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Abstract

This paper investigates the economic impacts of cleaning up heavily polluted waterways in

urban neighborhoods. We exploit the Black-and-Odorous Water Program, a major urban envi-

ronmental campaign in China, as a natural experiment to identify the causal impact of cleaner

waterways on local housing prices, housing supply, and business growth. First implemented

in 2016, the program remediated heavily polluted waterways in China’s most developed cities.

Using a difference-in-differences estimator, we find that the program mainly benefits proper-

ties within 1 mile of cleaned-up waterways: These properties had prices 3.7% lower before the

program and saw a 2.3% appreciation in market value after the program. We also show that

developers constructing new apartment complexes near BOW sites tend to provide high-end

units with high-quality finishes and spacious layouts. Furthermore, we observe various service

businesses thriving in the neighborhoods close to cleaned waterways, which indicates the revi-

talization of these areas. Our findings shed light on the effects of environmental programs on

real estate markets and neighborhood dynamics.
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1 Introduction

In the last few decades, the rapid growth of urbanization and the economy in developing countries
has caused significant environmental costs, including pollution and water contamination; this is es-
pecially the case in densely populated urban areas (UNDP, 2016). This environmental degradation
can foster the decline of city centers, induce residential segregation, and exacerbate inequalities,
deteriorating overall urban living conditions (Mieszkowski and Mills, 1993; Chay and Greenstone,
2005; Banzhaf and Walsh, 2008; Heblich et al., 2021). In response, governments worldwide are
implementing environmental programs to counteract the environmental and social costs of urban-
ization and promote sustainability (Costa and Kahn, 2004; Zheng and Kahn, 2017; He et al., 2020;
Greenstone et al., 2021). However, there remains a lack of empirical evidence regarding how these
programs interact with neighborhood dynamics and whether they can effectively counteract the
decline of polluted neighborhoods and contribute to resilient urban development.

In this paper, we study a large-scale urban environmental program in China, the Black-and-
Odorous Water Program (BOW program hereafter), to examine its causal impacts on local housing
markets and business growth. This unexpected and swiftly implemented program cleaned up heav-
ily polluted waterways that flowed through the 36 most developed Chinese cities during 2016 and
2017. The extensive geographic coverage of the program is accompanied by substantial costs:
Across the 36 cities, the program incurred a cost of approximately $16 billion (Cao, 2019). Fur-
thermore, as the program’s initiatives were extended nationwide, the cumulative investment had
reached $157 billion by January 2020 (Ministry of Ecology and Environment, 2020). This amount
is comparable to annual spending on the Clean Water Act in the US (Keiser and Shapiro, 2019) and
exceeds the total annual spending required to achieve universal basic service for drinking water,
sanitation, and hygiene-related targets set by the United Nations across a combination of the 140
mostly developing countries (Hutton and Varughese, 2016).

Despite enormous investments in water-cleaning programs worldwide and long-lasting interest
in understanding the economic consequences, it has been empirically challenging to identify their
impacts on both the housing market and local business growth (Kuwayama and Olmstead, 2015;
Keiser and Shapiro, 2019). The endogenous timing and geographic coverage of many programs
make it difficult to address confounding factors that impact neighborhood dynamics. Furthermore,
a lack of granular data on housing transactions, real estate development, and business records
poses a challenge in tracking neighborhood responses. The BOW program in China, combined
with detailed housing transactions and business records, provides a rare opportunity to examine
these responses in the affected neighborhoods.

The BOW program was first announced by the China State Council in late 2015. The program
mandated that the local governments of the 36 most developed cities in China clean up heavily
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polluted waterways within their jurisdictions by the end of 2017. A section of a waterway is
identified as a BOW site if it has water transparency of less than 25 cm, dissolved oxygen of less
than 2 mg/L, oxygen reduction potential of less than 50 mV, or ammoniacal nitrogen of above 8
mg/L. Such waterways typically have a dark color and unpleasant odor and are therefore called
“Black-and-Odorous waters.” In the six cities for which housing transaction records are available
before the beginning of the program–and are therefore included in our sample–more than 500 miles
of waterways were cleaned up by the program. The program restored the heavily polluted water-
ways and transformed nearby river banks into new places for recreational activities and community
gatherings. These waterways are never used as drinking water, and therefore the program mainly
improves their aesthetic amenities and non-consumptive value.

We start by estimating the local effect of the BOW program on housing prices using a difference-
in-differences estimator. Specifically, we compare the transaction prices of apartments close to
BOW sites with those farther away before and after the program. As there is no consensus about
the distance beyond which residents no longer benefit from a cleaned-up waterway, we adopt a
distance bin approach to estimate the responses of housing prices at varying distances from a
BOW site. Prior to the program, apartments closer to these polluted waterways were significantly
cheaper, and this negative effect is concentrated among apartments within 1 mile. Following the
program, a substantial increase in housing prices is observed among apartments less than 1 mile
from a BOW site, while the effects for apartments farther away are close to zero and insignificant.
Based on these two findings, we define the treated region as within 1 mile of a BOW site, and the
control region as being between 1 and 2 miles from any BOW site in the central analysis.

To obtain an unbiased estimate of the average treatment effect, the key identification assump-
tion is that without the program, the housing prices in treated and control regions should have
had parallel trends throughout the study period.1 We present evidence of parallel trends in hous-
ing prices before the start of the program, which alleviates concerns about non-comparability be-
tween treated and control regions and any anticipation of the program leading to investments in
the treated areas before its implementation. Also, to obtain an unbiased estimate of the coefficient,
other demand shocks since 2016 cannot confound the effects. We demonstrate the robustness of
our results to a battery of possible demand factors, such as changing preferences for living close to
city centers, waterways, and high-quality public schools. Furthermore, our results remain robust
when taking into account differential price trends across neighborhoods within a city or changes
in neighborhood characteristics beyond waterway quality.

The first main empirical finding of our study is that the BOW program has a significant positive

1Under the parallel trend assumption, the coefficient yields an unbiased estimate of the average treatment effect,
because all sample neighborhoods receive the policy simultaneously, and all the treated units switch from untreated to
treated (De Chaisemartin and d’Haultfoeuille, 2020).
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impact on the housing prices of apartments located less than 1 mile from a cleaned-up waterway.
We observe a significant 2.3% increase in housing prices in these areas after the program. These
apartments were initially 3.7% cheaper than those located farther away, and the program eliminated
most of the price gap, making it no longer significantly different from 0. We conduct a back-
of-the-envelope analysis to quantify the program’s benefits in terms of the appreciation in the
value of residential properties, which results in a benefit-cost ratio of 12 for the six sample cities.
Our findings also reveal that the impact of the program is greater in neighborhoods with higher
population density and housing prices in the baseline years, as well as those near initially more
severely polluted waterways.

We then examine the supply-side responses of the housing market to the BOW program and
their implications for housing prices. Specifically, we use records for new buildings from 2010 to
2020 to investigate whether the program leads to an increase in the supply of newly built apart-
ments in neighborhoods closer to a BOW site compared with those farther away. Our results show
no such increase in supply. This is expected, given the scarcity of open land plots in the urban
neighborhoods under study and a slow-down in construction during the study period. However,
we find that if real estate developers do build a new apartment complex near a BOW site, they
are more likely to provide high-end units featuring high-quality finishes and spacious apartment
layouts after the program. This shift in the supply toward constructing high-end new apartments
in neighborhoods near cleaned-up waterways creates downward pressure on the relative price of
high-end apartments.

Finally, we show that the BOW program has a positive effect on local business growth. We find
that post-program, neighborhoods close to cleaned-up waterways attract a variety of businesses,
such as recreation centers and restaurants. In particular, we observe a 46% increase in the number
of restaurants and a 33% increase in the number of recreation centers within a 0.2-mile radius of
cleaned waterways; the effect diminishes as we move away from cleaned waterways. This influx of
businesses in these areas reflects a rise in the number of visitors after the waterways were cleaned
up and transformed into new recreational spots for leisure activities. We also present suggestive
evidence that the increase in housing prices can be attributed more to changes in environmental
amenities rather than service amenities.

This paper contributes to the literature on the economic benefits of investing in water treatment
(Beach, 2022; Bhalotra et al., 2021; Alsan and Goldin, 2019; Keiser and Shapiro, 2019; Peng et al.,
2019; Ashraf et al., 2017; Devoto et al., 2012; Gamper-Rabindran et al., 2010; Galiani et al., 2005;
Streiner and Loomis, 1995). While the health consequences of providing clean drinking water
have been better understood, the aesthetic value of cleaning waterways and its impacts on real
estate and business development– which is the focus of our paper–has received scant attention. A
few exceptions in the literature have examined the aesthetic value of cleaning waterways in the
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US and found small effects on housing prices in nearby neighborhoods (Keiser and Shapiro, 2019;
Kuwayama et al., 2022), and the value for long-distance tourists must be factored in to justify the
investment in U.S. water pollution control. In contrast, our study focuses on a policy that targets
densely populated urban areas in a developing country and reveals an economically significant
impact on housing prices in nearby neighborhoods. Moreover, we investigate changes in both
housing markets and local business activities and shed light on their interactions.

This paper is also closely related to a quickly growing literature about pollution management
in developing countries (Viard and Fu, 2015; Chen et al., 2018; Li et al., 2020; He et al., 2020; Liu
et al., 2021).2 Rising income in developing countries raises demand for environmental amenities
and the desire for more sustainable urbanization (Zheng and Kahn, 2017; Ito and Zhang, 2020). As
a result, more and more policies and regulations have been adopted by governments in developing
countries to counteract the growing environmental damage (Greenstone and Hanna, 2014; Duflo
et al., 2018). This literature focuses on the role of environmental regulations in changing city-level
environmental conditions and reallocating economic activities across regions. We instead highlight
how environmental programs can benefit neighborhoods within a city differentially and reshape the
urban landscape.

2 Policy Background

The BOW program, announced in 2015, is part of an ambitious initiative that seeks to combat
the growing problem of water pollution, which has been exacerbated by China’s rapid industrial
expansion and the lag in pollution control infrastructure over the past few decades (Zheng and
Kahn, 2017; He et al., 2020). In response to increasing public concern over water pollution, the
Chinese State Council released the Action Plan for Preventing and Treating Water Pollution in
April 2015, setting a goal to eliminate over 90 percent of heavily polluted waterways running
through cities by 2020. This target was even more ambitious for the 36 most developed cities: all
polluted sites had to be cleaned up by the end of 2017.3

As outlined in “The Guide on Polluted Urban Water Control” published in August 2015, the
program involves two steps.4 The first step is to identify all the BOW sites, which are waterway
segments with a transparency of less than 25 cm, dissolved oxygen of less than 2 mg/L, oxygen

2More broadly, the study relates to an extensive literature on pollution and its impacts on housing prices, such as
sewage management (Coury et al., 2022); air pollution (Chay and Greenstone, 2005; Grainger, 2012; Heblich et al.,
2021; Isen et al., 2017); noise pollution (Boes and Nüesch, 2011); and hazardous waste sites (Bui and Mayer, 2003;
Greenstone and Gallagher, 2008; Gamper-Rabindran and Timmins, 2011; Cassidy et al., 2022).

3The action plan outlined ten broad goals to address the nationwide water quality crisis, with one being the cleaning
of heavily polluted waterways within urban districts. However, the action plan lacked details on policy implementation
and evaluation criteria.

4A detailed illustration of the policy timeline is provided in Figure B.1.
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reduction potential of less than 50 mV, or ammoniacal nitrogen of above 8 mg/L.5 Local govern-
ments were asked to submit a complete list of BOW sites within their jurisdictions to the central
government for review by December 2015, and the list was made public in January 2016. Figure
1 shows the locations of the BOW sites, represented by red lines, and the other waterways not
included in the program, represented by blue lines. The spatial distribution of BOW sites shows
significant cross-sectional variations both within and across cities.

In the second step, local governments hire specialists to design and implement clean-up projects.
The designated 36 cities needed to complete all projects by the end of 2017, with the goal of en-
suring that water quality no longer meet the program’s BOW criteria. The clean-up methods for
a BOW site vary based on the pollution sources and local ecological conditions. They typically
involve three components: removing existing pollutants from the water body, preventing pollutants
from entering the waterways, and restoring ecological balance. Local governments supervise these
projects, ensuring that each BOW site passes a third-party examination upon completion. They are
also responsible for maintaining and monitoring these waterways to avert future pollution.

To study the effects of the BOW program, we divide our study period into two periods: before
the program (up to December 2015) and post the program (from January 2016 to May 2020).6

We consider the publication of the BOW site list in January 2016 as the beginning of the program
since it made clear which neighborhoods were close to a BOW site. In contrast, the Action Plan
announced in April 2015 only discussed broad urban and rural environmental issues that the central
government aimed to solve. Although the criteria for BOW identification were made public in
August 2015, it was unclear whether local governments would adhere to the criteria from residents’
perspectives. In Section 4.3.1, we show that housing prices of neighborhoods close to BOW sites
did not change until 2016, which supports our phase division.

The program’s announcement came as quite a shock; initially, the public was skeptical about
its effects. According to (SEE and IPE, 2016), by August 2016, with one-third of the program’s
timeline already elapsed, many sites remained in the planning stage. This led to concerns regarding
timely completion of the projects and amplified doubts about the government’s commitment. How-
ever, as site treatments were implemented and the program progressed, public confidence in the
program grew, especially in 2017, when the enhanced environmental aesthetics of these sites be-
came evident (SEE and IPE, 2018). As illustrated in Figure B.2, these projects transformed heavily
polluted waterways into pleasant public spaces suitable for recreational activities and community
gatherings.

To guarantee that local governments meet the policy goals, the central government imple-

5In practice, the four criteria are highly correlated. Out of the 39 BOW sites in Chengdu, which is the only sample
city with water test results publicly available, 67% of the sites met at least three of the criteria.

6For some analyses, we further divide the post-period into two sub-periods: during the program (January 2016 to
December 2017) and after the program (since January 2018).
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mented various monitoring strategies. First, in February 2016, the central government launched
the "Urban Black-and-Odorous Water Information Platform" to publicize the progress of all BOW
projects. This platform allows residents to track individual projects and voice their dissatisfac-
tion with the outcomes.7 Secondly, the central government sent both third-party specialists and
central government officials to inspect each BOW site upon project completion.8 Each BOW site
was graded by the central government as either "good," "pass," or "fail," and these grades were
made publicly available. In the six cities analyzed in this paper, nearly all BOW sites passed the
examination.9

The program proves successful in restoring heavily polluted waterways, as studies by Wang
et al. (2022), Hu et al. (2021), and Qi et al. (2020) demonstrate. These studies use satellite imagery
to measure surface water quality over time. They find a clear improvement in overall water quality
and the elimination of the BOWs in cities participating in the program. Additionally, monthly
monitoring reports from treated waterways across our sample cities reveal a significant reduction
in water pollution after the program.10 As shown in Figure 2, the average pollution level across all
the monitoring sites reduces steadily since 2016.11

The program’s success relies heavily on tremendous investments, making it crucial to estimate
the economic gains resulting from it. The cumulative investment incurred by the program exceeded
114 billion RMB (approximately $16 billion) across the 36 cities (Cao, 2019). The program’s ini-
tiatives have been extended to the rest of cities and rural areas throughout China in more recent
years. By January 2020, the cumulative investment in the extended program nationwide had ex-
ceeded 1,100 billion RMB (approximately $157 billion).12 Despite the substantial investment, the
program’s benefits are unclear at the first stage. This paper closes the gap by investigating the
effects of the BOW program on neighborhood housing prices and local business growth.

3 Data

To conduct the empirical analysis, we bring together various types of data, including information
about BOW sites, the transaction records for pre-owned apartments, the supply of newly built
apartments, and the addresses of all local service businesses both before and after the program.

7Local governments are required to review these reports and respond within seven business days.
8The examination of the 36 most developed cities took place in May 2018.
9According to the Ministry of Ecology and Environment of the People’s Republic of China, 93% of BOW sites

passed the examination, and the remainder were cleaned up by October 2018.
10It should be noted that these results are based on a limited number of monitoring stations, with uneven distribution

across the cities. Beijing has 12 stations, Shanghai has 13, Shenzhen has 8, and Tianjin has 4, while the other two
cities have no monitoring stations.

11The pollution level is an integer index that ranges from 1 to 6, and BOW sites correspond to the level of 6.
12Data source: the Ministry of Ecology and Environment of the People’s Republic of China.
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Our analysis focuses on six of the 36 most developed cities in China: Beijing, Chengdu, Nanjing,
Shanghai, Shenzhen, and Tianjin. These cities are chosen because they have available apartment
transaction data dating back to before 2015. Together, they represent 7% of China’s population
in 2010 and 15% of the national GDP in 2017. As shown in Table C.1, the sample cities have
a greater share of the working population and fewer Hukou holders (and hence more temporary
in-migrants). We discuss the external validity of our analysis in Section 4.3.2. The rest of this
section briefly introduces each database, while more details are provided in Appendix A. Table
C.3 provides summary statistics of the main variables used in Section 4.

BOW sites. Information about BOW sites is from the Institute of Public & Environmental
Affairs (IPE).13 Our sample covers 292 BOW sites, which account for 525 miles of waterways.
For each BOW site, we observe its location and pollution severity before the program.14 All the
BOW sites are plotted in Figure 1, and a summary of the BOW sites by city is provided in Table
C.2.

Apartment transaction records. The transaction records for pre-owned apartments were
sourced from major real estate agencies in China, including Lian Jia, Mai Tian, Wo Ai Wo Jia,
Zhong Yuan Di Chan, Le You Jia, and Q Fang. These agencies make the transaction records
available to the public on their websites, and an external data provider collected and compiled the
information into a single dataset.15 Compared to the housing transaction records used in the ex-
isting literature that studies China’s housing market, we use a much more comprehensive database
that covers 13% of all pre-owned apartment transactions from 2012 to 2020 to study changes in
property values over time.16 We observe an extensive set of apartment characteristics, including
the transaction price, address, floor level, floor area, the number of bedrooms, bathrooms, and liv-
ing rooms, the quality of finishes, exposures, the total number of floors in that building, age of the
building, and building structure.

Newly built apartment buildings. The data comes from the China Real Estate Index System
(CREIS), which is provided by the China Index Academy. This database has the most comprehen-

13https://www.ipe.org.cn/index.html.
14The pollution level of a BOW site is rated as either "moderate" or "severe". To measure water quality for a segment

of waterways, a series of examination spots are selected and evaluated. If two adjacent examination spots are rated
as “severe”, the waterway in between is rated as “severe”. Next, to evaluate a particular examination spot, three tests
need to be performed at different time, and at least three water samples are collected during each test. Four features
are obtained for each water sample: transparency, dissolved oxygen, oxygen reduction potential, and ammoniacal
nitrogen. Transparency less than 10 cm indicates severe pollution. Similarly, if a water sample has dissolved oxygen
less than 0.2 mg/L, oxygen reduction potential less than -200 mV, or ammoniacal nitrogen above 15 mg/L, it indicates
severe pollution in the corresponding criteria. An examination spot is classified as "severe" if either over 60% of
the sample for a single indicator or at least 30% of the sample for two or more indicators meet the criteria of severe
pollution.

15The external data provider makes the data available on the following platform: www.ershoufangdata.com.
16The existing literature typically uses transaction records within a short time window from a single real estate

agency. A detailed discussion about the representativeness of our transaction records is provided in Appendix A.
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sive records for newly built residential complexes available for sale. Our data spans from 2010 to
2020. For each newly built apartment complex, we observe the launch date, address, total number
of apartments, green-space ratio, and whether it features high-end finishes or spacious layouts.

Locations of service businesses. Information about locations of service businesses is from
Gaode Map.17 For each city, we have two snapshots of all the business locations marked on the
map, one in May 2015 and the other in December 2019.18 We divide each city into hexagons
with a side length of 0.3 miles and count the number of businesses by hexagon and year across
nine categories: recreational centers (e.g., chess clubs, KTVs, game centers, and internet cafes),
restaurants, convenience stores, pharmacies, financial services (e.g., bank branches and ATMs),
tutoring services, other services (e.g., post offices, salons, laundries, photography studios, and
repair shops), groceries and supermarkets, and other retail stores.

2010 Population Census. We collect demographic data from the 2010 Population Census at
the level of urban district (Jiedao), which is the lowest level of census unit in the dataset.19 The
data include the total population, sex ratio, age composition, and share of Hukou holders.

4 The Impact of the BOW program on Housing Prices

To study the impact of the BOW program on housing prices, we introduce the regression specifi-
cation in Section 4.1. In Section 4.2, we conduct a distance bin analysis to determine the treatment
and control areas for the central specification. We then present the empirical analysis in Section
4.3, showcasing the main results and establishing their robustness across a series of alternative
specifications. Lastly, a heterogeneity analysis is conducted in Section 4.4.

4.1 Regression Design

We expect that the BOW program will increase the market value of nearby housing properties,
as it transforms an environmental disamenity into an amenity: By cleaning up heavily polluted
waterways, the program creates new recreational areas. It is important to note that the waterways
covered by the program are not used for drinking water, and their value comes solely from their
aesthetic appeal.20

To estimate the impact on housing prices, we compare the prices of apartments near and far

17Gaode Map is a leading digital map provider in China that constantly updates its database by collecting street
views four times a year. In addition, users can add or modify business locations on the platform after a field visit
verification by the company.

18The data is collected by the data vendor: http://www.poi666.com/.
19Data source: China Data Center, University of Michigan.
20Drinking water in all six sample cities comes from upstream reservoirs in rural areas.
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from a BOW site before and after the program.21 The central regression specification is as follows:

ln Pijkt = β0 + β11Near,i + β21Near,i × Post2016t + τkt + Xijktθ + εijkt. (1)

ln Pijkt is the transaction value of an apartment i in urban district j and city k sold in year t. The
dummy variable 1Near,i is used to indicate whether the apartment i is located near a BOW site or
not. In Section 4.2, we conduct a bin analysis to flexibly identify the distance beyond which water
pollution and the BOW program no longer affect housing values. Post2016t is a dummy variable
that turns to 1 from January 2016, when the locations of the treated waterways became available
to the public.22 City time-varying effects, τkt, are always controlled for since housing markets
across cities might have different dynamics over time. Additionally, we restrict the control group
to apartments that are slightly farther away from the BOW sites. We double cluster the error term
at the urban district level and city-year level to allow housing prices to be correlated both within
the neighborhood across time and across neighborhoods within a city in a particular year.23

Given that the data is not structured as repeated sales, we address potential quality differences
between transacted apartments across time (i.e., the composition effect) by including a compre-
hensive set of characteristics of the apartment in Xijkt.24 This set includes the floor area (logged),
the number of bedrooms, bathrooms, and living rooms, whether the apartment has high-quality
finishes or not, its exposures, the level of floor (low, middle, or high), the total number of floors
in the building, the age of the building, building structure, and the urban district in which the unit
is located. These control variables, along with the city time-varying effects, capture the salient
features of apartments and can explain nearly 90% of the price variation. In Section 4.3.3, we
examine several additional features for robustness checks, and the results are consistent with our
baseline model.

Coefficients of interest include both β1 and β2. β1 captures the difference in prices between
apartments in the treated and control regions prior to the implementation of the program. β2 rep-
resents the change in prices of apartments located close to the waterways targeted by the program.
We consider the estimate as the short-run effect since we observe the housing market outcomes up

21Waterways downstream of the heavily polluted areas are included as part of the BOW site if their water quality
meets the BOW criteria. For downstream waterways that aren’t as polluted and thus don’t meet the BOW criteria,
we consider them unaffected by the program. Nonetheless, they might still become cleaner following the program’s
implementation. In this scenario, our approach likely underestimates the effect, offering a conservative estimate of the
real estate appreciation.

22As an alternative specification, we estimate the price responses separately during and after the program and find
that the effects are similar.

23We show in Section 4.3.2 that clustering the error terms in alternative ways, such as by county, results in similar
standard errors as our baseline results.

24The dataset does not have a unique id assigned to each apartment. Our time frame also indicates that for most
apartments, it is unlikely to observe multiple transactions in a short time window.
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to 5 years from the program’s initiation, during which the construction of new apartment buildings
is limited. We present evidence to support this argument in Section 5.1.

For the coefficients to be an unbiased estimate of the average treatment effect, the key identi-
fying assumption is that the homeowners do not fully anticipate the BOW program (Autor et al.,
2014) and that housing prices in the treated and comparison regions moved in parallel without
the program (De Chaisemartin and d’Haultfoeuille, 2020). This assumption is likely valid since
the policy guideline was not announced until August 2015, and the list of BOW sites was only
decided and made public in January 2016. We conduct an event study in Section 4.3.1 to demon-
strate that parallel trends hold up to 2015 and carry out sensitivity check by relaxing parallel trends
assumption in Section 4.3.3 (Rambachan and Roth, 2023). Furthermore, under the parallel trend
assumption, the coefficient provides an unbiased estimate of the average treatment effect, because
all the sample neighborhoods receive the policy simultaneously and the treatment group can only
switch from untreated to treated (De Chaisemartin and d’Haultfoeuille, 2022).

To obtain an unbiased estimate of the coefficients, it is also important that the differential
changes in housing prices between the treated and control regions are not confounded by other
demand shocks since 2016. In Section 4.3.3, we explore a range of possible factors that could
impact demand, such as changing preferences for living close to city centers, waterways, and high-
quality public schools. Our analysis shows that after accounting for these factors, the estimated
price effect remains largely unchanged. We also examine whether differences in price trends across
neighborhoods within a city or changes in neighborhood characteristics beyond the quality of wa-
terways nearby could affect housing prices differently. We show that the results are robust to these
alternative specifications.

4.2 Changes in Housing Prices by Distance to BOW Sites

In this subsection, we use a flexible regression specification to estimate both the price gradient
with respect to distance to the heavily polluted waterways before the program and the responses of
housing prices at different distances from a BOW site after the program. In particular, we assign
apartments into 0.2-mile bins according to their distances to BOW sites and run the following
regression:

ln Pijkt = ∑
n

(
βn

01bin n
i + βn

11bin n
i × Postt

)
+ τkt + Xijktθ + εijkt. (2)

In the central analysis, we have 10 bins and assign apartments more than 2 miles away to the
comparison group. We exclude transactions that occurred in 2016 and 2017, such that changes in
the price gradient are estimated off transactions after the program completion, when households
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make their purchase decisions based on the realized environmental amenities.25 The patterns barely
change if we include these observations in the regression, as shown in Figure B.3. The rest of
regression specification is the same as in the central regression detailed in Section 4.1.

We report the estimates of the coefficients of interests
{

βn
1
}

in Figure 3 Panel (a) and
{

βn
0
}

in Panel (b).
{

βn
1
}

represents the percentage change in the price of apartments in bin n compared
with apartments more than 2 miles from any BOW site. As shown in Panel (a), apartments less
than 1 mile from a BOW site had a substantial increase in housing prices after the BOW program,
while the effects for apartments farther away are close to zero and insignificant.

{
βn

0
}

represents
the price gradient with respect to distance from a BOW site before the program. Figure 3 Panel
(b) demonstrates that apartments less than 1 mile from a BOW site had a lower price before the
program. These findings, together, indicate that the heavily polluted waterways mainly negatively
affect the price of apartments less than 1 mile away, and cleaning them up leads to an increase in
the price of these initially negatively affected apartments.

Based on the findings above, we define the treated apartments as those within 1 mile from
a BOW site and assign apartments between 1 and 2 miles from any treated waterways into the
comparison group. We also consider 0.8 to 1.2 miles for robustness checks.

At the end of this subsection, we compare characteristics of apartments in the treated and com-
parison group using transaction records from before 2016. As shown in Table C.4, apartments in
the two groups are quite similar along a variety of dimensions, including the number of bedrooms,
bathrooms, exposures, floor level, total number of floors in a building, and building completion
year. Next, there is only a slight distinction between the two groups in terms of the floor level,
with the treated group apartments being 1% less likely to come from lower levels. Table C.4 also
suggests that apartments in the treated group are smaller, less likely to have multiple living rooms
and high-quality finish, and more likely to have a tower or slab structure. Despite so, the regression
results remain unchanged if we control for the time-varying effects of the number of living rooms,
apartment size, building structure, high-end finish, and floor level, as shown in Section 4.3.3.

4.3 Changes in Housing Prices: Difference-in-Differences Estimation

4.3.1 Event Study

Before estimating Equation 1, we conduct an event study to provide evidence of parallel trends in
housing prices before the program. We use the same regression specification as in Equation 1, but
estimate the effects year by year, using 2015 as the baseline year. Figure 4 indicates that up to
2015, the prices of apartments in the treated and comparison groups followed parallel trends.

25We also leave out apartments more than 20 miles from any BOW site, which accounts for only 0.5% of the
transactions, as they are too far away and hence less comparable to the rest.
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Figure 4 also reveals that, beginning in 2016, apartments within 1 mile of a BOW site experi-
enced significantly higher prices than the rest. The immediate increase in housing values following
the program’s onset is because housing values reflect the present discounted value of the full range
of amenities tied to a specific location. We notice a minor positive effect in 2016, followed by a
sustained increase in 2017, signaling the growing confidence of residents in the program over time.
Moreover, between 2018 and 2020, changes in housing prices were consistent but marginally be-
low the effects seen in 2017.

4.3.2 Difference-in-Differences Estimation

We estimate Equation 1 and report the baseline results in Table 1, Column 1. As per the base-
line estimates, apartments located less than 1 mile from the BOW sites were 3.7% cheaper than
apartments that are 1 to 2 miles away before the program. It indicates that residents were avoiding
living close to initially heavily polluted waterways. After the introduction of the BOW program,
apartments located within 1 mile of a BOW site experienced a 2.3% increase in housing prices
relative to those located 1 to 2 miles away. In Column 2, we further differentiate price responses
between the period when the BOW program was in progress and the time when it was completed.
We find that the effects are quite similar.

The estimated property value appreciation helps provide a benchmark for the benefit-cost ratio
of the BOW program for the six sample cities. Following Keiser and Shapiro (2019), we measure
the benefit of the program using the total increase in housing values of apartments within 1 mile
from cleaned waterways. Given the total cost to clean up the waterways across the 6 sample
cities to be 41 billion RMB, the policy’s benefit-cost ratio is 12.26 We recognize that the program
brings not only property value appreciation for residential units but also other benefits that are not
accounted for in the analysis. These unmeasured benefits include increased business opportunities
and revenue, as well as recreational advantages for individuals living very far away (Kuwayama
et al., 2022). Consequently, the benefit-cost ratio provided here represents a conservative estimate,
serving as the lower bound of the actual ratio.

Our estimate is also valuable for those considering private provision of waterway clean-ups.

26The data on the total expenses of the program in the six cities is not directly available, so we calibrate the total
investment cost using the following method. The cumulative investment incurred by the program across the 36 most
developed cities was reported to be 114 billion RMB (Cao, 2019). Based on this information, we calculated the
average investment per BOW site and per mile of BOW cleaned, resulting in a total investment of 41 billion RMB and
26 billion RMB for the six cities, respectively. We used the higher value of the two estimates to get a lower bound
of the benefit-cost ratio. Next, we obtain a complete list of residential building complexes from An Ju Ke, a leading
real estate agency in China, and identify those within 1 mile from cleaned waterways. This dataset also provides the
total number of apartments in each residential building complex. Additionally, we need the market value of these
apartments in 2015 to calculate their appreciation credited to the program. We use the housing transaction records in
2015 to compute the average housing price per square meter and the average floor area for each residential building
complex.
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While the program has expanded to other Chinese cities in recent years, governments in less de-
veloped cities often hesitate to adopt it because of the additional budget required.27 There have
been proposals to involve the private sector, including real estate companies and homeowners near
these waterways, in these projects. In return, they could benefit from property value appreciation
once the waterways become cleaner. The feasibility of such proposals hinges on the property value
appreciation these projects generate. Since our sample is from the most developed metropolitan
areas in China, the estimated change in housing prices is particularly relevant for neighborhoods
with similar demographic and economic characteristics, such as population density and income
levels.28

Finally, a t-test of the post-program price differential between the treated and control areas leads
to a p-value of 0.25, indicating that, after the program, housing prices are no longer statistically
different from 0. The program didn’t establish a waterfront premium, likely because neighbor-
hoods near the BOW sites traditionally housed lower-income households. This is supported by
the fact that housing units close to the BOW sites tend to be smaller and less likely to feature
high-quality finishes as discussed in Section 4.2. As a result, these neighborhoods are cheaper than
other residential complexes even after the program.

4.3.3 Robustness Checks

To address concerns that the estimated effects may be confounded by unobserved demand shocks
that vary across neighborhoods, we consider a battery of robustness checks. First, the quality
of local public goods and public services, such as health care and education, play a vital role in
determining housing prices. These public goods are governed by local governments at the county
level and are subject to changes over time. Therefore, we further control for county time-varying
effects in Table 1 Column 3 and find that the effects are close to the baseline estimates.

A related concern is that the growing demand for high-quality public schools could lead to
a divergence in prices between apartment complexes located within the catchment areas of good
schools and those outside. If apartments within one mile of the initially heavily polluted water-
ways are typically close to high-quality public schools, this alternative channel could result in a
relative increase in housing prices near BOW sites. To address this concern, we adopt the ap-
proach of Zheng and Kahn (2008) and calculate the distance of each apartment to the nearest core
primary and middle school.29 We include these distances, interacted with time-varying effects,

27The absence of property taxes prevents governments from benefiting from property value appreciation.
28As shown in Table C.1, the sample townships in the six cities have a higher working population ratio and a

lower percentage of Hukou holders. It is because these cities have better job opportunities and hence attract the
working population from other regions. For less densely populated or less affluent neighborhoods, it is possible that
the estimated price change provides an upper bound of the property value appreciation.

29Each apartment building belongs to a unique school catchment area, and children who live in the building have
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in the regression. As shown in Table 1 Column 4, the estimates are consistent with the baseline
results.

Next, to address concerns that the effects could be contaminated by changing demand for re-
siding near the city center, we control for the time-varying effects of distance to the city center in
Table 1 Column 5. In Table 1, Column 6, we provide further evidence that the observed effects
are not driven by increasing demand for living near waterways over time. To do so, we estimate
a triple-difference regression model that measures the differential effect of proximity to general
waterways versus initially heavily polluted waterways after the implementation of the BOW pro-
gram. Our findings suggest that there were no significant changes in housing prices in areas near
the regular waterways, but there was a considerable increase in prices in areas where the nearby
waterways were cleaned up by the program.

To address concerns that neighborhoods with different demographics may have diverging hous-
ing price trends after 2016, we incorporate urban district characteristics from 2010 interacted with
year dummies in Table C.5 Column 1. These characteristics include population, sex ratio, the per-
centage of the population aged between 15 and 64, the percentage of the population aged above 64,
and the percentage of local Hukou holders. Additionally, in Table C.5 Column 2, we control for
urban district time-varying effects and hence restrict variation to come from apartments within the
same urban district. This richer specification adds approximately 4000 fixed effects at the urban
district-year level. Across all specifications, the results are consistent with each other.

Fifth, given that the dataset is not from repeated sales, we always include a comprehensive set
of housing characteristics in the regression to control for the composition effects. In Table C.5,
Column 3, we further control for the building address fixed-effects. Note that this specification no
longer allows us to estimate the pre-treatment price differences between apartments in the treated
and comparison region and the sample is restricted to apartments from one-third of buildings in
the full sample with housing transactions before and after the program. That being said, we find
the treatment effect to be consistent with the baseline results. Given the difference in housing
characters in units in the treated and control regions, in Table C.5, Column 4, we control for the
time-varying effects of the number of living rooms, apartment size, building structure, high-end
finish, and floor level. The results remain close to the central analysis.

Sixth, we relax the strict parallel trends assumption by calculating confidence intervals for
the treatment effects by year, considering different assumptions regarding the trend divergence be-
tween the treated and comparison groups (Rambachan and Roth, 2023). As depicted in Figure B.4,
the coefficients for 2016 and 2017 remain significantly different from zero when we assume that

the right to attend the designated school. However, as in Zheng and Kahn (2008), we do not observe the designated
public school for each apartment building. Therefore, we use distances to the nearest core primary school and middle
school to approximate the probability of being within the catchment area of high-quality schools.
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the maximum pre-treatment violations of parallel trends cannot exceed the maximal pre-treatment
violation. For subsequent years, the maximum allowable deviation to achieve statistically signifi-
cant effects decreases. This reduction is attributable to the enlarged identified set for later periods
and the increased standard errors for coefficients in those years. A smaller maximum allowable
deviation is more problematic if prominent yet unobserved demand shocks exist, systematically
correlating with apartments in the treated and control regions. However, since we have accounted
for the most prominent demand shocks and secular changes discussed in the literature and have
demonstrated the robustness of the effects in those cases, this concern is less applicable to our
study setting.

Several additional robustness checks are performed at the end of this subsection. First, we
observe similar results when we include all apartments located 2 to 20 miles from any BOW sites
in the comparison group, as presented in Table C.5, Column 5. Second, to address concerns about
the potential impact of the Covid-19 pandemic on the housing market, we exclude apartments sold
in 2020 and display the results in Table C.5, Column 6. The results also remain robust to variations
in the treatment region’s width, as demonstrated in Table C.5, Columns 7 and 8, where we define
the treated region as 0.8 or 1.2 miles away from BOW sites and the comparison region as 0.8 to
1.6 miles away and 1.2 to 2.4 miles away, respectively. Finally, we cluster the error terms at the
county level in Table C.5, Column 9, to allow housing prices across urban districts within the same
county to correlate with each other, and find that it has minimal impact on the standard errors of
the coefficients.

4.4 Heterogeneous Treatment Effects

In this sub-section, we explore the heterogeneity of treatment effects across neighborhoods. This
analysis sheds light on which neighborhoods or waterway segments likely contribute to the most
housing value appreciation. Variation in treatment effect can occur if the marginal utility brought
by an environmental amenity varies across neighborhoods or if individuals with differing values
for the environmental amenity provided by cleaned waterways tend to reside in different neighbor-
hoods. We consider two characteristics in the baseline years in particular: population density and
home sale prices.

To carry out the analysis, we classify urban districts into two subgroups based on whether it
is below or above the median level within a city in terms of population density in 2010, average
home sale prices over 2012 – 2015, and distance to the city center. We refer to them as Low-type
and High-type urban districts and denote them by their corresponding subgroup, g ∈ {L, H}. We
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adapt the baseline specification in Equation 1 and estimate the following regression:

ln Pijkt =β0 + βH1Near,i × Post2016t × 1H,j + βL1Near,i × Post2016t × 1L,j

+ θb(i)g(j) + φτ(t)g(j) + τkt + Xijktθ + εijkt. (3)

We control for θb(i)g(j), the fixed effects of being located within 1 mile of a BOW site interacted
with the corresponding neighborhood type.30 We additionally control for the time-varying effects
of the corresponding neighborhood type, φτ(t)g(j), ensuring that the differential effects observed
were not caused by price divergence across different types of neighborhoods.31

Table 2 shows the estimated βH and βL from Equation 3 for the two neighborhood charac-
teristics respectively. As shown in Column 1, the positive price effects following the waterway
cleanup are concentrated in urban districts that are densely populated. It is expected given that the
program turns polluted waterways into new recreational open spaces, it would be valued the most
in densely populated neighborhoods where open spaces are scarce. As a consequence, we expect
housing prices in densely populated areas to appreciate more after a nearby BOW site gets cleaned
up.

Next, we find a nearly 4% price increase after the BOW program for apartments in urban
districts that are initially more expensive, as shown in Table 2, Column 2. In contrast, price effects
in urban districts with low initial housing prices are close to zero and insignificant. The larger price
effects in initially more expensive neighborhoods shed light on the greater willingness to pay for
environmental amenity improvements from richer households.

Finally, as more polluted waterways experienced greater improvement in water quality under
the program, we expect a more substantial increase in prices near more polluted waterways. We
find empirical evidence in support of this conjecture. Each BOW site has been categorized as
moderately polluted or severely polluted. According to Table 2 Column 3, the increase in housing
prices reaches 2.8% for apartments near severely polluted waterways, nearly double the effect
observed for apartments near moderately polluted waterways.

5 Real Estate and Business Development

As neighborhoods close to the treated waterways become more appealing to residents, it can create
new demand for a variety of services in these revitalized communities, ranging from restaurants

30θb(i)g(j) represents a set of urban district heterogeneity by boundary fixed effects, equalling to one if the transacted
unit i is located within 1 mile from cleaned waterways and the corresponding urban district j belongs to the subgroup
g.

31φτ(t)g(j) represents a set of urban district heterogeneity by post-treatment fixed effects, equalling to one if the
housing transaction takes place after 2016 and the corresponding urban district j belongs to the subgroup g.
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to retail shops. In this section, we examine two important sectors that can drive some of the
neighborhood transformations associated with the program: real estate developers, and service and
retail businesses. We study their reactions to the program and explore the interaction between their
responses and changes in housing prices.

5.1 Housing Supply Responses

In this subsection, we examine the impact of the BOW program on the supply-side responses of
the housing market and the subsequent implications for housing prices. Using records for new
buildings from 2010 to 2020, we investigate whether there is an uptick in the supply of newly
constructed residential complexes in neighborhoods closer to a BOW site, as compared with those
farther away. Our findings indicate no such increase in supply. Hence, the price responses identi-
fied in the earlier section are primarily driven by the demand side. We also find that if real estate
developers construct a new apartment complex near a BOW site, they tend to favor the inclusion
of high-end units with luxurious finishes and spacious layouts following the program’s implemen-
tation. This shift brings a relative downward pressure on the price change for existing high-end
apartments.

We begin by showing that there is no significant difference in the number of new apartment
units supplied to the market between neighborhoods closer to a BOW site and those farther away
after 2016. To carry out our empirical analysis, we divide each city into exclusive hexagons with
a side length of 0.3 miles and count the number of newly built apartments by hexagon-year from
2010 to 2020.32 We conduct a difference-in-differences estimation by comparing hexagons within
1 mile from any BOW sites with those located between 1 and 2 miles.33 The regression specifica-
tion is as follows:

yl jkt = β0 + β21Near,l ×Aftert + αl + τkt + εl jkt. (4)

For our outcome variable, we use both the count of newly built apartment units and a binary
variable indicating whether at least one residential complex was completed and available for sale
in the corresponding hexagon. The model controls for hexagon fixed effects (αl) and city time-
varying fixed effects (τkt), and the error terms are clustered at the urban district level and city-year
level.34

Our analysis, presented in Table 3 Columns 1 and 2, reveals that the supply of newly built
apartments does not significantly increase in neighborhoods closer to a BOW site than those far-

32Each hexagon has a total area of approximately 0.25 square miles.
33We calculate the shortest distance from the centroid of each hexagon to the nearest BOW site.
34We show in Table C.6 Columns 1 to 5 that the central results are robust to controlling for county time-varying

effects.
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ther away.35 This result is likely due to the fact that the BOW program targets developed urban
neighborhoods with limited open land for new construction.36 This finding indicates that the grow-
ing demand for housing is the primary driver of changes in housing prices in neighborhoods close
to the BOW sites.37

However, if real estate developers are able to construct a new residential building complex near
a BOW site, they are more likely to provide high-end finishes and spacious apartment layouts after
the end of the program. In particular, we conduct a difference-in-differences estimation at the level
of new apartment complexes and examine whether the probability of constructing a building with
high-end finishes, spacious layouts, or more green space surrounding the building changes. The
regression specification is similar to Equation 1, except that each unit in the analysis is a building
complex open to sale in year t.

Column 3 of Table 3 suggests an increase in the supply of apartment units with high-end fin-
ishes. To account for the typical three-year time lag from building design to market launch, we
further divide the post-program period into two sub-periods: 2016 to 2018 and 2019 to 2020. We
then estimate the responses in each sub-period. As shown in Column 4 of Table 3, there is a signif-
icant increase during 2019 and 2020, with a 14.0% rise in the probability of an apartment complex
having high-end finishes.38 In Columns 5 and 6, we observe an 7.3% increase in the probability of
launching an apartment complex with spacious layouts in 2019 and 2020.39 Finally, we do not find
any significant changes in the green-space ratio, as shown in Columns 7 and 8 of Table 3. Overall,
the findings suggest that real estate developers are anticipating an influx of higher-income families
to neighborhoods adjacent to cleaned waterways and begin to provide pricier units that cater to
wealthier clients.

The increasing supply of high-end new apartments can create downward pressure on the prices
of existing high-end units. At the end of this subsection, we investigate the potential differences in
price responses between high-end and regular housing units. We consider three proxies for high-
end apartments: the presence of high-quality finishes, a spacious layout, and whether the unit was
constructed in more recent years.40 As shown in Table 4, apartments with high-quality finishes and
spacious layouts and newer apartments had a less pronounced price response to the improved water

35We find no differential effects between the periods of 2016 to 2017 and 2018 to 2020, as shown in Table C.6,
Columns 6 and 7.

36As shown in Table C.3, Panel B, the probability of a polygon-year having new residential complexes is as low as
2.5%.

37New constructions typically occur on open land, and hence do not cause any reduction in housing stocks through
demolition and reconstruction.

38The increase is economically large, given that the pre-program probability of having an apartment complex with
high-end finishes within 1 mile of the BOW sites was only 31%.

39This increase corresponds to a 70% growth relative to the baseline probability.
40We classify a unit as having a spacious layout if its floor area exceeds the median value in the sample. Next, we

classify an apartment as new if it was constructed after 2000, with roughly 50% of the sample units being new.

19



quality.41 This finding indicates that households with budget constraints may find it increasingly
challenging to relocate to these neighborhoods, exacerbating inequality in access to environmental
amenities.

5.2 Changes in Business Activities near BOW Sites

In this subsection, we show that following the program’s implementation, businesses, such as recre-
ation centers, restaurants, and pharmacies, are drawn to neighborhoods near cleaned waterways.
We estimate a regression model that is similar to a bin analysis:

Nw
lkt = ∑

n
βn

11bin n
lk × Postt + αl + Xlt + τkt + εijkt. (5)

Our outcome variable is the number of stores in category w, hexagon l, city k, and year t.42 In
the regression, we have ten 0.2-mile bins and include hexagons between 2 miles and 20 miles
from any BOW programs in the comparison group. We control for hexagon fixed-effects (αl), city
time-varying effects (τkt), and the time-varying effects of the polynomial of the number of stores
in the baseline year (Xlt). We use the number of stores in the baseline year in a hexagon to proxy
for the presence of retail and service businesses before the program. Controlling for its interaction
with year dummies allows us to address a potential upward bias if hexagons in close proximity to
BOW sites display systematically different levels of activity in local commercial businesses in the
baseline year, and there is an overall uptick in local commercial businesses in these commercial
areas during the years 2015 and 2019.

As shown in Figure 5, we find an increase in the number of stores for various business cat-
egories close cleaned waterways. Panel (a) demonstrates a significant increase in the number of
restaurants in areas close to the BOW sites. Specifically, within a 0.2-mile radius of cleaned wa-
terways, the number of restaurants increased by 10, indicating a 46% growth compared with the
baseline average. The effect becomes less pronounced as we move farther away from cleaned wa-
terways. Additionally, we found a noteworthy increase in the number of recreational centers, with
the effect being most concentrated within a 0.2-mile radius of BOW sites. Within 0.2 miles of
any BOW site, there was an increase in the number of recreational centers by 1.3, implying a 33%
increase compared with the baseline average. The effect also diminishes as we move away from
cleaned waterways. Similar patterns were observed for pharmacies, convenience stores, tutoring

41They are not statistically different at 5% significance level though.
42We consider nine categories of stores and service businesses, including recreational centers (e.g., chess clubs,

KTVs, game centers, Internet cafes), restaurants, convenience stores, pharmacies, financial services (e.g., bank
branches and ATMs), tutoring services, other services (e.g., post offices, salons, laundries, photography studios, and
repair shops), grocery and supermarkets, and other retail stores.
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services, and other service businesses. On the other hand, we find limited responses in tutoring cen-
ters, financial services, and other retail shops. In Table 5, we conduct a difference-in-differences
estimation by comparing hexagons within 1 mile of BOW sites with hexagons between 1 and 2
miles from BOW sites to summarize the average effects.43

The increase in service businesses near BOW sites reflects a rise in the number of visitors
after the waterways were cleaned up and transformed into new recreational spots. The growth of
these service businesses also improves service amenities and potentially contribute to an increase
in housing prices. To investigate this mechanism, we include the number of stores surrounding a
housing unit in the housing price regression, as specified in Equation 1. In particular, we count
the number of stores within the same 0.3-mile hexagon where the housing unit is located.44 This
additional control variable accounts for the effects of the BOW program on housing prices through
changes in the number of nearby stores. Accordingly, the residual effects of the BOW program
reflect the impact attributable to the environmental amenity.

As shown in Table 6, Column 1, the residual effects are close to the central estimates. To
mitigate concerns about endogenous changes in the number of stores, we utilize an instrumental
variable approach in Column 2. In particular, we employ the interaction between policy treatment
and a dummy variable that indicates whether the housing unit is located in a commercial area.45

The rationale is that in commercial zones with available storefronts, there’s a higher likelihood
of an increase in store openings when demand grows. When using the IV approach, the residual
effect is around 1.6%.46

Overall, the findings suggest that housing price appreciation is primarily driven by improved
environmental amenities rather than service amenities. The small effect of service amenities could
be explained by the high density of service amenities in the sample neighborhoods before the BOW
program’s introduction, and hence additional services may not significantly impact housing prices.
Furthermore, foot traffic and congestion externality associated with service amenities may offset
their positive effects on housing prices. It is also worth noting that the price effects apply only to
residential properties, while the impacts on commercial real estate remain open questions.

In addition to retail and service businesses, we also investigate whether the creation of new
parks or factory closures – potential outcomes accompanying the BOW program that could directly
influence housing prices – drive the observed housing price changes. In Appendix A.2, we provide

43We show robustness of the results to controlling for county time-varying effects and alternative polygon shapes in
Table C.7.

44We focus on the types of stores that show an increase near cleaned waterways in the previous analysis. Addition-
ally, since the data for this variable is only available for 2015 and 2019, we employ linear extrapolation and set any
negative values to zero.

45We categorize polygons that fall within the top 20th percentile for the number of stores in the baseline year as
commercial areas.

46We need to interpret this result with caution though, as the instrumental variable is subject to weak IV biases.
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evidence that the price changes are not attributable to either channel.

6 Conclusion

This paper examines the economic benefits of cleaning up heavily polluted waterways in urban
neighborhoods. Using the Black-and-Odorous Water Program in China as a natural experiment, we
estimate the effects of cleaner waterways on housing prices, housing supply, as well as local service
businesses. Specifically, we find that the program mainly benefits real estate properties within 1
mile of cleaned waterways, which were 3.7% cheaper before the program and experienced a 2.3%
market value appreciation after the program. Our results also reveal that, despite no evidence of
developers shifting construction to neighborhoods close to the BOW sites, developers building
new apartment complexes near these sites are more likely to provide high-end units featuring high-
quality finishes and spacious layouts after the program. This finding sheds light on the potential
for the program to incentivize higher-end real estate development in affected areas. Finally, we
show that the program has led to the thriving of various service businesses in neighborhoods close
to cleaned waterways, contributing to the revitalization of these areas.

Our findings indicate that urban environmental programs can effectively revitalize central cities
in developing country cities, especially for densely populated cities with limited public space for
recreational activities and growing demand for environmental amenities. Rapid urbanization often
accompanies over-congestion and the deterioration of air and water quality in central cities. Our pa-
per shows that by cleaning up the polluted waterways in urban districts, the neighborhoods close to
these environmental disamenities become attractive to residents and new businesses again. There-
fore, governments in developing countries may slow down or even reverse the declining trends in
polluted neighborhoods by implementing such programs in cities under continued expansion.
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Figures

FIGURE 1: LOCATIONS OF BOW SITES

(a) Beijing (b) Chengdu (c) Nanjing

(d) Shanghai (e) Shenzhen (f) Tianjin

Notes: The red lines denote waterways that have been cleaned up under the BOW program, whereas the blue lines represent the remaining waterways running
through each city. Data sources: Institute of Public & Environmental Affairs and Baidu Map.

27



FIGURE 2: CHANGES IN POLLUTION LEVEL

3
.5

4
4
.5

5
5
.5

6

M
e
a
n
 P

o
ll
u
ti
o
n
 L

e
v
e
l

2006m1 2008m1 2010m1 2012m1 2014m1 2016m1 2018m1 2020m1

Month

Notes: Based on the monthly data from water monitoring stations at the BOW locations, there was a consistent
improvement in water quality both during and after the program. The pollution level is an integer index ranging from
1 to 6, with waterways that meet the BOW criteria corresponding to a level of 6.
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FIGURE 3: CHANGES IN HOUSING PRICES BY DISTANCE FROM BOW SITES
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(a) Price Change (%)
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(b) Price Gradient before the Treatment

Notes: This figure shows that apartments located less than 1 mile from a BOW site experienced a significant increase in
housing prices following the BOW program. In contrast, the effects on apartments located farther away are negligible
and statistically insignificant. Panel (b) displays the price gradient with respect to distance from a BOW site and
suggests that apartments within a 1-mile radius of a BOW site had a lower price before the program. We categorize
apartments into equal-width bins according to their proximity to the nearest BOW site and run the following regression:
ln Pijkt = ∑n

(
βn

01bin n + βn
11bin n × Postt

)
+ τkt + Xijtθ + εijkt. We then plot the coefficients

{
βn

1
}

onto Panel (a)
and the coefficients

{
βn

0
}

onto Panel (b). We set the bin width at 0.2 miles and group apartments located more
than 2 miles away as the comparison group. Coefficient βn

1 represents the percentage change in housing prices for
apartments in bin n compared with those more than 2 miles from a BOW site after the end of the program. We
control for a comprehensive set of housing characteristics, urban district fixed effects, and city time-varying effects
and double-cluster the error terms at both the urban district and city-year levels.
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FIGURE 4: EVENT STUDY
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Notes: This figure shows that up to 2015, housing prices of apartments within 1 mile of a BOW site followed parallel
trends to those of apartments located farther away; from 2016 onwards, apartments within this 1-mile radius had
significantly higher prices compared with those 1 to 2 miles away. We estimate the effect of the BOW program on
housing prices year by year and plot the coefficient estimates onto the graph. We use 2015 as the benchmark year
for comparisons. Each coefficient represents whether, compared with 2015, the transacted apartments within 1 mile
of a BOW site have systematically different price compared with those between 1 to 2 miles from a BOW site. We
control for a comprehensive set of housing characteristics, urban district fixed effects, and city time-varying effects,
and double-cluster the error terms at both the urban district and city-year levels.
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FIGURE 5: RETAIL AND SERVICE BUSINESS GROWTH BY DISTANCE FROM BOW SITES
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(a) Restaurants
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(b) Recreation
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(c) Pharmacies
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(d) Convenience Stores
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(e) Other Services
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(f) Tutoring
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(g) Finance
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(h) Groceries and Supermarkets

0
10

20
30

C
ha

ng
e 

in
 th

e 
N

um
. o

f S
to

re
s

0 .2 .4 .6 .8 1 1.2 1.4 1.6 1.8 2 >2
Distance (Mile)

(i) Other Retail Stores

Notes: The figure shows a localized increase in the number of various types of stores in neighborhoods that are located
near cleaned waterways. Specifically, we observe a substantial increase in the number of restaurants and recreation
centers within a 0.2-mile radius of cleaned waterways, and this positive effect declines as we move farther away from
cleaned waterways. Similar patterns are observed for pharmacies, convenience stores, tutoring centers, and other
services. Other services include post offices, salons, laundries, photography studios, and repair shops. Finally, we do
not find such type of response for financial services, groceries and supermarkets, and other retail stores.
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Tables

TABLE 1: DIFFERENCE-IN-DIFFERENCES ESTIMATION

Dep. variable: lnP (1) (2) (3) (4) (5) (6)

In1mileBOW -0.037** -0.037** -0.035** -0.037** -0.035*** -0.044***
(0.015) (0.015) (0.014) (0.014) (0.013) (0.015)

In1mileBOW×Post2016 0.023*** 0.019*** 0.023*** 0.021*** 0.031***
(0.006) (0.004) (0.006) (0.006) (0.009)

In1mileBOW×During 0.024***
(0.006)

In1mileBOW×After 0.022***
(0.007)

In1milewaterways 0.005
(0.029)

In1milewaterways×Post2016 -0.007
(0.024)

Observations 543,554 543,554 543,554 543,554 543,554 881,453
R-squared 0.893 0.893 0.896 0.894 0.894 0.897

Notes: This table shows that the implementation of the BOW program leads to a 2.3% increase in housing prices for
apartments located within 1 mile of a BOW site. We always control for a comprehensive set of housing characteristics,
urban district fixed effects, and city time-varying effects in our analysis. Standard errors double-clustered at the urban
district and city-year levels are in parentheses: *** p<0.01, ** p<0.05, * p<0.1.
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TABLE 2: HETEROGENEOUS PRICE RESPONSES BY NEIGHBORHOOD
CHARACTERISTICS

Dep. variable: lnP (1) (2) (3)

In1mileBOW×Post2016×Low Pop Density 0.002
(0.020)

In1mileBOW×Post2016×High Pop Density 0.024***
(0.008)

In1mileBOW×Post2016×Low Housing Price 0.013
(0.014)

In1mileBOW×Post2016×High Housing Price 0.029***
(0.008)

In1mileBOW×Post2016×Moderate Pollution 0.018*
(0.010)

In1mileBOW×Post2016×Severe Pollution 0.030***
(0.008)

Observations 543,554 543,554 543,554
R-squared 0.894 0.894 0.894

Notes: This table indicates that price effects are most pronounced for apartments in densely popu-
lated areas and neighborhoods with high housing prices, as shown in Columns 1 and 2. Additionally,
there’s a greater increase in housing prices near waterways that were initially more polluted, as
shown in Columns 3. We categorize townships into two groups based on whether their population
density in 2010 and average housing prices from 2012 to 2015 are below or above the city’s median
levels. We always control for a comprehensive set of housing characteristics, urban district fixed
effects, and city time-varying effects in our analysis. Standard errors double-clustered at the urban
district and city-year levels are in parentheses: *** p<0.01, ** p<0.05, * p<0.1.
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TABLE 3: SUPPLY OF NEW APARTMENT COMPLEXES

(1) (2) (3) (4) (5) (6) (7) (8)
Dep. variables 1New Apartments Num. Units Luxury Decor Spacious Layout Green-Space Ratio

In1mileBOW -0.053* -0.053* -0.031 -0.031 1.209* 1.206*
(0.029) (0.029) (0.024) (0.024) (0.706) (0.706)

In1mileBOW×Post2016 0.001 0.006 0.085** 0.024 -0.084
(0.002) (0.017) (0.037) (0.034) (0.924)

In1mileBOW×Year2016 to 2018 0.046 -0.011 -0.630
(0.045) (0.041) (1.033)

In1mileBOW×Year2019 to 2020 0.140*** 0.073* 0.695
(0.046) (0.040) (1.341)

Observations 104,478 104,478 2,644 2,644 2,644 2,644 2,644 2,644
R-squared 0.153 0.154 0.235 0.236 0.295 0.296 0.252 0.252

Notes: This table shows that the supply of newly built apartments does not increase significantly in neighborhoods closer to a BOW site compared with those
farther away. However, if real estate developers do build a new apartment complex near a BOW site, they are more likely to provide high-end finishes and
more spacious layouts after the program. Robust standard errors double-clustered at the urban district and city-year levels are in parentheses: *** p<0.01,
** p<0.05, * p<0.1.

34



TABLE 4: HETEROGENEOUS PRICE RESPONSES BY HOUSING CHARACTERISTICS

Dep. variable: lnP (1) (2) (3)

In1mileBOW×Post2016×Regular Finish 0.023***
(0.006)

In1mileBOW×Post2016×High-quality Finish 0.000
(0.000)

In1mileBOW×Post2016×Small 0.030**
(0.011)

In1mileBOW×Post2016×Large 0.017*
(0.009)

In1mileBOW×Post2016×Old 0.047***
(0.016)

In1mileBOW×Post2016×New 0.020**
(0.009)

Observations 543,554 543,554 463,754
R-squared 0.893 0.894 0.894

Notes: This table shows that apartments with high-quality finishes, larger layouts, and recent con-
struction have a less significant price response to the improved water quality. We define a unit as
having a spacious layout if its floor area exceeds the sample median, and we classify an apartment
as “new” if it was constructed after 2000. We always control for a comprehensive set of housing
characteristics, urban district fixed effects, and city time-varying effects in our analysis. Standard
errors double-clustered at the urban district and city-year levels are in parentheses: *** p<0.01, **
p<0.05, * p<0.1.
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TABLE 5: IMPACTS OF THE BOW PROGRAM ON RETAIL AND SERVICE BUSINESSES

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Convenience Other Groceries and Other

Dep. variables Restaurants Recreation Pharmacy Stores Services Tutoring Finance Supermarkets Stores

In1mileBOW×Post2016 5.535*** 0.568*** 0.147*** 0.442** 1.550** 0.231** 0.138 -0.045 3.029
(1.307) (0.136) (0.040) (0.173) (0.605) (0.109) (0.213) (0.183) (3.133)

Observations 18,992 18,992 18,992 18,992 18,992 18,992 18,992 18,992 18,992
R-squared 0.916 0.905 0.947 0.971 0.886 0.968 0.909 0.961 0.914

Notes: This table shows that after the implementation of the BOW program, there is an increase in a variety of stores, such as restaurants and recreational centers,
within a 1-mile radius of BOW sites. We always control for hexagon fixed effects, city time-varying effects, and the time-varying effects of a polynomial of the
number of stores in the baseline year of 2015. Robust standard errors clustered at the urban district level are in parentheses: *** p<0.01, ** p<0.05, * p<0.1.36



TABLE 6: EFFECTS OF STORE INCREASE ON HOUSING PRICES

Dep variable: lnP (1) (2)

In1mileBOW×Post2016 0.023*** 0.016**
(0.006) (0.007)

Num. Stores -0.002 0.041*
(0.002) (0.023)

Observations 543,554 543,554
R-squared 0.893 0.738
Specification OLS IV
F-stat 8.75

Notes: This table provides suggestive evidence that hous-
ing price appreciation is mainly driven by improved envi-
ronmental amenity. The regression specifications are the
same as specified in Equation 1, except that we control for
the number of stores around a housing unit. We conduct an
OLS estimation in Column 1 and an IV estimation in Col-
umn 2, using the interaction between policy treatment and
a dummy indicator on whether the housing unit is located
in a commercial area as the instrumental variable. Robust
standard errors are in parentheses: *** p<0.01, ** p<0.05,
* p<0.1.
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A Data Appendix

A.1 Representativeness of the Apartment Transaction Records

In this subsection, we examine the representativeness of the transaction records for pre-owned
apartments. We begin by highlighting that the average floor area of transacted apartments in our
dataset closely aligns with the corresponding values in the China Real Estate Information (CREI),
as depicted in Figure A.1. CREI, maintained by the State Information Center, provides data on
the total number of pre-owned apartments sold and registered with the government bureau, along
with their respective floor areas. This allows us to compute the average floor area of a transacted
pre-owned apartment for each city-year and plot it against figures derived from our transaction
records. It’s important to note that data for Shanghai and Tianjin for the years 2012, 2013, and
2016 to 2018 are absent in CREI.

FIGURE A.1: COMPARISON OF AVERAGE FLOOR AREA
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Next, we show that the price trend for pre-owned apartments closely mirrors that of newly
built units across all six cities, as illustrated in Figure A.2. The average price of pre-owned apart-
ments is calculated by dividing the total transaction values by the total floor areas involved in these
transactions. Data for newly constructed apartment prices are sourced from the China Real Estate
Statistics Yearbooks (2012 to 2017). Notably, in Beijing and Shanghai, newly constructed apart-
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ments are often located further from the city center compared with transacted pre-owned units.
This location difference explains the higher average prices of pre-owned apartments relative to the
newly constructed ones in these cities.

FIGURE A.2: PRICE TREND COMPARISON
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Our sample covers 12.8% of all pre-owned apartment transactions in the sample cities between
2012 and 2018, with an improving sample coverage over time.47 We also calculate the sample
coverage by city-year and plot the data in Figure A.3, and observe similar trends across all six
cities. This trend is attributable to the continuous expansion of the prop-tech agencies, our primary
data source. The reliability of our data remains intact as long as our data provides a representative
snapshot of the broader population, as indicated by metrics like average apartment prices and
average floor areas.

47Sample coverage is defined as the ratio of the transaction volume in our dataset to the transaction volume doc-
umented in CREI. Our analysis excludes official records for Shanghai and Tianjin for 2012 and 2017 due to their
unavailability in CREI.
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FIGURE A.3: SAMPLE COVERAGE
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A.2 Other Mechanisms

In this subsection, we explore two alternative mechanisms that may accompany water clean-up
projects and potentially influence housing prices. The first mechanism involves local governments
complementing water clean-up efforts with park construction, resulting in an emergence of new
parks near cleaned-up waterways. These new parks can also contribute to the rise in housing
prices. To test this hypothesis, we identify all places of interest designated as parks on Gaode Map
in 2015 and 2019. We then examine whether there is any increase in the number of parks near
cleaned waterways, employing the regression specified in Equation 5. However, as presented in
Table A.1, Column 1, our result does not indicate any systematic increase.

Next, despite that the six sample cities are mostly service sector oriented, they still house
factories, some of which may contribute to water pollution. Local governments have the authority
to shut them down, which could have direct impact on housing prices in adjacent neighborhoods.
To test this mechanism and its implications on housing prices, we identify all factories using Gaode
Map and estimate the program’s impact on the number of factories near cleaned waterways. As
shown in Table A.1 Columns 2 and 3, there is a positive effect in Shenzhen and null effects in the
remaining cities.

In light of these findings, we revisit our housing price regression, this time excluding Shenzhen,
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TABLE A.1: ALTERNATIVE MECHANISMS

(1) (2) (3) (4) (5)
Dep. variables Num. Parks Num. Factories lnP

In1mileBOW×Post2016 0.013 -0.006 0.591*** 0.020** 0.023***
(0.017) (0.012) (0.123) (0.009) (0.007)

Num. Factories -0.013***
(0.004)

Observations 18,992 14,664 4,328 410,389 543,554
R-squared 0.784 0.981 0.913 0.896 0.894
Sample All No Shenzhen Shenzhen No Shenzhen All

Notes: The regression specifications in Columns 1 to 3 follow Equation 5, while the regression specifications in
Columns 4 and 5 follow Equation 1. Robust standard errors are in parentheses: *** p<0.01, ** p<0.05, * p<0.1.

and as shown in Column 4, the estimated price changes closely align with our baseline values. This
result confirms that changes in the number of factories cannot not be the driver of the observed
housing price change. In Column 5, we employ an alternative regression specification by directly
controlling for the number of factories surrounding a housing unit and find that the estimated price
change stay close to the baseline.48 This finding further confirms that change in housing prices
cannot be driven by changes in the number of factories surrounding.

48In particular, we control the number of factories in the same 0.3-mile hexagon as where the housing unit locates
at. Since the variable is only available in 2015 and 2019, we employ linear extrapolation and reassign negative values
to zero.
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B Appendix Figures

FIGURE B.1: PROGRAM TIMELINE
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Notes: This figure displays the important milestones for the BOW program. A comprehensive overview of the program
timeline is provided in Section 2.
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FIGURE B.2: EXAMPLES OF BOW SITES

(a) Xiaotaihou River, Beijing, Before the Program (b) Xiaotaihou River, Beijing, After the Program

(c) Futian River, Shenzhen, Before the Program (d) Futian River, Shenzhen, After the Program

Notes: This figure shows that the program transforms heavily polluted waterways into pleasant public spaces suitable
for recreational activities and community gatherings. The photos are from SEE and IPE (2018) and the Ministry of
Ecology and Environment of the People’s Republic of China.
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FIGURE B.3: CHANGES IN HOUSING PRICES BY DISTANCE TO A BOW SITE,
ROBUSTNESS CHECK
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(a) Price Change (%)
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(b) Price Gradient before the Treatment

Notes: This figure demonstrates that the results from the bin analysis remain nearly unchanged when including trans-
actions made in 2016 and 2017. The rest of regression specifications are identical to the central specification.
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FIGURE B.4: YEAR-BY-YEAR EFFECTS: SENSITIVITY ANALYSIS
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(b) 2017
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(c) 2018
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(e) 2020
Notes. This figure presents confidence intervals for the treatment effects by year, considering various assumptions
regarding the trend divergence between the treated and comparison groups (Rambachan and Roth, 2023). We employ
the relative magnitude method and make two main observations. For 2016 and 2017, the coefficients are significantly
different from zero when we relax the parallel trends assumption and instead assume that the maximum pre-treatment
violations of parallel trends cannot exceed the maximal pre-treatment violation. For subsequent years, the maximum
allowable deviation to obtain statistically significant effects becomes smaller. This occurs due to the enlarged identified
set for later periods and the increased standard errors for coefficients in those years during estimation.
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C Appendix Tables

TABLE C.1: COMPARISON OF SAMPLE CITIES WITH THE REST IN CHINA

Sample Cities 36 Most Developed Cities All in China

% Male 52.0 51.3 51.2
% Age 0-14 9.1 12.4 16.6
% Age 15-64 82.5 78.8 74.5
% Age 65 and Over 8.4 8.7 8.9
% Hukou holders 46.1 62.9 79.2
Urban population density (per km2) 9566 9008 7569

Notes: This table illustrates that the sample cities have a higher proportion of the working population, a lower number
of Hukou holders, and a higher urban population density. Data regarding population demographics are sourced from
the 2010 Census, while urban population density data is obtained from the 2010 China Urban Construction Statistical
Yearbook.

TABLE C.2: SUMMARY STATISTICS OF BOW SITES ACROSS CITIES

City Beijing Chengdu Nanjing Shanghai Shenzhen Tianjin

Total Length (mile) 136 54 36 22 195 82
% Severely Polluted 34.3 45.1 28.5 16.6 74.1 10.8
Number of Sites 46 39 18 62 104 23

Notes: This table reports the number of BOW sites, the total miles of waterways cleaned, and the percent-
age of BOW sites identified as severely polluted for each sample city. A continuous section of waterway
that meet the BOW criteria is defined as one BOW site.
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TABLE C.3: SUMMARY STATISTICS

VARIABLES N Mean SD

A. Transacted Apartments
Price (×104 RMB) 543,556 304.1 230.1
Distance to the Nearest BOW Site (miles) 543,556 0.888 0.548
Number of Bedrooms 526,575 2.134 0.871
Number of Bathrooms 526,575 1.006 0.0902
Number of Living Rooms 526,575 1.122 0.722
Floor Area (sqare meters) 543,556 81.47 37.10
High-quality Finish 543,556 0.248 0.432
Exposure - South 514,425 0.779 0.415
Exposure - West 514,425 0.137 0.343
Floor Level - High 510,013 0.351 0.477
Floor Level - Middle 510,013 0.380 0.485
Floor Level - Low 510,013 0.269 0.444
Number of Floors 488,485 15.57 10.03
Building Completion Year 463,755 2,002 8.170
Building Structure - Tower 543,556 0.136 0.343
Building Structure - Slab 543,556 0.474 0.499
Building Structure - Mixed 543,556 0.186 0.389

B. Supply of New Apartments
Number of New Aapartments 104,478 30.85 312.2
1Num. New Aapartments >0 104,478 0.0251 0.157
High-quality Finish 2,931 0.397 0.489
Spacious Layout 2,931 0.190 0.392
Green Space Ratio 2,931 34.83 9.836

C. Number of Stores by Business Category
Restaurants 19,534 37.27 85.13
Recreation 19,534 3.756 8.169
Pharmacies 19,534 1.681 3.435
Convenience Stores 19,534 10.15 18.51
Other Services 19,534 13.87 35.41
Tutoring 19,534 3.966 9.871
Finance 19,534 4.414 13.50
Groceries and Supermarkets 19,534 6.836 17.98
Other Stores 19,534 78.02 193.2
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TABLE C.4: APARTMENTS IN THE TREATED AND COMPARISON REGION:
BALANCE CHECK

Control (N = 54969) Treatment (N = 74586)
Mean SD Mean SD Diff

Number of Bedrooms 2.18 0.87 2.22 0.86 0.03
Number of Bathrooms 1.00 0.02 1.00 0.01 -0.00
Number of Living Rooms 1.26 0.71 1.08 0.82 -0.19***
Floor Area (square meter) 93.66 41.36 84.91 36.17 -8.75***
High-quality Finish 0.20 0.40 0.16 0.37 -0.04*
Exposure - South 0.79 0.41 0.75 0.43 -0.03
Exposure - West 0.14 0.35 0.13 0.33 -0.01
Floor Level - High 0.32 0.47 0.31 0.46 -0.01
Floor Level - Middle 0.35 0.48 0.35 0.48 -0.00
Floor Level - Low 0.27 0.44 0.25 0.43 -0.01***
Number of Floors 15.96 9.63 16.20 9.95 0.24
Building Completion Year 2002.07 6.67 2002.83 6.40 0.76
Building Structure - Tower 0.19 0.39 0.13 0.33 -0.06***
Building Structure - Slab 0.53 0.50 0.41 0.49 -0.12***
Building Structure - Mixed 0.17 0.37 0.24 0.43 0.07***

Notes: In this table, we compare apartments in the treated and comparison regions across a comprehensive
set of characteristics. Apartments in both groups exhibit nearly identical features along many dimensions,
including the number of bedrooms, bathrooms, exposures, floor level, total number of floors in a building,
and building completion year. The table also shows three distinctions between the treated and control groups.
Firstly, apartments in the treated group are less likely to have multiple living rooms compared with those in
the comparison group, and correspondingly, there is a 9-square-meter difference in floor area between the
two groups. Secondly, the treated group is more likely to have a mixed building structure and less likely
to have a tower or slab structure. Finally, apartments in the treated group are slightly less likely to have
high-quality finishes. The error terms are clustered at urban district: *** p<0.01, ** p<0.05, * p<0.1.
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TABLE C.5: DIFFERENCE-IN-DIFFERENCES: ROBUSTNESS CHECKS

Dep. variable: lnP (1) (2) (3) (4) (5) (6) (7) (8) (9)

In1mileBOW -0.039*** -0.034** -0.036** -0.043*** -0.037** -0.037**
(0.014) (0.014) (0.014) (0.015) (0.015) (0.016)

In1mileBOW×Post2016 0.022*** 0.019*** 0.013* 0.021*** 0.031*** 0.022*** 0.023**
(0.006) (0.005) (0.007) (0.006) (0.009) (0.006) (0.009)

In0.8mileBOW -0.038**
(0.016)

In0.8mileBOW×Post2016 0.015**
(0.007)

In1.2mileBOW -0.048***
(0.014)

In1.2mileBOW×Post2016 0.022**
(0.010)

Observations 540,141 543,440 407,906 543,554 881,075 508,661 472,364 610,546 543,554
R-squared 0.894 0.899 0.952 0.894 0.897 0.894 0.897 0.894 0.893

Notes: This table shows that the estimates of price changes of apartments close to BOW sites are robust to alternative regression specifications. Robust standard
errors are in parentheses: *** p<0.01, ** p<0.05, * p<0.1.

49



TABLE C.6: HOUSING SUPPLY RESPONSES: ROBUSTNESS CHECKS

(1) (2) (3) (4) (5) (6) (7)
Num. Luxury Large Green-Space Num.

Dep. variables 1New Apartments Units Decor Layout Ratio 1New Apartments Units

In1mileBOW -0.075*** -0.047* 0.766
(0.028) (0.027) (0.677)

In1mileBOW×Post2016 0.000 0.004
(0.002) (0.017)

In1mileBOW×Year2016 to 2018 0.044 -0.021 -0.144 0.001 0.009
(0.042) (0.047) (1.186) (0.002) (0.018)

In1mileBOW×Year2019 to 2020 0.158*** 0.116** 0.897 0.000 0.003
(0.059) (0.045) (1.666) (0.003) (0.020)

County time-varying effects Y Y Y Y Y
City time-varying effects Y Y
Observations 104,467 104,467 2,505 2,505 2,505 104,467 104,467
R-squared 0.161 0.161 0.345 0.402 0.370 0.153 0.154

Notes: Columns 1 to 5 in this table demonstrate the robustness of the results related to housing supply responses when controlling for county time-
varying effects. Next, columns 6 and 7 in this table reveal no differential effects between the periods 2016 to 2018 and 2019 to 2020. Robust standard
errors are in parentheses: *** p<0.01, ** p<0.05, * p<0.1.
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TABLE C.7: IMPACTS OF THE BOW PROGRAM ON LOCAL BUSINESS PERFORMANCE: ROBUSTNESS

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Convenience Other Groceries and Other

Dep. variables Restaurants Recreation Pharmacy Stores Services Tutoring Finance Supermarkets Stores

In1mileBOW×Post2016 5.349*** 0.435*** 0.143*** 0.618*** 1.721*** 0.263*** 0.183 0.068 3.497
(1.221) (0.128) (0.040) (0.181) (0.612) (0.100) (0.167) (0.181) (3.786)

Observations 18,990 18,990 18,990 18,990 18,990 18,990 18,990 18,990 18,990
R-squared 0.919 0.912 0.949 0.973 0.889 0.970 0.916 0.962 0.916

Notes: This table shows that the regression results are almost the same when controlling for county time-varying effects. Robust standard errors are in
parentheses: *** p<0.01, ** p<0.05, * p<0.1.
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