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Abstract

Essays in Environmental Economics

by

Lan Lin

Doctor of Philosophy in Agricultural and Resource Economics

University of California, Berkeley

Professor Michael Anderson, Chair

This dissertation features three empirical studies on the interaction of economic
activities and the environment. Chapter 1 estimates the costs of environment reg-
ulations by analyzing administrative records of industrial firms in China. Chapter
2 investigates the relationship between environmental conditions and birth decisions
and uses online purchases to infer fertility trends. The last chapter examines house-
hold panel scanner data to evaluate the impact of changing fuel prices on consumers’
shopping patterns. These three papers take advantage of different data sources to
answer important questions in environmental economics, on both the producer and
the consumer side.

The first chapter measures the impacts of ad hoc environmental regulations in
China on firm performance. Under global attention and pressure, the Chinese gov-
ernment adopted a number of radical emergency pollution control measures to ensure
good air quality during the 2008 Beijing Olympic Games. Polluting plants in and
near the city were required to reduce or suspend production, and plants in the more
polluting industries and in areas closer to Beijing were subject to stricter regulation.
Exploiting this variation in regulatory stringency by time, industry, and distance, I
use a triple differences-in-differences design to study the costs of environmental regu-
lations on producers in China. I find that firms in heavily-polluting industries within
Beijing experienced large negative shocks during the event year, with significant re-
ductions in revenue, output, employment, and profits. Nonetheless, the estimated
costs of the ad hoc regulations are less than 30% of the previously estimated health
benefits from improved air quality.

The second chapter explores reasons behind China’s declining fertility and ex-
amines the role of deteriorating environmental quality. China has one of the world’s
lowest birth rates, even following the lifting of the one-child policy. Survey results
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show that concerns over environmental conditions are an important factor affecting
child-bearing decisions. In this paper, I use online purchases of products related to
child birth to study whether and how pollution level affects fertility intentions. Using
a distributed-lag model and exploiting random variation in air pollution stemming
from thermal inversions, I find that people have less desire to have more children
when air pollution worsens. Long-term changes in air quality have stronger impacts
than contemporaneous fluctuations. I also find limited effect heterogeneity between
high and low-income cities, suggesting that the negative relationship between fertil-
ity intentions and pollution is unlikely due to financial worries such as higher health
care expenditures.

The third chapter empirically studies the effects of gasoline prices on retail chan-
nel choices, especially online channels, using the Nielsen HomeScan Panel Data for
more than 12,000 Californian households from 2004 to 2013. I find some evidence
that gasoline prices do affect store format choices, and that consumers visit closer
stores, reduce shopping trips, and switch away from grocery and discount stores to-
ward warehouse clubs and drug stores when gasoline prices are high. However, there
is little support to the claim that online sales benefit from rising fuel prices as con-
sumers try to avoid driving to save on gas. The estimated effects of gasoline prices
on online purchases are both small and insignificant.
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Chapter 1

Environmental Regulations and
Firm Performance: Evidence from
China

1.1 Introduction

China’s unprecedented growth has greatly improved the economic well-being of
its 1.3 billion citizens. Yet in the process tremendous pressure has been placed on
the environment and the ecosystem. Many cities in China are often shrouded with
smoggy air that comes from factories, coal-burning power plants, and an increasing
number of vehicles. While pollution control measures can address health concerns,
to set optimal policy it is also crucial to understand how these regulations will affect
economic activity. This is especially true in the Chinese context, where policymakers
give high priority to economic performance.

In this paper, I estimate the regulatory costs of air pollution controls in China
that are adopted during major events. Although air pollution is a persistent problem
for China, the government has experienced success in temporarily clearing up smog.
Each time a major event is held in China, the government takes action to ensure
good air quality in order to establish positive national image. The first notable, and
probably most aggressive, effort was taken during the 2008 Beijing Olympic Games.
The 29th Summer Olympic Games was seen as a chance for China to exhibit national
power to the international community and boost national confidence. However, Bei-
jing’s severe air pollution was put under global spotlight, raising doubts on China’s
ability to fulfill its environmental commitments and successfully host the Games. In
responses, the Chinese government implemented a series of rigorous pollution control
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measures. A combination of traffic restrictions and plant closures greatly improved
air quality in Beijing during the Olympics (BMEPB, 2016), and have since become
standard practice in subsequent major events. Table A1 lists some of the cities in
China that have implemented temporary pollution controls. In recent years some
Indian cities have also adopted similar emergency actions in response to severe air
pollution. 1

Taking advantage of their short duration and large scale, I use the temporary
pollution control measures as a natural experiment to study the impacts of environ-
mental regulations on industrial activity and firm performance. The event-specific
nature of the ad hoc pollution controls results in large variations in regulatory inten-
sity across time, space, and sector, which permits a research design that separates
the impacts of the pollution controls from other confounding trends in the economy.
Using a triple differences-in-differences specification to analyze firm-level data from
the Annual Survey of Industrial Enterprises, I find that firms in heavily-polluting
industries within Beijing experienced large negative shocks during the year of the
Olympics. The average firm lost about 13% of output, and profit-making firms saw
more than a 28% decrease in total profits. If firms were completely shut down dur-
ing the two-month event period and could not increase production before or after
the event, performance measures should do down by about 1/6 or 18%. Thus the
estimated impacts suggest limited flexibility of firms to inter-temporally substitute,
and large fixed costs that firms cannot avoid during suspension. These results are ro-
bust across specifications, and the estimated impacts vary across polluting industries.
Event study plots suggest that these impacts dissipated shortly after restrictions were
lifted. The lack of significant differences in pre-event trends also supports the validity
of the research design. Firms in and near Shanghai also appear to have been ad-
versely affected by the pollution controls implemented during the 2010 World Expo,
but the estimates are smaller and statistically insignificant.

The temporary nature of the event-specific regulations suggests that estimates in
this paper should be seen as an upper bound of the long run costs. If these kinds of
regulations were to be implemented more often and over longer periods, enforcement
would be less draconian and firms would have more flexibility to adapt and re-
optimize. Nonetheless, even if we use the largest estimates across specifications, the
estimated costs are less than 30% of the previously estimated health benefits. Hence
results in this paper imply large under-investment in pollution abatement efforts in
China. They present substantial policy implications as there are many other cities,

1“Indian government declares Delhi air pollution an emergency” – Guradian, Nov 6, 2016.
“Air pollution: Gurgaon shuts down polluting factories till November 14” Hindustan Times, Nov
17 ,2017.
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especially in the developing world, who also face severe air pollution problems.
Findings in this paper are especially important because of the scarcity of empir-

ical evidence on the costs of environmental regulations in China. While a number
of previous studies have estimated the health benefits from improved air quality us-
ing evidence in China and other countries (Chay and Greenstone, 2003; Currie and
Neidell, 2005; Schlenker and Walker, 2016; Tanaka, 2015; Chen et al., 2013a; Shang
et al., 2013), there is limited understanding of the costs of reducing pollution in the
Chinese context. Projecting the impacts of environmental regulations on economic
activity in China is difficult. In a period of rapid changes in macroeconomic condi-
tions, the impacts of environment policies could often be confounded by many other
factors.

Furthermore, existing environmental regulations in China often suffer from low
compliance. In part this occurs because of the trade off between emission reductions
and economic growth. Meeting emissions targets may require missing growth targets,
which government officials are reluctant to do. Other factors affecting compliance
include a high fraction of state-owned enterprises and hence more bargaining power
of the firms against regulators, the limited capacity of local environment protection
agencies, the prevalence of self-reporting, and low pollution charges. (Wang and
Wheeler, 2005; OECD, 2006). As a result, pollution abatement policies could have
reduced impacts that are hard to detect and less informative to policymakers. In
contrast, major events like the Beijing Olympic Games receive a high level of at-
tention globally. They put much greater pressure on the government, which leads
to stricter regulations and stronger enforcement. The results in this study suggest
that when the government is determined and enforces the regulations, not only the
improvement in environmental quality is significant, the effect on economic activity
can also be palpable.

This paper extends the previous literature on costs of environmental regulations
by providing new evidence from the largest developing country with severe pollution
problems. Studies of environmental regulations in the United States mostly focus
on the Clean Air Act, and they find decreases in productivity, capital stock, output,
and employment in pollution-intensive industries (Greenstone et al., 2012; Green-
stone, 2002; Gollop and Roberts, 1983; List and Kunce, 2000; Walker, 2011), loss
in earnings for workers (Walker, 2013), and relocation of industrial activity from
regulated to unregulated areas (Becker and Henderson, 2000; List et al., 2003, Hen-
derson, 1996). Although most papers find negative impacts on polluting firms, there
is some evidence that abatement can stimulate increase in productivity and R&D
expenditures (Berman and Bui, 2001; Jaffe and Palmer, 1997).

There are relatively few studies on the costs of environmental regulations that use
evidence from China. Cai et al. (2016), Lin and Sun (2016), Wu et al. (2016), and



4

Chen et al. (2016) find that environmental regulations targeting water pollution lead
to relocation of industrial activity to areas where enforcement is more lenient. In their
analysis of the traffic restrictions in Beijing, Viard and Fu (2015) record lower labor
supply for workers with discretionary work time. Zhu and Ruth (2015) show that
the introduction of energy-saving policies results in loss of output and productivity
in energy-intensive industries at the province level. There are two papers that study
the regulatory impacts of the “Two Control Zone” policy which tackles SO2 and acid
rain pollution mostly through desulfurization. Hering and Poncet (2014) document a
relative fall in sectoral exports in targeted cities after the implementation of the TCZ
policy, which is sharper the more polluting the industry. In contrast, Tanaka et al.
(2014) find substantial improvements in performance in pollution-intensive indus-
tries, suggesting that the TCZ regulations had positive effects on productivity and
competitiveness. To my knowledge, Tanaka et al. (2014) is the only paper that ex-
amines the impact of environmental regulation on firm performance in China. While
these prior studies focus on long-term policies, this paper exploits large variations
caused by short-term, event-specific pollution controls. Unique features of these reg-
ulations, including stronger enforcement and a lack of confounding factors, together
with micro-level data, allow for a cleaner identification and more precise estimation.

This paper also contributes to a strand of literature that looks at the effect of
mega events on the hosting city or country. Rose and Spiegel (2009) find that host-
ing a mega-event like the Olympics has a large and permanent positive impact on
national exports. But they argue that the Olympic effect on trade is attributable to
the signal a country sends when bidding to host the games, rather than the act of
actually holding a mega-event. Baade and Matheson (2016) show that in most cases
the Olympics are a money-losing proposition for host cities; they result in positive
net benefits only under very specific and unusual circumstances. Other studies de-
tect little positive effects on tourism and no sizable impact on the aggregated level
(Mitchell and Stewart, 2015; Lamla et al., 2014). Although the Beijing Olympic
Games and the Shanghai World Expo are different from other mega events in many
aspects given China’s unique context, the results in this paper reveal negative effect
on the host cities’ economic outcomes.

The rest of the paper proceeds as follows. Section 2 provides background on
environmental regulations in China, before introducing the array of pollution control
efforts taken for the Beijing Olympic Games, and then sketches the research design.
Section 3 describes the data sets used and presents some summary statistics. Section
4 outlines the empirical strategy. Then Section 5 reports and discusses the results.
Section 6 concludes.
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1.2 Background

Pollution Controls During the 2008 Beijing Olympic Games

After winning the bid to host the 2008 Summer Olympic Games in July 2001,
the Chinese government adopted a series of measures to clean up the air in Beijing,
as part of its promise of a “Green Olympics”. These efforts include conversion of
coal furnaces into clean fuels, retirement of old automobiles, reduction in emissions
from major industrial plants, and increase in green area and park land. Some of the
biggest polluters within the city, such as the Capital Steel Company, were relocated
or shut down. Chen et al. (2013b) lay out the detailed time-line of the pollution
control actions taken during the preparation period.

Despite such efforts, blue skies in Beijing were hard to achieve. As shown in Fig-
ures 1.1 and 1.2, air quality in Beijing often reached levels deemed unhealthy (AQI
> 100), with one year to go before the Olympics. A lot of concerns were raised over
air pollution in Beijing and the potential adverse impacts on athletes.2 International
Olympic Committee president Jacques Rogge even mentioned that some competi-
tions might have to be moved if efforts to clean up the city’s smoggy air failed.3 Stung
by worldwide attention and criticism, the Chinese government together with the Bei-
jing Organizing Committee for the Olympic Games undertook a number of radical
emergency pollution control measures. In August 2007, Beijing held a four-day test
drill of driving restrictions that removed half of the city’s vehicles off the streets each
day depending on whether license plates end in an odd or even number. The driving
restrictions were then officially in effect from July 20, 2008 to September 20, 2008,
covering the start of the Olympic Games on August 8, and the end of the Paralympic
Games on September 17. In October 2007, a joint action plan to ensure good air
quality during the Olympic Games made by Beijing and nearby municipality and
provinces, Tianjin, Hebei, Shanxi, Shandong, and Inner Mongolia was approved by
the State Council. This plan requires accelerated desulfurization and denitrification
at power plants and reduced pollution from coal burning before the Games, as well
as stricter traffic and emission controls during the Games. It was also announced
that industrial plants in heavily-polluting industries such as power generation, iron
and steel, chemical, cement, metallurgy, and petrochemical that fail to meet emission
standards by the end of June 2008 are subject to reduction or suspension of produc-
tion. Then in April 2008, the government of Beijing announced that from 7/20/2008
to 9/20/2008, construction sites were to be closed and covered, all cement plants and

2“Beijing’s Olympic Quest: Turn Smoggy Sky Blue” – New York Times, Dec 27, 2007; “U.S.
Cyclists Are Masked, and Criticism Is Not” – New York Times, Aug 5, 2008;

3“Olympic City prepares to Test Car Pollution Hurdle” – Reuters, Aug 10, 2007.
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mills within the city to be shut down, major polluters in heavily-polluting industries
to cut emissions by 30%, and all industrial plants, coal-burning furnaces, and gas
stations to be shut down if they did not reach emission standards. Two weeks before
the opening ceremony, on July 28, 2008, the governments of Beijing, Tianjin, and
Hebei issued an announcement on the emergency measures to be taken during the
Olympic Games under weather conditions that will lead to high concentration of air
pollutants. More factory plants were to be closed and more motor vehicles were to
be banned on-road in case of adverse weather conditions.

Thanks to the stream of aggressive pollution controls, air quality in Beijing im-
proved significantly for the duration of the Olympic Games. According to a joint
report by the United Nations Environment Programme and the Beijing Municipal
Environmental Protection Bureau, average concentration of PM 2.5 decreased by
60% in the core urban area. Substantial decreases in other pollutants such as SO2,
CO, NOx, and ozone during the Olympics were also recorded (Wang et al., 2009;
Wang et al., 2010). The improvement in air quality during the Olympics also re-
sulted in health benefits such as lower all-cause and cardiovascular and respiratory
mortality, reduced asthma visits, and lower blood pressure (He et al., 2016; Zhang
et al., 2011; Guo et al., 2013; Li et al., 2010; Baccarelli et al., 2011; Huang et al.,
2012).

Ad Hoc Pollution Controls as a Research Design

The set of ad hoc pollution control measures adopted during 2008 Beijing Olympic
Games successfully improved air quality in the host city, and since then similar ac-
tions including traffic restrictions and plant closures were taken during a number of
major events held in China, such as the 2010 Shanghai World Expo, the 2014 APEC
Summit in Beijing, the 2015 Victory Day Parade in Beijing, and the 2016 G20 Sum-
mit in Hangzhou. They are also practiced as part of the emergency responses when
air pollution red alerts (highest warning level) are issued.4 In recent years, cities
in other developing countries, such as New Delhi, have also used similar approaches
when faced with air pollution spikes. Three important features pertain to these tem-
porary environmental regulations. First, they are effective only for the duration of
the event, ranging from two weeks to 6 months. While other environmental man-
agement strategies in China are often long-term and stymied by weak enforcement,
the short time frame allows researchers to isolate the regulatory effects from other
policies or changes in macroeconomic conditions. Second, while the lists of firms

4“Beijing Smog: Pollution Red Alert Declared in China Capital and 21 Other Cities” –
Guardian, Dec 16, 2016. Also see Table A1
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affected by the emergency pollution controls are not released to the public, we do
know that regulatory intensity faced by the firms varies by industry. According to
the government announcements, firms in heavily-polluting industries are more closely
monitored and are more likely to be shut down during the events. Even though the
event itself can bring overall demand or supply shocks to all firms near the host city,
comparing regulated and unregulated sectors allows us to separate the effect of the
environmental regulations. Lastly, the level of regulatory stringency varies greatly
across space. Firms within the event city are subject to the strictest pollution con-
trols whereas in outer peripheral areas only top polluters are targeted. In particular,
before the 2014 APEC Summit, the government explicitly announced division of air
pollution control regions based on distance to Beijing.5 Firms that are within Bei-
jing, 100 km to the border of Beijing, 200 km to Beijing, and more than 200 km
away from Beijing were subject to different levels of control. Although such division
was not explicitly announced in previous events, similar partitions of regulated areas
were employed according to government announcements and documents.

These variations in regulatory stringency permit us to rigorously study the im-
pacts of the ad hoc environmental regulations on firm performance using a triple
differences-in-differences (DDD) estimator. The first layer of differencing is time,
comparing firms in the event year versus non-event years. The second layer is sector,
which compares firms in heavily-polluting industries with those in lightly-polluting
sectors. And the third layer is space, where firms closer to the event cities form the
treatment group and those relatively far make the control group. The firm-level data
is available from 2000 to 2013, which covers two major events held in China, the
Beijing Olympic Games in 2008 and the Shanghai World Expo in 2010. These two
events will be the focus in this paper.

Figure 1.1 gives the relative air pollution challenges these two host cities faced. In
the year before the event, the air pollution problem was more pronounced in Beijing
than in Shanghai. The 2010 Shanghai World Expo was held from May 1 to Oct 31,
which is 4 months longer than the 2008 Beijing Olympic and Paralympic Games.
This means that shutting down plants during the Expo could be too costly. Given
the greater importance and attention of the Olympic Games than the World Expo,
we should expect that the pollution controls taken in Beijing 2008 to be harsher.
Therefore it is not surprising that the estimated impacts are smaller for firms near
Shanghai.

The set of “heavily-polluting industries” varies across government documents and
announcements. Out of the repeatedly mentioned key industries, I choose six of them,
namely cement, coal-fired power plants, iron and steel, non-ferrous metal, chemical

5“In War on Smog, Struggling China Steel Mills Adapt to Survive” – Reuters, Oct 30, 2014.
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products, and petrochemical products to be the treated group of heavily-polluting
industries, because they were listed as the six key heavily-polluting industries by the
Ministry of Environmental Protection in 2013.6 They are also the only six industries
that emitted more than 1 trillion cubic meters of industrial waste gas according to the
2007 China Statistical Yearbook on Environment. There are some other industries
that were mentioned in the announcements and other government documents. In
the analysis, I assess whether the results are sensitive to the sets of industries chosen
and as well as examining heterogeneity across these six industries. Because partitions
of regulated areas were similar in earlier events, I use the division during the 2014
APEC Summit in Beijing as a guideline when assigning treatment status and divide
the event cities and neighboring areas into 5 distance groups. The first group is the
event city; the second group is 100 km to the border of the event city; the third group
is 100 - 200 km to the border of the event city; the fourth group is 200 - 500 km to
the border of the event city; and the last group is 500 - 800 km outside the event city.
I exclude the area outside the 800-km ring of the event city in order to reduce sample
size and computational burden, as well as overlap of regulated areas between events.
Figure 1.3 provides maps of the distance group partitions for the two event cities,
Beijing and Shanghai. Following descriptions of the data, the empirical strategy will
be discussed in more detail.

1.3 Data

Firm-Level Data

Detailed data on firms’ financial and operational characteristics come from the
Annual Survey of Industrial Enterprises (ASIE) from 2000 through 2013, collected
by the National Bureau of Statistics of China. The survey covers all industrial
enterprises that are “above designated size”, which include all state-owned firms
regardless of revenue and all non-state owned firms whose annual revenues exceeded 5
million yuan (about $600,000) before 2006, all firms whose annual revenues exceeded
5 million yuan from 2007 to 2010, and all firms whose annual revenues exceeded
20 million yuan after 2011, in the industrial sectors. For each firm surveyed, three
types of information are reported: i) identifying information, such as firm ID code,
name, address, registration type, industry code, and geographic code; ii) stocks,
such as capital structure, assets and debts; and iii) flows, including revenues, costs,
profits, outputs, employment, and taxes. The firm ID is used to construct a panel of
firms, and the industry code and geographic code are used to determine “treatment

6“China to Impose Limits on Six Industries to Tackle Air Pollution” – Bloomberg, Feb 19, 2013.
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status”, i.e. whether the firm is in the heavily-polluting industries and which distance
group to the event cities it belongs to. For each year in the data, I remove outliers
by dropping the top and bottom 0.5% of the outcome variables, revenue, output,
employment, and total profits. I then exclude any firm with fewer than 8 employees,
since they follow different accounting standards. Firms that appeared in the ASIE
only once are also excluded. See Brandt et al. (2014) for a more detailed description
and discussion of this database.

GIS Data

To measure the distances from firms to the event cities, I use the China At-
las of the 2010 Population Census created by the National Bureau of Statistics of
China. There are five levels of administrative divisions in China, namely provinces
or autonomous regions, prefecture-level cities, counties or districts, townships, and
villages, and the atlas has shape files at the township level. For each firm in the
sample, a geographic code pins down the township that it’s located in, and the min-
imum distances between the township and the event cities are calculated. During
the sample period, there are changes in geographic codes in China due to merging or
splitting of administrative areas, resulting in unmatched township codes and distance
measures. In such cases, I assign the distances from matched years to unmatched
years if the firm’s zip code did not change, which suggests that the firm did not move
to a different location. Spatial distribution of firms at the county level is plotted in
the appendix for reference.

Issues with the Data

Statistics published by the Chinese government are often seen as unreliable be-
cause local officials have an incentive to overstate economic performance in their
jurisdiction to further their political career. As compared with local GDP figures,
firm-level statistics are not directly used in evaluation of the officials’ achievements
and are thus less likely to have been manipulated. Nonetheless there are several
issues with the ASIE dataset that could raise concerns and need to be addressed.

First of all, the data are self-reported by the firms. Although they are supposed
to have been audited by the National Bureau of Statistics, measurement errors and
missing values are inevitable. Deliberate over- and under-reporting of certain vari-
ables are also possible. While it is not directly testable, we have no reason to believe
that such errors are correlated with treatment status, i.e. conditional on sector, dis-
tance group, and time, these errors are plausibly random across firms, in which case
they will not bias our estimates.
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Another problem with the data is that the unit of observation is a firm instead
of a plant. A multi-establishment firm that reports the location of its headquarter
to be in one distance group may have plants operating in another. Ideally, we
would like to use a subsample of single-unit firms in order to pin down precise plant
locations. However, the field for number of units is only available in the ASIE for
selected years up to 2008. In those years, more than 92% of the firms are single-unit
firms, and in 2008, the proportion is 96%. The single-unit firms also represent more
than 90% of the total output and profits in 2008. The removal of top 0.5% each
year will also exclude some very large firms who own multiple plants across different
areas. Therefore, the existence of multi-establishment firms should only cause limited
measurement error in the treatment status assignment and attenuation bias in the
estimation. In one of the robustness checks, I alter the choice of the control distance
group, and see if the results are biased by the group of firms with their headquarter
located in the control areas but own plants in the treated distance groups.

A very unusual feature of ASIE is the coverage of the sample. Firms are included
in the survey if they surpass certain revenue threshold, and this threshold, along with
certain statistical standards and classifications, changed during the sample period,
7 especially after the revision of the Statistics Law in 2009. The issue with sample
selection is addressed in the robustness checks with different subsamples. Industry-
and province-specific trends are included in the regressions, which will account for
the changes in standards from year to year. Note that some variables in the data
are not defined consistently over time, and one of the main outcome variables of
interest, firm employment, might not be directly comparable across years. Many
workers who lost their jobs during mass layoffs from the mid to late 1990s remained
on the payroll of their former employers, albeit at reduced wages and benefits, and
were still included in firm employment counts. They were gradually reclassified and
dropped from company records in subsequent years, which explains the declines in
firm employment we observe in the sample in the early periods. Firms also tend to
under-report the number of employees as they often pay taxes and fees to the labor
department that are proportional to their total employment, and this problem is more
serious at firms where migrant workers and dispatch workers hired through a third
party account for a large share of their employment. While no official government
document confirms whether firms’ employment reporting became more regulated in
later years thanks to the revised Statistics Law and Labor Contract Law, average
firm employment increased substantially in the sample after 2010.

These issues do complicate the estimation and interpretation of the results, but

7See for example http://www.stats.gov.cn/tjzs/cjwtjd/201311/t20131105 455942.html (In Chi-
nese).
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most of them should not be specific only to one group of firms in one area in one
year. Hence the triple differences-in-differences design should help us overcome the
data problems and produce dependable estimates of the regulatory effects.

Summary Statistics

Tables 1.1 and 1.2 present descriptive statistics for firms within and surrounding
Beijing and Shanghai, grouped by their distance to the two event cities. The mean
annual revenue is close to 80 million for firms around Beijing and 67 million for
those around Shanghai in constant 2000 RMB, about 6% of which turn into total
profits. On average, about 15% of firms are in the heavily-polluting industries, and
they have better performance measures than firms in other sectors. The average
firm inside Beijing makes less profits and generates less revenue than those outside
of Beijing, especially in heavily-polluting industries, while firms in all four distance
groups outside of Beijing are more or less similar in performance measures. Firms
located inside the city are more comparable to those outside of the city in performance
measures for the Shanghai sample. Figure 1.4 plots raw annual means of output and
total profits for firms inside Beijing. Additional summary plots are presented in the
appendix to save space. While there are gaps, these figures suggest that the parallel
trends assumption does seem to hold, and in the empirical analysis I also experiment
with a different choice of control distance group. In the heavily-polluting industries
around Beijing, there’s some divergence between firms inside and outside of the city
starting around 2004.

In these summary figures we do observe a decline in firm performance in the
event years, especially during 2008. However, given the rapid and massive changes
in macroeconomic conditions over this period, directly singling out the effect of one
policy or one event from many other confounding factors, such as the financial crisis
can be difficult. The Beijing Olympic Games and Shanghai World Expo pose as
unique opportunities because of their great importance and short duration, allowing
us to identify the regulatory impacts with rigorous empirical design.

1.4 Empirical Strategy

There are three sources of variations in regulation stringency faced by the firms.
The primary one is distance between the firm and the event city, as firms within
and immediately outside of the city are subject to much closer supervision and
tighter pollution controls. The second margin is whether the firm is in the des-
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ignated heavily-polluting industries. And the third variation compares firms during
the event year versus in non-event years.

To take advantage of the three margins of variation, I use a triple differences-in-
differences specification to estimate the impacts of the ad hoc pollution controls on
firms. Let Hi be an indicator for whether firm i is in one of six heavily-polluting
industries, and Tt be an indicator that equals 1 if it is the year of the event. Let
Dik be an indicator for whether the distance between firm i and the event city is in
bracket k. I divide firms into five distance brackets: 1) k = 0 if the firm is inside
the event city, 2) k = 1 if the firm is outside but within 100 km of the event city, 3)
k = 2 if the firm is 100 km to 200 km away from the event city, 4) k = 3 if the firm is
200 km to 500 km from the event city, and 5) k = 4 if the firm is more than 500 km
from the event city but not as far as 800 km away. Then the triple interaction term
Hi × Tt × Dik estimates the average effect of the pollution controls on firms in the
heavily industries during the event year, for each distance group, and the coefficients
are estimated by running the following regression:

yit = αi + β1Hi + β2Tt +
3∑

k=0

β3kDik

+
3∑

k=0

γ1kHi ×Dik +
3∑

k=0

γ2kTt ×Dik + γ3Hi × Tt

+
3∑

k=0

δkHi × Tt ×Dik + λjt + µpt + εit (1.1)

where yit denotes an outcome variable, such as revenue, for firm i in year t, and is
regressed on the triple interaction term Hi × Tt × Dik, as well as all the first- and
second-order interaction terms. I also include a set of fixed effects, namely firm fixed
effects αi, industry-by-year8 fixed effects λjt, and province-by-year fixed effects µpt, to
control for time-invariant factors that affect the outcomes, as well as demand or other
policy shocks that are common to all firms within a province or sector. εit represents
the idiosyncratic error term, which is assumed to be conditionally uncorrelated with
the regressor of interest Hi×Tt×Dik, and standard errors are two-way clustered by
city and by year.

The coefficients of interest are hence the δk’s, which measure the reduced-form
impact of the pollution controls taken during the events on firms in industries and
areas directly affected by the regulations. They are expected to be negative for
all three treated distance groups, and in the absence of any spillover effects, the

8At the 2-digit GB/T code level.



13

magnitudes are expected to be larger for the group of firms that are inside or very
close to the event city.

While for both events the set of emergency regulations to ensure air quality were
announced shortly before the event and were implemented for a relative short period
of time, about two months in Beijing and six months in Shanghai, there could be
lasting long-term effects. The direct impacts may not fade out immediately after the
event if some firms had to downsize or exit the market and factors are not fully mobile
or entry costs are high. Also, given the regulations’ success in improving air quality
during the events, firms have reasons to believe that similar policies may be imposed
in the future and may re-optimize their production activities. To study how the
regulatory effects evolve both during and after the implementation period, I estimate
an event-study type regression where, instead of a single event-year indicator, a set
of dummies for each year in the sample are included.

yit = αi + β1Hi +
2013∑

τ=2000

β2τ1(t = τ) +
3∑

k=0

β3kDik

+
3∑

k=0

γ1kHi ×Dik +
2013∑

τ=2000

3∑
k=0

γ2kτ1(t = τ)×Dik +
2013∑

τ=2000

γ3τHi × 1(t = τ)

+
2013∑

τ=2000

3∑
k=0

δkτHi × 1(t = τ)×Dik + λjt + µpt + εit (1.2)

where the excluded year is the year before the event, which is 2007 for Beijing and
2009 for Shanghai. The identification of equation (1) relies on the assumption that no
other factor was driving a divergent trend between the regulated and non-regulated
firms. While it is not directly testable, the event-study results from equation (2)
can help us examine the validity of the identifying assumption by looking at the
differences in trends in the pre-period, and the panel structure of the data set can
also address some endogeneity concerns.

1.5 Results

In this section regression results from five sets of analyses are presented. I first
examine the reduced-form impacts of the emergency pollution controls on firm per-
formance measures estimated using the baseline empirical framework. I then present
the event-study results to understand how the regulatory effects evolve over time.
The third subsection offers results from a number of robustness checks. Section 5.4
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explores heterogeneity in the treatment effects across the six heavily-polluting in-
dustries. In the last part I quantify the regulatory costs and compare them with
estimated health benefits.

Baseline Firm-Level Results

I begin by estimating the reduced-form effects of the pollution controls taken
during the events on firm performance, using specification characterized by equation
(1). Table 1.3 reports the coefficient estimates, and the dependent variables are in
logs to approximate percent changes. One caveat with the log-linear specification is
that zeros and negative values will be dropped from the analysis, and this is especially
problematic for estimates in column (4), as roughly 15% of the firms did not make
strictly positive profits. The linear-linear model, while it takes negative values, can be
sensitive to very large quantities at the tails and is thus not suitable for our purposes.
To see if the results are mainly driven by the subsample of profit-making firms, I
run the analysis for revenue, output and employment using only firms with positive
profits, the results are qualitatively the same with slightly smaller magnitudes than
the full sample. When I convert all non-positive values to a small constant, such
as 0.1 or 1, and add that constant to all positive values before taking logs, such
that the ordering of the values remains the same, the results are both quantitatively
and qualitatively very similar to those with only positive values. These suggest that
the magnitudes of impacts on loss-making firms should be similar, if not larger, as
compared to profit-making firms, and dropping firms with non-positive profits should
only attenuate the results. For ease of interpretation, I only report in each column
the results for firms with strictly positive values. Lower-order interactions, firm fixed
effects, province-by-year fixed effects, and industry-by-year fixed effects are included
in each column. Standard errors are two-way clustered by city and by year.

The first row in Panel A presents the estimated regulatory effects on firms in
heavily-polluting industries located inside Beijing. All coefficients in this row are
negative and statistically significant at the 1% level. On average, firms operating
within the border of Beijing were substantially impacted during the year of the
Olympic Games, as they experienced large declines in revenue, output, and number
of employees by around 10%, and profit-making firms saw their profits plunge by
more than 28%. If firms are unable to increase production before and after the event
to make up for the suspension in the 2-month period, their performance measures
should decrease by about 1/6 or 17%. As the estimates suggest, it is possible that
not all firms were completely shut down during the event, or they were able to move
production activities to other months in the event year. The larger drop in profits
implies substantial fixed costs for the affected firms that could not be avoided when



15

production is reduced. A back-of-the-envelope calculation based on the summary
statistics suggests that the average firm in the heavily-polluting industries in Beijing
lost about 764,000 (26.89×100×0.285) yuan in total profits. There were 774 firms in
heavily-polluting industries in Beijing during 2008, which means this amounts to a
total loss of more than 591 million yuan in constant 2000 RMB for the area within
Beijing. If restricting to profit-making firms, there were 584 of them in 2008 and
the average total profits for profit-making firms in 2007 in Beijing were around 3.48
million, so the total lost profits are around the same at 579 million.

For the second distance bracket, which is the area immediately outside of Beijing,
the point estimates are less negative and not as significant. The employment effect is
comparable to firms inside Beijing, as the average firm is estimated to have cut 9.6%
of its employees, and is significant at the 5% level. The estimated drop in revenue
and output are around 2% and 5% respectively. While the average loss of profit is
6% for profit-making firms, this number is not precisely estimated. Interestingly,
as shown in the third row of panel A, point estimates for firms in the 100 - 200
km ring are positive. Albeit insignificant and relatively small, this suggests possible
shifts of production activity from the inside to the outside of Beijing. This area is
subject to less stringent regulation than the first two distance groups, yet sufficiently
close to the event city so that savings from relocating production there could have
outweighed costs of the regulation. In the last row of panel A, we see that firms in
the 200 - 500 km area were barely affected by the pollution control measures, with
all estimated coefficients small and insignificant.

Results for firms surrounding Shanghai are presented in Panel B. While most
of the point estimates are negative as expected, they are not significantly different
from zero, and magnitudes are small at around 1% for revenue and output in all four
distance groups. And whereas the magnitude of changes decreases with distance for
the Beijing sample, the coefficients in the last row are as big as those in the first row
in Panel B. Employment reduced by about 4% at firms in Shanghai, and by 3% in
all three distance groups outside of shanghai. For profit-making firms, total profits
dropped by around 5% in Shanghai and in the area 100 - 500 km from Shanghai,
and less than 1% in the area immediately outside of the city. In general, the impacts
of the pollution control measures taken during the Shanghai World Expo are not
precisely estimated, and the sizes are much smaller than the results for Beijing. As
discussed earlier, the smaller treatment effects in Shanghai could reflect the lower
level of government’s determination, due to the event’s importance and the city’s ex
ante pollution problems. On the other hand, the Shanghai World Expo lasted for
six months, or three times the length of the Beijing Olympics. The longer duration

9Average total profits in 2007 for firms in heavily-polluting industries in Beijing.
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might have also made enforcement more difficult.

Event Study

As discussed in the earlier section, while both events lasted no more than six
months, the short-term, ad hoc environmental regulations could have lingering im-
pacts on the firms after the events ended. To examine both the immediate and sub-
sequent changes, I run a set of event-study type regressions guided by equation (2).
The coefficients on the main explanatory variable Heavy×Distance Group× Y ear
are plotted along with the 95% confidence intervals in Figures 1.5 and 1.6, for both
host cities. Plots for the areas immediate outside the cities are in the appendix.
All lower-order terms as well as the full set of fixed effects are included as in pre-
vious regressions and the two-way clustering by city and by year is also applied
to the standard errors. The coefficient in the year just before the event, which is
2007 for Beijing and 2009 for Shanghai is normalized to be equal to 0. For firms
in the heavily-polluting industries within Beijing, the results we see in Figure 1.5
confirm the findings in the baseline analysis shown in Table 1.3. There are apparent
drops in revenue, output, and employment by around 6 to 13%, and total profits
plummeted by more than 30%. The curves are all relatively flat in the pre-period,
which reassures the validity of the identifying assumption that trends in firm-level
outcomes across comparison groups evolve smoothly except through the year of the
Olympics. Another important feature of these four plots is that all performance
measures picked up shortly after the event, and took less than two years to revert to
previous patterns. While the magnitude of the shock is quite large, it lasted only for
a rather short duration. We also observe consistent increases in employment after
the event year, especially after 2011. As discussed earlier, this could suggest that
heavily-polluting firms in Beijing were more likely to be under-reporting employment
in previous years. Because of the of selective nature of the sample, some long-term
effects, especially through the dynamic entries and exits of firms cannot be reflected,
which I explore later in this section.

For the first donut area surrounding Beijing, as shown in Figure A7, the effects
on revenue, output, and especially profits are not precisely identified, even though
the point estimates during the event year are all negative. The employment effect
is negative and significant at the 90% level. Again, these patterns are consistent
with the results in the second row of panel A in Table 1.3 and we do not spot large
immediate or sustained regulatory effects on firms in the heavily-polluting industries
in this area.

Figure 1.6 plots the coefficient estimates for firms inside the other event city,
Shanghai. The first thing that catches attention is the volatile trends in profits for
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firms within the city in the years 2008 to 2010. It is well possible that the DDD
estimator is picking-up the effects of some other confounding factors during this
period. One probable candidate is the financial crisis and the 4 trillion stimulate
package from the Chinese government. The remaining plots actually tell a coherent
story. For Shanghai and the area immediately outside, we do not see significant
differences in trends in the years prior to the event, and then a dent during the event
year in all performance measures. Most of them come back up right after the event,
expect that revenue and output for Shanghai firms took more years to recover. For
both areas, revenue and output decreased by around 5% compared to the previous
year, and are significant at the 90% level. The effect on employment is smaller at
around 3% in both distance groups. The point estimate for total profits is about -5%
for profit-making firms in the 100 km area, but the standard error is large. Although
the drastic pattern in the profits plot for firms within Shanghai raises concerns over
omitted variables and the validity of the research design, the results for the Shanghai
event are in line with those for Beijing, suggesting that the ad hoc pollution controls
had negative impacts on firms in the nearby areas, but only for a short period of
time.

Heterogeneity

Previous results show that the average firm in the heavily-polluting industries in
Beijing experienced about a 13% decrease in output because of the pollution controls
taken during 2008 Olympic Games. It is informative to further explore the hetero-
geneity of regulatory effects within the six industries. First, this exercise checks the
internal validity by making sure that the results are not driven by one specific indus-
try. Second, it is helpful to know whether some industries were especially harmed by
the location-specific regulations, as they differ considerably in many aspects, such
as their emission levels and the durability of their products. For example, cement
plants are on average more polluting than other industrial plants, and they might
have faced harsher regulations. It is also costly for them to relocate production be-
cause their main input, limestone, is expensive to transport or store. Thus we might
expect larger cost estimates for cement plants than for other sectors.

To measure industry-specific effects, I replace the indicator for heavily-polluting
industries in equation (1) with six industry dummies, and Table 1.4 presents the
baseline regression results for Beijing and the results for Shanghai can be found in
the appendix. Standard errors are substantially larger in these two tables than in
Table 1.3 since sample sizes are much smaller in each industry-by-distance-bracket
cell. In spite of the imprecision, we find that all six industries were negatively af-
fected in most distance groups around Beijing. This suggests that our identifying
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assumptions are valid and the results are not due to some unobserved shocks unre-
lated to the ad hoc environmental regulations. We also observe great heterogeneity
across industries. Cement firms in Beijing were most impacted by the regulations,
with 33% decrease in output and about 55% plunge in total profits for profit-making
firms, followed by those in iron and steel, who lost about 23% of output. Chemical
and non-ferrous metal firms were least affected in terms of reduction in output. In
the Shanghai sample, while most coefficients remain small and insignificant, the re-
sults for cement are large and statistically significant at the 1% level for firms within
Shanghai, as they experienced around 22% decrease in output and about 49% loss
in profits for profit-making firms.

Many factors might contribute to such differences. One reason that effect of
the regulations is particularly harsh on cement and steel plants could be that these
two industries are considered the most polluting in the government announcements
and enforcement could have been stricter than in other industries. As shown in
Table 1.5, industry-wide statistics suggest that they have much higher emission per
dollar of revenue, and therefore cement and steel plants are more likely to be shut
down when the government needs to achieve emission targets. In contrast, the coal-
fired power plants see smaller effects. Even though their emission level is quite
high, to ensure stable supply of electricity during the Olympics it’s unlikely that the
government would order power plants to shut down. Despite the city’s consistent
effort to reduce the number of power plants within its border, about 30% of Beijing’s
electricity is generated locally through coal burning, making it unrealistic to shut
down all coal-fired power plants. Nonetheless, the results for coal-fired power plants
outside of Beijing suggest that they increased their production during the event
year, though statistically insignificant, indicating effort to reduce emission by shifting
power generation to outer areas. The cement and steel firms also had limited ability
to reallocate production within the year because of their high logistics and storage
costs. According to the statistics provided by the China Federation of Logistics
and Purchasing, these two industries have relatively larger storage expense ratios, or
storage costs as a fraction of revenue. Hence it is more costly for them to increase
production before and after the regulation period to compensate for their losses
during the event.

Robustness Checks

The baseline and event study results in the firm-level analysis present consistent
and compelling evidence that the ad hoc regulations to improve air quality had
negative impacts on firms’ performances, especially for those inside Beijing during the
Olympics. In this subsection, I probe the robustness of the main findings by running
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a series of regressions, each as a variation of the baseline specification in equation (1).
Tables 1.6 and 1.7 report the results for Beijing across specifications, control groups,
and subsamples, with the baseline results listed in column (1). Corresponding tables
for Shanghai are in the appendix.

Sets of Fixed Effects

The industry- and province-specific trends are added to the regressions to control
for unobserved time-varying shocks, common to all firms within a sector or a province.
However, one might be concerned that too much variation is absorbed by these
sectoral and regional trends. In columns (2) and (3) of Table 1.6, I test whether
the results are sensitive to the sets of fixed effects included. For the Beijing sample,
although in a few cases the sign or significance level changes, dropping the province-
by-year and industry-by-year fixed effects do not alter the results much. The point
estimates for firms inside Beijing remain statistically significant and the magnitudes
increase by about 2 to 4 percentage points for output, and 2 to 5 percentage points for
total profits. For the Shanghai sample, while the profits effects are mostly very similar
to the baseline, the estimates for firm output are very sensitive to the province-by-
year fixed effects, which not just change the sign of the estimates but also increase
the magnitude by more than 15 percentage points.

Choices of Control Groups

In columns (4) and (5) of Table 1.6, I investigate the sensitivity of the results
to the choice of control groups. In the baseline case, the control distance group is
the 500 - 800 km ring, an area unlikely to be have been affected by the regulations.
In column (4), the sample is reduced to within 500 km of the event cities and the
control group is the 200 - 500 km area. While closer firms may be better controls,
some big polluters in the 200 - 500 km were targeted and thus they are not the
preferred counterfactual. This exercise can serve as an internal validity check to see
1) if the results are caused by the somewhat arbitrary distance cutoffs, especially if
there are multi-unit firms operating in both treated and control areas, or 2) if there
was substantial spillover to the 500 - 800 km area such that it should not be used
as the control group. The results for firms inside of Beijing remain significant. The
magnitudes decrease as we would expect, by 0.5 percentage point for output and 3 for
profits, but still considerably large. Results for the other two distance groups are also
very similar to the baseline. The results for firms around Shanghai are not precisely
estimated, and both signs and sizes differ from the baseline for most coefficients in
this column.
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Other than the six heavily-polluting industries, several industries were also listed
as air-polluting in some, but not all government announcements and documents, and
they might lead to underestimation of the impacts if many firms in these sectors were
also regulated. In column (5), I exclude firms in these “medium polluting industries”,
namely textile, leather, wood, furniture, paper, pharmaceutical, non-metallic mineral
products, electrical machinery, and heating, and the control group consists of only
firms in the non- or lightly polluting industries. In other words, I only use as controls
firms that should not be affected by the pollution controls at all. The results in both
firms around Beijing and Shanghai are qualitatively the same as in the baseline. For
firms within Beijing, the estimated impact is 1.5 percentage points larger on output
and 4 percentage points larger on total profits.

Subsample Analysis

One important feature of the firm data is the selection on firm size, especially
after the change of revenue cutoff in 2011, from which potential sources of bias arises.
If large impacts by the pollution controls caused some firms to exit the market or fall
below the revenue cutoff, our estimates do not capture the effects on those firms and
hence understate the actual costs on firms. Ideally, to address the issue we would like
to have a balanced panel of firms over the period. But only a very small number of
firms (about 3%) existed for the entire 14 years and they are not representative of the
full sample. Instead, I look at three subsamples of firms. The first one includes firms
who appeared in the ASIE both before 2008 and after 2010, which I call “stayers”. In
the second subsample “above”, firms must exceed the higher cutoff for “designated
size”, which is having at least 20 million yuan in annual revenue in current RMB.
And lastly, I use observations only up to 2010 such that firms are selected into the
survey based on similar criteria.

The results are shown in columns (2) to (4) in Table 1.7. For firms inside Beijing,
the estimated impacts are larger for the stayers and for the big firms. The estimates
for output and profits are about 4.4 and 2.6 percentage points larger for the stayers.
And while the effect on output is slightly smaller than the baseline, the estimated
drop in total profits is 7.5 percentage points larger, at 36%, for firms making at
least 20 million in revenue. This suggests possible underestimation of the regulatory
effects due to firms’ dropping out of the survey, which is also consistent with the
attenuation bias that we would theoretically expect if data are truncated based on
y < c. The coefficients are very similar to the baseline estimates if only pre-2011
data are used. For firms outside but less than 100 km from Beijing, the output
effects are larger on firms above the 20 million revenue cutoff. Almost all other
coefficients in the three columns are imprecisely estimated, but most remain very
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similar to the baseline results. For the Shanghai area firms, most point estimates for
the three subsamples are of similar sizes and signs compared to the baseline, except
that the profits effect on the stayers in Shanghai is negative at 11% and statistically
significant. But given the drastic pattern in the baseline event study plot and the
small and insignificant estimate for the output effect, we cannot make a confident
argument on the regulation effects for the stayers in Shanghai. These estimates
suggest limited dynamic impacts on firms’ entries and exits, and additional analysis
is given in the appendix.

The robustness of the estimation results for firms within Beijing is further sub-
stantiated by the event study plots in Figures 1.7 and 1.8. The plots are numbered
to match the columns in Tables 1.6 and 1.7. For example, plot (A2) in Figure 1.7
corresponds to the specification in column (2) in the top panel Table 1.6. For both
firm performance measures, output and total profits, the curves from alternative
specifications, choices of control groups, and sample of firms, all exhibit very similar
patterns and magnitudes to the baseline plots in Figure 1.5.

Overall the Beijing results are robust to different specification and subsamples,
again confirming validity of the identifying assumption and our empirical strategy,
whereas the Shanghai results are sensitive to the province-by-year fixed effects and
choice of control groups.

Comparing Regulatory Costs with Health Benefits

The set of environmental regulations taken during the Olympic Games had sub-
stantially large and negative impacts on firms in the heavily-polluting industries
within Beijing, but they also significantly reduced air pollution in the city during
that period. In this subsection, I draw estimates for health benefits from previous
research and assess the cost effectiveness of these regulations.

The calculations in Section 5.1 suggest that using the baseline estimate, the reg-
ulatory costs in terms of lost profits sum up to about 591 million in constant 2000
RMB for firms in heavily-polluting industries in Beijing. If we use the largest es-
timate of a 36.0% decrease, the total lost profits would amount to 746 million in
constant 2000 RMB. In addition to reduction in profits, we might also want to take
into account the lost income for workers who were laid off. For firms in heavily-
polluting industries in Beijing, the baseline estimated drop in employment is 9.6%.
For simplicity, let’s assume that workers who lost their jobs did not find other em-
ployment opportunities within the same year. The average number of workers at
firms in the heavily-polluting industries in Beijing in 2007 is 112. According to the
National Bureau of Statistics, the average annual wage for workers in the indus-
trial sector in Beijing was 43, 000 yuan in 2008, or 35, 000 in constant 2000 RMB.



22

Therefore the estimated total loss in wage income is around 254 million. If we use
the largest estimate for reduction in employment, 11.1%, the number is 293 million
in constant 2000 RMB. These calculations are summarized in Table 1.8. While we
cannot directly estimate the costs on the smaller firms that were not covered by the
ASIE, according to the 2008 Beijing Statistical Yearbook, firms ”above designated
size” account for about 93% of the total industrial value added in Beijing. Thus
results in the this paper capture most impacts on the industrial sector in Beijing.

The ad hoc pollution controls in China differ from the Clean Air Act in the United
States in various aspects. But as a basis for comparison of magnitude, Greenstone
(2002) finds that in the first 15 years in which the Clean Air Act was in force
(1972-87), nonattainment counties (relative to attainment ones) lost approximately
4.8%, or 590,000 jobs, $37 billion in capital stock, and $75 billion (1987 dollars) of
output in pollution-intensive industries. Greenstone et al. (2012) estimate that total
factor productivity declines by 4.8% for polluting plants in nonattainment counties,
corresponding to annual lost output in the manufacturing sector of about $20.8 billion
in 2010 dollars. Walker (2011) documents that employment in the newly regulated,
polluting sector fell by more than 15% in the ten years following CAA Amendments
of 1990, and Walker (2013) finds that the average worker in a newly regulated plant
experienced a present discounted earnings loss of around 20% , which in aggregate
amounts to almost $5.4 billion in forgone earnings.

As mentioned earlier, researchers have documented a series of health benefits
as a result of the improvement in air quality in Beijing during the Olympics. In
particular, He et al. (2016) study the effect of air pollution on mortality during the
Beijing Olympic Games and quantify the economic benefits from averted pre-mature
deaths using different values of a statistical life in China. They find that monthly
all-cause mortality rate decreases by about 8.36% for each 10-µg/m3 decline in PM10,
and during the two-month event period, monthly PM10 concentrations reduced by
approximately 26 µg/m3. Given an average mortality rate of 4.12 per 10,000 and
a population of 17.7 million in Beijing in 2008, about 3,170 deaths were avoided
because of improved ambient air quality in Beijing during the 2008 Olympics. Using
income data in 2005, Qin et al. (2013) estimate that the value of a statistical life for
urban residents in China is 3.84 million RMB (about 469,000 US dollars under an
exchange rate of 8.19). The economic benefit from reduced mortality then amounts
to 12.17 billion RMB, or 10.41 billion in constant 2000 RMB. Note that this VSL
number is likely an underestimate for residents in Beijing. It is 16 times smaller than
the estimate used by the EPA in 2006,10 even though average wage income in Beijing

10$7.4 million, https://www.epa.gov/environmental-economics/

mortality-risk-valuation.

https://www.epa.gov/environmental-economics/mortality-risk-valuation
https://www.epa.gov/environmental-economics/mortality-risk-valuation
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was only 7 times smaller than in the United States at that time.11

How much of these benefits can we attribute to pollution control efforts in the
industrial sector? Scientists at Tsinghua University measured that industrial sources
contributed 34% to PM10 emission reductions during the Olympic period (Wang
et al., 2010). This suggests that emission abatement at industrial plants represents
about 34% of the health benefits, or 3.54 billion constant 2000 RMB. Even if we use
the largest point estimates to evaluate the regulatory costs, the lost total profits and
wage income combined add up to a little over 1 billion RMB, which is only about
28% of the health benefits from reduced mortality. Although there could be other
costs, from traffic restrictions and delay of constructions, as well as other benefits,
from for example, long-term health outcomes, productivity, and psychological well-
being, the costs from plant closure and benefits from averted pre-mature deaths
should be the largest component of each side. Therefore, even if the estimated
costs are themselves considerably large, comparing with the benefits, the temporary
environmental regulations taken during the Beijing Olympics Games are in fact cost
effective.

1.6 Conclusion

This paper studies the effect of the ad hoc environmental regulations adopted
during the 2008 Beijing Olympic Games and the 2010 Shanghai World Expo on firm
performance. I find large negative impacts on firms within Beijing, with more than
28% decrease in profits and nearly 13% drop in output during the event year and the
effect fades out quickly after the Games. The regulatory effects vary greatly across
the six targeted industries. And these results are robust to different specifications
and across subsamples. I estimate smaller and less significant effects on firms outside
of Beijing during the Olympics and firms inside and outside of Shanghai during the
Expo.

The increasingly severe air pollution across major cities in China has given rise
to heated policy discussions. Yet little evidence is available on the potential cost of
emission reduction in China. This article provides a credible approach to estimate
the economic impacts of pollution control measures, taking advantage of the unique
features of the emergency actions that create large variations in regulatory intensity
across multiple dimensions. Given the success of such regulations in temporarily
improving air quality and their increasingly frequent adoption in China as well as
in other developing countries, findings in this paper present substantial policy impli-
cations. For example, the large estimated losses for firms inside Beijing reveal that

11According to the National Bureau of Statistics and the Social Security Administration.
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polluting firms have high fixed costs and limited ability to intertemporally substi-
tute. Hence short-term regulations can be implemented to lower pollution levels,
and the reduction would not be offset by increased emission after they are lifted.
The different magnitudes found in Beijing and in Shanghai suggest that the regu-
latory impact could depend on enforcement efforts, and effects on firms could be
more pronounced when the government is more determined. More importantly, even
with the largest estimates, the total regulatory costs sum up to less than 30% of
the health benefits from reduced mortality, let alone the rising per capita income
in China and probably much higher valuation of life in recent years. This implies
substantial under-investment in pollution abatement efforts in China. Although the
regulations caused large short-run reductions in performance measures at polluting
firms, these costs are likely an overestimate of long run costs. If similar policies were
implemented more often in the future, enforcement would likely be less draconian.
In that case firms would have more flexibility to adapt and re-optimize, and nega-
tive impacts on economic activity could be smaller. Thus estimates in this paper
should be taken as an upper bound of the regulatory costs, and the government can
potentially achieve even higher cost-effectiveness with long term regulations.
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Figures and Tables

Figure 1.1: Air Quality Index in Beijing and Shanghai, One Year Before Event

Source: China Ministry of Environmental Protection.

Figure 1.2: Annual Concentration of Air Pollutants in Beijing, 1998 - 2013

Source: A Review of Air Pollution Control in Beijing: 1998-2013, UNEP and BMEPE
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Figure 1.3: Maps and Distance Group Divisions

(a) Map of China

(b) Distance Groups around Beijing (c) Distance Groups around Shanghai
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Figure 1.4: Summary Plots - Firms Around Beijing

(a) All Firms

i) Output (ii) Total Profits

(b) Firms in Heavily-polluting Industries

(iii) Output (iv) Total Profits

Note: Plotted are the annual means. Monetary values are in hundred thousand constant 2000

RMB. See Appendix for the definitions of each variable.
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Figure 1.5: Event Study Plots - Firms inside Beijing

(a) Revenue (b) Output

(c) Employment (d) Total Profits

Note: Plotted are the coefficient estimates on the triple interaction term

Heavy ×Distance Group× Y ear from equation (2). Lower-order interactions, firm fixed effects,

province-by-year fixed effects, and industry-by-year fixed effects are included in each regression.

The dependent variables are in logs and the sample in (d) only includes firms with strictly

positive total profits. Standard errors two-way clustered by city and by year. The dashed lines

represent 95 percent confidence intervals. See text for details.
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Figure 1.6: Event Study Plots - Firms inside Shanghai

(a) Revenue (b) Output

(c) Employment (d) Total Profits

Note: Plotted are the coefficient estimates on the triple interaction term

Heavy ×Distance Group× Y ear from equation (2). Lower-order interactions, firm fixed effects,

province-by-year fixed effects, and industry-by-year fixed effects are included in each regression.

The dependent variables are in logs and the sample in (d) only includes firms with strictly

positive total profits. Standard errors two-way clustered by city and by year. The dashed lines

represent 95 percent confidence intervals. See text for details.
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Figure 1.7: Event Study Plots - Robustness Checks - Firms inside Beijing - Output

(A2) Only Firm FEs (A3) No Province-by-Year FEs

(A4) ≤ 500 km (A5) No Medium Polluting Industries

(B2) Appeared Before 2008 and After 2010 (B3) Above 20m Revenue Cutoff

(B4) Only 2000 - 2010 Data

Note: Plotted are the coefficient estimates on the triple interaction term Heavy ×Distance Group× Y ear
corresponding to the first row in columns (2)-(5) in the top panel of Table 1.7, and the first row in columns (2)-(4)

in the top panel of Table 1.8, where the event year dummy is replaced by a set of year dummies. The dependent

variables are in logs. Standard errors are two-way clustered by city and by year. The dashed lines represent 95

percent confidence intervals. See text for details.
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Figure 1.8: Event Study Plots - Robustness Checks - Firms inside Beijing - Total Profits

(A2) Only Firm FEs (A3) No Province-by-Year FEs

(A4) ≤ 500 km (A5) No Medium Polluting Industries

(B2) Appeared Before 2008 and After 2010 (B3) Above 20m Revenue Cutoff

(B4) Only 2000 - 2010 Data

Note: Plotted are the coefficient estimates on the triple interaction term Heavy ×Distance Group× Y ear
corresponding to the first row in columns (2)-(5) in the bottom panel of Table 1.7, and the first row in columns

(2)-(4) in the bottom panel of Table 1.8, where the event year dummy is replaced by a set of year dummies. The

dependent variables are in logs and the samples only include firms with strictly positive total profits. Standard

errors are two-way clustered by city and by year. The dashed lines represent 95 percent confidence intervals. See

text for details.
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Table 1.1: Summary Statistics - Firms Around Beijing

Inside ≤ 100 km 100-200 km 200-500 km 500-800 km Total

Panel A: All Firms

Revenue 630.9 766.6 762.0 842.6 770.0 792.6
(1784.3) (1993.4) (1690.1) (1846.9) (1676.7) (1790.5)

Output 625.1 803.6 818.9 885.1 799.4 827.9
(1774.0) (2061.9) (1798.3) (1932.3) (1734.4) (1860.8)

No. of Employees 204.2 234.9 252.7 247.9 241.7 242.3
(346.4) (367.6) (386.6) (375.4) (359.2) (368.0)

Total Profits 36.06 42.15 50.05 52.69 51.24 50.07
(146.3) (161.5) (140.4) (150.3) (141.0) (147.4)

No. of Observations 66532 123696 69618 524717 452417 1236980

Panel B: Firms in Heavily-polluting Industries

Revenue 690.1 1242.5 1164.8 1201.9 1150.0 1165.0
(1920.6) (2854.7) (2613.4) (2544.9) (2477.3) (2541.2)

Output 693.3 1307.2 1249.6 1257.4 1187.0 1214.6
(1873.4) (2992.5) (2777.2) (2650.2) (2541.3) (2635.8)

No. of Employees 170.4 231.3 301.3 265.8 271.9 262.5
(309.8) (389.1) (489.1) (420.1) (416.4) (417.0)

Total Profits 31.06 49.46 61.68 64.76 60.69 60.09
(137.1) (179.3) (176.6) (186.8) (176.3) (180.1)

No. of Observations 8287 22678 12792 89879 71880 205516

Note: Observation is at the firm-year level. Standard deviations are in parentheses. Monetary values are in

hundred thousand constant 2000 RMB.
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Table 1.2: Summary Statistics - Firms Around Shanghai

Inside ≤ 100 km 100-200 km 200-500 km 500-800 km Total

Panel A: All Firms

Revenue 656.0 645.4 564.1 598.6 762.8 665.3
(1660.3) (1637.2) (1463.2) (1503.7) (1662.5) (1598.3)

Output 673.7 684.4 606.1 635.5 789.3 698.2
(1717.4) (1732.0) (1542.4) (1577.4) (1717.9) (1669.1)

No. of Employees 206.1 217.7 194.1 217.5 247.4 223.6
(323.2) (325.6) (287.9) (319.7) (359.4) (331.9)

Total Profits 36.52 32.45 29.16 32.44 51.09 38.75
(134.6) (122.2) (109.0) (114.4) (137.0) (125.5)

No. of Observations 165355 452089 288695 454913 719445 2080497

Panel B: Firms in Heavily-polluting Industries

Revenue 944.1 992.5 947.5 1032.8 1047.6 1012.9
(2250.7) (2229.3) (2244.9) (2349.1) (2298.4) (2285.7)

Output 971.6 1048.7 1020.6 1087.2 1069.9 1055.9
(2334.7) (2375.8) (2392.6) (2446.4) (2330.3) (2373.7)

No. of Employees 163.2 172.9 177.6 217.7 235.1 205.9
(280.9) (271.6) (278.6) (345.0) (363.3) (327.3)

Total Profits 47.56 48.64 48.40 50.35 64.21 54.79
(162.8) (160.4) (169.3) (168.9) (173.3) (168.4)

No. of Observations 19310 55600 34614 58624 102452 270600

Note: Observation is at the firm-year level. Standard deviations are in parentheses. Monetary values

are in hundred thousand constant 2000 RMB.
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Table 1.3: Firm-Level Results

(1) (2) (3) (4)
Revenue Output Employment Total Profits

Panel A: Beijing

Heavy × 2008 × In Beijing -0.089*** -0.129*** -0.096*** -0.285***
(0.024) (0.023) (0.023) (0.066)

Heavy × 2008 × ≤ 100 km -0.021 -0.049* -0.096** -0.063
(0.030) (0.027) (0.032) (0.072)

Heavy × 2008 × 100 - 200 km 0.018 0.012 0.020 0.052
(0.040) (0.042) (0.029) (0.070)

Heavy × 2008 × 200 - 500 km 0.008 0.000 -0.008 -0.020
(0.023) (0.023) (0.021) (0.049)

Observations 1217221 1211991 1213853 1023147
Adjusted R2 0.806 0.802 0.797 0.698

Panel B: Shanghai

Heavy × 2010 × In Shanghai -0.014 -0.014 -0.044* -0.048
(0.013) (0.015) (0.021) (0.042)

Heavy × 2010 × ≤ 100 km -0.013 -0.019 -0.034 -0.007
(0.016) (0.018) (0.020) (0.035)

Heavy × 2010 × 100 - 200 km 0.008 0.006 -0.032 -0.046
(0.026) (0.026) (0.022) (0.059)

Heavy × 2010 × 200 - 500 km -0.017 -0.019 -0.033 -0.055
(0.019) (0.019) (0.020) (0.053)

Observations 2061071 2060012 2051615 1772810
Adjusted R2 0.822 0.820 0.806 0.703

Note: The table presents estimated coefficients based on equation (1). Lower-order interactions, firm

fixed effects, province-by-year fixed effects, and industry-by-year fixed effects are included in each

column. Standard errors two-way clustered by city and by year are reported in the parentheses. The

dependent variables are in logs and the sample in column (4) only includes firms with strictly positive

total profits. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 1.4: Baseline Firm-Level Results by Industry - Beijing

(1) (2) (3) (4)
Revenue Output Employee Total Profits

Petro × 2008 × In Beijing -0.127 -0.111 -0.141*** -0.0519
(0.0773) (0.0781) (0.0423) (0.116)

Petro × 2008 × ≤ 100 km -0.129* -0.195** -0.0127 0.262
(0.0696) (0.0848) (0.107) (0.226)

Petro × 2008 × 100 - 200 km 0.00422 -0.0662 0.190** 0.0373
(0.0903) (0.0808) (0.0663) (0.237)

Petro × 2008 × 200 - 500 km 0.0894 0.0617 0.0488 0.131
(0.0847) (0.0865) (0.0507) (0.116)

Chem × 2008 × In Beijing -0.00992 -0.0342 -0.0783** -0.203**
(0.0283) (0.0289) (0.0301) (0.0677)

Chem × 2008 × ≤ 100 km -0.0374 -0.0588 -0.0928*** 0.0387
(0.0337) (0.0347) (0.0299) (0.0718)

Chem × 2008 × 100 - 200 km 0.00753 0.0184 -0.0539 0.0599
(0.0554) (0.0547) (0.0365) (0.0980)

Chem × 2008 × 200 - 500 km -0.00813 -0.0109 -0.0272 -0.0643
(0.0321) (0.0316) (0.0267) (0.0630)

Cement × 2008 × In Beijing -0.255*** -0.328*** -0.0769** -0.548***
(0.0540) (0.0515) (0.0298) (0.145)

Cement × 2008 × ≤ 100 km -0.0969 -0.111* -0.0685* -0.271
(0.0754) (0.0600) (0.0323) (0.168)

Cement × 2008 × 100 - 200 km 0.0637 0.0747 0.0956* 0.129
(0.0654) (0.0602) (0.0503) (0.131)

Cement × 2008 × 200 - 500 km -0.0110 -0.0206 -0.00269 0.0796
(0.0329) (0.0318) (0.0287) (0.0698)

Steel × 2008 × In Beijing -0.148** -0.234*** -0.258*** -0.0514
(0.0641) (0.0578) (0.0530) (0.109)

Steel × 2008 × ≤ 100 km 0.0407 -0.00319 -0.125*** -0.00344
(0.0751) (0.0702) (0.0406) (0.185)

Steel × 2008 × 100 - 200 km 0.0133 -0.0675 0.104 0.293
(0.123) (0.139) (0.0620) (0.259)

Steel × 2008 × 200 - 500 km -0.0252 -0.0244 -0.0205 0.0711
(0.0612) (0.0578) (0.0387) (0.178)

Metal × 2008 × In Beijing -0.0354 -0.0938 -0.106 -0.364***
(0.0749) (0.0686) (0.0679) (0.110)

Metal × 2008 × ≤ 100 km -0.0532 -0.0910 -0.178** -0.302**
(0.0740) (0.0687) (0.0732) (0.126)

Metal × 2008 × 100 - 200 km -0.178 -0.197* -0.141 -0.640**
(0.107) (0.109) (0.144) (0.252)

Metal × 2008 × 200 - 500 km 0.0958 0.0641 0.0365 -0.0873
(0.0756) (0.0704) (0.0589) (0.110)

Power × 2008 × In Beijing -0.0146 -0.128 -0.125** -0.114
(0.116) (0.127) (0.0507) (0.505)

Power × 2008 × ≤ 100 km 0.0803 0.0529 0.146 -0.824
(0.137) (0.122) (0.0897) (0.605)

Power × 2008 × 100 - 200 km 0.0882 0.134 0.184*** -0.405
(0.130) (0.125) (0.0582) (0.415)

Power × 2008 × 200 - 500 km 0.108 0.133 0.0931* -0.281
(0.0772) (0.0785) (0.0484) (0.231)

Observations 1217221 1211991 1213853 1023147
Adjusted R2 0.806 0.802 0.797 0.698

Note: The table presents estimated coefficients based on an extension of equation (1), with dummies
for each of the six heavily-polluting industries. Lower-order interactions, firm, province-by-year, and
industry-by-year fixed effects are included in each column. Standard errors two-way clustered by city
and by year are reported in the parentheses. “Petro” denotes to petrochemical products; “chem” denotes
chemical products; “steel” denotes iron and steel; “metal” denotes non-ferrous metal; and “power” denotes
coal-fired power plants. The dependent variables are in logs and the sample in column 4 only includes
firms with strictly positive total profits. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 1.5: Logistics Costs and Emission Rates by Industry

Industry
Estimated Impact

on Output
Transportation and
Management Costs

Storage Costs Emission

Cement -0.328*** 14.4 5.1 5.98
Steel -0.234*** 8.2 3.8 2.71
Power -0.128 - - 4.85
Petro -0.111 5.2 2.1 0.84
Metal -0.094 5.1 2.2 1.73
Chemical -0.034 10.2 2.1 1.02

Note: This table compares estimated impact on output, logistics costs and emission rates across the six

heavily-polluting industries. Point estimates on output are from column 2 in Table 6.Star levels indicate

statistical significance, * p < 0.10, ** p < 0.05, *** p < 0.01. “Petro” denotes to petrochemical products;

“steel” denotes iron and steel; “metal” denotes non-ferrous metal; and “power” denotes coal-fired power

plants. Transportation, management, and storage costs are industry-wide statistics for 2009 provided

by the China Federation of Logistics and Purchasing. Note that the estimate for cement includes other

construction material producers. The costs are expressed as “expense ratio”, which are costs divided

by revenue. Storage costs are total logistics costs net of transportation and management, which include

warehouse, interest, packaging, insurance, loss, and other costs. Emission rates are calculated as total

industry (2-digit GB/T code level) emission of waste gas, given by the China Statistical Yearbooks on

Environment, divided total industry revenue, given by China Statistical Yearbooks. The units are cubic

meters per yuan, and are averaged over 2004 - 2006.
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Table 1.6: Robustness Checks for Firms in and near Beijing A

(1) (2) (3) (4) (5)

Dep. Var: Output

Heavy × 2008 × In Beijing -0.129*** -0.151*** -0.166*** -0.124*** -0.146***
(0.023) (0.017) (0.021) (0.024) (0.024)

Heavy × 2008 × ≤ 100 km -0.049* -0.041** -0.062 -0.046* -0.064**
(0.027) (0.017) (0.035) (0.024) (0.029)

Heavy × 2008 × 100 - 200 km 0.012 -0.006 -0.001 0.017 0.011
(0.042) (0.026) (0.044) (0.043) (0.047)

Heavy × 2008 × 200 - 500 km 0.000 0.008 0.003 -0.008
(0.023) (0.013) (0.027) (0.021)

Observations 1211991 1211991 1211991 766168 930193
Adjusted R2 0.802 0.689 0.775 0.798 0.806

Dep. Var: Total Profits

Heavy × 2008 × In Beijing -0.285*** -0.308*** -0.333*** -0.257*** -0.325***
(0.066) (0.044) (0.063) (0.064) (0.069)

Heavy × 2008 × ≤ 100 km -0.063 -0.045 -0.097 -0.042 -0.063
(0.072) (0.040) (0.068) (0.078) (0.077)

Heavy × 2008 × 100 - 200 km 0.052 0.047* 0.024 0.078 0.071
(0.070) (0.027) (0.069) (0.078) (0.070)

Heavy × 2008 × 200 - 500 km -0.020 -0.010 -0.028 -0.027
(0.049) (0.024) (0.051) (0.047)

Observations 1023147 1023147 1023147 636012 784475
Adjusted R2 0.698 0.622 0.684 0.692 0.699

Prov-by-Year FE Yes No No Yes Yes
Industry-by-Year FE Yes No Yes Yes Yes
Sample All All All ≤ 500 km No Medium

Note: The table presents estimated coefficients based on variations of equation (1). Lower-order interactions

and firm fixed are included in each column. Standard errors two-way clustered by city and by year are

reported in the parentheses. The dependent variables are in logs and the samples in the bottom panel only

include firms with strictly positive total profits. Column (4) includes firms within 500 km of Beijing and

the baseline distance group is “200 - 500 km”. Column (5) includes excludes firms in medium polluting

industries. See text for details. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 1.7: Robustness Checks for Firms in and near Beijing B

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

Dep. Var: Output

Heavy × 2008 × In Beijing -0.129*** -0.173*** -0.126*** -0.129***
(0.023) (0.024) (0.021) (0.023)

Heavy × 2008 × ≤ 100 km -0.049* -0.045 -0.051* -0.070*
(0.027) (0.028) (0.024) (0.034)

Heavy × 2008 × 100 - 200 km 0.012 -0.022 0.012 -0.001
(0.042) (0.047) (0.023) (0.057)

Heavy × 2008 × 200 - 500 km 0.000 -0.007 -0.001 -0.010
(0.023) (0.025) (0.020) (0.023)

Observations 1211991 561980 809519 880936
Adjusted R2 0.802 0.766 0.780 0.809

Dep. Var: Total Profits

Heavy × 2008 × In Beijing -0.285*** -0.311*** -0.360*** -0.281***
(0.066) (0.083) (0.077) (0.081)

Heavy × 2008 × ≤ 100 km -0.063 -0.037 -0.069 -0.084
(0.072) (0.093) (0.096) (0.080)

Heavy × 2008 × 100 - 200 km 0.052 0.101 0.042 0.102
(0.070) (0.098) (0.078) (0.077)

Heavy × 2008 × 200 - 500 km -0.020 -0.001 -0.029 -0.039
(0.049) (0.057) (0.055) (0.044)

Observations 1023147 495468 724426 717226
Adjusted R2 0.698 0.651 0.667 0.705

Prov-by-Year FE Yes Yes Yes Yes
Industry-by-Year FE Yes Yes Yes Yes
Sample All Stayer Above 2000-2010

Note: The table presents estimated coefficients based on variations of equation (1). Lower-order

interactions and firm fixed are included in each column. Standard errors two-way clustered by

city and by year are reported in the parentheses. The dependent variables are in logs and the

samples in the bottom panel only include firms with strictly positive total profits. Column (2)

only includes firms that appeared in the ASIE both before 2008 and after 2010. Column (3) only

includes firms with annual revenue exceeding 20 million yuan in current RMB. Column (4) only

uses data from year 2000 to 2010. See text for details. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 1.8: Cost Estimates for Firms in in Heavily-polluting Industries in Beijing

Total Profits
Total Profits for

Profit-Making Firms
No. of Employees

Average in 2007 2.68 3.48 112

No. of Firms in 2008 774 584 774

Average Wage in 2008 0.0305

Baseline Estimate -28.5% -28.5% -9.6%

Largest Estimate -36.0% -36.0% -11.1%

Total Costs - Baseline -591.2 -579.2 -253.8

Total Costs - Largest -746.8 -731.6 -293.5

Note: This table reports the back-of-envelope calculation of the regulatory costs. Monetary values

are in million constant 2000 RMB. The average wage is calculated using the statistics of total wages

and employment by sector in Beijing published by the National Bureau of Statistics.
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Chapter 2

Pollution and Fertility Intentions:
Evidence from Online Purchases∗

2.1 Introduction

Declining birth rates are a serious concern in China. Since the implementation
of the one-child policy in 1979, fertility in China has dropped and remained at low
levels for decades. Recognizing the implications of an aging population and shrinking
workforce, the government lifted the one-child limit in 2016, allowing couples to have
two children. But 2018 nevertheless marked the lowest birth rate since 1949, the
founding of the People’s Republic of China. Many measures, ranging from longer
maternity leaves, tax breaks and housing subsidies, to abolishing all birth limits,
have been proposed to stimulate fertility growth.2

While many factors can affect birth rates, a national survey highlighted envi-
ronmental conditions as one of the top concerns influencing child-bearing decisions.
Indeed, the decline in fertility coincides with the deterioration of environmental qual-
ity across the country. But compared with other concerns like limited childcare re-
sources, it is less obvious why potential parents would care about the environment
when deciding whether to have a baby. In spite of the abundance of research on fer-
tility choices among economists, there is no evidence on the effect of environmental
quality on birth intentions. This paper attempts to fill this gap in literature by em-
pirically examining the relationship between pollution and fertility decisions. A key
challenge in the analysis is to quantify changes in birth intentions. Direct measures,

∗I gratefully acknowledge the Huoshui Young Scholars Program at Alibaba Group for providing
access to the data.

2“Burying One Child Limits, China Pushes Women to Have More Babies” – New York Times,
Aug. 11, 2018.
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such as survey responses, rarely exist, and statistics like birth rates are complicated
by physical reactions. To deal with these problems, I use online purchases of birth-
related products as proxies, using, for example, purchases of ovulation tests to gauge
whether more people are preparing for pregnancy. I employ a distributed-lag model
to examine the impact of current and past pollution levels on birth-related purchases.
To address potential endogeneity concerns, I use an instrumental variable approach
and exploit random variations in air pollution stemming from thermal inversions.

Both OLS and IV analyses find that birth intentions are negatively affected by
pollution levels and that permanent shifts in air quality have stronger impacts than
temporal fluctuations. Comparison between high and low-income places reveals lim-
ited heterogeneity, and there is some evidence that high-income areas are more sen-
sitive to changes in pollution than low-income regions. This finding helps us under-
stand the underlying mechanism of the relationship between pollution and fertility
intentions. The fact that poor households are less responsive suggests that higher
health care spending or other financial worries is unlikely to be the primary mecha-
nism.

This paper relates to the broad literature on fertility choice. Following Gary
Becker’s pioneering work (Becker, 1960), there has been extensive interest on family
structure and fertility among economists (e.g. Butz and Ward, 1979; Rosenzweig
and Schultz, 1985; Schultz, 1985; Barro and Becker, 1989; Hotz and Miller, 1988;
Heckman and Walker, 1990; Black et al., 2005; Murtin, 2013). Many of these studies
are variations of the quantity-quality model and a lot of them attempt to explain
trends in fertility, especially in developed countries, with a focus on female labor
supply and earnings. While there is no economic research on the relationship between
environmental quality and fertility choices, a general finding is that higher mortality
rates can lead to increases in fertility (Sah, 1991; Soares, 2005). Barreca et al. (2018)
find that high temperatures can decrease and delay fertility, most likely through harm
on reproductive health.

This paper also extends the previous literature on the impact of pollution. A
number of papers have shown that pollution can lead to various health problems,
both for infants and adults (Chay and Greenstone, 2003; Currie and Neidell, 2005;
Tanaka, 2015; Chen et al., 2013a; Schlenker and Walker, 2016), and that in turn can
affect human capital accumulation and later life earnings (Isen et al., 2017). Studies
also find that pollution can affect productivity, labor supply and subjective well-
being (Zivin and Neidell, 2012; Hanna and Oliva, 2015; Zhang et al., 2017; Zheng
et al., 2019). The public health literature, summarized in Carre et al. (2017), does
find some evidence that pollution can cause infertility.

A small strand of literature looks at China’s family planning policies, which this
study also contributes to. The one-child limit coupled with the traditional preference
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for sons has led to sex ratio imbalances in many areas in China, the so-called “missing
girls” problem (Ebenstein, 2010). Several papers by Wei and co-authors argue that
sex ratio imbalances have made the marriage market in China highly competitive
and parents with sons have to save more money or become entrepreneurs so that
their boys can have a better chance of getting married. They credit this as one of
the main reasons behind China’s high growth rates over the past decades (Wei and
Zhang, 2011). The one-child policy has also been found to affect crime and labor
supply problems (Edlund et al., 2013; Wang et al., 2017), and some studies focus on
the behavioral problems of the only children themselves (Cameron et al., 2013).

The rest of the paper proceeds as follows: Section 2 provides background on
fertility trends and environmental conditions in China, before explaining the use of
online purchases as indicators for birth intentions. Section 3 describes the datasets
used and presents some summary statistics. Section 4 provides a simple theoretical
framework to illustrate the relationship between pollution and fertility choices and
Section 5 outlines the empirical strategy. Then Section 6 reports and discusses the
results. Section 7 concludes.

2.2 Background

Fertility and the Environment in China

As shown in Figure 2.1, China’s fertility has been declining over the past decades.
This downward trend was accelerated by a series of family planning policies imple-
mented since the 1960s (Wang et al., 2017). By early 1990s, China’s total fertility
rate dropped below replacement level and in 2015, the estimated TFR fell to 1.05,
among the lowest in world.3 Pressured by concerns over the country’s aging pop-
ulation and shrinking workforce, the Chinese government relaxed the controversial
one-child policy that was introduced in 1979. Starting Jan 1st, 2016, Chinese couples
may have two children. The number of new births increased by 1.3 million, or 7.9%,
in 2016. However, this figure fell short of previous government forecast of more than
4 million. In 2017, births decreased by 0.6 million, and the number of new births in
2018 became the lowest since the Great Famine.4

The much weaker-than-expected growth in fertility suggests that the limit on
family size was not the binding factor affecting child-bearing decisions. In Decem-
ber 2016, the All-China Women’s Federation released survey results of more than

3“Understanding the spike in China’s birth rate” – Economist, Jan 25, 2017.
4“China Replaces Family Planning With Family Development as Births Decline” – Wall Street

Journal, Sep 11, 2018.
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10,000 families with children under the age of 15. According to the report, 53.3% of
the families expressed no desire to have a second child. Only 20.5% were willing to
have another birth, while 26.2% were uncertain. The most important factors affect-
ing child-bearing decisions listed by the respondents were early education resources
(83.7%), quality of baby products (82.5%), environmental conditions (78.3%), and
access to health care (78.2%), followed by mother’s time and energy, family’s so-
cioeconomic conditions, access to pre-K child care and father’s time and energy.
Compared with other factors, the concern over environmental quality seems more
specific to potential parents in China (Lee and Khan, 1978; Norville et al., 2003).
Indeed, rapid industrialization and urbanization, along with coal-dependent energy
consumption, have led to severe environmental degradation across the country. In
2007, 16 Chinese cities appeared on the World Bank’s list of the world’s top 20 most
polluted places (World Bank, 2007). In the recent years, environmental problems
and the subsequent health impacts have become a top public concern.5 Studies have
documented higher mortality, as well as higher health care and avoidance expendi-
ture, in response to worsening pollution levels. (He et al., 2016; Chen et al., 2013a;
Ito and Zhang, 2016; Barwick et al., 2018; Zheng et al., 2015)

Online Purchases as a Proxy for Birth Intentions

In this paper, I seek empirical evidence for whether environmental quality affects
fertility decisions in China. A key challenge is to find a good measure of fertility
intention. A natural candidate would be birth rates. However, China only releases
birth statistics at the national level on an annual basis, making a rigorous research
design impossible. More importantly, even if birth rate data were available at more
granular levels and at higher frequencies, changes in birth rates cannot fully reflect
changes in birth intentions. If we find that higher pollution levels lead to lower
birth rates, we cannot disentangle whether it is because fewer people choose to have
children, or it is a purely physical effect of pollution damaging the reproductive
system. There are a few surveys that ask about fertility intentions and behaviors,
but a cross-sectional analysis is unlikely to be convincing due to a large number of
omitted confounding factors, especially given the rapid changes in China’s economic
and societal conditions.

While there is no direct time-series measure of birth intentions, we can infer that
more people are trying to have a baby if there is an increase in the sales of ovulation
tests, or other products used for pregnancy preparation. The prevalence of online
shopping in China allows us to use the online purchases of such products as a proxy

5“Protecting environment tops public concerns in poll” – China Daily, May 16, 2014.
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to quantify fertility intentions. In 2016, Chinese consumers spent $750 billion dollars
online, more than the US and the UK combined. Alibaba, China’s e-commerce giant
that owns two of the most popular online marketplaces in China, Taobao and Tmall,
has more than 500 million monthly active users.6 Therefore, changes in sales of
fertility-related products on online platforms can be seen as a reliable indicator of
changes in birth intentions among Chinese residents. On top of greater geographical
and temporal coverage, online purchases are revealed preferences and are thus more
informative than statistics from surveys or other stated preference methods.

2.3 Data

Online Shopping Data

Data on online transactions are provided by Alibaba. For each prefecture-level
city in each month from January 2014 to December 2016, I observe the total sales vol-
ume, total number of transactions, and the number of accounts that made purchases,
across 12 product groups. These 12 product groups are divided into 4 categories.
The first one consists of ovulation test and folic acid products, and I use them to
measure changes in fertility intentions, which is the main focus of this paper. Folic
acid is a type of B vitamin and is advised for women who are preparing for preg-
nancy to aid fertility and to prevent miscarriage and birth defects. Since folic acid
is also recommended during pregnancy, purchase of folic acid products should be a
weaker and less accurate indication of fertility intentions than ovulation tests. The
second category includes prenatal dietary supplement, books on pregnancy, and ma-
ternity clothing, in order to infer changes in actual pregnancy. I use these products
to examine whether changes in fertility intentions later translate into actual fertility
behaviors. Similarly, the third one looks at products that are usually brought for
newborns, namely infant formula, milk bottles, and diapers. In addition to these
birth-related products, I also obtained data on other purchases to test the validity
of my estimation strategy. There are two types of purchases in the fourth category,
products that are most sensitive to changes in pollution levels, including respirator
masks and air filters, and products that should not be affected by environmental
quality, which I chose socks and slippers. Intuitively, increases in air pollution levels
should lead to higher online purchases of masks and have no effect on slippers. I use
them in the analysis to ensure the validity of my specification and that results are
not confounded by other omitted factors.

6“ What China Reveals About the Future of Shopping”– Boston Consulting Group, May 4,
2017.
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Pollution and Meteorology Data

In this paper I use air quality index (AQI) to measure pollution level. Daily air
quality index for each city is published by the Ministry of Environmental Protection
(MEP). A higher AQI indicates higher ambient air pollution. For each pollutant
in a criteria set regulated by the MEP—SO2, NO2, PM10, PM2.5, O3 and CO—a
separate index is calculated according to the respective standard. Then the highest
value across the individual indexes is reported as the AQI for that location. The
current calculation standard was adopted in 2012 (GB3095-2012). I primarily use
AQI instead of concentrations of a certain pollutant because AQI is more commonly
reported in local news and weather forecasts, giving it greater public awareness,
and many cities didn’t publish concentration readings by pollutant until after 2014.
Additionally, since AQI numbers are usually reported with the corresponding health
implications, AQI should be a more intuitive indicator of pollution levels, and people
are more likely to make decisions based on AQI than concentration numbers.

Weather conditions directly affect ambient air pollution and can also impact fer-
tility decisions directly or indirectly. I therefore control for a set of weather variables
in the empirical analysis. Daily weather station readings on temperature, precip-
itation, and wind speed are obtained from the China Meteorological Data Service
Center. I then aggregated station level data to the prefecture city level, and from
daily to monthly level.

To address endogeneity concerns, I use thermal inversions to instrument for air
pollution levels, which is further discussed in section 5.2. The data on thermal inver-
sions come from NASA’s MERRA-2 product.7 This dataset divides the earth into
0.5°× 0.625° (around 50 km × 60 km) grids and reports the 6-hour air temperature
at 42 vertical layers, ranging from surface to 36,000 meters. Thermal inversion exists
if the temperature in the second layer (320 meters) is higher than the temperature
in the first layers (110 meters). I count the number of 6-hour periods with thermal
inversion occurrences for each grid each month, and then aggregate them to the city
level. I also compute total thermal inversion strength, which is the difference in
temperature between the first and second layers summed across all thermal inversion
events, for each grid month and use as instrument in robustness checks.

Summary Statistics

Table 2.1 presents descriptive statistics for variables used in the empirical analysis.
For online purchase and weather variables, the top 0.5% are winsorized. Whereas
close to sixty thousand customers shop for socks in the average city in a month, less

7In particular, I utilize the product M2I6NPANA version 5.12.4.
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than one thousand accounts make ovulation tests purchases. We also observe large
variations in online transactions across all product groups. In terms of air pollution,
the average air quality index is around 85, or moderate, while some cities experienced
hazardous pollution levels and recorded AQI of more than 300.

Figure 2.5 plots the average number of accounts that made purchases in the
product group over time. Purchases of the control group products, such as socks
and masks, exhibit stronger seasonality than fertility-related products. Purchases
of both folic acid and ovulation tests surged in the second half of 2015, suggesting
that many households were preparing for pregnancy in anticipation of the lifted birth
limit starting 2016. More summary statistics, such as number of transactions and
sales volume by product group can be found in the appendix.

2.4 Theoretical Framework

In this section I provide a simple theoretical model to illustrate the relationship
between environmental conditions and fertility decisions, as well as consumption of
other products. Think of children as a durable good. The larger the expected utility,
the more likely that the household will purchase the good (have a child). Let c
denote the present value of the lifetime net utility from raising a child. It varies in
the population with probability distribution f(c|θ∗), which depends on the long-term
environmental quality whose true value is θ∗. Each household knows that the true
distribution takes the form f but does not know the parameter θ∗.
Initially, each household has some belief about the parameter θ∗, which is denoted
g0(θ). In each period, households are able to observe the actual pollution level,
denoted by s. Any value of s that is revealed implies a likelihood on θ. Denote this
likelihood function as l(s|θ). Each household has an unconditional prior probability
distribution on s of:

q(s) =

∫
l(s|θ)g0(θ)dθ

Then by the end of the first period, the household has observed the actual value of
s and revises their beliefs about θ on the basis of this information. Their posterior
probability distribution on θ , conditional on their observation of s, is

g1(θ|s) =
l(s|θ)g0(θ)

q(s)

Consider now the household’s expected utility of having a child. If they knew θ, then
the expected utility would be:

C(θ) =

∫
cf(c|θ)dc
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With θ unknown, the household’s initial expected utility is the integral of C over all
possible values of θ using their prior distribution:

V0 =

∫
C(θ)g0(θ)dθ

After the first period, the household will update their beliefs about θ, as well as their
expected utility of having a child:

V1 =

∫
C(θ)g1(θ|s)dθ

This process continues in each period, and the household will choose to have a child
in period n if Vn is sufficiently large.
The household also consumes other durable or non-durable goods Zi, i = {1 . . . n}.
Assume that the household has additively separable utility:

U =
∑
i

u(Zi) + x

where x represents a composite good, or any leftover income or savings that can be
used for future expenditure including child-related expenses. The household chooses
the amount of Z ′is to purchase in order to maximize their utility subject to the budget
constraint:

Y = piZi + x

Similarly, let the utility from Zi be a random variable bi drawn from the distri-
bution fi(bi|s) But unlike children, the enjoyment of other goods only depends on
short-term environmental conditions s and not θ. In other words,

u(Zi) =

∫
bifi(bi|s)ds

So the Lagrangian is:

L =
∑
i

u(Zi) + x− λ(Y − piZi + x)

And the first-order conditions are:

∂L

∂Zi
= u′(Zi)− λpi = 0∀i ∈ {1, . . . , n}

∂L

∂x
= 1− λ = 0

∂L

∂λ
= (Y − piZi + x) = 0
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And the demand for Zi is characterized by:

u′(Zi)− λpi = u′(Zi)− pi = 0

Total differentiation yields:

u′′(Zi)dZi +
∂u′(Zi)

∂s
ds = 0

dZi
ds

= −
∂u′(Zi)
∂s

u′′(Zi)

If we assume concavity of u(Zi) then u′′(Zi) < 0 and the demand for Zi will increase

in response to higher air pollution levels if ∂u′(Zi)
∂s

< 0. For example, the marginal
utility of respirator masks is higher when ambient pollution is worse, and the demand
will likely increase in high pollution episodes. Whereas for other products, such as
socks, the marginal utility is unlikely to be affected by air quality and sales should
not change much when pollution level varies. In fact, behavioral economists find
empirically that consumers’ choices over car types can be highly dependent on the
weather at the time of purchase (Busse et al., 2015).

Example

For simplicity assume that there’s no other uncertainty in the lifetime net utility
from raising a child but the around θ, and that this utility decreases from some
benchmark level as environmental condition worsens:

C(θ) = C − θ

Also assume that households have normal prior and so is the likelihood function, and
that θ0, σ

2
0, σ

2 are known:

g0(θ) = N (θ0, σ0) =
1√

2πσ0

e
−(θ−θ0)

2

2σ20

l(s|θ) = N (θ, σ) =
1√
2πσ

e
−(s−θ)2

2σ2

Then the posterior is given by:

g1(θ|s) =
1√

2πσ1

e
−(θ−θ1)

2

2σ21
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Where

θ1 =
σ2

0

σ2
0 + σ2

s+
σ2

σ2
0 + σ2

θ0

σ2
1 =

(
1

σ2
0

+
1

σ2

)−1

So that

V0 =

∫
(C − θ) 1√

2πσ0

e
−(θ−θ0)

2

2σ20 dθ = C − θ0

V1 =

∫
(C − θ) 1√

2πσ1

e
−(θ−θ1)

2

2σ21 dθ = C − θ1

With multiple periods, the expected utility in period n can be expressed as:

Vn =

∫
(C − θ) 1√

2πσn
e
−(θ−θn)2

2σ2n dθ = C − θn

Where

θn =
σ2
n−1

σ2
n−1 + σ2

sn +
σ2

σ2
n−1 + σ2

θn−1

σ2
n =

(
1

σ2
n−1

+
1

σ2

)−1

In this case,

∂Vn
∂sn

= −∂θn
∂sn

= −
σ2
n−1

σ2
n−1 + σ2

< 0

∂Vn
∂sn−1

= − ∂Vn
∂θn−1

∂θn−1

∂sn−1

= −
(

σ2

σ2
n−1 + σ2

)(
σ2
n−2

σ2
n−2 + σ2

)
< 0

. . .

∂Vn
∂s1

= − ∂Vn
∂θn−1

∂θn−1

∂θn−2

∂θn−2

∂θn−3

· · · ∂θ1

∂s1

= −
(

σ2

σ2
n−1 + σ2

)(
σ2

σ2
n−2 + σ2

)
· · ·
(

σ2
0

σ2
0 + σ2

)
< 0

Therefore, pollution levels both in the current and past periods will affect the
expected utilities from child bearing and hence changing fertility decisions.
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2.5 Empirical Strategy

To estimate the impact of pollution levels both in the current and past periods on
birth intentions, as highlighted by the theoretical framework, I use a distributed-lag
model in the empirical analysis. Then to address endogeneity concerns, I exploit ran-
dom variation in air pollution stemming from thermal inversions in an instrumental
variable approach.

Distributed-Lag Model

To capture the relationship between both contemporaneous and past air pollution
levels and purchase of fertility-related products, I use the following distributed-lag
model:

yct = αc +
k∑
i=0

βipc,t−i +
k∑
i=0

ωc,t−i + κct+ λm + µsy + εct (2.1)

where yct denotes the outcome variable, such as the log number of accounts that made
purchase, in city c in period t, and is regressed on the contemporaneous pc,t−i, i = 0, as
well as lagged pc,t−i, i ≥ 1 pollution levels. ωct includes a rich set of weather controls
including temperature, precipitation, and wind speed, up to the third polynomial
to allow for nonlinearity in their effects. κct is city-specific linear time trend. I
also include a set of fixed effects, namely city fixed effects αc, month-of-the-year
fixed effects λm, and province-by-year fixed effects µsy, to control for time-invariant
city characteristics that can affect the outcome, seasonality, as well as economic or
policy shocks that are common to all locations within a province. εct represents
the idiosyncratic error term, and to address spatial correlation, standard errors are
clustered at 2°× 2° longitude by latitude grid cell level.

As we include more lagged periods in the regressions, coefficients on air quality,
the βi’s, will measure the temporal impact of each period’s pollution level on the out-
come in the current period. For example, βk estimates the impact of pollution level k
periods back on this period’s online purchases. When the outcome variable is one of
the birth intention indicators, they are expected to be negative for all lagged periods,
if worsening environmental conditions can lower the expected utilities from having a
child for potential parents. More importantly, the sum or the linear combination of
these coefficients can help us capture the cumulative effect of pollution, namely the
impact of a long-term or permanent shift in pollution on birth intentions. Whereas
the βis measure the effect of high pollution in one specific period,

∑
βi estimates

the cumulative impact of consistently high pollution over multiple periods. We are
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therefore more interested in the cumulative effects if we think consumers are forming
long-term expectations.

Identification and Instrumental Variable

Ideally we would want to randomly divide a representative sample of the popu-
lation into control and treatment groups and assign different patterns of pollution
exposure. For example, while the control group keeps a constant level of air quality,
treated group 1 experiences a spike in pollution in one period and treated group
2 faces increasing pollution levels over time. Then differences among their fertility
choices, if we can also directly observe them, will give us the treatment effect of
pollution on birth intentions. But since we can not manipulate ambient air quality,
in order to estimate a causal relationship, we need to address potential endogeneity
concerns. First, the air pollution data may suffer from measurement errors. The AQI
readings are averaged across monitoring sites, but pollution levels can vary across
locations within a city. Since the monitoring sites do not always align with densely
resided areas, the indexes might not accurately reflect ambient pollution levels for
the city’s population. Unfortunately, population-weighted local air quality measures
cannot be constructed due to the lack of pollution data at finer geographical units.
Nonetheless, since a single index is reported for each city by the authority, residents
from the same city use the same numbers to form their expectations of future pollu-
tion levels. In this case, there could be some attenuation bias in our estimates, but
this should be less of a concern when we look at purchases that involve long-term
forecasts, such as fertility-related products.

A more important source of endogeneity is unobserved confounding factors. Pol-
lution levels are likely correlated with the city’s economic conditions and migration
patterns, both of which can affect fertility decisions among potential parents. For
example, when an industrial town long plagued by smog decides to shut down some
of its most polluting factories, workers could lose their jobs and could not afford
to have children anymore. The inclusion of location-specific time trends can help
control for general trends in the city’s economic activities and migration. In addi-
tion to local economic and demographic conditions, pollution could also affect online
purchases through other channels, such as its impact on subjective well-being, and
the relative costs to make offline shopping trips. We can use online purchases of
generic products like socks and slippers to quantify the impact of pollution on online
purchases in general and not specific to fertility-related products.

To more rigorously address these issues for identification, I use an instrumental
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variable approach, and estimate a 2SLS model with the following first-stage equation:

pct = αc + δTIct + +ωct + κct+ λm + µsy + εct (2.2)

where TIct corresponds to the number of thermal inversions in city c in period t.
The same set of weather controls, fixed effects, and time trends are also included.
Thermal inversions are a common meteorological phenomenon that leads to higher
concentrations of pollutants near the ground. Normally, air temperature decreases
with altitude above the Earth’s surface. Since air moves from hot to cool regions,
air pollutants can circulate vertically decreasing air pollution concentrations near
the ground. However, under certain meteorological circumstances (see Arceo et al.,
2016), a mass of warmer, less dense air could move on top of a cooler, denser air mass
which leads to an inversion in the temperature/height gradient or thermal inversion.
When this occurs, air pollutants are trapped near the ground resulting in higher air
pollution levels. Weather conditions can affect the formation of thermal inversions,
and some regions are more prone to thermal inversions than others due to their
geographical characteristics. But after controlling for weather variables, seasonality,
and location fixed effects, this meteorological phenomenon is unrelated to economic
activities or other factors that could affect fertility decisions except through its effect
on ambient pollution. Therefore, thermal inversion can be used as a valid instrument
for air pollution, and several studies have applied this identification strategy (Arceo
et al., 2016; Hicks et al., 2016; Jans et al., 2018; Fu et al., 2017). In particular, Chen
et al. (2017) provide a detail discussion of patterns of thermal inversions, weather, and
air pollution across China. The primary instrument is number of thermal inversions
for each city each month. I also use total thermal inversion strength in robustness
checks, as discussed in section 3.2.

2.6 Results

In this section I first examine the contemporaneous and lagged effects of air pol-
lution levels on people’s fertility intentions estimated with OLS. Then to address
endogeneity concerns, I instrument air quality with the number of thermal inver-
sions and use 2SLS to estimate the same set of regressions. I explore heterogeneity
in the treatment effects between high and low-income areas in the last subsection.
Additional robustness checks are reported in the appendix.
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OLS

I begin by estimating the current period and lagged effects of the air pollution
levels on purchase of products related to pregnancy preparation, using the specifi-
cation characterized in section 5.1. The main dependent variable is the log number
of accounts who made purchases in the product group, such as ovulation test, in
each city each month, and the main explanatory variable is logarithm of air quality
index. Weather variables, namely temperature, precipitation, and wind speed up
to the third polynomial are added to each regression to control for their impact on
both pollution and fertility, and possibly online purchases. In all regressions I also
include city fixed effects, city-specific linear trends, province-by-year fixed effects,
and month-of-the-year fixed effects to account for time-invariant unobservables, city-
level trends in fertility or pollution, province-level economic or policy shocks and
seasonality. Standard errors are clustered at 2°× 2° longitude by latitude grid level
to address spatial correlation.

Table 2.2 presents the OLS results of the contemporaneous effects of air quality
on fertility intentions. A 1% increase in the average AQI numbers announced is
associated with a 0.1% decrease in the number of accounts that purchased pregnancy
preparation products in that month. However, this could be caused by the negative
impact of air pollution on online shopping in general. When air quality is bad,
purchases of generic products such as socks and slippers also go down, and the
magnitude can be larger than for products related to fertility intentions. There
are various mechanisms that could explain this finding. For example, air quality
could affect people’s subjective well-being and reduce their desire to shop. Shopping
trips, both online and offline, might also become less necessary when people have
to stay inside and cannot enjoy their purchases as much. Barwick et al. (2018)
find that a temporary increase in air pollution reduces credit card transactions in
daily necessities and supermarkets. While they interpret this relationship as driven
by avoidance behavior to mitigate pollution exposure, here we also see an impact
on online purchases, suggesting an overall negative effect of pollution on shopping
behavior. On the other hand, the number of accounts buying respirator masks goes
up by 0.17% when there is a 1% increase in the monthly average AQI, and the change
for air filters is positive but insignificant. These results align with our intuition and
findings in previous studies that defensive expenditure increases with pollution levels,
supporting the validity of the baseline specification. The lack of significance of the
air filter results could be that air filters are large and infrequent purchases and may
not be very responsive to month-to-month changes in air pollution levels. The effect
of pollution on online purchases, net of all other controls in the regressions above are
graphically represented in the residual plots in Figure 2.6. Air quality indexes are
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grouped by percentile and the in-group average of residual log number of purchasers
are plotted against each percentile. While the slope of the fitted line is negative
across most quantiles of AQI for purchases of folic acid and ovulation tests, the
patterns are not much different from generic products.

As discussed in the earlier sections, because fertility is a very long-term decision,
potential parents need to form expectations of long-run environmental conditions
to determine the lifetime net utility from having a child. Therefore, when making
such decisions, they may take into consideration not just the current but also past
period pollution levels to update their beliefs. To capture the cumulative effects of
air pollution on fertility intentions, I use a distributed-lag model characterized by
equation (1). Lagged weather variables are also included in the regressions. Table 2.3
and Table 2.4 report the OLS results with 3 and 5 lags respectively. The third to the
last row shows the linear combination of the estimated coefficients on the current and
lagged AQI terms, which captures the cumulative relationship between pollution and
online purchases. We see that a cumulative increase in AQI of 1% in the last 4 months
leads to a 0.24% decrease in the number of accounts purchasing ovulation tests, and
a 0.14% decrease for folic acid products. Whereas in the current period we also
observe large negative impacts of air pollution on generic products, the medium-run
effects are small and insignificant. For defensive expenditure, we see that respirator
masks also respond to air pollution levels in the past periods while the results for air
filters remain insignificant. We find similar results when we expand the estimation
to include 5 lags. The cumulative impact of air pollution on purchases indicating
fertility intentions is negative and significant, at 0.28% for ovulation tests and 0.19%
for folic acid products for each 1% cumulative increase of AQI in the past 6 months.
The effect remains small and insignificant for generic products and air filters, and is
still significantly positive for smog-protection masks.

To better illustrate the cumulative relationships, Figure 2.7 plots the linear combi-
nation terms and the 95% confidence intervals with different number of lags included
in the regression. For slippers and socks, while the initial estimates are negative,
the trend levels off and converges to 0 in the medium run. As discussed in section
4, this suggests that shopping patterns of generic products can be affected by con-
temporaneous pollution levels, but the impact quickly dissipates over time. Both the
immediate and medium-run impacts are significant and positive for respirator masks,
but air filters only respond to longer-term cumulative changes in air pollution. This
is plausible given the high costs and durability of air filtering devices. The relation-
ship between air pollution and products related to pregnancy preparation starts off
negative and further decreases over time, especially for ovulation tests. The fact
that the cumulative response is stronger over time agrees with the predictions in
the theoretical model. Birth intentions are lower when air pollution levels rise and
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potential parents make their fertility decision based on long-term rather temporal
changes in air quality.

IV

While the OLS analysis finds negative relationship between air pollution and
fertility intentions, one might be concerned that unobserved confounding factors,
such as local economic shocks, could bias the estimation. To address the issue of
endogenity, I use the number of thermal inversions to instrument for AQI levels in
the regressions, as described by equation (2) in section 5.2. Same sets of weather
controls, city-specific trends and fixed effects are included, and the standard errors
are also cluster at 2° grid cells. Table 2.5 reports the 2SLS results for the current
period, while Table 2.6 and Table 2.7 present the results with 3 lags and 5 lags.
Overall, the IV coefficients have larger magnitudes and are more imprecise, but
qualitatively they are very similar to the OLS results.

A 1% increase in the average AQI level in the current month is associated with
a 0.77% decrease in the number of accounts that made ovulation test purchases,
and 0.44% for folic acid products. The first-stage cluster-robust F-statistic on the
instruments is 145, suggesting a strong correlation between the instrument and the
endogenous variable. As in the OLS results, purchases of generic products respond
negatively to contemporaneous air pollution, in contrast to anti-smog masks, al-
though the estimates are quite noisy. Air filter sales are found to be negatively
affected by air pollution, while the OLS estimate was small and insignificant. Quan-
tified by the linear combination of coefficients on air quality, the cumulative impact
of worsening pollution by 1% leads to a 1.5% to 2% drop in the number of accounts
that bought ovulation tests, and a 0.5% to 1.5 % drop for folic acid products. The
impact becomes larger if we go back more periods. For other products, the combined
lag effects switch signs in some cases but are mostly insignificant. For air filters, the
cumulative effect can be negative and significant. The cumulative impacts are also
plotted in Figure 2.10 to examine changes over time. Regressions with more than 5
lags are likely to suffer from weak instruments problems since their F-statistics drop
below 10. Therefore the right tails of the plots are more volatile and less informa-
tive. Aside from the different magnitudes, these plots exhibit similar patterns to
the OLS results in Figure 2.7. For products indicating birth intentions, we observe
negative impacts of air pollution, and they strengthen over time. The consistency
between the OLS and IV results suggests that higher air pollution negatively affects
people’s fertility intentions, and that a permanent deterioration has a larger impact
than short-term fluctuations.



56

Heterogeneity

Previous results show that people have less desire to bear more children when air
pollution worsens and that long-term changes in air quality have stronger impacts
than contemporaneous fluctuations. It is informative to further explore the hetero-
geneity of the effects of pollution on fertility intentions to gain some insight on the
underlying mechanism or rationale. The reasons why pollution affects child-bearing
decisions can be multifold. For example, as pointed out by previous studies, se-
vere air pollution can lead to various health problems, which will likely mean higher
health care or defensive expenditures for the family. Potential parents might also
derive disutility if they expect their children to live in undesirable environments,
as described in altruistic parents models, such as in Becker and Barro (1988). If
health care expenditure is the primary explanation for the negative relationship be-
tween pollution and fertility intentions, then places with lower income should be
more sensitive to air quality than more affluent areas.

To measure the heterogeneous effects by income levels, I divide the cities into
high and low-income groups, depending on whether the average salary income is
above or below the national median. Data on city-level average salary income are
taken from the 2013 City Statistical Yearbook. In the heterogeneity analysis, current
and lagged air quality indexes in the baseline distributed-lag model are interacted
with an indicator for whether the city has above-median income. Table 2.8 through
Table 2.11 present the results for both OLS and IV with different numbers of lagged
periods. Linear combinations of the coefficients are computed for both low and high-
income cities to estimate the respective cumulative effects. They are presented in
bottom of the tables along with the differences between the two groups. Overall,
while both groups react negatively to pollution, we don’t see evidence that places
with below-median income are more sensitive to pollution levels. In fact, if we look
at Table 2.8 and Table 2.10, wealthier families can actually react more strongly when
air quality deteriorates.

These results suggest that additional health care or defensive expenditures are
unlikely to be the primary concern for potential parents facing bad air quality. The
same reasoning can be applied to other financial worries, such as higher spending
on education or the marriage market, if parents believe that pollution can affect
the quality of their child. While not directly testable with the available data, the
altruistic parents explanation seems more plausible. If the utility of the parents
depends positively on the utility of their children, then the expected utility from
having a child will be lower for potential parents as environmental condition worsens
if they think pollution is bad for their children. More formally, if we break down the
expected net utility of having a child in section 4 into benefits minus costs, then this
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heterogeneity analysis shows that the primary reason behind the negative relationship
between pollution and fertility decision is more likely to be on the benefits side.

2.7 Conclusion

This paper provides empirical evidence that concerns over environmental condi-
tions can negatively affect fertility intentions. In particular, I find stronger responses
to permanent shifts in pollution than to temporal fluctuations, supporting the as-
sumption that people form long-term expectations of pollution levels when making
child-bearing decisions. Further heterogeneity analysis between high and low-income
places shows that wealthier households are slightly more sensitive to pollution. This
then suggests that higher expenditures such as on health care are not the primary
reason that potential parents care about environmental quality. We see consistent
results both in the OLS and the IV analysis, where random variations in pollution
levels stemming from thermal inversions are exploited to address potential endogene-
ity.

Topics around fertility choices have attracted considerable interest among economists.
There is also a fast-growing literature on the impact of environmental problems,
ranging from urgent crises like wild fires to long-run projections for climate change.
However, no previous research has attempted to examine the interaction between the
two. This is the first study to bridge this gap in the literature, and China presents a
unique setting, as few countries face the dual challenges of low birth rates and high
pollution levels at the same time. One noteworthy contribution of this paper is the
use of online purchase data to measure changes in birth intentions. In recent years,
the explosive development of online platforms has opened up new opportunities for
researchers. The high frequency and broad coverage of these datasets allow us to
obtain more accurate statistics, in real time, for many things that were impossible
to measure in the past. While there are still limitations with the data in this paper,
future research will benefit from the rapid advancement of technology and produce
better results to help us understand fertility choices and other important questions.
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Figures and Tables

Figure 2.1: Population and the Number of New Births in China: 1950 - 2018

Source: National Bureau of Statistics

Figure 2.2: Average Salary Income in 2013

Note: Each dot represents a city. Annual salaries are capped in the figure for better presentation.

Actual maximum is 93997.
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Figure 2.3: Three Year Average AQI, 2014 - 2016

Figure 2.4: Average Number of Thermal Inversions in a Month, 2014 - 2016



60

Figure 2.5: Summary Plots for Trends in Online Purchases

(a) Slippers (b) Socks

(c) Mask (d) Filter

(e) Folic Acid (f) Ovulation Test

Note: Plotted are the average number of accounts that made purchases in the product group.
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Figure 2.6: Residuals of Log Number of Purchasers

(a) Slippers (b) Socks

(c) Mask (d) Filter

(e) Folic Acid (f) Ovulation Test

Note: Each dot denotes the in-group average residuals, net of weather controls, city-specific time

trends, city, month-of-the-year and province-by-year fixed effects, from regressions characterized

by equation (1). Groups are binned by percentiles of AQI, which is depicted by the x-axis. See

text for details.
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Figure 2.7: Impact of Air Quality, Linear Combinations (OLS)

(a) Slippers (b) Socks

(c) Mask (d) Filter

(e) Folic Acid (f) Ovulation Test

Note: Plotted are linear combinations of the coefficient estimates on current and lagged log(AQI) from equation (1).

Dependent variable is the log number of accounts that made purchases in all plots. All regressions include weather

controls, city-specific time trends, city, month-of-the-year and province-by-year fixed effects. Standard errors

clustered at at 2°× 2° grid cells. The shaded areas represent 95 percent confidence intervals. See text for details.
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Figure 2.8: Impact of Air Quality, Linear Combinations (OLS)

Note: Plotted are linear combinations of the coefficient estimates on current and lagged log(AQI)

from equation (1). Dependent variable is the log number of accounts that made purchases in all

plots. All regressions include weather controls, city-specific time trends, city, month-of-the-year

and province-by-year fixed effects. See text for details.

Figure 2.9: Impact of Air Quality, Linear Combinations (OLS)

Note: See notes for Figure 2.8. AQI is instrumented with the number of thermal inversions as in

equation (2).
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Figure 2.10: Impact of Air Quality, Linear Combinations (IV)

(a) Slippers (b) Socks

(c) Mask (d) Filter

(e) Folic Acid (f) Ovulation Test

Note: Plotted are linear combinations of the coefficient estimates on current and lagged log(AQI) from equation

(1). AQI is instrumented with the number of thermal inversions as in equation (2). Dependent variable is the log

number of accounts that made purchases in all plots. All regressions include weather controls, city-specific time

trends, city, month-of-the-year and province-by-year fixed effects. Standard errors clustered at at 2°× 2° grid cells.

The shaded areas represent 95 percent confidence intervals. See text for details.
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Table 2.1: Summary Statistics

N Mean SD Min Max

Number of Accounts made Purchase
Slippers 10,152 29,442.61 48,294.77 200 290,544
Socks 10,152 58,006.87 72,820.50 680 290,544
Masks 10,152 7,219.25 18,704.45 19 290,544
Air Filters 10,152 989.12 3,741.74 2 219,688
Folic Acid 10,152 215.85 574.63 0 10,907
Ovulation Tests 10,152 881.83 1,799.21 6 24,283

Pollution and Weather
AQI 8,780 85.08 31.90 24 315
Temperature, °C 8,423 14.40 10.44 -17.80 30.45
Precipitation, mm 8,423 91.40 99.22 0 584.80
Wind Speed, m/s 8,423 2.11 0.69 0.80 4.70
Number of Thermal Inversion 10,152 10.35 14.22 0 83.85
Strength of Thermal Inversion 10,152 17.67 28.46 0 267.02

Note: All variables in the table are top winsorized at 0.5%.

Table 2.2: OLS - Current Period

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.148*** -0.050* 0.174*** 0.040 -0.100** -0.104***
(0.023) (0.021) (0.035) (0.040) (0.033) (0.024)

N 7283 7283 7283 7283 7283 7283

Note: Standard errors clustered at at 2°× 2° grid cells in parentheses; Dependent

variable is the log number of accounts that made purchases in all columns; All regres-

sions include weather controls, city-specific time trends, city, month-of-the-year and

province-by-year fixed effects; * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table 2.3: OLS - With 3 Lags

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.096*** -0.037 0.189*** 0.028 -0.056 -0.076**
(0.024) (0.020) (0.037) (0.034) (0.030) (0.023)

log(AQI)-Lag 1 -0.068** -0.005 -0.039 0.002 -0.046 -0.021
(0.021) (0.013) (0.022) (0.041) (0.023) (0.019)

log(AQI)-Lag 2 0.038 0.057*** 0.086*** -0.019 0.039 -0.018
(0.023) (0.016) (0.024) (0.031) (0.027) (0.024)

log(AQI)-Lag 3 0.028 -0.003 -0.052* -0.063* -0.080** -0.121***
(0.019) (0.013) (0.021) (0.031) (0.029) (0.029)

Linear Combination -0.098 0.012 0.184** -0.053 -0.143 -0.236**
(0.046) (0.039) (0.064) (0.097) (0.075) (0.073)

N 6955 6955 6955 6955 6955 6955

Note: Standard errors clustered at at 2°× 2° grid cells in parentheses; Dependent variable is

the log number of accounts that made purchases in all columns; All regressions include weather

controls, city-specific time trends, city, month-of-the-year and province-by-year fixed effects; * p

< 0.05, ** p < 0.01, *** p < 0.001.
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Table 2.4: OLS - With 5 Lags

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.086*** -0.043* 0.208*** 0.026 -0.059 -0.067*
(0.023) (0.020) (0.037) (0.039) (0.034) (0.027)

log(AQI)-Lag 1 -0.004 0.009 -0.010 0.033 -0.007 -0.001
(0.022) (0.014) (0.022) (0.040) (0.025) (0.018)

log(AQI)-Lag 2 0.044* 0.060*** 0.096*** -0.017 0.035 -0.008
(0.020) (0.014) (0.023) (0.033) (0.028) (0.026)

log(AQI)-Lag 3 0.008 -0.029* -0.073** -0.015 -0.078** -0.124***
(0.022) (0.014) (0.023) (0.029) (0.024) (0.020)

log(AQI)-Lag 4 -0.037* 0.022 0.018 -0.054 0.001 -0.050*
(0.014) (0.018) (0.019) (0.028) (0.030) (0.019)

log(AQI)-Lag 5 0.047* -0.040* 0.006 0.116*** -0.078** -0.030
(0.023) (0.017) (0.023) (0.034) (0.028) (0.022)

Linear Combination -0.026 -0.020 0.246** 0.089 -0.186 -0.280**
(0.051) (0.045) (0.079) (0.134) (0.108) (0.098)

N 6727 6727 6727 6727 6727 6727

Note: Standard errors clustered at at 2°× 2° grid cells in parentheses; Dependent variable is the log

number of accounts that made purchases in all columns; All regressions include weather controls,

city-specific time trends, city, month-of-the-year and province-by-year fixed effects; * p < 0.05, **

p < 0.01, *** p < 0.001.



68

Table 2.5: IV - Current Period

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.874*** -0.305 0.236 -0.542* -0.438** -0.772***
(0.210) (0.213) (0.287) (0.226) (0.156) (0.166)

N 7283 7283 7283 7283 7283 7283

Note: First-stage F-stat is 144.685 in all columns; IVs are numbers of thermal in-

versions; Standard errors clustered at at 2°× 2° grid cells in parentheses; Dependent

variable is the log number of accounts that made purchases in all columns; All re-

gressions include weather controls, city-specific time trends, city, month-of-the-year

and province-by-year fixed effects; * p < 0.05, ** p < 0.01, *** p < 0.001.

Table 2.6: IV - With 3 Lags

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.790*** -0.081 0.680 -0.648 -0.146 -0.645**
(0.215) (0.249) (0.367) (0.361) (0.216) (0.221)

log(AQI)-Lag 1 0.028 0.288** 0.335 -0.896*** -0.040 -0.164
(0.152) (0.090) (0.170) (0.179) (0.108) (0.106)

log(AQI)-Lag 2 0.337 0.488*** 0.420** -0.164 -0.147 -0.414**
(0.176) (0.113) (0.147) (0.189) (0.114) (0.145)

log(AQI)-Lag 3 0.200 -0.079 -0.833*** 0.276 -0.207 -0.249
(0.179) (0.131) (0.226) (0.282) (0.148) (0.133)

Linear Combination -0.225 0.616 0.602 -1.432** -0.541 -1.473***
(0.302) (0.323) (0.428) (0.467) (0.278) (0.337)

N 6955 6955 6955 6955 6955 6955

Note: First-stage F-stat is 21.723 in all columns; IVs are numbers of thermal inversions; Standard

errors clustered at at 2°× 2° grid cells in parentheses; Dependent variable is the log number of accounts

that made purchases in all columns; All regressions include weather controls, city-specific time trends,

city, month-of-the-year and province-by-year fixed effects; * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table 2.7: IV - With 5 Lags

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.352* -0.062 0.559* -0.699* -0.124 -0.592**
(0.145) (0.179) (0.237) (0.311) (0.222) (0.201)

log(AQI)-Lag 1 0.049 0.233*** 0.357* -0.731*** -0.079 -0.124
(0.141) (0.066) (0.160) (0.175) (0.135) (0.118)

log(AQI)-Lag 2 0.355* 0.404*** 0.402* 0.024 -0.284 -0.458**
(0.157) (0.112) (0.167) (0.189) (0.162) (0.161)

log(AQI)-Lag 3 0.083 -0.301* -1.121*** 0.622* -0.627** -0.490**
(0.181) (0.145) (0.327) (0.257) (0.210) (0.172)

log(AQI)-Lag 4 -0.138 0.139 0.513 -0.004 0.061 -0.108
(0.177) (0.103) (0.262) (0.278) (0.181) (0.169)

log(AQI)-Lag 5 0.361* -0.238 -0.380 -0.168 -0.415** -0.228
(0.174) (0.146) (0.340) (0.238) (0.155) (0.135)

Linear Combination 0.358 0.177 0.330 -0.956 -1.469** -2.000***
(0.371) (0.286) (0.519) (0.593) (0.492) (0.443)

N 6727 6727 6727 6727 6727 6727

Note: First-stage F-stat is 10.845 in all columns; IVs are numbers of thermal inversions; Standard

errors clustered at at 2°× 2° grid cells in parentheses; Dependent variable is the log number of

accounts that made purchases in all columns; All regressions include weather controls, city-specific

time trends, city, month-of-the-year and province-by-year fixed effects; * p < 0.05, ** p < 0.01, ***

p < 0.001.
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Table 2.8: OLS: High-Income vs Low-Income Cities - 3 Lags

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.146*** -0.046 0.174*** 0.031 -0.059 -0.065**
(0.027) (0.027) (0.042) (0.044) (0.035) (0.024)

log(AQI) × High -0.117*** -0.022 -0.032 0.006 -0.004 0.028
(0.027) (0.028) (0.061) (0.062) (0.037) (0.031)

log(AQI)-Lag 1 -0.085*** -0.015 -0.029 0.008 -0.018 0.019
(0.025) (0.016) (0.025) (0.048) (0.031) (0.024)

log(AQI)-Lag 1 × High 0.040 0.021 -0.021 -0.014 -0.060 -0.088**
(0.030) (0.020) (0.031) (0.049) (0.035) (0.027)

log(AQI)-Lag 2 0.008 0.071*** 0.083*** -0.012 0.041 -0.029
(0.027) (0.019) (0.022) (0.041) (0.028) (0.024)

log(AQI)-Lag 2 × High 0.061* -0.030 0.007 -0.015 -0.003 0.022
(0.029) (0.020) (0.032) (0.040) (0.034) (0.025)

log(AQI)-Lag 3 0.055* 0.004 -0.043 -0.063 -0.082* -0.096**
(0.024) (0.016) (0.028) (0.041) (0.036) (0.030)

log(AQI)-Lag 3 × High -0.061* -0.015 -0.019 -0.001 0.007 -0.052
(0.028) (0.018) (0.035) (0.036) (0.046) (0.032)

Linear Combination - LOW -0.168*** 0.013 0.185* -0.036 -0.119 -0.171*
(0.051) (0.050) (0.076) (0.110) (0.081) (0.073)

Linear Combination - HIGH -0.011 0.012 0.184** -0.073 -0.171 -0.318***
(0.049) (0.038) (0.067) (0.115) (0.094) (0.091)

Difference (HIGH-LOW) 0.157*** -0.001 -0.001 -0.037 -0.052 -0.147*
(0.039) (0.043) (0.061) (0.111) (0.087) (0.071)

N 6955 6955 6955 6955 6955 6955

Note: Standard errors clustered at at 2°× 2° grid cells in parentheses; Dependent variable is the log

number of accounts that made purchases in all columns; Income data come from the 2013 City Statistical

Yearbook, see text for details; All regressions include weather controls, city-specific time trends, city,

month-of-the-year and province-by-year fixed effects; * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table 2.9: OLS: High-Income vs Low-Income Cities - 5 Lags

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.125*** -0.061* 0.195*** 0.034 -0.064 -0.046
(0.026) (0.025) (0.043) (0.051) (0.038) (0.029)

log(AQI) × High 0.096*** 0.039 0.029 -0.021 0.006 -0.051
(0.025) (0.024) (0.057) (0.064) (0.039) (0.032)

log(AQI)-Lag 1 -0.021 -0.007 -0.003 0.041 0.014 0.031
(0.025) (0.017) (0.025) (0.049) (0.031) (0.024)

log(AQI)-Lag 1 × High 0.034 0.034 -0.014 -0.016 -0.044 -0.069*
(0.029) (0.021) (0.034) (0.045) (0.036) (0.027)

log(AQI)-Lag 2 0.018 0.077*** 0.093*** -0.028 0.046 0.001
(0.024) (0.018) (0.021) (0.044) (0.031) (0.025)

log(AQI)-Lag 2 × High 0.051 -0.035 0.006 0.020 -0.026 -0.017
(0.027) (0.019) (0.034) (0.043) (0.036) (0.024)

log(AQI)-Lag 3 0.006 -0.018 -0.065* 0.008 -0.038 -0.086***
(0.028) (0.015) (0.028) (0.041) (0.032) (0.023)

log(AQI)-Lag 3 × High -0.000 -0.018 -0.015 -0.045 -0.076 -0.077**
(0.029) (0.015) (0.028) (0.038) (0.039) (0.028)

log(AQI)-Lag 4 -0.014 0.014 0.012 -0.083* -0.042 -0.039
(0.019) (0.019) (0.023) (0.041) (0.035) (0.025)

log(AQI)-Lag 4 × High -0.054* 0.020 0.010 0.059 0.090* -0.018
(0.025) (0.022) (0.035) (0.041) (0.039) (0.026)

log(AQI)-Lag 5 0.072* -0.058** 0.010 0.136** -0.070* -0.040
(0.028) (0.021) (0.024) (0.042) (0.035) (0.026)

log(AQI)-Lag 5 × High -0.056* 0.036 -0.009 -0.041 -0.019 0.023
(0.028) (0.029) (0.031) (0.037) (0.038) (0.029)

Difference (HIGH-LOW) 0.071 0.075 0.006 -0.044 -0.069 -0.209*
(0.056) (0.051) (0.082) (0.134) (0.121) (0.092)

N 6727 6727 6727 6727 6727 6727

Note: Standard errors clustered at at 2°× 2° grid cells in parentheses; Dependent variable is the log

number of accounts that made purchases in all columns; Income data come from the 2013 City Statistical

Yearbook, see text for details; All regressions include weather controls, city-specific time trends, city,

month-of-the-year and province-by-year fixed effects; * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table 2.10: IV: High-Income vs Low-Income Cities - 3 Lags

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.546* -0.348 1.202** -0.904 -0.516 -0.991**
(0.244) (0.245) (0.455) (0.495) (0.289) (0.346)

log(AQI) × High 0.128 -0.163 0.539** -0.449 -0.404* -0.356
(0.148) (0.118) (0.200) (0.268) (0.155) (0.192)

log(AQI)-Lag 1 -0.001 0.279** 0.315 -1.087*** -0.083 -0.147
(0.169) (0.088) (0.187) (0.228) (0.134) (0.127)

log(AQI)-Lag 1 × High 0.157 -0.012 0.171 0.379 -0.024 -0.157
(0.173) (0.138) (0.215) (0.239) (0.164) (0.131)

log(AQI)-Lag 2 0.300 0.394** 0.582** -0.373 -0.223 -0.462**
(0.176) (0.122) (0.173) (0.230) (0.138) (0.170)

log(AQI)-Lag 2 × High 0.034 0.257* -0.156 0.293 0.044 -0.029
(0.141) (0.102) (0.142) (0.188) (0.133) (0.133)

log(AQI)-Lag 3 0.360 -0.193 -0.826** 0.411 -0.234 -0.280
(0.232) (0.143) (0.266) (0.323) (0.187) (0.171)

log(AQI)-Lag 3 × High -0.313 0.283* 0.076 -0.296 -0.014 -0.026
(0.164) (0.135) (0.182) (0.229) (0.143) (0.115)

Linear Combination - LOW 0.113 0.133 1.273* -1.953** -1.057** -1.880***
(0.394) (0.295) (0.563) (0.677) (0.381) (0.470)

Linear Combination - HIGH 0.119 0.499 1.904* -2.026*** -1.454*** -2.448***
(0.417) (0.385) (0.754) (0.794) (0.406) (0.537)

Difference (HIGH-LOW) 0.006 0.365* 0.631* -0.073 -0.397** -0.568**
(0.144) (0.170) (0.259) (0.256) (0.154) (0.194)

N 6955 6955 6955 6955 6955 6955

Note: First-stage F-stat is 9.435 in all columns; IVs are numbers of thermal inversions; Standard errors

clustered at at 2°× 2° grid cells in parentheses; Dependent variable is the log number of accounts that

made purchases in all columns; Income data come from the 2013 City Statistical Yearbook, see text for

details; All regressions include weather controls, city-specific time trends, city, month-of-the-year and

province-by-year fixed effects; * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table 2.11: IV: High-Income vs Low-Income Cities - 5 Lags

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI)-Lag 1 0.067 0.155 0.366 -0.968*** -0.216 -0.204
(0.164) (0.267) (0.191) (0.227) (0.242) (0.185)

log(AQI)-Lag 1 × High 0.065 0.364 -0.010 0.576 0.379 0.165
(0.219) (0.635) (0.273) (0.356) (0.462) (0.332)

log(AQI)-Lag 2 0.357 -0.264 0.677 -0.141 -0.761 -0.681
(0.446) (0.832) (0.412) (0.689) (0.667) (0.500)

log(AQI)-Lag 2 × High -0.040 1.404 -0.430 0.221 0.781 0.267
(0.733) (1.471) (0.692) (1.257) (1.042) (0.781)

log(AQI)-Lag 3 0.177 -1.329 -0.888 0.815 -1.184 -0.835
(0.599) (1.186) (0.654) (1.133) (0.951) (0.667)

log(AQI)-Lag 3 × High -0.225 0.867 -0.044 -0.494 0.169 0.053
(0.424) (0.846) (0.434) (0.812) (0.618) (0.420)

log(AQI)-Lag 4 -0.122 1.100 0.098 0.298 0.836 0.407
(0.626) (1.393) (0.607) (1.066) (0.951) (0.696)

log(AQI)-Lag 4 × High 0.010 -1.442 0.561 -0.136 -1.038 -0.690
(0.833) (1.837) (0.855) (1.538) (1.258) (0.954)

log(AQI)-Lag 5 0.267 0.115 -0.308 -0.561 -0.431 -0.334
(0.224) (0.485) (0.418) (0.440) (0.344) (0.245)

log(AQI)-Lag 5 × High -0.059 -0.718 -0.063 0.494 -0.347 -0.161
(0.398) (0.800) (0.415) (0.794) (0.569) (0.399)

Difference (HIGH-LOW) -0.083 -1.396 0.755 0.606 -1.573 -1.352
(0.948) (1.953) (1.029) (1.841) (1.388) (1.051)

N 6727 6727 6727 6727 6727 6727

Note: First-stage F-stat is 0.254 in all columns; IVs are numbers of thermal inversions; Standard errors

clustered at at 2°× 2° grid cells in parentheses; Dependent variable is the log number of accounts that

made purchases in all columns; Income data come from the 2013 City Statistical Yearbook, see text

for details; All regressions include weather controls, city-specific time trends, city, month-of-the-year

and province-by-year fixed effects; * p < 0.05, ** p < 0.01, *** p < 0.001.
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Chapter 3

Are Gas Prices Fueling
Online-Offline Competition?
Evidence From Household Panel
Data

3.1 Introduction

The explosive growth of the internet has revolutionized people’s way of life. Over
the last 15 years, E-commerce sales in the United States soared from 7.9 billion dollars
in Q1 2001 to 75 billion dollars in Q1 2015, with its shares in total retail sales also
jumping from 1% to 7% .1 There are heated discussions in the popular press as well as
in the academia on the rapid development of online retail and the driving forces of its
booming popularity over traditional retail formats. One of the factors that thought
be bolstering online sales is the rising gasoline prices, as in the New York Times, Wall
Street Journal and Time Magazine articles, 2 the rationale being that consumers
switch to purchasing online to avoid increasing costs of driving to the stores. Indeed,
as shown in Figure 3.1, we observe upward trends in both gas prices and e-commerce
volume during the same period. The US average price of gasoline climbed from
1.5 dollars per gallon in 2001 to 3.4 dollars per gallon in 2014, albeit sharp drops
following the financial crisis and very recently since Fall 2014. And researchers have

1Not-adjusted quarterly sales data, obtained at www.census.gov/retail/index.html#ecommerce.
2”To Save Gas, Shoppers Stay Home and Click” – New York Times, Jul 19, 2008; ”With $4

Gas, More Folks Skip the Trip” – Wall Street Journal, May 18 2011; and ”Are High Gas Prices
Boosting Online Shopping?” – Time, Mar 8, 2012.
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provided evidence that consumers do change their shopping behaviors in response
to varying gas prices. As gas prices increase, income effect makes consumers more
price sensitive to nonfuel purchases and switch to more promotional and store-brand
items (Gicheva et al., 2010). Substitution effect may also play a role as the relative
transaction costs at different stores change with transportation costs, making staying
at home and shopping online more attractive. But to my knowledge, no empirical
work has been done to formally study the effects of fuel prices on online versus offline
retail choices.

In this paper I use the Nielson HomeScan Panel Data on the shopping patterns
of 12,600 households in California from 2004 to 2013 to examine the impacts of
gasoline prices on consumers’ retail channel choices. Although this dataset only
records purchases made in ten ”fast-moving consumer goods” categories, most of
which are grocery items, and excludes products like books that have a large online
sales share, the relative inelasticity of grocery demand enables us to better study
retail format choices under short-term shocks. Guided by a discrete choice model,
I use a fixed effects specification to compare the share of trips and spending at top
brick-and-mortar retail formats, namely grocery stores, discount stores, drug stores,
and warehouse clubs, and at online channels. I observe that households respond
to increase in gasoline prices by making fewer shopping trips, but total spending is
not much affected. Households are also found to switch to formats that have bigger
price advantages or have more convenient locations. My regression results show
that when gas prices go up, trip share increases for drug stores and spending share
increases for warehouse clubs. However, gasoline prices don’t seem to be affecting
online shopping as much as they do to offline channels. Estimated impacts of fuel
prices on both shopping frequency and purchase volume online are negligible.

In addition, I present evidence that consumers tend to visit closer stores when
costs of driving go up. Using the National Household Travel Survey data, I find that
distance traveled for shopping purposes is shorter when gas prices are high. The
fact that consumers take shorter shopping trips and switch among offline formats
suggest that rising gas prices do affect consumer’s shopping behavior and retail for-
mat choices. Yet the insignificance changes in online shopping shares imply that
transportation costs do not receive much weight when consumers decide between
click and brick. Policies that shift gasoline prices, such as a carbon tax, may incur
unintended consequences. In the case of the retail industry, higher gas prices may
benefit certain stores while hurting others. However, this paper finds no empirical
ground that raising costs of fuel will implicitly subsidize online retailers over offline
stores.

The rest of the paper proceeds as follows. Section 2 surveys related literature.
Section 3 describes the data sets used. Section 4 outlines the theoretical framework
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and the empirical strategy. Then section 5 reports and discusses the results. Section
6 concludes.

3.2 Literature Review

A number of researches have empirically studied the role of transportation costs
in consumers’ retail store choices, mostly from a marketing prospective. Bell et al.
(1998) develop a model that decomposes total shopping costs at a store into fixed
costs, such as distance and inherent preferences, and variable costs that depends
on the shopping list. Analyzing panel data of shoppers at five supermarkets, the
authors find that fixed costs have larger impacts than variable costs and distance
to the store is a significant determinant of store choice. Bhatnagar and Ratchford
(2004) gather mail survey data of 500 shoppers of non-durable goods and conclude
that the likelihood of patronizing supermarkets is decreasing in the consumers phys-
ical distance from the supermarket and increasing in the consumers ownership of
cars. Using data of same source as in Bell et al. (1998), Fox et al. (2004) find that
travel time has a substantial negative effect on store patronage, as well as a negative
effect on spending at drug and grocery stores. But overall travel time explains less
variation in shopping behavior than the retailer’s marketing mix, including assort-
ment, promotion and price. The work by Ma et al. (2011) most closely relates to this
study as it explicitly investigates the effects of gasoline prices on grocery shopping
behaviors. Their dataset comes from the same source as in Bell et al. (1998) and
Fox et al. (2004) but covers different time period. The authors find that gas prices
have a substantial negative impact on shopping frequency and purchase volume, and
encourage shifts from grocery toward supercenter formats. They control for house-
hold demographics and general economic conditions but do not consider fixed-effects
approaches.

The implications of information technology for the retail industry and the compe-
tition between online retailers and brick-and-mortar stores also draw a lot of interest
in academia. Examining sales data of a supermarket chain that operates both online
shopping services and a network of physical stores, Pozzi (2013) documents that the
establishment of the Internet channel led to a 13 percent increase in overall rev-
enues, with limited cannibalization of traditional sales. He shows that reduction in
transportation costs (measured by distance to store) is one of the driving forces of
the revenue expansion online and provides some evidence that gains from the online
channel increase more in markets with more competitors. Also by comparing the on-
line and offline channels of the same retail chain, Chintagunta et al. (2012) provide
monetary metrics for several types of transaction costs and in particular, they esti-
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mate that one mile of travel to the store is valued at 0.59 euro per km. Hansen (2006)
analyzes online survey data and the results suggest that consumers’ attitude towards
online grocery buying is positively affected by perceived offline physical effort and
negatively affected by offline shopping enjoyment. Conversely, Forman et al. (2008)
use Amazon.com data on top selling books and find local online sales decline when a
new brick-and-mortar book retailer enters the market, and that (travel cost) conve-
nience is the single biggest factor influencing online-offline substitution. As for other
attributes in the brick-or-click competition, Chu et al. (2010) find that households
are more brand loyal, more size loyal but less price sensitive in the online channel
than in the offline channel and they provide a detailed review of researches on those
aspects. For a comprehensive survey of literature on the rise of e-commerce and its
effects on the retail industry, see Lieber and Syverson (2012).

Finally, a few papers have empirically studied the effects of fuel prices on shopping
behaviors. Gicheva et al. (2010) investigate income effects of gasoline prices on
grocery purchases with scanner data of a large grocery chain and find evidence that
consumers adjust to higher gasoline prices by substituting within a category towards
promotional items. Ma et al. (2011) also show substitution within product category
from regular-priced to promotional and from national brand to private label as gas
prices increase, on top of other effects discussed earlier. Cullen et al. (2005) find
little evidence of excess sensitivity to anticipated variation in home energy costs
among households in the Consumer Expenditure Survey 1990-2002, even among
those without substantial financial assets. However, the latter group experiences
large consumption reactions to unanticipated changes.

3.3 Data

In order to study how consumers choose across online and offline formats in
response to varying gasoline prices, I gather data on households’ purchases across
retail outlets, gasoline prices, as well as characteristics of shopping trips.

Household Panel Data

Data on detailed household consumption information come from the Nielsen
HomeScan Panel, a large dataset that tracks the shopping behavior of approximately
40,000 - 60,000 households in the United States each year from 2004 to 2013. Each
household in the panel is provided with a barcode scanner to record all purchases
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made in the Nielsen-tracked categories3 from any retail outlet. They are instructed
to enter the date, and the name, location and type of the store for each shopping trip.
They then scan the barcodes of the products bought and report other transaction
information such as quantity, price, deals and coupons. Nielsen then matches the
barcode, or the Universal Product Code, with more detailed product information.
In addition, Nielsen also provides demographic and geographic variables, as well as a
projection factor or sampling weight to correct for selection bias for each panelist. To
make the size of the data manageable, I choose to only focus on households in Cali-
fornia, which leaves me about 12,600 households and more than 8.6 million shopping
trips.

An obvious limitation of the HomeScan Panel data is the range of products cov-
ered. Many of the categories that people often buy online, such as books or apparel,
are excluded, which makes the dataset less ideal for analysis on online shopping.
Nonetheless, the relative inelastic demand for grocery items means higher frequency
of grocery purchases and thus more sensitivity to short-term economic shocks. More-
over, as the purpose of this paper is to examine purchase patterns across retail for-
mats, the HomeScan Panel stands out as the best source available with information
on the channel types. Nielsen classifies the types of retail outlet into 66 channels,
including online shopping. The most popular channel types in the California sample
measured by the number of trips are grocery stores (37%), discount stores (11%),
drug stores (8%) and warehouse clubs (7%). Share of online trips is about 1.5%. In
the main analysis, I will direct my attention to these four offline formats and the
online channel. The unit of analysis is household by month. Summary statistics of
average basket size by format are presented in Table 3.1 to 3.3. On average, house-
holds in the sample make 15 shopping trips per month and spend about 47 dollars on
10 items on each trip. Online purchases are much less frequent compared with the
top four formats but amount spent on each order is higher (only less than warehouse
clubs). The number of shopping trips is on average lower when gas prices are high.
But the average number of visits to online retailers and warehouse clubs are higher
when gasoline is more expensive.

Gasoline Price Data

I obtain monthly average gasoline prices in California from the U.S. Energy In-
formation Administration website. In this paper I use the price for the regular grade
gasoline measured in dollars per gallon, including taxes. Regional variation in retail

3These categories are dry grocery, frozen foods, dairy, deli, packaged meat, fresh produce,
nonfood grocery, alcohol, general merchandise, and health and beauty aids.
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gas prices and household’s preferences of brand or grade should be captured by the
fixed effects. As shown in Figure 1, gasoline prices exhibit high degree of volatility
over the period of study. The cost of one gallon more than doubled from 2004 to
2008, with more abrupt changes following the recession. This pattern, as argued in
Gicheva et al. (2010), is most likely exogenous to other factors that affect household
income or household product preferences over time.

National Household Travel Survey Data

Although households are supposed to report the location and name of the stores
they visited, Nielsen does not release the exact locations to protect the confidentiality
of individual stores. To gain some additional insight on shopping trips, I resort to the
National Household Travel Survey data, in which detailed information on daily trips
taken in a 24-hour period are collected for members of about 150,000 households in
the US in 2009. For each trip, variables including purpose, travel time, trip distance
and start and end time are recorded. One of the trip purpose categorized by the
NHTS is ”Buy goods: groceries/clothing/hardware store”. However, it does not
further distinguishes grocery shopping trips from other shopping trips. So a grain of
salt should be taken when relating the results using the NHTS data to those using the
HomeScan Panel. Table 3.4 provides the summary statistics for shopping trips in the
sample. The average household surveyed travels about 5.6 miles on each shopping
trip, spending about 14 minutes on the way and 37 minutes inside the store.

3.4 Conceptual Framework

To fix ideas and to guide the empirical analysis, it is useful to first consider a very
simple discrete choice model of store format choices. Suppose there is one homoge-
neous composite good with wholesale price 1. Households are endowed with income
yi and have quasi-linear utility functions. In each period household i purchases the
numeraire good and Gi units of gasoline that is predetermined by the commute pat-
terns of the household members and can be seen as fixed in the short run. The price
of gasoline pg is exogenously set by global market conditions. There are J different
retail channels. Each retail channel type has a set of attributes Zj, such as cleanness
of the store and service quality, and is associated with a cost cij that is perceived
differently across households. This cost is the sum of the price premium charged
at the store pj, which is the difference between the in-store price and the wholesale
price, and a transportation cost that positively depends on the price of gasoline and
the distance from home to the store dij (in units of gasoline needed).
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Formally, in each period, given the price of gasoline, households maximize their
utility over the available retail formats:

The indirect utility of choice j for household i is

uij = δ(yi − pgGi − cij) + Zjγi + εij

And cij can be decomposed as

cij = pj + pgdij

Channel j is selected if

uij = δ(yi − pgGi − pj − pgdij) + Zjγi + εij ≥ uik ∀k 6= j

Assume that the error term εij is distributed type I extreme value. The probility of
choosing j is

Prij =
exp(δ(yi − pgGi − pj − pgdij) + Zjγi)

exp(
∑J

k=1 δ(yi − pgGi − pk + pgdik) + Zkγi)

Set one of the format type as the baseline for comparison

log(Prij)− log(Pri1) = δ(p1 − pj) + δpg(di1 − dij) + γi(Zj − Z1)

The last equation suggests that the log share at retail channel j relative to the
baseline channel, which can be interpreted as the normalized mean utility for channel
j, is linear in it’s characteristics, shelf price and travel distance from customer’s home
location. In particular, this implies that when gas prices are high, consumers are
more likely to switch to retail formats with di1 − dij > 0, i.e. formats that require
less driving relatively, such as online shopping which requires no traveling at all.
Given the data at hand, the share of each format can be measured as the share of
shopping trips and the share of spending. And in the empirical analysis, the focus is
on the top four channel types, namely grocery, discount,drug stores and warehouse
club as well as the online channel. Hence the first testable hypothesis is that: When
the price of gasoline increases, the relative share of number of trips and the relative
share of spending will increase for online shopping and for drug stores as they are
more conveniently located.

This simple model does not incorporated income effects but as discussed above,
earlier studies have shown that income effects of gasoline prices are present and
significant in grocery shopping behavior. In terms of format choice, if income effect
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is more pronounced, we should expect consumers pay more visits to stores with
lower prices. And many online retailers offer better deals than brick-and-mortar
stores. The second hypothesis I want to test is then: When the price of gasoline
increases, the relative share of number of trips and the relative share of spending will
increase for online retail and warehouse clubs.

Note that for offline retail formats, these two effects can be conflicting. But for
online purchases, if the decision process is modeled correctly such that price differ-
ences and transportation costs are the only costs considered, the effect of gasoline
prices should be positive.

I consider the following specification to test these hypotheses:

ln(Sijt)− ln(Siot) = αi + βj gaspricet + µ′Xit + εijt (∗)

where Sijt is household i’s share of trips or spending at format j in month t, and j
takes on 5 values representing grocery stores, discount stores, drug stores, warehouse
clubs, and online shopping. Siot is the share at all other formats combined. αi
represents household fixed effects and Xit includes month-of-the-year and county-by-
year fixed effects to control for seasonality and time trends. Since I do not observe
distance to the stores in the data, I cannot recover the estimate for δ but a composite
of d̄i0 − d̄ij and δ, denoted by β. Since d̄io − d̄ij is positive for retail channels that
are closer or requires less driving, I expect the sign of βj to be positive for online
shopping and drug stores. I also expect it to be positive for warehouse clubs because
of income effect.

To make my results more comparable with previous studies, especially Ma et al.
(2011), I run a linear probability model of store visit followed by a log-log specifica-
tion. To address the fact that the monthly share at a format is sometimes zero, I also
run a linear-linear specification to gain some additional insight. These regressions
take the form:

yijt = αi + βj gt + µ′Xit + εijt

where yijt can be the dummy for if household i visits format j in month t, or the
(log) share of trips or spending across formats, and gt is the (log) price of gasoline.
Results for this set of regressions might not have a good theoretical interpretation
but we should still expect the coefficients on (log) gas price to be positive for online
shopping, as well as for warehouse clubs and drug stores.
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3.5 Results

Overall Shopping Behavior

Before presenting the results of cross-channel effects of gasoline prices by esti-
mating (∗), I first examine how rising fuel prices affect overall shopping behavior.
Table 3.5 reports the effects of gasoline prices on the total number of trips and to-
tal expenditure at all formats. This pattern is similar to the summary statistics in
Table 3.2 and 3.3 which do not account for household fixed effects and time trends.
Consumers tend to reduce the number of shopping trips when gas prices increase, and
doubling the per-gallon price from $2 to $4 will bring down one fifth shopping trip on
average. But overall spending is not significantly responsive. Some rationale for the
positive estimate on spending could be that grocery demand is rather inelastic and
prices of goods may rise since gasoline prices enter input costs through production
and logistics costs. While households might not have much flexibility in adjusting
their monthly grocery purchases, they can react to short-term price shocks of gaso-
line by visiting stores that are closer in distance. Using the NHTS data, I regress
miles traveled for shopping purposes on gasoline prices for that day, controlling for
a set of individual and trip characteristics, as well as time and regional fixed effects.
I find that the distance traveled for shopping trips decreases significantly with gas
prices. If gas prices go up by one dollar, average trip distance to the stores go down
by nearly 2 miles. However, this includes non-grocery shopping trips, and it is very
likely that the effect on grocery shopping trips turns out to be smaller in magnitude.

Main Specification

Now I turn to the main empirical specification. Table 3.7 and 3.8 present the
regression results as specified by (∗), i.e. the relationship between gasoline prices on
normalized mean utility levels across formats, measured as the trip share and spend-
ing share for each format relative to the share at all other channel types combined.
For trip shares, the estimates for βj are negative and insignificant across all formats
but warehouse clubs. A one dollar increase in gas prices results in relatively 2% more
visits to wholesale clubs and less than 1 % change for all other four formats. As for
relative shares of amount spent, The estimates are significantly negative, about 2.5
to 3 % decrease in response to a one dollar increase in gas prices, for grocery and
discount stores. The estimate for warehouse clubs is positive at about 1.3 % but
it’s not significant. Combining both measures, albeit mostly not significant, the sign
of the coefficients suggest substitution away from grocery and discount stores and
toward warehouse clubs when gasoline prices increase. The estimated effects on drug
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stores and online shopping, however, are more noisy and have the opposite signs as
predicted by the model. The results from the main specification imply that income
effect of gasoline prices dominates substitution effect in retail channel choices, and
there is no evidence that online shopping benefits from rising fuel prices.

Linear Probability and Log-Log Specification

To make my results more comparable to those of Ma et al. (2011), who also
use household panel data to study the effect of gasoline prices on retail formats,
I next consider similar empirical models as in their papers. They fit a two-tiered
model in which a probit governs the zerononzero format choice and a regression of
log share determines the magnitude of nonzero format share. They use a set of
controls including demographic variables and initial shares. But in my regressions I
still use household fixed effects and regional time trends to account for unobservable
determinants of shopping behavior. Therefore in this set of analysis I first fit a linear
probability model of whether a household choose to visit one retail channel, and then
a log-log specification of trip and spending shares on gasoline prices. The results are
presented in Table 3.9 through 3.11. Gasoline prices seem to have minimal effect
on the probability of visiting certain types of stores, with the only substantially
positive, yet insignificant effect for drug stores. And the estimated effects on both
trip and expenditure shares add to evidence that household switch from Walmarts
to Costcos in response to gas price hikes. If the cost for gasoline increases by 100
%, for discount stores, share of trips will fall by 3.5% and share of spending will go
down by 6.8 % given that they are visited, while the numbers will increase by 5 %
and 5.8% respectively for warehouse clubs. For grocery stores the estimated effect is
negative at about 1% for trips shares and 2% for spending shares, but not significant.
While Ma et al. (2011) find that consumers shift toward supercenters when gas prices
increase, my results suggest the contrary and my estimates are smaller in magnitude.
These differences could be due to different model specification, as well as different
definitions for channel types. Sample selection could also be an issue as they do not
use sampling weights in their regressions and their sample size is much smaller. My
results do agree with theirs in that grocery stores are negatively but not significantly
impacted by high gas prices. In this set of results, the estimated effects of gas prices
on online shopping and on drug stores are positive but insignificant, which again
gives little support to the claim that online sales are bolstered by high fuel prices.
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Linear Specification

The log-log regressions provide coefficients in percentage forms that can be inter-
preted as elasticities. But given that in my dataset households do not always visit
all retail channels in every month, the monthly shares at each format are often zero.
The zero shares are dropped in the logarithm transformations and the coefficients
can only be interpreted as effects conditional on visit. To address this problem, I
now fit a linear specification of shares across formats on gas prices. As shown in Ta-
ble 3.12 and 3.13, these results further confirm my previous findings that the impact
of gasoline prices is positive on warehouse clubs and negative for discount stores and
grocery stores. If gas prices increase by one dollar, share of trips to discount stores
drops by 0.25 percentage point while it grows by 0.18 percentage point at warehouse
clubs. Given their average fractions summarized in Table 3.2, these estimates suggest
about 2.2% decrease 2.6 % increase in their respective trip shares. Their changes in
spending shares are of similar magnitude, with -0.27 and 0.2 percentage point esti-
mates for discount stores and warehouse clubs respectively. A back-of-the-envelope
calculation based on numbers in Table 3.2 implies 2% less spending share at Wal-
marts and 1.3 % more at Costcos. For grocery stores, the effects of gasoline prices are
negative for both shares and significant for spending shares. Share of money spent
at grocery stores falls by 0.38 percentage point, or about 1 %, in response to a one
dollar increase in gas prices. Notice that in the linear specification, the coefficient
is positive and significant for trip shares at drug stores. If gas prices go up by a
dollar, trip shares at Walgreens’ expand by 0.14 percentage point or 1.6 % according
to statistics in Table 3.2. The estimated effect on drug stores’ spending shares is
negligible and insignificant. Yet again, I fail to detect any effect of gasoline prices on
online purchases.

Discussion

In all three sets of specifications, I find evidence that gasoline prices affect house-
holds’ choice of retail formats. The results suggest substitution away from discount
stores like Walmart or Kmart, and grocery stores like Safeway, toward warehouse
clubs like Costco when it costs more to fill the tank. I interpret this result as the
income effect of gasoline prices. Since both demand for grocery items and gasoline
are rather inelastic, when gasoline prices increase, households face a tighter budget
and can save by switching to retail formats that have a bigger price advantage. Not
only offering closer to wholesale prices, warehouse clubs also enable customers to pur-
chase grocery items in large quantity, reducing their need for more shopping trips.
Another explanation could be that warehouse clubs like Costco often sell cheaper
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gasoline. When gas prices are high, members enjoy bigger savings at Costco’s gas
stations, and consequently visit the store more often. These mechanisms combined
make warehouse clubs more economical than discount stores and grocery stores dur-
ing periods of rising fuel prices.

Drug stores appear to enjoy a higher trip share when gas prices go up in some
of the specifications. But their spending share seems unaffected. This may be due
the fact consumers often go to drug stores for a small number of items in need right
away. And the savings at other formats like discount stores are outweighed by the
travel costs, especially when driving gets more expensive. For example, a snack bar
may cost 50 cents less at Walmart than at CVS, but driving 5 miles in a 20 mpg car
when gas price hits $4 per gallon will cost a dollar. Therefore high gas prices bring
more customers to drug stores by making the relative travel costs lower. This result
implies that substitution effect of gasoline prices also plays a role in consumers’ retail
channel choices, but its impacts are not as robust as income effect.

Now for the main focus of this paper, changes in online purchase patterns do not
seem to respond to variations in gasoline prices in all specifications. This outcome
implies that when consumers decide between online and offline channels, transporta-
tion costs and price advantages are not major factors they care about. While we do
observe positive correlation between gas prices and online shopping in the summary
statistics, the regression results indicate that this relationship is not causal. To bet-
ter understand why online shoppers do not react to gasoline price shocks as much
as customers at brick-and-mortar stores, it is helpful to look at some characteristics
of households who frequently patronize online channels. Table 3.14 displays the cor-
relation between household demographic variables and different measures of online
shopping frequency. I collapse purchases online to the annual level and I define fre-
quent online shoppers as those who make online purchases more than once a month
on average. I find that rich households, Asian households, and younger households
shop online more often. Single men, especially those living alone, are more likely
to choose online channels for grocery purchases. To a lesser extent, household size
and local density negatively correlate with online shopping frequencies. Based on
these results, many stories can be told as to why online shoppers are less sensitive to
gas prices. For example, for rich households, gasoline expenditure only constitutes
a small fraction of total household spending. And small households and single men
probably don’t need to make grocery purchases as frequently as big families, so they
are less affected by short-term shocks in gas prices. In sum, rising gasoline prices are
not responsible for loss of market shares of brick-and-mortar stores, and the main
reason behind the increasing popularity of online shopping is not the elimination of
transportation costs.



86

3.6 Conclusion

The results presented in the paper suggest mixed consumer response to changes
in gasoline prices in terms of retail format choices. On the one hand, when gasoline
becomes more expensive, tighter budget propels households toward stores with better
prices, as we document higher spending shares at warehouse clubs. On the other
hand, convenience and short distances are valued more when transportation costs
rise, and drug stores gain larger trip shares. Nevertheless, traditional physical stores
as a whole are losing its market shares to online retailers, and it’s unlikely that
higher gasoline prices are accelerating the shift from brick to click. And conversely,
falling fuel prices won’t bring online shoppers back to the stores. Indeed, as gas
prices plummet since the second half of 2014, online sales continue to climb up, and
this round of price drops is not likely to make things any easier for brick-and-mortar
stores.

As noted earlier, limitations of the Nielsen HomeScan Panel Data confine this
study to mostly grocery purchases. Infrequent and small orders may introduce a lot
noise to the estimates. More work should be done, hopefully using data with more
extensive product coverage, to help us better understand the rise of online market-
places, and the policy implications of consumer’s transitioning shopping behavior.
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Figures and Tables

Figure 3.1: Gasoline Price and E-Commerce Sales

Gasoline price is the quarterly average price in California obtained from the

EIA website. E-commerce sales data are provided by the Retail Indicators

Branch at the U.S. Census Bureau.

Table 3.1: Summary Statistics - Average Basket Size Per Trip

Amount Spent Products Items

Grocery Stores
mean 38.886 8.497 11.971
sd 43.935 9.586 13.980

Discount Stores
mean 51.584 7.065 9.822
sd 60.072 7.827 11.764

Drug Stores
mean 25.032 3.142 4.764
sd 38.991 3.177 5.765

Warehouse Clubs
mean 96.155 6.501 7.554
sd 102.460 5.889 7.193

Online Shopping
mean 70.626 4.122 6.235
sd 106.360 6.341 10.300

All Formats
mean 44.684 6.334 8.937
sd 66.169 8.066 12.196
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Table 3.2: Summary Statistics - Average Basket Size Per Month: Gas Price < $3

Number of Trips Amount Spent Products Items

Grocery Stores
mean 5.722 213.849 45.418 65.124
sd 4.376 182.082 39.316 56.934

Discount Stores
mean 1.722 86.414 8.933 12.656
sd 2.172 143.197 16.040 23.848

Drug Stores
mean 1.327 30.329 3.691 5.682
sd 1.987 65.789 7.326 12.075

Warehouse Clubs
mean 1.043 98.600 6.396 7.546
sd 1.587 177.812 11.052 13.428

Online Shopping
mean 0.171 12.470 0.329 0.512
sd 0.803 73.781 3.161 5.115

All Formats Combined
mean 15.312 656.920 72.860 104.972
sd 10.631 532.728 49.762 74.648

Table 3.3: Summary Statistics - Average Basket Size Per Month: Gas Price ≥ $3

Number of Trips Amount Spent Products Items

Grocery Stores
mean 5.438 216.245 44.278 61.749
sd 4.380 196.110 41.205 57.550

Discount Stores
mean 1.732 90.658 11.465 15.807
sd 2.198 147.215 20.485 29.054

Drug Stores
mean 1.172 30.933 3.407 5.121
sd 1.954 79.505 8.698 14.783

Warehouse Clubs
mean 1.176 113.967 7.330 8.455
sd 1.740 196.567 12.337 14.462

Online Shopping
mean 0.263 18.364 0.499 0.747
sd 1.004 90.614 3.771 5.708

All Formats Combined
mean 14.945 682.867 76.586 106.876
sd 10.755 553.963 54.347 78.919
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Table 3.4: Summary Statistics of Shopping Trips in NHTS Data

mean sd min max

Trip Distance (Miles) 5.644 10.204 0 535
Travel Time (Minutes) 13.664 13.823 0 420
Time Spent at Destination (Minutes) 36.827 41.857 0 1020

Observations 142661

Table 3.5: Effect of Gas Prices on Overall Shopping Behavior

(1) (2)
Number of Trips Amount Spent

Gas Price -0.108∗ 3.247
(0.0552) (3.449)

County x Year FE Yes Yes

Month of the Year FE Yes Yes

Observations 568370 568370
R2 0.668 0.550

Note: Robust standard errors clustered by household
are in parenthesis; Household fixed-effects included in all
columns;Regressions are weighted by sample weights provided
by Nielsen; * p < 0.10, ** p < 0.05, *** p < 0.01.

Table 3.6: Effect of Gas Prices on Distance Traveled for Shopping (Miles)

(1) (2)

Gas Price -1.944∗∗∗ -1.933∗∗∗

(0.627) (0.630)

Month FE Yes Yes

CBSA FE Yes Yes

Individual Characteristics Yes Yes
Trip Characteristics No Yes

Note: Standard errors clustered by CBSA are in
parenthesis; Regressions are weighted by sample
weights provided by Nielsen; Individual characteris-
tics include household income level, education level,
household size, age, gender, race and worker’s sta-
tus; Trip characteristics include a dummy for trips on
weekend and dummies for each peak hour, 7-8am, 8-
9am, 15-16pm, 16-17pm, and 17-18pm; * p < 0.10, **
p < 0.05, *** p < 0.01.
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Table 3.7: Effect of Gas Prices on Normalized Log Trip Shares Across Formats

(1) (2) (3) (4) (5)
Grocery Discount Drug Warehouse Club Online

Gas Price -0.00921 -0.00659 -0.00374 0.0216∗∗ -0.00890
(0.00705) (0.00805) (0.00909) (0.00989) (0.0202)

County x Year FE Yes Yes Yes Yes Yes

Month of the Year FE Yes Yes Yes Yes Yes

Observations 449798 311762 255025 240671 59084
R2 0.559 0.541 0.537 0.555 0.620

Note: Robust standard errors clustered by household are in parenthesis; Household fixed-
effects included in all columns;Regressions are weighted by sample weights provided by
Nielsen; * p < 0.10, ** p < 0.05, *** p < 0.01.

Table 3.8: Effect of Gas Prices on Normalized Log Spending Shares Across Formats

(1) (2) (3) (4) (5)
Grocery Discount Drug Warehouse Club Online

Gas Price -0.0292∗∗ -0.0253∗ -0.0157 0.0129 -0.0334
(0.0115) (0.0134) (0.0169) (0.0173) (0.0361)

County x Year FE Yes Yes Yes Yes Yes

Month of the Year FE Yes Yes Yes Yes Yes

Observations 449594 311655 254720 240594 58975
R2 0.451 0.422 0.418 0.442 0.452

Note: Robust standard errors clustered by household are in parenthesis; Household fixed-
effects included in all columns;Regressions are weighted by sample weights provided by
Nielsen; * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 3.9: Linear Probability of Visit Across Formats

(1) (2) (3) (4) (5)
Grocery Discount Drug Warehouse Club Online

Log Gas Price -0.00156 0.00346 0.0150 0.00264 0.00452
(0.00586) (0.00856) (0.00960) (0.00825) (0.00641)

County x Year FE Yes Yes Yes Yes Yes

Month of the Year FE Yes Yes Yes Yes Yes

Observations 568370 568370 568370 568370 568370
R2 0.337 0.432 0.393 0.544 0.357

Note: Robust standard errors clustered by household are in parenthesis; Household fixed-effects
included in all columns;Regressions are weighted by sample weights provided by Nielsen; * p
< 0.10, ** p < 0.05, *** p < 0.01.

Table 3.10: Effect of Gas Prices on Trip Shares Across Formats (Log-Log)

(1) (2) (3) (4) (5)
Grocery Discount Drug Warehouse Club Online

Log Gas Price -0.0120 -0.0354∗∗ 0.0119 0.0502∗∗∗ 0.0337
(0.0112) (0.0154) (0.0183) (0.0185) (0.0452)

County x Year FE Yes Yes Yes Yes Yes

Month of the Year FE Yes Yes Yes Yes Yes

Observations 534324 354757 281345 274698 65037
R2 0.576 0.578 0.533 0.617 0.657

Note: Robust standard errors clustered by household are in parenthesis; Household fixed-
effects included in all columns;Regressions are weighted by sample weights provided by
Nielsen; * p < 0.10, ** p < 0.05, *** p < 0.01.

Table 3.11: Effect of Gas Prices on Spending Shares Across Formats (Log-Log)

(1) (2) (3) (4) (5)
Grocery Discount Drug Warehouse Club Online

Log Gas Price -0.0242 -0.0681∗∗∗ 0.0275 0.0575∗∗ 0.0466
(0.0167) (0.0230) (0.0343) (0.0271) (0.0764)

County x Year FE Yes Yes Yes Yes Yes

Month of the Year FE Yes Yes Yes Yes Yes

Observations 534308 354744 281105 274694 64978
R2 0.527 0.453 0.446 0.534 0.463

Note: Robust standard errors clustered by household are in parenthesis; Household fixed-
effects included in all columns;Regressions are weighted by sample weights provided by
Nielsen; * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 3.12: Effect of Gas Prices on Trip Shares Across Formats (Linear-Linear)

(1) (2) (3) (4) (5)
Grocery Discount Drug Warehouse Club Online

Gas Price -0.00231 -0.00250∗∗ 0.00141∗∗ 0.00179∗∗ 0.000535
(0.00151) (0.00107) (0.000682) (0.000718) (0.000505)

County x Year FE Yes Yes Yes Yes Yes

Month of the Year FE Yes Yes Yes Yes Yes

Observations 568370 568370 568370 568370 568370
R2 0.569 0.540 0.487 0.596 0.442

Note: Robust standard errors clustered by household are in parenthesis; Household fixed-effects
included in all columns;Regressions are weighted by sample weights provided by Nielsen; * p <
0.10, ** p < 0.05, *** p < 0.01.

Table 3.13: Effect of Gas Prices on Spending Shares Across Formats (Linear-Linear)

(1) (2) (3) (4) (5)
Grocery Discount Drug Warehouse Club Online

Gas Price -0.00382∗∗ -0.00271∗∗ 0.000859 0.00202∗ 0.000374
(0.00169) (0.00128) (0.000642) (0.00110) (0.000599)

County x Year FE Yes Yes Yes Yes Yes

Month of the Year FE Yes Yes Yes Yes Yes

Observations 568364 568364 568364 568364 568364
R2 0.551 0.508 0.463 0.593 0.375

Note: Robust standard errors clustered by household are in parenthesis; Household fixed-effects
included in all columns;Regressions are weighted by sample weights provided by Nielsen; * p <
0.10, ** p < 0.05, *** p < 0.01.
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Table 3.14: Characteristics of Online Shoppers

(1) (2) (3) (4)
Probit Frequent Frequency Trips Share Spending Share

Poor 0.000 0.000 0.000 0.000
(.) (.) (.) (.)

Medium -0.045 0.288 -0.001 -0.002
(0.083) (0.479) (0.002) (0.003)

Rich 0.304∗∗∗ 1.496∗∗ 0.007 0.007
(0.106) (0.603) (0.004) (0.005)

Age of Older Head -0.014 -0.108 -0.001∗∗ -0.002∗∗

(0.021) (0.126) (0.001) (0.001)

Head Unemployed 0.006 -0.030 -0.001 0.001
(0.073) (0.341) (0.002) (0.002)

Head College -0.100 0.034 0.001 0.002
(0.080) (0.530) (0.003) (0.003)

White/Caucasian 0.000 0.000 0.000 0.000
(.) (.) (.) (.)

Black/African American 0.116 0.202 0.001 0.004
(0.118) (0.478) (0.003) (0.004)

Asian 0.247∗∗ 1.268∗∗ 0.009∗∗ 0.019∗∗∗

(0.104) (0.644) (0.004) (0.005)
Hispanic 0.042 -0.299 -0.002 -0.001

(0.110) (0.466) (0.003) (0.003)
Other 0.033 -0.405 0.004 0.007

(0.128) (0.486) (0.006) (0.007)

Married 0.000 0.000 0.000 0.000
(.) (.) (.) (.)

One Female Head -0.031 0.347 0.003 0.003
(0.115) (0.581) (0.003) (0.003)

One Male Head -0.130 -0.468 -0.001 -0.000
(0.121) (0.418) (0.003) (0.003)

Female Living Alone 0.018 0.173 0.005 0.006
(0.122) (0.612) (0.003) (0.004)

Female with Roommates -0.160 -0.968 -0.004 -0.001
(0.282) (0.916) (0.005) (0.007)

Male Living Alone 0.223∗∗ 2.053∗ 0.017∗∗∗ 0.024∗∗∗

(0.113) (1.071) (0.006) (0.006)
Male with Roommates 0.434∗∗ 1.439 0.013 0.019

(0.188) (1.189) (0.010) (0.013)

Household Size -0.026 -0.076 -0.000 -0.002∗

(0.033) (0.166) (0.001) (0.001)

Preschool Children 0.207∗ 0.827 0.004 0.003
(0.116) (0.634) (0.003) (0.003)

Condo -0.003 0.152 0.002 0.002
(0.103) (0.668) (0.004) (0.005)

Percent of Urban Pop. -0.774∗∗ -6.169 -0.033 -0.034
(0.345) (4.183) (0.025) (0.026)

County Dummies Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Observations 24767 24859 24859 24859
R2 0.046 0.068 0.072

Note: Robust standard errors clustered by household are in parenthesis; Regressions are
weighted by sample weights provided by Nielsen;Data are at annual level are from 2006 to 2011
because Nielsen collects demographic information once a year and income level corresponds to
household income two years prior to the panel year; * p < 0.10, ** p < 0.05, *** p < 0.01.
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Appendix

Appendix for Chapter 1

Examples of Temporary Pollution Controls

Table A1: List of Cities That Imposed Temporary Pollution Controls

City Event Time

Beijing Olympic Games 2008/7/20 - /2008/9/20
Shanghai World Expo 2010/5/1 - 2010/31
Guangzhou Asian Games 2010/11/1 - 2010/12/20
Jinan Severe Air Pollution 2013/1/16 - 2013/1/17
Beijing Severe Air Pollution 2014/2/20 - 2014/2/27
Beijing Severe Air Pollution 2014/10/9 - 2014/10/11
Beijing APEC Summit 2014/11/1 - 2014/11/12
Beijing Victory Day Parade 2015/8/20 - 2015/9/4
Beijing Severe Air Pollution 2015/11/29 - 2015/12/2
Hangzhou G20 Summit 2016/8/24 - 2016/9/6
Lanzhou Severe Air Pollution 2016/11/10 - 2016/12/26
Beijing Severe Air Pollution 2016/11/17 - 2016/11/19
Beijing Severe Air Pollution 2016/12/16 - 2016/12/21
Chengdu Severe Air Pollution 2017/11/8 - 2017/11/9
Beijing Air Pollution Prevention 2017/11/15 - 2018/3/15
Nanjing Severe Air Pollution 2017/12/3 - 2017/12/4
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Spatial Distribution of Firms

Figure A1: Number of Firms in Each County

Figure A2: Number of Firms in Heavily-Polluting Industries in Each County

Note: Figure A2 includes firms that switched industry. Firm counts are capped in the figure

co make more counties visible. Actual maxima are 5909 for all industries and 624 for heavily-

polluting industries.
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Figure A3: Number of Firms in Each County

(a) Beijing

(i) All Firms (ii) Firms in Heavily-Polluting Industries

(a) Shanghai

(iii) All Firms (iv) Firms in Heavily-Polluting Industries

Note: Figures (ii) and (iv) include firms that switched industry. Firm counts are capped in the

figure co make more counties visible.
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Sectoral Distribution of Firms

Table A2: Number of Firms by Industry: Firms Near Beijing

Industry Inside ≤ 100 100-200 200-500 500-800

Mining and Washing of Coal 37 108 188 4017 3056
Extraction of Petroleum and Natural Gas 6 9 11 63 157
Mining and Ferrous Metal Ores 10 924 562 1269 959
Mining and Non-ferrous Metal Ores 0 52 31 445 669
Mining and Nonmetal Ores 33 71 198 1039 1081
Mining of Other Ores 0 0 1 9 7
Foods 337 679 892 8412 8992
Agricultural Products 337 496 302 2342 2293
Beverages 109 222 198 1218 1676
Tobacco 2 5 3 35 62
Textile 252 795 791 6752 4663
Textile Wearing Apparel, Footwear, and Caps 422 683 196 2678 2657
Leather, Fur, Feather, and Related Products 68 304 379 1134 1208
Timber, Wood, Bamboo, Rattan, Palm, and Straw Products 75 233 132 2315 4018
Furniture 195 273 140 1025 839
Paper and Paper Products 187 630 252 2019 1911
Printing, Reproduction of Recording Media 527 322 94 939 1031
Articles for Culture, Education and Sport Activity 66 164 80 509 650
Petroleum, Coking ,Processing of Nuclear Fuel 67 94 161 1470 685
Raw Chemical Materials and Chemical Products 614 1427 1002 7521 5681
Medicines 271 284 230 1366 1759
Chemical Fibers 25 47 51 231 252
Rubber 54 335 244 1195 820
Plastics 388 911 341 3011 2516
Non-metallic Mineral Products 671 1436 1147 8876 9677
Smelting and Pressing of Ferrous Metals 69 1168 256 2241 1652
Smelting and Pressing of Non-ferrous Metals 110 432 113 1189 1594
Metal Products 697 1696 1000 3772 2977
General Purpose Machinery 715 1594 972 9668 5985
Special Purpose Machinery 760 1042 442 4263 3924
Transport Equipment 655 1343 403 3382 2752
Electrical Machinery and Equipment 623 1098 454 3577 3276
Communication Equipment, Computers, and Other Electronic Equipment 7465 759 111 1146 1119
Measuring Instruments and Machinery for Culture and Office 489 300 44 741 732
Artwork and Other Manufacturing 153 404 169 1340 1448
Recycling and Disposal of Waste 19 129 17 137 243
Production and Distribution of Electric Power and Heat Power 126 268 234 1298 1228
Production and Distribution of Gas 27 46 25 177 162
Production and Distribution of Water 34 80 91 412 465

Note: Translations are taken from the China Statistical Yearbooks on Environment.
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Table A3: Number of Firms by Industry: Firms Near Shanghai

Industry Inside ≤ 100 100-200 200-500 500-800

Mining and Washing of Coal 1 1 17 446 1923
Extraction of Petroleum and Natural Gas 1 0 2 1 38
Mining and Ferrous Metal Ores 0 2 18 307 794
Mining and Non-ferrous Metal Ores 0 2 21 214 525
Mining and Nonmetal Ores 1 250 254 966 1643
Mining of Other Ores 0 3 0 0 14
Foods 353 1032 1238 5875 12268
Agricultural Products 451 471 398 1392 3733
Beverages 92 242 316 1244 2214
Tobacco 2 6 2 35 75
Textile 1552 14670 6047 4565 10106
Textile Wearing Apparel, Footwear, and Caps 1751 4649 3044 3567 5158
Leather, Fur, Feather, and Related Products 371 1396 752 2580 3152
Timber, Wood, Bamboo, Rattan, Palm, and Straw Products 310 847 600 4377 3943
Furniture 471 615 452 844 1607
Paper and Paper Products 529 1140 1254 1728 3514
Printing, Reproduction of Recording Media 630 841 522 1218 1727
Articles for Culture,Education and Sport Activity 478 920 1061 1154 894
Petroleum,Coking,Processing of Nuclear Fuel 75 162 97 206 675
Raw Chemical Materials and Chemical Products 1675 4125 2908 5123 9950
Medicines 350 525 568 1044 2307
Chemical Fibers 89 1413 378 233 367
Rubber 365 601 566 963 1466
Plastics 1508 3667 1916 3926 4736
Non-metallic Mineral Products 1036 2633 2029 6251 13817
Smelting and Pressing of Ferrous Metals 261 1617 697 1139 1628
Smelting and Pressing of Non-ferrous Metals 357 1276 735 1388 1567
Metal Products 2229 4296 3137 4210 4994
General Purpose Machinery 2763 7282 5420 7156 9185
Special Purpose Machinery 1499 3384 2259 3251 4977
Transport Equipment 1342 2881 2471 4439 4355
Electrical Machinery and Equipment 2116 5406 3810 5425 4477
Communication Equipment,Computers, and Other Electronic Equipment 1097 3297 1558 1671 2302
Measuring Instruments and Machinery for Culture and Office 556 971 672 1195 1102
Artwork and Other Manufacturing 341 1049 1181 1972 3417
Recycling and Disposal of Waste 60 233 79 234 323
Production and Distribution of Electric Power and Heat Power 40 309 181 785 1476
Production and Distribution of Gas 18 72 52 125 227
Production and Distribution of Water 65 170 134 339 602

Note: Translations are taken from the China Statistical Yearbooks on Environment.
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Additional Summary Plots

Figure A4: Summary Plots - Firms Around Beijing

(a) All Firms

i) Revenue (ii) Employment

(b) Firms in Heavily-polluting Industries

(iii) Revenue (iv) Employment

Note: Plotted are the annual means. Monetary values are in hundred thousand constant 2000

RMB. See Appendix for the definitions of each variable.
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Figure A5: Summary Plots - Firms Around Shanghai

(a) All Firms

i) Output (ii) Total Profits

(b) Firms in Heavily-polluting Industries

(iii) Output (iv) Total Profits

Note: Plotted are the annual means. Monetary values are in hundred thousand constant 2000

RMB. See Appendix for the definitions of each variable.
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Figure A6: Summary Plots - Firms Around Shanghai

(a) All Firms

i) Revenue (ii) Employment

(b) Firms in Heavily-polluting Industries

(iii) Revenue (iv) Employment

Note: Plotted are the annual means. Monetary values are in hundred thousand constant 2000

RMB. See Appendix for the definitions of each variable.
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Additional Event Study Plots

Figure A7: Event Study Plots - Firms outside but within 100km of Beijing

(a) Revenue (b) Output

(c) Employment (d) Total Profits

Note: Plotted are the coefficient estimates on the triple interaction term

Heavy ×Distance Group× Y ear from equation (2). Lower-order interactions, firm fixed effects,

province-by-year fixed effects, and industry-by-year fixed effects are included in each regression.

The dependent variables are in logs and the sample in (d) only includes firms with strictly

positive total profits. Standard errors two-way clustered by city and by year. The dashed lines

represent 95 percent confidence intervals. See text for details.
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Figure A8: Event Study Plots - Firms outside but within 100km of Shanghai

(a) Revenue (b) Output

(c) Employment (d) Total Profits

Note: Plotted are the coefficient estimates on the triple interaction term

Heavy ×Distance Group× Y ear from equation (2). Lower-order interactions, firm fixed effects,

province-by-year fixed effects, and industry-by-year fixed effects are included in each regression.

The dependent variables are in logs and the sample in (d) only includes firms with strictly

positive total profits. Standard errors two-way clustered by city and by year. The dashed lines

represent 95 percent confidence intervals. See text for details.
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Heterogeneity for Firms Around Shanghai

Table A4: Baseline Firm-Level Results by Industry - Shanghai

(1) (2) (3) (4)
Revenue Output Employee Total Profits

Petro × 2010 × In Shanghai -0.0203 -0.000464 -0.140* 0.232*
(0.0705) (0.0647) (0.0775) (0.118)

Petro × 2010 × ≤ 100 km -0.107 -0.118 -0.148** -0.0445
(0.0883) (0.0843) (0.0669) (0.151)

Petro × 2010 × 100 - 200 km 0.112 0.0912 -0.0657 0.00806
(0.0870) (0.0799) (0.0691) (0.127)

Petro × 2010 × 200 - 500 km 0.142* 0.0892 -0.0270 0.198
(0.0778) (0.0767) (0.0597) (0.166)

Chem × 2010 × In Shanghai -0.00325 0.000137 -0.0336 -0.0130
(0.0163) (0.0172) (0.0224) (0.0510)

Chem × 2010 × ≤ 100 km -0.0148 -0.0186 -0.0210 0.0235
(0.0205) (0.0230) (0.0218) (0.0363)

Chem × 2010 × 100 - 200 km 0.0156 0.0149 -0.0107 0.0254
(0.0334) (0.0356) (0.0244) (0.0631)

Chem × 2010 × 200 - 500 km -0.0514* -0.0479 -0.0216 -0.0467
(0.0279) (0.0292) (0.0223) (0.0652)

Cement × 2010 × In Shanghai -0.205*** -0.221*** -0.0187 -0.486***
(0.0578) (0.0625) (0.0297) (0.113)

Cement × 2010 × ≤ 100 km -0.101* -0.0998 -0.0720** -0.155
(0.0569) (0.0624) (0.0269) (0.115)

Cement × 2010 × 100 - 200 km -0.0900* -0.0981* -0.0883** -0.265**
(0.0422) (0.0472) (0.0340) (0.115)

Cement × 2010 × 200 - 500 km -0.0149 -0.00764 -0.0489* -0.0220
(0.0436) (0.0444) (0.0274) (0.0775)

Steel × 2010 × In Shanghai 0.0429 0.0289 -0.0776* 0.0849
(0.0417) (0.0500) (0.0394) (0.0832)

Steel × 2010 × ≤ 100 km 0.0110 0.00661 0.0170 -0.00184
(0.0351) (0.0355) (0.0326) (0.0614)

Steel × 2010 × 100 - 200 km 0.0287 0.0373 -0.0296 0.00382
(0.0378) (0.0363) (0.0325) (0.0746)

Steel × 2010 × 200 - 500 km 0.0153 0.0138 -0.0146 -0.0204
(0.0456) (0.0438) (0.0310) (0.0855)

Metal × 2010 × In Shanghai 0.0731 0.0670 -0.0668 -0.0194
(0.0445) (0.0466) (0.0455) (0.0704)

Metal × 2010 × ≤ 100 km 0.0547 0.0333 -0.0892 -0.0113
(0.0488) (0.0473) (0.0551) (0.0785)

Metal × 2010 × 100 - 200 km 0.0764* 0.0619 -0.0563 -0.115
(0.0391) (0.0410) (0.0466) (0.0894)

Metal × 2010 × 200 - 500 km 0.0646 0.0303 -0.0838* -0.160
(0.0457) (0.0429) (0.0440) (0.0960)

Power × 2010 × In Shanghai 0.114 0.181 -0.0810 0.0765
(0.106) (0.121) (0.0614) (0.335)

Power × 2010 × ≤ 100 km 0.0594 0.0994 -0.0245 0.141
(0.0927) (0.0990) (0.0499) (0.201)

Power × 2010 × 100 - 200 km 0.0379 0.0729 -0.00595 -0.362
(0.0585) (0.0653) (0.0540) (0.218)

Power × 2010 × 200 - 500 km 0.0753 0.0908 0.00199 -0.0678
(0.0711) (0.0819) (0.0464) (0.185)

Observations 2061071 2060012 2051615 1772810
Adjusted R2 0.822 0.821 0.806 0.703

Note: See notes for Table A4
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Robustness Checks Tables for Shanghai

Table A5: Robustness Checks for Firms in and near Shanghai

(1) (2) (3) (4) (5)

Dep. Var: Output

Heavy × 2010 × In Shanghai -0.014 0.155** 0.183** 0.008 -0.024
(0.015) (0.060) (0.076) (0.016) (0.017)

Heavy × 2010 × ≤ 100 km -0.019 0.150** 0.175** 0.001 -0.025
(0.018) (0.060) (0.074) (0.019) (0.019)

Heavy × 2010 × 100 - 200 km 0.006 0.163** 0.197** 0.027 0.007
(0.026) (0.060) (0.076) (0.026) (0.026)

Heavy × 2010 × 200 - 500 km -0.019 0.119* 0.151* -0.022
(0.019) (0.059) (0.072) (0.020)

Observations 2060012 2060012 2060012 1349505 1444934
Adjusted R2 0.820 0.737 0.796 0.829 0.826

Dep. Var: Total Profits

Heavy × 2010 × In Shanghai -0.048 -0.027 -0.049 0.006 -0.074
(0.042) (0.016) (0.046) (0.041) (0.042)

Heavy × 2010 × ≤ 100 km -0.007 0.012 -0.002 0.049 -0.019
(0.035) (0.029) (0.041) (0.045) (0.036)

Heavy × 2010 × 100 - 200 km -0.046 -0.045 -0.046 0.009 -0.058
(0.059) (0.035) (0.059) (0.061) (0.058)

Heavy × 2010 × 200 - 500 km -0.055 -0.080** -0.063 -0.076
(0.053) (0.034) (0.059) (0.054)

Observations 1772810 1772810 1772810 1146514 1243625
Adjusted R2 0.703 0.648 0.689 0.698 0.706

Prov-by-Year FE Yes No No Yes Yes
Industry-by-Year FE Yes No Yes Yes Yes
Sample All All All ≤ 500 km No Medium

Note: The table presents estimated coefficients based on variations of equation (1). Lower-order inter-

actions and firm fixed are included in each column. Standard errors two-way clustered by city and by

year are reported in the parentheses. The dependent variables are in logs and the samples in the bottom

panel only include firms with strictly positive total profits. Column (4) includes firms within 500 km

of Shanghai and the baseline distance group is “200 - 500 km”. Column (5) includes excludes firms in

medium polluting industries. See text for details. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A6: Robustness Checks for Firms in and near Shanghai

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

Dep. Var: Output

Heavy × 2010 × In Shanghai -0.014 -0.015 -0.001 -0.018
(0.015) (0.018) (0.018) (0.015)

Heavy × 2010 × ≤ 100 km -0.019 -0.026 -0.011 -0.018
(0.018) (0.021) (0.022) (0.018)

Heavy × 2010 × 100 - 200 km 0.006 0.004 0.009 0.010
(0.026) (0.030) (0.026) (0.023)

Heavy × 2010 × 200 - 500 km -0.019 -0.018 -0.001 -0.016
(0.019) (0.022) (0.023) (0.020)

Observations 2060012 997012 1307899 1542263
Adjusted R2 0.820 0.797 0.800 0.830

Dep. Var: Total Profits

Heavy × 2010 × In Shanghai -0.048 -0.108** -0.030 -0.046
(0.042) (0.046) (0.041) (0.046)

Heavy × 2010 × ≤ 100 km -0.007 -0.035 -0.011 -0.002
(0.035) (0.043) (0.044) (0.034)

Heavy × 2010 × 100 - 200 km -0.046 -0.052 -0.023 -0.031
(0.059) (0.067) (0.067) (0.051)

Heavy × 2010 × 200 - 500 km -0.055 -0.049 -0.047 -0.038
(0.053) (0.060) (0.059) (0.050)

Observations 1772810 889982 1171598 1298798
Adjusted R2 0.703 0.662 0.670 0.709

Prov-by-Year FE Yes Yes Yes Yes
Industry-by-Year FE Yes Yes Yes Yes
Sample All Stayer Above 2000-2010

Note: The table presents estimated coefficients based on variations of equation (1). Lower-order

interactions and firm fixed are included in each column. Standard errors two-way clustered by

city and by year are reported in the parentheses. The dependent variables are in logs and the

samples in the bottom panel only include firms with strictly positive total profits. Column (2)

only includes firms that appeared in the ASIE both before 2008 and after 2010. Column (3) only

includes firms with annual revenue exceeding 20 million yuan in current RMB. Column (4) only

uses data from year 2000 to 2010. See text for details. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Firm Turnover

In this subsection, I test whether the regulations affected firms’ entry and exit behaviors.
Because of the selection criteria, we only observe firms’ appearances in the survey instead of
actual births and deaths. I define “entry” as the first year, and “exit” as the last year that
a firm is observed in the dataset. I replace the outcome variable in the baseline equation
with the binary variables of entry and exit to estimate a linear probability model. The
event study results are given in Figure A9, which show that firm dynamics explain very
little of the large negative impacts on firm performance.

Figure A9: Event Study Plots - Firm Turnover: Firms inside Beijing

(a) Entry (b) Exit

Note: Plotted are the coefficient estimates on the triple interaction term

Heavy ×Distance Group× Y ear from equation (2). Lower-order interactions, firm fixed effects,

province-by-year fixed effects, and industry-by-year fixed effects are included in each regression.

Standard errors two-way clustered by city and by year. The dashed lines represent 95 percent

confidence intervals.
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Appendix for Chapter 2

Additional Summary Statistics

Table B1: Additional Summary Statistics

N Mean SD Min Max

Number of Transactions
Slippers 10,152 49,346.22 85,898.71 397 614,779
Socks 10,152 126,961.30 158,750.40 1,366 614,779
Masks 10,152 10,628.85 30,555.99 32 614,779
Air Filters 10,152 1,182.97 4,772.48 2 294,386
Folic Acid 10,152 231.71 619.28 0 12,051
Ovulation Tests 10,152 963.27 1,987.03 6 27,258

Number of Accounts with Purchase
Prenatal Supplement 10,152 323.18 786.45 2 12,243
Maternity Clothes 10,152 12,369.45 16,887.48 211 186,842
Pregnancy Books 10,152 1,725.47 2,756.85 34 35,133
Milk Bottle 10,152 4,069.05 5,771.89 75 71,232
Infant Formula 10,152 6,358.44 11,209.13 122 174,611
Diapers 10,152 14,392.32 21,875.88 174 290,544

Note: All variables in the table are top winsorized at 0.5%.
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Figure B1: Summary Plots for Trends in Online Purchases

(a) Prenatal Supplement (b) Maternity Clothes

(c) Pregnancy Books (d) Milk Bottle

(e) Infant Formula (f) Diapers

Note: Plotted are the average number of accounts that made purchases in the product group.
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Selected Robustness Checks

IV Using Thermal Inversion Strength

Table B2: IV Using Thermal Inversion Strength - With 5 Lags

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.136 -0.105 0.287 -0.855* -0.476* -0.967***
(0.123) (0.146) (0.218) (0.333) (0.224) (0.225)

log(AQI)-Lag 1 0.003 0.320*** 0.371* -0.847*** -0.148 -0.067
(0.138) (0.065) (0.156) (0.234) (0.143) (0.150)

log(AQI)-Lag 2 0.243 0.421** 0.339* -0.002 -0.335 -0.478*
(0.154) (0.130) (0.165) (0.210) (0.177) (0.186)

log(AQI)-Lag 3 0.266 -0.263 -0.916*** 0.930* -0.650** -0.515*
(0.189) (0.142) (0.241) (0.355) (0.225) (0.203)

log(AQI)-Lag 4 0.024 0.272* 0.509* -0.064 -0.004 -0.300
(0.157) (0.131) (0.254) (0.348) (0.195) (0.186)

log(AQI)-Lag 5 0.225 -0.297* -0.314 -0.112 -0.534** -0.112
(0.182) (0.133) (0.279) (0.263) (0.161) (0.140)

Linear Combination 0.624 0.348 0.277 -0.951 -2.148 *** -2.439***
(0.369) (0.321) (0.458) (0.765) (0.595) (0.593)

N 6727 6727 6727 6727 6727 6727

Note: First-stage F-stat is 7.700 in all columns; IVs are thermal inversion strength; Standard errors

clustered at at 2°× 2° grid cells in parentheses; Dependent variable is the log number of accounts

that made purchases in all columns; All regressions include weather controls, city-specific time

trends, city, month-of-the-year and province-by-year fixed effects; * p < 0.05, ** p < 0.01, *** p <

0.001.
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Placebo Tests With Leads of Pollution

Table B3: OLS - With 3 Leads

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) -0.082** -0.049** 0.182*** -0.093* -0.114** -0.123***
(0.025) (0.018) (0.040) (0.044) (0.037) (0.028)

log(AQI)-Lead 1 0.074** 0.007 0.042 -0.095 0.051* 0.063**
(0.022) (0.014) (0.025) (0.049) (0.025) (0.020)

log(AQI)-Lead 2 0.019 -0.016 0.005 -0.103** 0.012 -0.084***
(0.020) (0.017) (0.025) (0.035) (0.025) (0.016)

log(AQI)-Lead 3 -0.074*** -0.036* -0.009 -0.028 -0.042* 0.043
(0.021) (0.015) (0.022) (0.029) (0.021) (0.023)

Linear Combination -0.063 -0.094 0.220 -0.319 -0.093 -0.102
(0.054) (0.036) (0.059) (0.091) (0.056) (0.051)

N 6579 6579 6579 6579 6579 6579

Note: Standard errors clustered at at 2°× 2° grid cells in parentheses; Dependent variable is the log number

of accounts that made purchases in all columns; All regressions include weather controls, city-specific time

trends, city, month-of-the-year and province-by-year fixed effects; * p < 0.05, ** p < 0.01, *** p < 0.001.

Table B4: IV - With 3 Leads

(1) (2) (3) (4) (5) (6)
Slippers Socks Mask Filter Folic Acid Ovu Test

log(AQI) 0.032 -0.179 0.455* -1.400*** -0.857*** -1.050***
(0.149) (0.131) (0.210) (0.280) (0.161) (0.242)

log(AQI)-Lead 1 0.113 0.111 0.694** -0.286 -0.044 -0.522*
(0.188) (0.161) (0.255) (0.276) (0.174) (0.243)

log(AQI)-Lead 2 -0.667** -0.010 -0.317 0.488 0.251 0.011
(0.208) (0.130) (0.223) (0.282) (0.178) (0.234)

log(AQI)-Lead 3 -0.490 -0.114 -0.721 0.781 0.581 1.422**
(0.342) (0.275) (0.377) (0.562) (0.337) (0.476)

Linear Combination -1.012 -0.190 0.111 -0.417 -0.069 -0.139
(0.465) (0.320) (0.512) (0.565) (0.392) (0.532)

N 6579 6579 6579 6579 6579 6579

Note: First-stage F-stat is 9.625 in all columns; IVs are numbers of thermal inversions; And see notes for

Table B3
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