But when home cities

are subject to extreme temperatures, removing HSR would increase travelers' exposure to such

extremes from 38.6 to 49.3 percentage points, a 27.7% jump.

2.4.2 Robustness Checks

This section explores the robustness of our �ndings to alternative speci�cations. Table B.3 reports

a host of robustness checks for both the discrete measure of HSR connectivity (Panel (a)) and

continuous measure of HSR connectivity (Panel (b)). In Columns (1) and (2), we replace the

indicator of extreme pollution with the continuous PM2.5 reading and replace the indicator of

extreme temperature with the absolute deviation from 70� F. Onemg=m3 increase in PM2.5 at home

translates into 0.34mg=m3 increase in travelers' exposure for cities not connected to HSR and only

0.28 mg=m3 for travelers from HSR cities, using the discrete measure of HSR connectivity. The

patterns are similar for the effect on temperature exposure. Columns (3)-(6) use alternative cutoffs
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to de�ne environmental extremes: Columns (3) and (4) use 120mg=m3 and 150mg=m3 for extreme

pollution, Column (5) uses 25� F and 95� F as the cutoffs for extreme temperature, and Column

(6) uses 35� F and 85� F for the temperature cutoff. The coef�cient estimates have the same signs

and are similar in magnitude to the baseline estimates in Table 2.2. Results are similar using the

continuous measure of HSR connectivity.

Table B.4 examines robustness to different sample cuts for both the discrete (Panel (a)) and

continuous measures (Panel (b)) of HSR connectivity. The number of travelers in our analysis

is derived from card transactions and subject to measurement errors. To examine robustness to

potential measurement errors, Columns (1) and (2) exclude each city's 5% of days with the most

card transactions and 5% of days with the least card transactions. Columns (3) and (4) exclude

10% of days with the most and 10% of days with the least transactions. In addition, since card

penetration rates are lower in small cities, Columns (5) and (6) only keep the large cities de�ned

in the top three tiers. There are 117 cities in the top three tiers out of a total of 336 cities. These

cities have larger populations than the lower-tier cities and account for over 80% of travelers in

our sample. All of these regressions demonstrate that our results are robust to measurement errors

and that the expansion of the passenger transportation infrastructure makes the intercity travel an

effective strategy to reduce exposure to environmental extremes.

Our speci�cations so far relate travelers' exposure to home conditions on the same day. This

implicitly assumes that households can respond quickly to negative shocks. Given the easy access

to pollution and weather forecasts during our sample period, and the expansive train network and

frequent services, households can and often do use forecasts to travel to desirable places in the

event of (anticipated) pollution episodes and heat waves (Arlt, 2017; Sharkov, 2016; Chen et al.,

2021).

Nonetheless, to allow for the possibility that households react with a lag to pollution and

temperature shocks (due to the time constraint it takes to respond) or respond in advance of these

shocks (due to the wide availability and increasing accuracy of forecasts), Table B.5 replaces the
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daily environmental measureExpoit with its average in the following week in Column (1) and with

its average in the previous week in Column (2). Similar to Tables B.3-B.4, Panel (a) presents results

using the discrete HSR connectivity and Panel (b) reports results using continuous connectivity.

Travelers respond to both leading and lagged home pollution/temperature, though the magnitudes

are smaller than responses to contemporary conditions. These results suggests that HSR facilitates

adaptation to both contemporaneous environmental shocks and recent and future shocks.

2.5 Channels of Impacts and the Extensive Margin

2.5.1 Channels of Impacts

Changes in Travel Distance HSR access reduces travel costs, expands the set of feasible

destinations, and allows individuals to travel to more distant destinations. Panels (a) and (b)

of Appendix Figure B.4 plot the distribution of trip distance for travelers from cities with and

without HSR connection. As the associated bene�t is more pronounced when a traveler's home

city experiences high pollution as shown above, we plot the distributions separately for clean and

polluted days (with PM2:5 exceeding 100mg/m3). Panel (c) presents the difference in trip distances

between travelers from HSR cities and those from non-HSR cities during days that are polluted

(red bars) and clean (green bars). HSR connection has signi�cantly shifted the travel distribution

to the right: the fraction of trips exceeding 500 km increases from 35% among travelers without

HSR connection to 52% among those with access when home cities are clean. The difference in the

fraction of trips exceeding 500 km is even more pronounced and widens to 21 percentage points

during polluted days.

These patterns suggest that HSR expansion allows people to travel farther. As correlations

in environmental conditions decay spatially, traveling farther reduces travelers' probability of

experiencing adverse conditions similar to those observed at home. Can distance alone explain
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the entirety of HSR's mitigation effect? To answer this question, we replace the environmental

conditions at destination cities with the concurrent environmental conditions in cities that are of a

similar distance to the origin in the construction of travelers' exposure:9

TravExpo1it = å
j6= i

\Expojt �
Ni jt

å k6= i Nikt
;

where \Expojt is the pollution level of a randomly-chosen city that is similarly distant from the

original city as cityj on the same dayt. We simulate this alternative traveler exposureTravExpo1it

for all origin cities and all days in the sample. Then we use this alternative measure of travelers'

exposure as the outcome variable in equation (2.1).

We replicate this simulation exercise 100 times and report results in the top panel of Table B.6.10

This analysis preserves the distribution of travel distance for all cities. If distance is the only channel

underlying HSR's mitigation effect, we should expect estimates from these simulations to be close

to those using real data. Instead, HSR's coef�cients center around -0.02 and -0.06 for pollution

and temperature exposure, respectively, and are much smaller in absolute value than the baseline

estimates of -0.05 and -0.12 in Table 2.2. Correspondingly, the aggregate bene�t of HSR in this

simulation exercise is only a 0.3 percentage point reduction in exposure to extreme pollution and

extreme temperatures. This constitutes 43% of HSR's baseline effects for pollution mitigation and

50% of HSR's baseline effects for temperature mitigation. We conclude that distance-based factors

cannot explain all of HSR's mitigation bene�ts documented in the main text. Instead, travelers

appear to be able to leverage HSR connection and deliberately choose destination cities with better

environmental conditions, conditioning on the distance to the origin city.

9We allow for a maximum difference of 100 km when de�ning cities of similar distance to the origin. Speci�cally, for

each origin-destination pair, we draw a circular band centering around the origin, with the inner and outer radius being

the distance between the city pair� 100 km. One of the cities within the band is randomly picked and its pollution

level of the day is used as the counterfactual.
10The reportedb 's are the average estimates from the simulation runs, and their standard errors are directly calculated

using the simulation estimates.
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Adaptation Horizons Adaptation to environmental extremes through intercity travel could

arise from multiple margins. First, individuals can travel to places with predictably desirable

environmental conditions, such as trips to southern cities during polluted and harsh winter months

in northern cities. Second, residents can spontaneously evade unexpected environmental extremes

at home by visiting cities with better environmental conditions. Both margins of adjustment are

associated with reduced exposure to environmental extremes and could generate mortality and

morbidity bene�ts, though the second margin has shorter (planning) horizons than the �rst one. The

changes in travel behavior as illustrated in Appendix Figure B.4 are consistent with both margins.

This section presents simulations that disentangle these different margins.

To quantify the bene�t of HSR that derives from (longer horizon) responses to predictable

environmental extremes as distinct from (short horizon) adaptation to unpredicted environmental

conditions, we use each home city's average shares of travel destinations, separately for before and

after HSR connection, instead of daily travel shares to construct travelers' exposure:

TravExpo2it = å
j6= i

Expojt �
NNo HSR

i j

å k6= i NNoHSR
ik

�1f t before HSRg+ å
j6= i

Expojt �
NHSR

i j

å k6= i NHSR
ik

�1f t post HSRg;

where NNo HSR
i j is the total number of travelers from cityi to city j prior to the HSR

access andNHSR
i j is the total number of travelers from cityi to city j post the HSR access.

By construction, this formulation removes deliberate travel responses to temporal, day-to-day

variations in environmental conditions. Then we use this alternative measure of travelers' exposure

as the outcome variable in Equation (2.1). The lower panel of Appendix Table B.6 suggests

that this margin accounts for 71% of HSR's aggregate bene�t in pollution mitigation and 83%

for temperature. We attribute the remaining bene�t (29% of pollution reduction and 17% of

temperature mitigation) to day-to-day avoidance behavior, whereby residents deliberately seek

cities with better environmental conditions when the home city is hit by unpredicted environmental

extremes. HSR access has a relatively smaller impact on day-to-day temperature mitigation than

pollution mitigation because temperature extremes exhibit less geographical variation and hence
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are harder to escape from.

2.5.2 The Extensive Margin

Our analysis has so far focused on the intensive margin of travel responses: the role of HSR in

helping travelers from cities hit by pollution and temperature extremes to escape to other places

on a short-term basis. However, adjustments at the extensive margin could also be relevant. It is

unclear ex-ante whether people travel more or less when the home city is highly polluted. On the

one hand, people might have stronger incentives to travel to cleaner cities as a means of avoidance.

On the other hand, people might reduce outdoor activities entirely, thus limiting their intercity

travel. Appendix Table B.7 evaluates the extensive margin by using the number of travelers (in

logarithm scale) in a city-day as the outcome variable.

Consistent with the �ndings in the literature (Moretti and Neidell, 2011b; Graff Zivin and

Neidell, 2014; Barwick et al., 2018), we �nd that residents travel less when their home cities are

subject to extreme pollution. This is consistent with the observation that residents stay indoors

to avoid exposure, as advocated by the government and news media. On the other hand, having

access to the HSR network increases the frequency of travel, especially for trips with a medium

or long distance (longer than 300km or 500km). The coef�cient estimates on theHSRit � Expoit

interaction term are all positive but noisy in some speci�cations. Overall, the analysis provides

somewhat limited evidence on the impact in the extensive margin and suggests that it is unlikely to

be the primary channel underlying the avoidance behavior documented above.
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2.6 Mortality Bene�ts

HSR connection is associated with a 0.7 percentage-point reduction in travelers' likelihood of

experiencing extreme pollution (Table 2.2), or a 7% reduction in travelers' average pollution

exposure, equivalent to a drop of 3.9mg=m3 PM2:5 for an average traveler on traveling days. Using

2.5 days as the average trip duration calculated from the UnionPay dataset, the bene�t translates to

0.027mg=m3 unit reduction in travelers' annual average PM2:5 exposure.

Ebenstein et al. (2017) estimate that onemg=m3 increase in average PM10 exposure reduces

life expectancy by 0.064 years. The pollution monitoring data in China suggest that onemg=m3

increase in PM2:5 corresponds to 1.5mg=m3 increase in PM10. Hence, we consider the health

consequence per-unit of PM2:5 exposure equivalent to 1.5 times that of PM10. In 2016, 700 million

passengers traveled via HSR (Xinhua, 2017)11. Our estimate therefore implies that the annual

reduction in pollution exposure induced by improved HSR transportation networks translates into

a potential savings of 1.8 million life-years in 2016.

For the mortality impact of temperature extreme, we follow the age-speci�c dose-response

functions from Deschenes and Greenstone (2011). Based on the age structure of China's

population, their estimates suggest that an increase of one-day exposure to temperature extremes

raises the mortality rate by 5 to 10 per million population.12 Our estimates from Table 2.2 show

that the expansion of HSR network reduces an average travelers' exposure to temperature extremes

by two days per year. Taken together, these estimates suggest that mitigation in exposure to

temperature extremes as a result of the HSR expansion leads to reduction of 7,000 to 14,000 deaths

each year.

11We assume all trips are round trips, thus the number of travelers is half of the total ridership.
12Speci�cally, for an increase of one-day exposure to temperature extremes, the mortality rate will increase from 5629.6

deaths per year per million people to 5634.2-5638.2 deaths per year per million people.

76



2.7 Conclusion

This study provides to our knowledge the �rst analysis of how transportation infrastructure

promotes short-term mobility and facilitates behavioral changes in response to adverse

environmental conditions. The empirical analysis exploits high-frequency data of traveler �ows

across Chinese cities constructed using credit- and debit-card transactions from the world's largest

payment network. It takes advantage of China's massive and staggered expansion of the HSR

network, as well as the rich variation in daily pollution and temperature at the city level.

Our analysis shows that the rapid expansion of HSR has made intercity passenger travel an

effective strategy for adaptation to adverse environmental conditions, leading to signi�cant health

bene�ts. Such adaptation can be attributed to both short-run deliberate responses to unexpected

environmental extremes at home and also shifts in longer-term travel patterns due to reduced travel

costs. These �ndings contribute to our understanding of the role of adaptation and the bene�t

of transportation infrastructure investment in a changing environment. Examining the potential

feedback effects of these behavioral changes on air pollution and carbon emissions is an important

topic for future research.
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Figure 2.1: Travelers' exposure to PM2:5 vs. home exposure

Notes: The top �gure plots travelers' average exposure to PM2:5 (y-axis) against PM2:5 level at the travelers' home
city (x-axis), separately for city-days with access to HSR (green line) and city-days without access to HSR (red dash
line). Both lines are local polynomial regressions weighted by Epanechnikov kernel with optimal bandwidth. The gray
area is the 95% con�dence interval. Gray vertical lines mark the 25th, 50th, 75th, and 90th percentiles of the PM2:5
distribution. The bottom �gure displays the distribution of daily PM2:5 at home cities, separately for city-days with
access to HSR (green bars) and city-days without access to HSR (red bars).
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Figure 2.2: Event study of HSR impact

(a)b2m: impact of HSR on clean days (b) b3m: additional impact of HSR on polluted days

Notes:The �gures plot coef�cient estimates (blue dashed line) by month relative to HSR station openings from the following equation:

TravExpoit = b1 Expoit + å
m2[� 25;25]

b2mHSRit + å
m2[� 25;25]

b3mHSRit � Expoit + Xit + mi + dt + eit ; (2.3)

whereTravExpoit is exposure to extreme pollution for travelers from cityi on dayt. We group city-days that are more than 24 months before the HSR connection
(including cities that are never connected) tom = � 25 and city-days that are more than 24 months post the HSR connection tom = 25. The gray area denotes
the 95% CI for the monthly coef�cient estimates. The red line denotes the simple averages for months before and after the station opening. The bar denotes the
difference between the two averages with its standard error in the bracket. We test the difference with a t-test and label the statistical signi�cance with the following
notations: *** p< 0:01, ** p < 0:05, and * p< 0:10. We normalize the average of the pre-opening coef�cients to zero (instead of the coef�cient on a single period
to zero) following Miller (2021).
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Figure 2.3: Access to HSR and reduction in exposure to pollution and temperature extremes

(a) Exposure to extreme pollution (b) Exposure to extreme temperature

Notes: Actual and counterfactual likelihood of travelers experiencing extreme pollution (panel (a)) and extreme temperature (panel (b)), based on coef�cient
estimates in column (1) of Table 2.2. Dots to the left (right) of the red dashed line refer to days when home cities experience mild (extreme) conditions. Extreme
pollution is de�ned as PM2:5 above 100mg/m3 and extreme temperature is de�ned as daily average temperature below 30� F or above 90� F. Counterfactual exposure
is the predicted outcome from Equation (2.1) when HSR dummies are switched to zero. Blue dots (whiskers) denote point estimates (95% con�dence intervals).
Standard errors in brackets are estimated from 100 block bootstrap replications with each home city as a block.
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Table 2.1: Travelers' travel patterns and pollution exposure

(a) For travelers from city-days with HSR

Flow shares by pollution quintile at destination Avg. Exposure of

Clean Dirty PM2:5 (mg=m3) at
1 2 3 4 5 Home Dest.

H
om

e
in

Clean 1 40.1% 24.7% 15.4% 11.4% 8.4% 15.9 34.9
2 23.4% 29.6% 21.6% 14.8% 10.7% 27.5 41.3
3 14.7% 21.2% 27.5% 22.3% 14.2% 40.4 48.6
4 10.5% 14.0% 21.6% 31.2% 22.6% 59.1 58.2

Dirty 5 7.2% 9.8% 13.6% 22.0% 47.3% 120.0 83.8

(b) For travelers from city-days without HSR

Flow shares by pollution quintile at destination Avg. Exposure of

Clean Dirty PM2:5 (mg=m3) at
1 2 3 4 5 Home Dest.

H
om

e
in

Clean 1 37.0% 26.4% 17.2% 11.5% 7.9% 15.7 35.3
2 21.1% 28.0% 23.5% 16.7% 10.8% 27.5 42.3
3 13.0% 20.7% 27.4% 23.8% 15.2% 40.2 49.6
4 8.5% 12.5% 21.0% 32.4% 25.7% 59.1 61.1

Dirty 5 4.9% 7.3% 11.0% 21.8% 55.1% 115.4 92.2

(c) Difference between Panel (a) and Panel (b)

Difference in �ow shares by pollution quintile Diff. in

Clean Dirty PM2:5 (mg=m3) at
1 2 3 4 5 Home Dest.

H
om

e
in

Clean 1 3.0% -1.7% -1.8% -0.1% 0.5% 0.18 -0.44
2 2.3% 1.6% -1.8% -1.9% -0.1% 0.03 -1.03
3 1.7% 0.5% 0.1% -1.4% -0.9% 0.14 -1.03
4 2.1% 1.5% 0.7% -1.2% -3.1% 0.00 -2.92

Dirty 5 2.3% 2.5% 2.6% 0.2% -7.7% 4.61 -8.35

Notes: This table complements Figure 2.1 and illustrates that travelers from HSR cities are more likely to visit cleaner
cities than those from non-HSR cities. Each row represents the shares of travels to destination cities with different
pollution quintile, conditioning on the home city-day's pollution quintile. Panel (a) refers to travelers from city-days
with HSR, panel (b) refers to travelers from city-days without HSR, and panel (c) presents the difference between the
two. Positive (negative) values are colored in different shades of green (red) according to the magnitude. The quintile
cutoffs for daily PM2:5 are 22, 33, 48, and 73mg=m3.
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Table 2.2: Travelers' likelihood of experiencing environmental extremes

(1) (2)
DiscreteHSRit ContinuousHSRit

Panel (a) : Air Pollution Likelihood of experiencing
Daily PM2:5 > 100mg=m3 pollution extremes

1f home extremeg 0.27*** 0.19***
(0.01) (0.01)

1f home extremeg � HSRit -0.05*** -0.04***
(0.02) (0.01)

N 330,801 330,801
R2 0.79 0.79

HSR's overall impact -0.007** -0.011**
(0.003) (0.004)

Panel (b) : Temperature Likelihood of experiencing
Daily temp.< 30� F or> 90� F temperature extremes

1f home extremeg 0.40*** 0.32***
(0.03) (0.01)

1f home extremeg � HSRit -0.12*** -0.07***
(0.03) (0.01)

N 466,257 466,257
R2 0.79 0.79

HSR's overall impact -0.006*** -0.007**
(0.002) (0.003)

Notes: All regressions are weighted by home cities' number of travelers on dayt. The dependent variable in Panel
(a) and (b) is the likelihood that travelers experience extreme pollution (PM2:5 > 100mg=m3) and extreme temperature
(daily average temperature< 30� F or > 90� F), respectively, de�ned in Eq. (2.2). The average of the dependent
variables for pollution and temperature is 0.11 and 0.06, indicating the likelihood of travelers being subject to extreme
pollution and temperature of 11% and 6%.1f home extremeg is an indicator for extreme conditions at home cityi on
dayt. In Column (1),HSRit is the indicator variable for access to HSR stations in the home city. In Column (2), we
instead use the standardized continuous connectivity measure,HSRC

it . The number of observations is smaller in panel
(a) as not all cities had PM2:5 monitoring stations in 2013 and 2014. Day-of-sample �xed effects (FEs), city FEs, and
interactions between city FEs and HSR connection are included in all regressions. The last row of each panel reports
HSR's aggregate mitigation effect, which is a 0.7 percentage-point reduction in traveler's likelihood of experiencing
extreme pollution in column (1) of Panel (a) and a 0.6 percentage-point reduction in column (1) of Panel (b). Standard
errors for coef�cient estimates are clustered at the city level. Standard errors for the aggregate impact are estimated
from 100 block bootstrap replications with each home city as a block. *** p< 0:01, ** p < 0:05, and * p< 0:10.
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CHAPTER 3

THE ROLE OF ENVIRONMENTAL AMENITIES IN THE URBAN ECONOMY:

EVIDENCE FROM A SPATIAL GENERAL EQUILIBRIUM APPROACH

3.1 Introduction

Environmental amenities play an important role in residential location decisions, which in turn

affect the concentration of consumption and production activities through individuals' commuting

and consumption travels. Much of the current literature evaluating environmental amenities

pays particular attention to their effects on one single product, such as housing, healthcare,

or transportation, while few has been able to uncover the underlying mechanisms or pathways

of impact. This paper aims to provide a comprehensive analysis to understand the effects of

environmental amenities on the spatial distribution of urban economic activities and the welfare

consequences. To do so, I develop and estimate a quantitative spatial general equilibrium model

that characterizes household location and consumption decisions as well as production decisions

while incorporating agglomeration and dispersion forces.

The empirical context of my study is the central area of Beijing within its 6th ring road, with a

land area of around 3,000 square kilometers and a population of more than 15 million. The study

area is densely populated and hosts a majority of the city's service production and consumption.

The area is also the center of Beijing's transportation networks where most commuting and

consumption travels concentrate. From 2010 to 2014, Beijing, among other major cities in China,

implemented a series of air pollution monitoring and information disclusure programs. As a result,

the city witnessed drastic changes in consumer behaviors due to increasing public awareness

and information access (Ito and Zhang, 2020; Tu et al., 2020; Barwick et al., 2020a). I use the

implementation of the program as a natural experiment and quantify consumers' preference change

during the period. With reduced form estimations, I document that the program led to substantial
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changes in the valuation of environmental amenities in the housing markets. I then simulate

multiple counterfactual scenarios using the structural model to evaluate the welfare impacts if

individuals were to fully incorporate environmental amenities into their decisions, compared to

the scenario of not incorporating environmental amenities.

The empirical analysis leverages the spatial granularity of a rich data set on residential locations,

commuting and consumption trips, housing transactions, and environmental amenities. The main

data set is from the Beijing Household Travel Survey (BHTS), conducted in 2010 and 2014. The

surveys gather information on household and individual demographics as well as travel diaries

documenting the trips each individual made in a 24-hour time frame preceding the survey. I

complement this data set with a transaction sample of new and existing homes from 2006 to 2014 to

construct housing prices for each location. I gather �ne-scale data on air pollution and green space

from satellite imagery. Locations of non-environmental amenities including schools and hospitals

are collected as controls.

With this data set, I develop and estimate a spatial general equilibrium model that characterizes

household location and consumption decisions as well as production decisions while incorporating

agglomeration and dispersion forces. From the estimated equilibrium outcomes, I recover

the contribution of job access, residential amenities, and consumption access in the overall

attractiveness of a residential location. I estimate a composite measure for unobserved residential

amenities and decompose it into locations' environmental and non-environmental attributes. The

model is calibrated for 2010 and 2014 to capture consumers' preference change. Finally, I conduct

a counterfactual analysis by imposing consumers' preferences on environmental amenities in 2014

to their 2010 decisions and simulate the equilibrium outcomes if consumers had fully incorporated

environmental amenities into their decisions. Additional scenarios are estimated to uncover the

channels of the welfare impact and consumers' marginal compensation for lack of environmental

amenities.

My analysis yields three key �ndings. First, the estimates show that job access, residential
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amenities, and consumption access account for 49%, 30% and 21% of overall attractiveness of

a residential location, respectively. This is to my knowledge the �rst study documenting factors

affecting consumers' residential location choices for a city in a developing economy like Beijing.

Residential amenities play a larger role for consumers' residential decisions in Beijing, compared

to other developed cities examined in the literature, such as Tokyo and Singapore. Access to

consumption and service locations are comparatively less important in determining residential

attractiveness in Beijing, mirroring its residents' smaller expenditure share on services than those

in the developed economies.

Second, I document a stronger emphasis on locations' environmental attributes when consumers

in Beijing selected residence in 2014 compared to 2010. Speci�cally, I �nd no statistically

signi�cant link between the estimated residential amenity and locations' environmental qualities

in 2010, indicating their possible absence from the residents' decision process. Conversely, the re-

calibrated results using parameters and data sets from 2014 feature a signi�cant positive correlation

between a location's environmental characteristics and its estimated level of residential amenity.

This is consistent with �ndings in Barwick et al. (2020a) where they document in Beijing's housing

market that the capitalization of local air pollution was suppressed in 2010 and only introduced after

the roll-out of pollution monitoring and information disclosure programs.

Third, my analysis reveals large welfare bene�ts if consumers were to incorporate

environmental amenities into their decisions, compared to the scenario of not incorporating

environmental amenities. Estimates from the counterfactual practice suggest that the incorporation

of environmental amenities into consumers' decision utility would lead to a 8.43% increase in the

overall welfare compared to the original equilibrium levels observed in 2010. This is equivalent to

the welfare change of imposing a 8.43% raise in income for all individuals, while holding all other

variables at their unadjusted levels. For 2010, the welfare bene�t translates to 2,450 Chineseyuan

(or $366 in 2010 dollars, $440 in 2021 dollars) per person. With a 20-million population, the total

bene�t for Beijing's residents adds up to 50 billionyuan. Further analysis attributes the welfare gain
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mostly to changes in residential and workplace locations as well as consumption and production

decisions. For locations in the most polluted quartile (with an annual PM2:5 concentration above

75 mg=m3), the counterfactual analysis predicts an 18% drop in the number of residents and a 7%

drop in the number of workers on average, due to industrial and production relocation. Residents

there would need to have a higher income in equilibrium to compensate for the low air quality, for

which the model predicts a 3% increase in residential income and workers' average wage. Decline

in housing demand for both residential and production use would lead to a 12% decrease in area

of �oor space and a 5% decrease in housing prices for the most polluted neighborhoods at the new

equilibrium.

My study makes several contributions to the literature. First, this paper is among the �rst

to provide a comprehensive estimate on the welfare impacts of environmental amenities using a

quantitative urban model that captures multiple margins from different sectors and locations in

an urban system. Previous evaluations on environmental amenities based on consumers' revealed

preferences rely mostly on one single sector, such as healthcare and housing1. While each strand of

literature offers valuable insights on how environmental amenities affect consumer decisions on the

respective product, the underlying mechanism through which the impacts are channeled remains

understudied. Models adopted in the sorting literature does allow for a decomposition of multiple

margins with simulations, though the estimation in essence still builds upon partial equilibrium

outcomes (Epple and Sieg, 1999; Bayer et al., 2009; Kuminoff et al., 2013). Among the few studies

that use general equilibrium models in an effort to recover economy-wide estimates (Carbone and

Smith, 2008, 2013; Rudik et al., 2021), most of them use models that are spatially coarse and

treat for example the U.S. or its states as the basic units of analysis. My paper contributes to this

1For example, studies based on averting behavior methods draw estimates from healthcare spending (Williams and

Phaneuf, 2016; Deschenes et al., 2017; Barwick et al., 2018; Deryugina et al., 2017) or defensive expenditures (Mu

and Zhang, 2016; Sun et al., 2017; Ito and Zhang, 2020); conventional analysis under the hedonic pricing framework

focuses on sorting outcomes in the real estate market (Epple and Sieg, 1999; Chay and Greenstone, 2005; Bayer et al.,

2009; Banzhaf and Walsh, 2008; Kuminoff et al., 2013; Gao et al., 2021); the travel cost method imputes the value of

amenities leveraging the trade-off between recreational demand and travel costs (Clawson and Knetsch, 1966; Parsons

and Stefanova, 2011; Parsons et al., 2013; Mude et al., 2020).

86



literature with a tractable spatial general equilibrium framework that can provide comprehensive

welfare estimates while remaining separable as to examine which sectors or locations are primarily

impacted by the proposed change in preference. This is made possible as the model in this paper,

at the neighborhood level, rationalizes the supply and demand in multiple local markets, and at a

regional level, incorporates cross-neighborhood interactions from consumers' location choices.

Methodologically, this paper is closely related to and builds on Miyauchi et al. (2020) and

Tan and Lee (2020). Both papers evaluate the welfare impacts from improved inter-neighborhood

mobility, a traditional focus of the quantitative urban literature (Allen and Arkolakis, 2014;

Redding, 2016; Desmet et al., 2018; Monte et al., 2018; Allen and Arkolakis, 2019). This paper

compliments the urban literature by providing the �rst decomposition of locations' residential

attractiveness for a city in an developing economy. The decomposition analysis also establishes the

role of environmental amenities in urban economic activities. This paper is also the �rst to calibrate

the quantitative urban model using detailed travel surveys with clearly-stated travel purposes,

location choices, and individual demographics, which are not available for previous studies using

smartphone GPS or public transportation data sets. Moreover, my study expands the application of

the model and illustrates how changes in consumer preference of a local amenity, or the provision

of the amenity itself, can also have non-local effects that can ripple through an urban system and

reshape the spatial distribution of residents and production activities. This paper demonstrates

that the quantitative spatial model are capable of provide theoretically consistent predictions under

various simulated scenarios, which potentially have important policy implications. Such policies

and interventions include but are not limited to pollution information disclosure programs, news

reports on environmental hazards, development of urban projects, relocation of �rms or government

of�ces, etc.

The remainder of the paper is organized as follows. Section 3.2 describes the main data

sources. Section 3.3 presents the reduced form evidence on the valuation of environmental

amenities in housing prices. Section 3.4 introduces the spatial urban model that evaluates the role
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of environmental amenities in a general equilibrium framework. Section 3.5 estimates the model

parameters. Section 3.6 conducts counterfactual analysis for the impact of environmental amenities

on welfare and spatial distributional effects.

3.2 Background and Data

3.2.1 Air Pollution Monitoring and Information Disclosure in Beijing

Beijing was among the �rst wave of 42 Chinese cities that established infrastructures for air

pollution monitoring in 2000 (People's Daily Online, 2000). In the same year, China's Ministry of

Environmental Protection started publishing daily air pollution index (API) at the city level through

the National Daily Report on Air Quality. Of�cial air pollution data in the following decade was

limited in both temporal and spatial resolution and rarely receive public attention.

In 2008, the U.S. Embassy in Beijing started monitoring PM2:5 concentrations from its rooftop

sensors and published the hourly readings real-time on Twitter. The inconsistency between

monitored data from these sensors and the government sources was propelled into a public debate

during episodes of extreme pollution in late 2011 and even raised diplomatic tension.

Large-scale real-time air pollution monitoring was �rst implemented in Beijing on Jan. 21,

2012 (People's Daily Online, 2012), when 27 monitoring stations across the city started collecting

hourly readings for pollutants including SO2, NO2 and particulate matter (PM10).2 Air pollution

data was streamed to the public through MEP's website and was soon adopted by many pollution

and weather apps. The air pollution monitoring-and-disclosure program started to roll out to other

major Chinese cities in 2013 and �nally adopted nationwide in 2015, marking a watershed moment

in the history of China's environmental regulations.

2In 2013, the monitoring system was modi�ed to include �ne particulate matter (PM2:5) and implemented tighter

standards.
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The pollution information program also sparked attention of the mass media, leading to multiple

high-pro�le coverage on air pollution issues. Jointly, they stimulated substantial changes in public

awareness and consumer behaviors, as captured in the literature through housing markets outcomes

(Barwick et al., 2020a), defensive spending (Ito and Zhang, 2020), willingness to pay for clean air

(Tu et al., 2020), etc. I show in Section 3.3 how the capitalization of air quality has changed in

Beijing's housing market with the program's implementation.

3.2.2 Commuting and Travel Data

I collect data on consumer's residential, workplace, and consumption location choices from two

rounds of the Beijing Household Travel Survey (BHTS). The surveys are conducted in 2010 and

2014 by the Beijing Transportation Institute, a research agency af�liated with the city's municipal

government. The surveys' original design is to inform on urban transportation development.

The surveys collect repeated cross-sectional data through in-person interviews on household and

individual demographics (e.g. household income, size, home and car ownership, age, gender,

occupation, etc.) as well as a travel diary for each household member. The travel diary covers

all trips taken in a 24-hour time frame preceding the survey and includes information on the origin

and destination, departure and arrival time, purpose of the trip and travel mode used. The surveys

for each year cover roughly 0.5% of Beijing's residents.

I de�ne the study area to be the center of Beijing within its 6th ring road, with a land area

of around 3,000 square kilometers and a population of more than 15 million in 2010. This

area is densely populated and hosts a majority of the city's service production and consumption

activities. This area is also the core of Beijing's transportation networks and concentrates most of

the commuting and consumption travels in the city. I cover the area using a 2� 2 km grid, with the

grid cells being the basic location units in my spatial analysis. There are 756 cells in total.3

3The size of the grid cells is de�ned such that the grid is not too coarse, so that spatial heterogeneity and inter-

neighborhood travel patterns are preserved, nor overly �ne, so that the survey sample is still spatially representative
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I aggregate individual choices on residential locations, workplace, and consumption location

to the cell level and derive the probability of a cell's residents visiting other locations for each

purpose of travel. I impute individual income using household income averaged over the full-

time equivalent labor units within the household4. Table 3.1 provides summary statistics on the

demographics of the surveyed individuals who are in employment in 2010.

Spatial Patterns Figure 3.1 shows the spatial patterns of the survey data. I plot the residential

density, worker density, average residential income, and average wage for each location. The

sample of the survey is spatially representative. The residential density from the surveyed sample

is closely correlated with population density estimated by the Chinese Academy of Science (CAS)

and NASA, as shown in Figure C.15. The density maps reveal Beijing's strong monocentric

characteristics, with a very large residential and employment center at its core, and a few smaller

centers along the west-east axis and in the suburban districts. Moreover, the study area features a

distinctive north-south divide. The northern half of the city has more high-income neighborhoods

and high-wage workplaces than the south. To further explore the divide, I plot in Figure C.2 the net

in�ow of commuters for each location, calculated as the difference between residential and worker

density. Red cells in the map denote locations that has more jobs than residents and therefore relies

on commuters from other locations as labor inputs for local �rms; cells in blue have more residents

than workers and provide labor force to other locations through commuting. Again, the commuting

map shows an uneven distribution of employment and residents, where business centers locate

predominantly in locations north of the axis road, and the southern areas are more residential.

Commuting and Consumption Trips Besides the spatial characteristics of the trip, the survey

data also records self-reported trip purposes, such as commuting to work or school, shopping,

dining, etc. This allows me to distinguish between commuting and consumption trips and later

with few missing values.
4I designate full-time employees a weight of 1 and part-time a weight of 0.5
5The cell-level correlation between the residential density of survey and of CAS or NASA is above 0.8.
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identify the determinants of residential decisions in Section 3.5.3.

Commuting trips account for the largest proportion of individuals' daily travel, taking up

approximately half of all trips recorded in the surveys. Consumption trips, which I de�ne as the

collection of shopping and dining trips, are the second largest category and make up for 20% of

all travels. Previous literature has highlighted that consumption trips differ from commuting trips

in many characteristics (Miyauchi et al., 2020; Tan and Lee, 2020). I show in Figure C.3 the trip

distance for commuting and consumption trips. Since the data set do not have information on the

route of the trip, I de�ne trip distance as the direct distance between the origin and destination

of the travel. The consumption travels in Beijing are shorter in distance, with an average of 3.6

kilometers, compared to commuting trips' 7.4 kilometers. Figure C.4 reports the same pattern in

travel time. On average, time spent on travel is almost linear to the trip distance (Figure C.5). In

the empirical analysis, I use the geographical distance of two locations to estimate travel cost as it

is exogenous of travel mode selections. Duration of stays at consumption locations is also much

shorter than stays at workplaces, as shown in Figure C.6.

Other popular reasons for travel include �tness and exercise, school, and classes, picking up

people, and other personal businesses. A majority of these trips are made by children or the

retired, whose residential and consumption decisions may depend on other household members

in employment. I exclude these cohorts from my analysis and focus only on the trips made by the

employed population.

3.2.3 Air Quality

I use satellite-derived PM2:5 data covering the time periods of the surveys for Beijing from Hammer

et al. (2020) and Van Donkelaar et al. (2019). The data set includes estimated annual average

concentration of PM2:5 at a high resolution of 0.01� and is recently re-calibrated with monitored

data from China's expanded PM2:5 measurement network. The pollution data is aggregated to 2� 2

91



km cells using within-cell averages. I plot in Figure C.8 the air pollution level for each cell in 2009,

one year before the 2010 travel survey6. The �gure shows that the central part of Beijing within

the 5th ring road experiences the worst pollution in the city, averaging over 76mg/m3 in annual

PM2:5 concentration. The polluted area extends from the city center to the southern neighborhoods,

while the northwest and northeast corners of the study area enjoys relatively clean air. This can be

explained by Beijing's location at the northern tip of a polluted city cluster, with heavy industry

plants to its south and mountains to its north.

3.2.4 Housing and Floor Space

I collect data on housing transactions sourced from two major real estate �rms in Beijing. Data for

each transaction includes the latitude and longitude of the housing unit, the transaction price, and

characteristics of the housing unit and the complex that the unit belongs to. The data set includes

772,419 transactions for both new and resale homes from 2006 through 2014. Locations of these

housing units are plotted in Figure C.7.As the data set is a sample from the universe of housing

transactions, I reweight the transactions using the total number of new and resale homes sold in

each year published by Beijing Municipal Commission of Housing and Urban-Rural Development.

The transactions are then aggregate to the cell level according to the geographical location of the

housing units.

The production sector also has a demand for �oor space. I additionally derive production �oor

space from residential income, consumption probabilities, and residential housing price, assuming

perfect competition in the production sector and zero adjustment cost between residential and

production �oor space.

In Figure 3.1, I map the �oor space density and the average housing prices in 2010. The spatial

distribution of �oor space roughly matches those of residents and production activities in the city,

6In the model estimation, I lag air pollution by one year to avoid any endogeneity concerns due to simultaneity.
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which are the two sources of demand for �oor space. Housing prices are notably higher in the

city center, and the northern half of the city hosts more expensive housing units than the south on

average.

3.2.5 Other Residential Amenities

I collect data on the locations of schools, hospitals, and parks, as plotted in Figure C.9. I construct

three proximity indices using inverse distance weighting to measure each location's access to the

city's schools, hospitals, and parks. For example, residencen's proximity index to schools is

constructed as

indexschool
n = å

j2J

1
distn j

q j ;

whereJ denotes the set of schools;dn j denotes the distance between residencen and schoolj;

q j denotes the quality of the school7. Proximity indices to hospitals and parks are constructed

similarly. I categorize locations' access to parks as an environmental amenity (in addition to air

quality), and access to schools and hospitals as non-environmental amenities.

3.3 Reduced Form Evidence

Before proceeding to the general equilibrium model, I examine the impact of environmental

amenities on equilibrium prices in the housing market. I use Beijing's implementation of the

pollution monitoring and information disclosure programs in 2012 as a natural experiment.

In Figure 3.2, I plot the relationship between air pollution and housing price per unit area from

the housing transactions in Beijing. I control for variables including cell �xed effects, transaction

7For schools and hospitals, the amenity qualities are �xed at 1; for parks, I treat each cell as a potential amenity provider

( j) and use the area of green space in each cell as the quality measure (q j ).

93



year-month �xed effects, quadratic functions of unit and complex size, as well as other unit and

complex characteristics (such as number of rooms, distance to nearest subway station at transaction

date, school district, complex size, and number of buildings). The blue dash line in the graph

denotes the semi-elasticities of housing price with respect to air pollution for each quarter, and the

gray area denotes the 95% con�dence interval of the estimates. The semi-elasticities are estimated

from the following speci�cation,

logUnitPriceint = å
q

aqpollnt + z0
intb + hn + xt + eint

whereUnitPriceint denotes the unit housing price in a transactioni for a housing unit located in

cell n in year-montht; q denotes the year-quarter andaq are the quarterly semi-elasticities;pollnt

is the cell's pollution level;zint is the property charactristics introduced above;hn andxt are the

location and transaction year-month �xed effects, respectively.

The semi-elasticities of housing price are small and insigni�cant before Beijing implemented

the pollution monitoring-and-disclosure programs in 2012, indicating a limited response of the

housing market to air pollution. From the �rst quarter of 2012, I document a negative and

statistically signi�cant relationship between housing price and the location's air pollution level.

The estimates show a much stronger capitalization of air quality in housing market outcomes after

the implementation of the pollution monitoring-and-disclosure program, consistent with �ndings

from the literature. More importantly, the drastic change in the event-study estimates at the �rst

quarter of 2012 is evidence that the changes in consumer preference are not driven by increased

income, since there are no sharp changes in residential income at the beginning of 2012. My

�ndings corroborate results from Barwick et al. (2020a), where they leverage the staggered roll-out

of the monitoring-and-disclosure program at a national scale, controlling for income levels, and

document evidence of consumers' changing preference due to the information program.

In the next sections, I propose and estimate a general equilibrium framework that uncovers how
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environmental amenities and consumer awareness affect market outcomes in multiple sectors.

3.4 Theoretical Framework

In this section, I present a spatial general equilibrium model that characterizes household location

and consumption decisions as well as production decisions while incorporating agglomeration and

dispersion forces. I model the city as a collection of locations that differ in residential amenity,

productivity, quality of service, and costs of travel to other locations. I specify a closed-city model

with exogenous total population that abstract away migration in and out of the city. Individuals

choose their residence, workplace, and consumption location among the locations in the city, and

then choose a consumption bundle consisting of tradable goods, residential housing, and non-

tradable goods (services). Individuals have Cobb-Douglas utility and derive utilities from the

consumption bundle as well as local residential amenities. I model two production sectors, the

service sector and the construction sector, both featuring competitive markets and constant-returns-

to-scale technology. The service sector produces non-tradable goods using labor and �oor space

as inputs to meet the service demand from local and non-local consumers. Labor input of the

service sector in any given location is supplied by the location's residents who choose to work in

local �rms and commuters from other locations. The construction sector produces �oor space from

land and capital to meet local residential and production demands. Transport of tradable goods is

costless across the city, and the price of tradable goods are the same at all locations. Consumers and

producers take wage and prices as given when making decisions. Markets at each location clear at

equilibrium price and wage levels. Figure 3.3 summarizes the framework of the model.
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3.4.1 Consumer's Problem

The utility function for an individual,i, takes the Cobb-Douglas form below.8 Individual i resides

in locationn, works in locationm, and consumes non-tradable goods in locationj.

Unm j(i) = Bnbn(i)
�

xT(i)
aT

� aT
�

H(i)
aH

� aH
�

xS(i)d j (i)
aS

� aS

;

and 0< aT ;aH ;aS < 1;

aT + aH + aS = 1;

(3.1)

wherexT(i), H(i), andxS(i) denote the level of consumption for tradable goods, residential housing,

and non-tradable goods (services), respectively, that jointly de�ne the consumption bundle;aT , aH ,

andaS are the preference weights.Bn is the common level of amenity appreciated by all residents

in locationn. bn(i) is the idiosyncratic amenity draw for individuali that is speci�c to a potential

residence choicen. d j (i) is the idiosyncratic draw on the individuali's perceived quality of non-

tradable goods at a potential consumption placej.

Combining consumers' preferences with their budget constraints, I specify consumers' utility

maximization problem as

max
f xT (i);H(i);xS(i)gjn;m; j

Unm j(i);

s.t. PnTxT + PnHH + PjSk S
n jxS �

am(i)wm

kW
nm

where 0< aT ;aH ;aS < 1;

aT + aH + aS = 1;

wherePnT, PnH, andPjS de�ne price vectors,wm is the average wage for an ef�ciency unit of labor

8Individual decision makers in the consumer's problem also make choices on residence and workplace. I use the terms

individuals, consumers, residents, and workers interchangeably in the following sections, depending on the focus of

the speci�c problem.
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at workplacem, andam(i) is the idiosyncratic productivity shock received by workeri for a speci�c

workplacem. kW
nm denotes the bilateral iceberg travel cost incurred by an individual commuting

from n to m for work, andk S
n j denotes the travel cost for consumption trips fromn to j. The total

budget for individuali is the wage that the worker receives (am(i)wm) discounted by the commuting

cost (kW
nm) to rationalize consumers' distaste for lengthy commuting trips. Likewise,kW

n j effectively

in�ates the service price that consumers receive if they seek services from a non-local provider.

There are three individual-speci�c random draws in the consumer problem,bn(i), am(i)

and d j (i). They each capture individuals' idiosyncratic tastes for residence, workplace and

consumption location, that are not explained by common amenity, wage, prices, or travel costs.

In the model, I de�ne the shocksbn(i), am(i) andd j (i) as amenity shocks, productivity shocks,

and quality of service shocks as a simpli�cation, since these are the major factors affecting

consumers' idiosyncratic location preference. The idiosyncratic shocks follow independent Fréchet

distributions,

FB
n (b) = exp(� TB

n b� qB);

FW
m (a) = exp(� TW

m a� qW);

FS
j (d) = exp(� TS

j d� qS);

whereTB
n ;TW

m ;TS
j > 0; for anyn;m; j 2 N;

qB;qW;qS > 1:

TB
n , TW

m , andTS
j are the scale parameters that determine the overall level of random draws for

each location.qB, qW, andqS are the dispersion parameters that govern the variations in random

draws across individuals. The dispersion in consumers' individual tastes on amenities, services,

and in the levels of productivity allows consumers with identical utility structure to make different

choices that maximize their utilities with respect to different random draws. At an aggregated level,

this heterogeneity in decisions is featured in population's choice probabilities.
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Individuals make decisions in the following sequence9:

Step (1) Individual i chooses residence, after observing idiosyncratic amenity drawsbn(i);

Step (2a) Individual i chooses workplace, after observing idiosyncratic productivity drawsam(i),

conditioning on residencen;

Step (2b) Individual i chooses consumption place, after observing idiosyncratic service quality draws

d j (i), conditioning on residencen;

Step (3) Individual i choose the optimal consumption bundle of tradable goods, residential housing,

and non-tradable goods, conditioning on previous choices: residencen, workplacem, and

consumption placej.

As I de�ne in the decision sequence, individuali facing a residential decision in Step (1) do

not have information on the realization of idiosyncratic draws,am(i) and d j (i) . Decisions on

workplace in step (2a) and those on consumption place in (2b) are independent of each other; they

are therefore synchronous and interchangeable in the timing sequence.

Optimal consumption bundle. I solve the consumer's problem using backward induction,

starting from the last step where consumers chose the optimal consumption bundle for given

locationsn, m, and j. Deriving from the Cobb-Douglas utility function in Equation 3.1, the optimal

levels of consumption on goods and services for individuali are

xT(i) =
am(i)wm

kW
nm

aT

PnT
;

H(i) =
am(i)wm

kW
nm

aH

PnH
;

xS(i) =
am(i)wm

kW
nm

aS

PjSkn j
:

(3.2)

9I take residential location choice as the �rst step, since more than 90% of the travels are round trips that start and end

from individual's home locations.
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where the individual spends anaT , aH , and aS proportion of income on the three sectors,

respectively.

Insert the optimal bundle back into the utility function, and I can evaluate the indirect utility as

Vnm j(i) =
Bnbn(i)
PaT

nT PaH
nH

�
am(i)wm

kW
nm

�

"
d j (i)

PjS � k S
n j

#aS

:

The �rst fraction in the indirect utility, Bnbn(i)
P

aT
nT P

aH
nH

, depends solely on characteristics of the

residential locationn, such as amenities and prices of locally-consumed goods. The second fraction,

am(i)wm
kW

nm
, is the consumer's effective income in the budget constraint; it is driven by the consumer's

workplace choicem alone, conditioning on residencen. The third part of the indirect utility,
�

d j (i)
PjS�k S

n j

� aS

, depends only on consumption placej once residencen is set. In the next steps, I trace

consumers' decisions backwards and solve for individual's optimal workplace and consumption

place.

Workplace choice. Having decided on residencen, worker i now chooses a workplacem that

maximizes the worker's effective income. The workeri has complete information on the average

wage per ef�ciency unit of labor (wm) for all workplaces and the commuting costs between

residencen and any potential workplacem. Additionally, the individual also observes the realized

value of idiosyncratic productivity draws (am(i)) for all workplaces. I specify the workplace choice

problem as

max
mjn

nnm(i) =
am(i)wm

kW
nm

:

Residenti who lives in celln will choose to work at a given locationm, if workplacem offers

higher effective income (nnm(i)) than any other alternative workplacem0. Therefore, the probability
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that locationn's residents choosem as their workplace is given by

l W
nmjn = Õ

m06= m
Probf nnm(i) > nnm0(i)g:

The conditional commuting probability can be solved explicitly by integrating out the Fréchet

distributions for productivity draws, and

l W
nmjn =

TW
m

�
wm
kW

nm

� qW

å l2N TW
l

�
wl
kW

nl

� qW
: (3.3)

Equation 3.3 implies that workers favor workplaces that offer higher wages (largerTW
m andwm)

with a lower commuting cost (kW
nm). The conditional commuting probability for workplacem is

calculated by evaluating locationm's attractiveness as a workplace, as captured in the numerator,

against the attractiveness of all possible workplaces, as captured in the denominator.

I de�ne residencen's workplace access as the ex-ante expected level of workplace-driven utility

(nnm(i)) that the consumers can extract when applying their optimal workplace choices,

Wn = E[maxf nnm(i)gm2Njn]

= G(
qW � 1

qW
) �

"

å
l2N

TW
l

�
wl

kW
nl

� qW
# 1

qW

;
(3.4)

whereG(�) is the Gamma function.

Commuting accessWn measures a residential location's ease of commuting to high-wage jobs.

Wn also denotes the expected level of effective income for locationn's residents, when workplace

choice probabilities follow Equation 3.3.
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Consumption place choice. Analogous to the workplace choices, the individuali will choose j

as the location to consume services if the individual can extract more service-related utility from

j compared to any other alternatives. When making consumption place choices, the individual

observes service prices (PnS), cost of travel for service trips (k S
n j), and individual-speci�c draw on

the perceived quality of service (d j (i)). The consumption place choice can be speci�ed as

max
j jn

gn j(i) =

 
d j (i)

PjS � k S
n j

! aS

:

Then I can solve for the probability that a resident atn choosesj as consumption place as

l S
n jjn =

TS
j

�
PjS � k S

n j

� � qS

å l2N TS
l

�
PlS � k S

nl

� � qS
: (3.5)

Equation 3.5 implies that consumers are more likely to consume services in places that offer

higher-quality services (largerTS
j ) at a lower price (PjS) and with a lower travel costk S

n j.

I de�ne a location's consumption access as the ex-ante expectation over the service-related

utility (gn j(i)) achieved with consumer's optimal choices on service locations.

Sn = E
�
maxf gn j(i)g j2Njn

�

= G
�

qS=aS� 1
qS=aS

�
�

"

å
l2N

TS
l

�
PlS � k S

nl

� � qS

# aS
qS

;
(3.6)

Location n's consumption access (Sn) measures the ease of travel from locationn to

inexpensive, high-quality services.
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Residential choice problem. Now that I have solved consumers' subsequent decisions on

workplace and consumption location, I trace the problem to the �rst step where consumers make

residential decisions. Individuali, facing residential choices, do not yet observe the realization

of idiosyncratic productivity and service-quality draws (am(i) and d j (i)), since they will only

be realized in step (2). However, individuals do have information on the distribution of the

idiosyncratic draws. Therefore, the individual at step (1) will not be certain on where the optimal

workplace or consumption location will be but knows the probability associated with potential

location choices. For example, individuali, before making residential choices, knows that if the

individual choosesn as residence, the probability thatm is the optimal workplace is as speci�ed in

Equation 3.3. With this probabilistic information, the individual will base the residential decision

upon the ex-ante expectation of maximum utility that can be derived from subsequent optimal

choices, together with local price and amenity levels. The residential choice problem is speci�ed

as

max
n

Wn(i) =
Bnbn(i)
PaT

nT PaH
nH

� E [maxf nnm(i)gm2Njn] � E
�
maxf gn j(i)g j2Njn

�

= bn(i)
Bn

PaT
nT PaH

nH
WnSn:

I solve the residential probabilities as

l B
n =

TB
n

�
Bn

P
aT
nT P

aH
nH

WnSn

� qB

å l2N TB
l

�
Bl

P
aT
lT P

aH
lH

W l Sl

� qB
: (3.7)

Equation 3.7 shows that individuals are attracted to residential locations with desirable

amenities (largerBn andTB
n ), good commuting and consumption access (Wn andSn, respectively),

and low prices for locally-consumed goods (PnT, PnH).
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The ex-ante expected utility that an individual can achieve by following the optimal location

choices at every step is

U = E[maxf Wn(i)gn2N]

= G
�

qB � 1
qB

� "

å
l2N

TB
l

�
Bl

PaT
lT PaH

lH
W l Sl

� qB
# 1

qB

:
(3.8)

The expected utility (U) also measures overall consumer welfare.

3.4.2 Producer's problem

Non-tradable goods (services). Producers use a constant-return-to-scale production technology

to produce non-tradable goods (services) from labor and productive �oor space.

xmS= Am

�
L̃m

b

� b �
HmS

1� b

� 1� b

;

wherexmS is the total amount of service produced;Am is the productivity of �rms at locationm; L̃m

andHmSdenote the ef�ciency units of labor and �oor space used as inputs in the production.b is

the labor share in production, the key parameter that de�nes the technology.

Producers' �rst order conditions are given by

wm = PmSAmb
�

L̃m

b

� b� 1 �
HmS

1� b

� 1� b

;

PmH = PmSAm(1� b)
�

L̃m

b

� b �
HmS

1� b

� � b

:

This implies that the equilibrium prices and input demands should satisfy the following
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equations,

PmS=
1

Am
wb

mP1� b
mH ; (3.9)

HmS

L̃m
=

1� b
b

�
PmSAm

PmH

� 1
b

: (3.10)

Construction sector Construction �rms use capitalMm and landKm to produce �oor spaceHm

with a constant-return-to-scale technology,

Hm = Mm
mK1� m

m :

wheremis the capital share in �oor space construction.

Perfect competition and cost minimization for the construction industry implies

PmH = j mH
1� m

m
m ;

wherej m = 1
mrK

m� 1
m

m is a location-speci�c constant, andr is the cost of building capital common

across locations in the city. The equation suggests an iso-elastic supply of �oor space relative to its

price.

3.4.3 Externalities

A location's productivity depends on its exogenous attributes (such as �atness, access to highways,

etc.) and endogenous worker density,

Am = A m

�
Lm

Km

� hW

; (3.11)
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whereA n captures the exogenous components, andLm
Km

is the worker density. ParameterhW governs

the strength of agglomeration induced by production externality.

Analogously, a location's amenity level depends on its exogenous attributes (such as green

space, access to good schools, etc.) and endogenous residential density,

Bn = B n

�
Rn

Kn

� hB

; (3.12)

whereB n captures the exogenous components;Rn is the number of residents at locationn that can

be calculated from residential probability (l B
n ) and the city's total population (Pop) as

Rn = l B
n Pop: (3.13)

ParameterhB governs the strength of residential externality. The externality induces agglomeration

whenhB is positive and facilitates dispersion ifhB is negative.

3.4.4 Market Clearing

The market clearing conditions specify the set of equations where equilibrium prices and choice

probabilities clear the local markets at each location.

With the choice probabilities, I can derive the demand of locally-consumed goods as follows.

xnT =
aTWnRn

PnT
;

HnB =
aHWnRn

PnH
;

Demands for services originates from both local and non-local consumers, which can be derived
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as

xmS=
1

PmS
aSå

n
l S

nmjnWnRn

In the market for non-tradable goods (services), I equate the supply and demand, and the market

clearing condition can be characterized as

Am

�
L̃m

b

� b �
HmS

1� b

� 1� b

=
1

PmS
aSå

n
l S

nmjnWnRn:

I de�ne the total revenue received by locationm's producers asEm, and the market clearing

condition in the service market implies

Em = PmSAm

�
L̃m

b

� b �
HmS

1� b

� 1� b

= aSå
n

l S
nmjnWnRn: (3.14)

Assuming perfect competition in the markets and zero long-run pro�t for the �rms, I can derive

from producer's pro�t maximization problem the demand for labor and non-residential �oor space

as

L̃m =
bEm

wm
;

HmS=
(1� b)Em

PmH
:
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The supply of labor is equal to the sum of local labor supply and in�ow of commuters,

Lm = å
n

l W
nmjnRn; (3.15)

L̃m = å
n

l W
nmjnRnanm; (3.16)

whereanm is the average productivity of locationn's residents who work atm, and

anm = G(qW)(TW
m )

1
qW

Finally in the housing market, I equate the supply of �oor space with residential and production

demands.

Hm = HmB+ HmS:

3.4.5 Equilibrium

The equilibrium can be referenced by a set of price vectors (f PnH;PnS;PnTg)10, wage vector for

an ef�ciency unit of labor (f wmg), and choice probability vectors and matrices (f l B
n ; l W

nmjn; l S
n jjng),

that clears the markets for labor, non-tradable goods, and �oor space at every location. The set

of exogenous parameters include the scale parameters (f TB
n ;TW

m ;TS
j g) and dispersion parameters

(qB;qW;qS) de�ning the Fréchet distributions, travel costs (f kW
nm;k S

n jg), preference weights

(aT ;aH ;aS), labor share in service production (b), capital share in �oor space production (m),

parameters de�ning the strength of production and residential externalities (hW;hB), exogenous

components in productivity and amenity (f A m;B ng), and the city's total population (Pop). Given

the equilibrium vectors and matrices, all other equilibrium outcomes can be determined, such as

10In the following estimation, I take tradable goods as the numéraire and normalize its price (PnT) to be 1.
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labor inputs (f Lm; L̃mg), housing inputs (f HmB;HmSg), service outputs (f xmSg), access measures

(f Wn;Sng), level of welfare (U), etc. The endogenous variables collectively solve the set of

equations summarized in Column (2) of Table 3.2. In the next section, I calibrate and estimate

the parameters and retrieve unobserved residential amenities from equilibrium outcomes.

3.5 Quantitative Analysis and Results

3.5.1 Travel Costs

One key set of parameters I identify in the model are the travel costs ({kW
nm;k S

n jg). They dictate

consumers' preference on workplace or consumption locations closer to their residence relative to

faraway locations. Travel costs can be identi�ed from the bilateral commuting and consumption

probabilities speci�ed in Equations 3.3 and 3.5.

To avoid complicated estimations on bilateral travel costs for each home-destination pair, I

further parameterize the the model and impose an exponential relationship between travel costs

and trip distances. Travel probabilities can then be transformed into log-linear gravity equations.

For example, the commuting costs and probabilities are

kW
nm = exp(� f W � distnm);

logl W
nmjn = FWdistnm+ y W

m + xW
n ;

where distnm is the distance between locationsn andm, f W is the semi-elasticity of commuting

cost with respect to distance,FW is the semi-elasticity of commuting probability with respect to
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distance,y W
m andxW

n are �xed effects capturing the location-speci�c characteristics, and

FW = f WqW;

y W
m = log(TW

m wqW
m );

xW
n = log

"

å
l2N

TW
l

�
wl

kW
nl

� qW
#

:

The workplace �xed effecty W
m signals workplacem's wage level, and residence �xed effectxW

n

is associated with residencen's workplace access.

Finally, I add an idiosyncratic error term to capture other factors affecting travel probabilities

apart from distance, such as availability of public transport, scenery, pleasure of the trip, etc. The

gravity equations can then be estimated from observed travel probabilities using log-linear ordinary

least squares (OLS) regressions or Poisson pseudo maximum likelihood (PPML) estimations with

the following speci�cations:

logl W
nmjn = FWdistnm+ y W

m + xW
n + eW

nm;

logl S
n jjn = F Sdistn j + y S

j + xS
n + eS

n j:
(3.17)

Table 3.3 reports the PPML estimates of the gravity coef�cients (F ) for various trip purposes.

Each observation in the regression is a bilateral home-destination pair. Columns (1) to (4) reports

estimates for all trips, commuting trips, consumption trips, and other trips, respectively. I de�ne

consumption trips to include dining and shopping trips. Overall, the estimates con�rm a negative

and statistically signi�cant relationship between travel probabilities and trip distances for all trip

purposes, with a semi-elasticity of -0.169 averaging over all trips documented in the survey. This

suggests that destinations that are one kilometer further away from a place of residence receive

16.9% less visits from the its residents on average. Speci�cally, the distance slope for bilateral

consumption trips (-0.414) is much steeper relative to that of commuting trips (-0.100), consistent
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with estimates in the literature (Miyauchi et al., 2020; Hausman et al., 2021)11. The estimates reveal

that consumers' perceived cost of travel is a few times higher when traveling for services, compared

to the cost of commuting to work. The results accord with my observations from the surveys that

consumption trips are on average shorter and more local compared to commuting trips.

In Figure C.10, I present the result of a validation exercise for the gravity equations. I plot

the observed and predicted values for a location's total number of workers (Lm) and total service

revenue (Em). The two variables are direct products of commuting and consumption probabilities as

laid out in Equations 3.15 and 3.14. The prediction errors of the two variables plotted in the graph

are entirely driven by prediction errors in commuting and consumption probabilities. Correlation

between the survey data and model predictions are 0.98 and 0.97, respectively, for the number of

workers and service revenue. This suggests a very good �t of the gravity equation estimates in

explaining the commuting and consumption patterns of the city.

3.5.2 Other Parameters

I start by calibrating the dispersion parameters for the Fréchet distributions asqB = qW = qS = 6,

following the estimated ranges in Ahlfeldt et al. (2015), Heblich et al. (2020), and Kreindler and

Miyauchi (2021)12. Exploiting the spatial heterogeneity in access and amenities measures, I can

identify and solve the location-speci�c scale parameters (f TB
n ;TW

m ;TS
j g), as well as exogenous

productivity (A m) and exogenous amenities (B n). In Section 3.6, I discuss a method that

circumvents the estimations for constant location-speci�c parameters.

Next, the Cobb-Douglas preference weights (aT ;aH ;aS) are calibrated using observed

11Nevertheless, both slopes are considerably steeper than those estimated for Tokyo in Miyauchi et al. (2020),

consistent with the fact that Beijing's residents make shorter trips on average compared to Tokyo's residents.
12Although none of the cited studies estimate the dispersion parameters for Beijing or China speci�cally, the difference

in estimates across cities and regions are small. I do not estimate these parameters in this paper due to lack of

precision or availability in data.
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consumers' expenditure shares from Beijing Municipal Bureau of Statistics, as implied by the

optimal bundle in Equation 3.2. I set the expenditure share on tradable goods (aT), residential

housing (aH), and non-tradable goods (aS), to be 52%, 28% and 30% for 2010, respectively. The

following years saw a large shift of consumers' demand from commodities to services, leading to

a �fteen-percentage rise in expenditure share on services (to 45% in 2014) and a drop for tradable

goods (to 24% in 2014). The survey also documents a modest uptick in consumer's spending on

housing relative to non-housing sectors, partly owing to soaring housing prices. I use two sets of

expenditure shares separately in the calibration for 2010 and 2014.

To de�ne production technologies, I extrapolate from estimates in Bai and Qian (2010) and set

the labor share in the service sector (b) as 0.60. I set the capital share in �oor space production

(m) as 0.77 according to reports from China's Ministry of Land and Resources. I calibrate the

externality parameters (hW;hB) from the literature (Rosenthal and Strange, 2004; Melo et al., 2009;

Ahlfeldt et al., 2015)13.

3.5.3 Decomposition of Locations' Attractiveness

To estimate the role of environmental amenities in consumers' residential choices, I �rst retrieve

unobserved residential amenities from locations' attractiveness as residential locations. I de�ne

a location's attractiveness from observed residential probability and housing price, combining

Equations 3.8 and 3.7,

Attractivenessn = ( l B
n )

1
qB PaH

nH = Wn � Sn � Bn: (3.18)

whereWn andSn measure locationn's access to job and consumption locations, respectively. I

de�ne Bn as the residential amenity, capturing determinants of a location's attractiveness other than

13There is a lack of consensus in the literature regarding the estimates for the externality parameters. I show in Section

3.6.2 that the welfare gains remain if I mute externalities in the model.
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commuting and consumption access, and

Bn = ( TB
n )

1
qB

Bn

PaT
nT

�
G( qB� 1

qB
)

U
=

Attractivenessn
WnSn

: (3.19)

The levels of residential amenities (Bn) differ across locations in the city only by the averages of

Fréchet amenity shocks (TB
n ) and common amenity levels (Bn), since price of tradeable goods (PnT),

ex-ante expected utility (U), and dispersion of Fréchet shocks (qB) are the same for all locations.

As such, the model is capable of evaluating the general equilibrium impacts from exogenous shocks

in the provision of amenities, captured inBn's, or those from a change in consumer preference on

amenities, captured inTB
n 's.

Equation 3.18 implies that a location's attractiveness, characterized by observed equilibrium

outcomes such as dense population (largel B
n ) or expensive housing (largePnH), can be attributed

to desirable workplace access (Wn), consumption access (Sn), or a composite of other residential

amenities (Bn).

I plot in Figure C.11 the overall attractiveness of each location as de�ned in Equation 3.18.

Locations with highest attractiveness cluster within Beijing's 3rd ring road and align with locations

with high residential densities and expensive housing.

I recover locations' workplace and consumption access using residence �xed effects from the

gravity equation estimates,

W�
n = G(

qW � 1
qW

) � exp(
1

qW
xW�

n );

S�
n = G(

qS� 1
qS

) � exp(
1
qS

xS�
n ):

where the superscript� denotes estimated values;W�
n andS�

n are the estimated access measures;

xW�
n andxS�

n are the estimated residence �xed effect for locationn from Equation 3.17. Residential
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amenities can then be estimated using Equation 3.19.

In Figure 3.4, I present the estimates for workplace access, consumption access, and residential

amenities for each location. The maps show a strong correlation between locations' commuting

access (W) and consumption access (S). Individuals can enjoy greater commuting and consumption

access if they reside in the central area of Beijing within the 4th ring road, where jobs, businesses,

and public transportation lines concentrate. On the other hand, areas with desirable levels of

residential amenity either concentrate in Beijing's core within the 2nd ring road or scatter around

the suburban centers to the east and northwest.

In the next step, I undertake a variance decomposition practice to calculate the relative

importance of each attraction component following the log-decomposition method implemented

in Eaton et al. (2004) and Miyauchi et al. (2020). Speci�cally, I estimate the contributions of

each component to the total variation in locations' attractiveness using a set of log-log OLS

regressions, where I regress the log-transformed access or amenity measures individually on the

log-transformed attractiveness measure.

logWn = vW + kW log(Attractivenessn) + uW

logSn = vS+ kSlog(Attractivenessn) + uS

logBn = vB + kB log(Attractivenessn) + uB

(3.20)

By construction, the intercept terms in the three equations above sum up to zero (vW + vS+ vB =

0) and the slopes sum up to one (kW + kS+ kB = 1). Coef�cient estimates on the slope terms

(kW;kS;kB) denote the proportion of variation in overall attractiveness that can be attributed each

component. Appendix C.3 explains the regression-based variance decomposition in detail.

Panel (d) in Figure 3.4 reports the estimated coef�cients from Equation 3.20. The estimates

suggest approximately half of a location's attractiveness to the population can be ascribed to its
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ease of commute to well-paid jobs, with another 21% to its accessibility of inexpensive high-

quality services, and a remaining 30% to other residential amenities. The results are comparable

with Miyauchi et al. (2020)'s �ndings for Tokyo where commuting and consumption access each

accounts for 45% and 27% of the variation in attractiveness14.

To further uncover the amenities cloaked under the composite termB, I show in Table 3.5 the

regression estimates of a location's residential amenity on its potential determinants, including its

access to schools, hospitals, parks, and the location's air quality. Proximity indices for schools,

hospitals, and parks are composed using inverse distance weighting, and air pollution levels are

lagged by one year to avoid any endogeneity concern due to simultaneity. As the estimates show, in

2010, a location's proximity to schools and hospitals are strong predictors of its model-derived

residential amenity: a one standard deviation change in the proximity indices for schools and

hospitals corresponds to a 0.12 and 0.16 standard deviation change in the residential amenity on

average. However, I �nd no signi�cant link between the composite amenity term and environmental

amenities, implying their possible absence from the residents' decision process.

As a comparison, I re-calibrate the model and estimate the equilibrium outcomes using

parameters and data from 2014. Column (2) in Table 3.5 presents the estimates. In contrast

to earlier �ndings, the results document a signi�cant positive correlation between a location's

environmental qualities and its estimated level of residential amenity in 2014. Meanwhile, the

coef�cient estimates for non-environmental amenities (schools and hospitals) are similar to their

2010 counterparts. Speci�cally, a one standard deviation change in proximity to parks or in air

pollution levels correlates to 0.14 and 0.19 standard deviation changes in the residential amenity,

respectively. The estimates indicate that environmental amenities play a larger role in consumers'

residential decisions in 2014 compared to 2010. The estimated results are robust to inclusion of

14Miyauchi et al. (2020) construct estimates using data from Tokyo in 2019, where the expenditure share on the service

sector is calibrated to be 66%, twice as large as Beijing's in 2010 (30%). My estimates for Beijing using data from

2014 is more comparable, where the expenditure share had increased to 45%, and commuting and consumption

access each accounts for 44% and 28% of the variation in locations' attractiveness.
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additional district �xed effects as shown in Table C.1.

There are several possible explanations for this change in consumers' preference structure.

For one, rising income levels can boost consumers' demand on environmental amenities as they

are often considered to be less affordable housing attributes or even a luxury (Martinez-Alier,

1995; �aszkiewicz et al., 2019). Repeated incidences of extreme pollution events during the

winter season in 2012 and 2013, coupled with the following government campaign for clean air,

also contributed to consumers' increasing awareness on environmental challenges. In 2012, the

introduction of pollution information disclosure programs in Beijing granted high-quality real-

time pollution information streams directly to individuals, enabling potential residential sorting

behaviors thereafter (Barwick et al., 2020a). I show using an event study in Section 3.3 that the

change in consumer preference during this period is not driven by rising income levels but rather the

improvement in information availability and increasing consumer awareness on air pollution. This

also explains the changes in consumer preference for parks. The information program implemented

in 2012 not only increased the provision of air quality information but also changed people's

awareness about the impact of clean air and being closer to parks on their health. When location-

speci�c air pollution data is not available from the 27 monitoring stations in Beijing, individuals

may also draw on a location's access to parks as a signal for clean air. Moreover, being closer to

parks could itself capture the bene�t from reduced air pollution on top of what the air pollution

variable captures due to the coarseness of the air pollution data from remote sensing.

The absence of environmental amenities from consumers' decisions in 2010 and their

introduction in 2014 invite interesting questions. If the preferences revealed from the 2014 survey

are closer to consumers' true experience utility, and their decisions in 2010 are ill-informed, how

large would the welfare loss be from these decisions? How would residential and job locations

adjust, had residents in 2010 valued environmental amenities as they did in 2014? I explore these

questions in detail through counterfactual analysis in the next section.
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3.6 Counterfactuals

This section explains the exact-hat approach that solves the counterfactual equilibrium and

discusses results from two counterfactual analyses. The �rst analysis focuses on consumers'

enhanced preference towards environmental amenities and estimates its impact on equilibrium

outcomes and the overall welfare. The second analysis estimates the general equilibrium

elasticities of income and housing price from marginal air pollution shocks and derives consumers'

willingness-to-accept for bearing polluted air.

3.6.1 Counterfactual Equilibrium

In this section, I apply the exact-hat algebra from the trade literature (Dekle et al., 2008) to the

spatial general equilibrium model proposed in Section 3.4. Analogous to a comparative static

analysis, the exact-hat approach totally differentiates the system of equations and express variables

in the counterfactual using original equilibrium outcomes and the changes in between equilibria.

This procedure produces a new system of equations that is computationally easy to solve as

it eliminates location-speci�c parameters that are constant across equilibria. More importantly,

the exact-hat approach relaxes identi�cation assumptions on the model parameters and �nesses

convoluted estimations from inverting the whole model (Donaldson, 2016).

Appendix C.3 explains the exact-hat algebra in detail. The system of equations established by

the exact-hat method is summarized in Column (3) of Table 3.2, each derived from a corresponding

equation in Column (2) that de�nes the equilibrium outcomes. In the following sections, I

undertake two counterfactual analyses based on results derived from the exact-hat equation system.
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3.6.2 Preference Change on Environmental Amenities

At the end of Section 3.5.3, I document a stronger emphasis on locations' environmental attributes

when consumers selected residence in 2014 compared to 2010. If we are willing to assume that

consumers in 2014 have re�ned their preference structure to incorporate the bene�t and harms

associated with environmental amenities but have not yet done so in 2010, it would imply that the

equilibrium outcomes I observe in 2010's data are suboptimal. For instance, a typical consumer in

2010 would make a residential decision without internalizing the harm of air pollution and would

thus experience polluted air. Collectively, this discrepancy between consumers' decision utility and

experience utility will lead to a suboptimal distribution of residence across the city. Furthermore,

the spatial distribution of employment and service production would also agglomerate towards

misplaced residential centers to reduce consumers' travel costs. Through similar mechanisms

embedded in the system of equations, the absence of environmental amenities will have extended

consequences on all equilibrium outcomes that go beyond their direct impacts on residential

locations.

In the following analysis, I estimate an alternative equilibrium using exact-hat algebra to

explore the counterfactual scenario where consumers valued environmental amenities in 2010 as

they did in 2014. I �rst calculate the counterfactual change in residential amenities by replacing

2010's coef�cient estimates on environmental attributes (i.e. proximity to parks and air pollution

level) in the �rst column in Table 3.5b with their 2014 counterparts in the second column15.

This creates a shock in residential amenities that will drive the adjustments in other equilibrium

outcomes. Using the original 2010 equilibrium as the initial guess (withbz= 1 andDz= 0 for any

endogenous outcomez), I update values of the endogenous variables iteratively until they reach a

new equilibrium.

15I scale the 2014 estimates down to comparable levels using CPI for tradable goods, as they are the anchor of price

normalization.
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Counterfactual Equilibrium Outcomes. Figure 3.5 presents the equilibrium outcomes under

the counterfactual scenario, measured by their changes from the original equilibrium levels. The

�gures each plot changes in equilibrium levels for residential amenities (bBn), number of residents

(bRn), number of workers (bLm), area of �oor space (bHn), expected income of residents (cWn), average

wage of workers (bwm), and price of �oor space (bPnH). Red cells denote negative changes compared

to the initial equilibrium, such as fewer residents or workers, or decreases in wage, etc.; blue

cells denote positive changes. For locations in the most polluted quartile (with an annual PM2:5

concentration above 75mg=m3), the counterfactual analysis predicts an 18% drop in the number

of residents, a 7% drop in the number of workers, a 3% increase in both residential income and

workers' average wage, a 12% decrease in total area of �oor space, and a 5% decrease in housing

prices, at average levels.

Figure 3.5a, the �rst map of the set, shows the changes in residential amenities at the new

equilibrium. They are nearly identical to the exogenous shock I initially introduce from the

preference change, except that the equilibrium outcomes also adjust for residential externalities.

The amenity shocks are negative for almost all locations as consumers' perception on pollution's

harm overwhelms the bene�ts from green space. Particularly, the south and southeast sections of

the city have poorer air quality and limited green space and therefore experience sizable drops in

residential amenity levels as large as -30% to -50%.

Figures 3.5b and 3.5c plot the shift in population distributions. As expected, the estimates of the

new equilibrium show a major relocation of residents from the city's polluted south to the northwest

and the suburbs. Since residents favor closer workplaces and consumption places due to the cost of

travel, job locations in the service sector also redeploy around new residential centers in response,

as illustrated in Figure 3.5c. The changes in job density have a less distinct pattern compared to

those for residential density due to the availability of commuting.

For additional labor market outcomes, I present in Figures 3.5e and 3.5f the changes in

equilibrium income and wage. Changes in expected income directly re�ect the monetary
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compensation associated with the lack of residential amenities. Unsurprisingly, I �nd a

considerable increase in the residents' income in places where amenities are less satisfying. The

estimates indicate that consumers' perceived cost of environmental damages can be as large as 4%

of one's income in Beijing's most polluted areas. In Section 3.6.3, I leverage the trade-off between

real income and pollution levels to estimate consumers' willingness to accept for air pollution

and the damage curve of pollution. Wage levels, on the other hand, signal the relative strength

in service production and labor supply. The equilibrium outcome shows a rise in workers' wage

in the polluted city center, since workers in the new equilibrium would demand compensation

to overcome higher commuting cost if they relocate to cleaner suburbs, or to offset the lack of

amenities if they reside in polluted locations near workplace. Overall, the counterfactual change in

consumers' amenity preference leads to higher costs for �rms to acquire labor if the �rms locate in

the polluted areas of the city, even if environmental amenities do not directly affect production as I

specify in the model. Recent studies suggest that poor air quality has a signi�cant negative impact

on worker productivity, though the scale of the impact varies with sector and region (Graff Zivin

and Neidell, 2012; He et al., 2019; Chang et al., 2019). If I incorporate the productivity effects, the

theoretical model would likely predict larger production relocation and wage adjustments.

In the housing market, the southern half of the city sees a substantial decline in both residential

and production demand, leading to less occupied �oor space (Figure 3.5d) and lower housing prices

(Figure 3.5g) at equilibrium levels. I further partition the total change in �oor space to changes in

residential housing (Figure 3.6b) and non-residential housing (Figure 3.6c) which con�rms the

�nding.

I repeat the event study analysis in Section 3.3, incorporating housing price adjustments

from the counterfactual equilibrium. The estimates in Figure C.14 show that if individuals had

incorporated environmental amenities into their decisions prior to 2012, the capitalization of air

pollution in the housing market will be of similar levels to that in the following years after the

implementation of the pollution monitoring-and-disclosure program in Beijing.
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Table C.2 shows the semi-elasticity for each endogenous variables with respect to air pollution,

the major driver of the amenity shock. I regress location-speci�c counterfactual changes on local air

pollution levels in 2009, and estimate the semi-elasticities between the original and counterfactual

equilibrium. The estimates are consistent with patterns observed in the previous plots. Speci�cally,

I estimate a semi-elasticity of -0.003 for housing price, roughly on par with the estimated change

in Figure C.14.

Welfare Impacts. The adjustments in consumers' residential, workplace, and consumption

decisions entail notable welfare bene�ts. The overall welfare increase, which I calculate from

bU in Equation C.1, amounts to 8.43% in the counterfactual equilibrium compared to the original.

This is equivalent to the welfare change if I impose an 8.4% raise in income for all individuals,

while holding all other variables at their unadjusted levels. For 2010, the welfare bene�t translates

to 2,450 Chineseyuan(or $366 in 2010 dollars, $440 in 2021 dollars16) per person. With a 20-

million population, the total bene�t for Beijing's residents adds up to 50 billionyuanin 2010, had

they been internalizing environmental harms into their decisions. The counterfactual adjustments

are mostly bene�cial for residents residing in the polluted locations in 2010. Aggregating over

different age and income groups, I �nd large welfare improvements for seniors and higher-income

residents (Figures C.12 and C.13).

In Table 3.6, I explore �ve additional scenarios to identify the channels through which

environmental amenities affect welfare. Scenario (0) corresponds to the full model I previously

discussed, predicting a 8.43% increase in welfare.

In scenario (1), I mute the adjustments in the labor market (cWn) by retaining each cell's original

wage levels (wm) and commuting probabilities (l W
nmjn). This incurs huge commuting costs directly

to workers who have relocated away from their original workplace. As a result, scenario (1) predicts

16In 2010, The average disposable income for Beijing's residents is 29,073yuan. The exchange rate for USD/CNY is

6.7 in 2010. $1 in 2010 is equal in buying power to $1.20 in 2021 using chained CPI as the measurement.
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that almost all welfare bene�ts from residential and consumption adjustments will be offset if labor

market outcomes are remain in situ.

In Scenario (2), I partial out the welfare bene�t driven by service market adjustments (bSn) by

�xing service prices (PjS) and consumption probabilities (l S
n jjn) at their original levels. The welfare

contribution from the service market adjustments appears to be marginal compared to estimates for

the labor market in Scenario (1), and the reasons are twofold. First, non-tradable goods and services

accounts for less than one-third of consumers' expenditures, while their income depends entirely

on labor market outcomes and commuting costs. As a result, consumers' welfare is more sensitive

to changes in wage levels than those in service price. Secondly, the cost of consumption trips are

much higher than that of commuting trips and an overwhelming majority of demand for services

are met locally in both equilibria. This implies minor adjustments in conditional consumption

probabilities between two equilibria and a small welfare change correspondingly.

Conversely, changes in housing price (bPnH) explain a sizable proportion of the welfare gain,

despite housing's relatively small share (28%) in consumer expenditure. This is because housing is

a local good that residents cannot substitute with non-local supplies (unless switching residence).

More importantly, the price of �oor space affects welfare through multiple pathways, including its

direct implication with residential relocation and its complementarity with labor on the production

side.

Scenarios (4) and (5) re-estimate two counterfactual equilibria where I set the strength of

production externality (hW) and residential externality (hB) to zero, respectively. Both forces

reshape the agglomeration of economic activities and affect the overall welfare at a moderate level.

In summary, if we assume consumers' utility are correctly speci�ed in 2014, then the absence

of environmental amenities in consumers' decision framework in 2010 would be associated with

a substantial loss in welfare, due to suboptimal choices and market equilibrium outcomes. In

the counterfactual analysis, I apply consumers' enhanced preference on environmental amenities
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in 2014 onto the observed equilibrium in 2010 and �nd a 8.43% welfare improvement from

consumers' decision adjustments. The welfare gain is equivalent to an income shock of 2,450

Chineseyuan(or $366) per person in 2010. The major channels explaining the welfare change

are market forces in the labor and housing markets. The welfare estimates suggest large potential

gains from government programs that, for example, facilitate air pollution information disclosure,

or those that raises consumers' awareness on environmental amenities or the lack thereof.

3.6.3 Willingness to Accept on Air Pollution

In this section, I derive the cell-speci�c willingness to accept (WTA) or minimum compensation

for individuals to bear additional pollution. I follow Rosen-Roback model of inter-urban sorting

developed in Gao et al. (2021) and provide estimates with simulated equilibrium outcomes.

Gao et al. (2021) proposes that consumers' marginal willingness to pay (MWTP) for an amenity

x is captured in the semi-elasticity of real income with respect to the amenity, if consumers reveal

their true hedonic prices in their residential choices. MWTP can be calculated with the following

equation.

MWTPx =
¶ log(Income=PaH

H )
¶ x

� Income

whereIncomedenotes residential income,PH denotes housing price, andaH denotes housing share

in consumer expenditure. The termIncome=PaH
H measures residents' real income, i.e. housing price

adjusted income.

To estimate the semi-elasticities, I compute 260 counterfactual exercises where I shock each

inhabited cell with a 1mg/m3 increase in PM2:5 concentration, holding pollution levels in all other

locations at their originally observed levels. I use the counterfactual equilibrium calculated in

Section 3.6.2 as the baseline. From the simulated equilibrium outcomes, I can calculate the semi-
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elasticities for residents living in locationn as
cWn
bP

aH
nH

.

Figure 3.7 plots the spatial distribution and kernel density of the estimates. I �nd the

marginal willingness to accept being 25yuanon average in compensation for a 1mg=m3 increase

in PM2:5 concentration. The map shows substantial heterogeneity in the marginal willingness

to accept across the city. Individuals residing in the cleaner northwest regions, for example,

demand relatively higher compensation compared to those from polluted locations, since I estimate

a downward sloping marginal damage curve with respect to pollution. Figure 3.8 plots the

relationship between willingness to accept and pollution levels in an effort to retrieve the perceived

marginal damage curve. Cells are grouped into 20 bins according to their pollution levels. The red

line �ts the within-bin averages, weighted by the residential population of the cells in each bin. The

�gure shows that residents whose home location enjoys the cleanest air in the city has a marginal

willingness to accept as high as 50yuan, three times greater than the estimates for those who live

in the most polluted locations.

3.7 Conclusion

This paper studies the role of environmental amenities in shaping the distribution of economic

activities in an urban system. I focus on consumers' increasing preference for environmental

amenities in Beijing, a result of improved consumer awareness and information availability on

locations' environmental qualities. Leveraging the spatial granularity of several rich and unique

data sets, my analysis documents a large welfare improvement if consumers could incorporate

environmental amenities into their decisions, compared to the scenario of not incorporating

environmental amenities. The primary channels of impact are relocation of residents and across

different neighborhoods within the city, as well as adjustments in local housing markets.

The �ndings from the study suggest large bene�ts from policies that facilitate information
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disclosure or raise public awareness on environmental amenities, such as pollution information

monitoring-and-disclosure programs, news coverage on environmental risks, etc. As such, policy

makers should commit to the availability, transparency, and accuracy of monitored data, as well as

informing the public of the bene�ts and harms associated with environmental amenities or a lack

thereof. Moreover, the analysis on Beijing highlights the signi�cance of environmental amenities

to both residential decisions and production activities in the city. As consumers' preference on

environmental amenities grow, residental locations with better amenities would become more

popular, and �rms located in areas with less desirable amenities could face higher labor costs

and lower demands due to costly commuting and consumption travels. City planning authorities

should take both adjustments into account when designating land purposes or managing future

urban development project. Finally, while my study is in the context of environmental amenities,

the framework of the analysis could offer important guidance on urban planning in other settings

such as site choices for new schools and hospitals, relocation of factories or government of�ces,

etc. A comprehensive evaluation of such interventions, entailing not only their direct effects on

one local market but also the extended impacts in the greater urban economy, is crucial for policy

makers to make well-rounded decisions in order to reduce any inef�ciencies in resource allocation.
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