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Do homeowners benefit when coal-fired power plants
switch to natural gas? Evidence from Beijing, China
Abstract:
Coal-fired power plants are among the biggest air polluters both in China and globally.
In 2013, China launched a pilot project to switch its power plants from coal to natural
gas to curb coal-fired plants’ detrimental effects on air quality. Debates about this
policy mainly invoke the costs, but no study examines whether the change led to
cleaner air and associated economic benefits. This article provides the first causal
estimate of the capitalization effect of coal-to-gas conversion on housing prices. We
estimate a triple difference model using housing transaction data from 2011 to 2015
and administrative data on all power plants in Beijing. Our results, although
marginally significant, show that coal-to-gas conversion leads to a positive price
premium of 11% for nearby properties. We provide suggestive evidence that our
findings of positive price premiums are likely attributable to the reduction in air
pollutants following the coal-to-gas switch, including a 4.9% reduction in particulate
matter and 5.2% decrease in SO2.
Key words: coal-to-gas conversion; power plant; air quality; triple differences;
hedonic price model
JEL Codes: Q51, Q53, Q52, Q58
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1. Introduction
In recent decades, replacing coal with natural gas has become an important energy
transition strategy for addressing environmental challenges across the world.
Researchers have extensively examined the climate implications of fuel switches from
coal to natural gas (McJeon et al., 2014; Wilson and Staffell, 2018); however, the
literature is limited in quantifying other aspects of such a shift. Lueken et al. (2016)
find that U.S. coal plants switching to natural gas leads to substantial improvements in
air pollution, which in turn translates into improvements in human health. In 2013, as
part of a green energy transformation and low-carbon development path, China
launched a pilot project to switch Beijing’s power plants from coal to natural gas to
cope with air pollution issues (Yang and Jackson, 2013). Widespread controversy
followed—proponents argued that success in other countries demanded emulation,
while opponents pointed to high natural gas prices and China’s insufficient and
unstable supply of natural gas (Cai and Li, 2014). The coal-to-gas switch, and the
resultant improved air quality, may have significant economic benefits that offset
natural gas price and supply problems. However, there are no explicit measurements
of the impact of changes in environmental health risks associated with coal-to-gas
switches. Our study begins addressing this question by turning to the housing market
to examine the impact of improved environmental health in areas proximate to power
plants where coal-to-gas conversion has taken place.
A vast amount of literature investigates the tradeoffs between price and health
risks in the housing market. Previous literature posits that the locus of the tangent
points of the offer function and bid curve reflects residents’ willingness to pay for
environmental amenities or willingness to accept for environmental disamenities
(Rosen, 1974). Property values show significant negative effects from water pollution
(Leggett and Bockstael, 2000; Tang et al., 2018), proximity to hazardous waste sites
(Greenstone and Gallagher, 2008; Haninger et al., 2017), and air pollution (Bajari et
al., 2012; Zheng et al., 2014; Qin et al., 2019). Two U.S. studies show that proximity
to power plants also has a negative impact on housing prices (Davis, 2011; Farah et
al., 2019). Davis (2011) finds that apartments located within two miles of power
plants have 3%–7% lower prices than comparable houses in the United States, but
does not consider variation in neighborhood air pollution related to fuel. Farah et al.
(2019) examine the capitalization impacts of coal-to-gas conversion in power plants
by examining the effects of coal-fired power plant closure, gas-fired power plant
openings, and coal use-ratios of a dual-fired plant on housing prices across areas in
the United States. They demonstrate that coal-fired power plant closure increases the
prices of downwind properties within two miles by about 9%–26% and that a 1%
2

year-over-year coal use decrease in a dual-fired plant raises the prices of downwind
properties within 10 miles by 0.15%–1.3%. Our study differs from Farrah et al.
(2019) by offering a direct comparison between the effects of power plants before and
after conversion. This dichotomous, rapid conversion is contextually important to
China’s situation because most coal-to-gas switches happened in a period of months,
in contrast to the long and gradual transition of U.S. power plants with varying
combinations of gas and coal fuel use.
To expand our understanding of the economic and environmental impact of
coal-to-gas conversion of power plants, this study investigates how plant conversion
affects property values and air quality in Beijing, China. We conduct a hedonic price
analysis of coal-to-gas conversion using data on apartment-building-level housing
transactions from 2011 to 2015, augmented with administrative data on all power
generation plants and air quality in Beijing. Our dataset clearly defines four kinds of
power plants: (a) coal fired over the whole study period (2011–2015); (b) gas fired
over the whole study period; (c) new gas-fired plants that opened from 2011 to 2015;
and, (d) plants fired by coal in the first few years of the study that were converted to
gas-fired at some point during the study period. Hence, after dropping always
gas-fired power plants (samples b and c), we categorize the data set into converted
and non-converted power plants, which allows us to identify the source of variation
between apartment buildings before and after coal-to-gas conversion.
In the application of hedonic framework, house buyers require full information
about property attributes before property values can capitalize on residents’ preference
for gas (Tang et al., 2018). To the best of our knowledge, house buyers have
information on potential air quality improvements due to fuel-use conversion, as it is
available through community council bulletin boards, publicly available government
websites, and information shared by real estate agents. China’s government requires
an environmental impact assessment (EIA) before a coal-to-gas project can begin,
which includes public participation and provides a way for residents to be aware of
this information. We also directly test the evidence and magnitude of the air quality
improvements using monitoring data on nearby ambient particular matter (PM10),
ozone, and sulfur dioxide levels due to the coal-to-gas conversion.
Based on the quasi-experiment of “coal-to-gas conversions for power plants in
Beijing,” we first use the difference-in-differences (DID) approach that compares
changes in housing prices between apartment buildings near converted and
non-converted plants before and after the coal-to-gas conversion. 1 DID is a
commonly used econometric approach that identifies the causal relationship between
Since there are only three coal-fired plants converted to gas-fired during our sample period, our DID
model relies largely on spatial variation in housing prices between apartment buildings near converted
and non-converted plants.
1
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two variables. DID is superior to other approaches at addressing omitted variable bias
when the common trends assumption is satisfied (Currie et al., 2015; Haninger et al.,
2017). A canonical DID estimator measures the difference between the change in
outcomes before and after a treatment shock versus a control group. A growing
literature employs this method to identify the average treatment effect on the treated
(e.g., Dröes and Koster, 2016; Tang et al., 2018; Dobkin et al, 2018). However, one
limitation of the DID method lies in the assumption that there are no other micro-level
shocks in affected areas during exposure (Baez et al., 2017). Consequently, we
employ a difference-in-difference-in-differences approach (triple difference, or DDD)
to explore an additional dimension—within and outside of the buffer zone of 1,500
meters—which helps minimize the bias of time-varying shocks. The DDD estimator
is equivalent to the difference between two difference-in-differences. DDD only
requires that one parallel trend assumption be satisfied to have a causal interpretation
rather than two parallel trends assumptions (Olden and Møen, 2020). Angrist and
Pischke (2008) and Muehlenbachs et al. (2015) find that a DDD estimator is more
defensible than the traditional DID estimator.
Our estimation results show that housing prices near converted power plants are
11% higher than those near non-converted plants. In other words, when compared
with apartment buildings near non-converted power plants, the price of apartment
buildings near converted power plants are, on average, 510 CNY higher per square
meter. Our results are robust to different specifications and are supported by a
falsification test using apartment buildings distant enough from the plant to be
unaffected by the conversion. It is noteworthy that the effects are only marginally
significant, especially post coal-to-gas conversion, in part due to our relatively small
sample size. Improved air quality conditions near converted power plants, though
surprisingly small, provide suggestive evidence for our findings of positive housing
price premiums. Conversion to gas leads to about 4.9% PM10 reduction and 5.2% SO2
reduction.
Our study contributes to the existing literature in two ways. First, we provide the
first empirical quantification of the positive and significant benefits for homeowners
in developing countries when coal-fired power plants switch to natural gas. Second,
the reduction of key air pollutants with similar magnitude likely explains our finding
of housing price premiums; and thus, we provide an important benefit estimate for the
necessity and effectiveness of coal-to-gas conversion policies. We also note that the
price premium and air quality improvements we detect are fairly modest, unlike
improvements detected in similar U.S. studies (Farah et al., 2019; Lueken et al.,
2016), which suggests the importance of examining the impact of coal-to-gas
conversion in developing countries directly instead of extrapolating from developed
4

countries. It also highlights the need for China to undertake many more measures to
combat air pollution problems.
The rest of the paper is organized as follows. Section 2 introduces the background
of coal-to-gas policy for power plants in China. Section 3 describes the study area and
data. Section 4 discusses the empirical strategy. Section 5 presents the estimation
results. Section 6 illustrates the estimated effects of coal-to-gas on the ambient
concentration of air pollutants. Section 7 summarizes.

2. Background on China’s coal-to-gas policy for power
plants
In 2013, China encountered the worst haze weather in history, and Beijing was
hardest hit. Figure 1 illustrates the spatial distribution of the annual ambient
concentrations of PM2.5, a key air quality indicator, in Beijing in 2013. At the time,
more than half of Beijing had PM2.5 concentration levels equal to or greater than 75
μɡ/m3, which qualifies as polluted. To ease mounting public concern over air quality,
the Chinese government issued its most aggressive plan to date, the Air Pollution
Prevention and Control Action Plan (also known as “Ten Specific Measures”). The
plan promised that the concentration of hazardous particles, including PM2.5, would
drop by 10% from 2012 levels in all of China’s cities and by 25% in more-developed
areas, including Beijing. A key component of the plan calls for decreasing the share of
coal in total energy consumption to 65% by 2017.

5

Figure 1. Spatial distribution of annual ambient concentrations of PM2.5 in Beijing,
China, 2013. 2
Beijing issued the Clean Air Action Plan from 2013 to 2017 in Beijing 3 and the
Work Plan of Accelerating the Reduction of Coal Burning and Construction of Clean
Energy from 2013 to 2017 in Beijing. 4 Both described China’s plan for switching
from coal to natural gas, which affects coal-fired power plants, coal-fired boilers, and
individual residents in Beijing. Beijing listed conversion of power plants as a priority,
stating that the city should eliminate all coal-fired plants by the end of 2017, believing
that it could generate significant air quality improvements (Mao et al., 2005; de Gouw
et al., 2014). Among the city’s power plants, Beijing described those with inefficient,
out-of-date production technology as a priority, which means that the prioritization of
plants for “coal-to-gas” relied on the installed capacity of coal-fired power plants.
Work began on small-installed-capacity power plants that had backward emission
control technologies, which means that coal-fired power plants selected for
conversion had inferior pollutant control equipment.
Figure 1 was created through interpolation with data of hourly emission concentrations of PM2.5 from
35 stated-owned environmental monitoring centers in Beijing.
3
The People’s Government of Beijing Municipality, accessed January 30, 2020.
http://www.beijing.gov.cn/zfxxgk/110001/szfwj/2013-09/12/content_cae7ba16b4bb46d68d78a11e928a
ebcd.shtml. (in Chinese)
4
Beijing Municipal Science & Technology Commission, accessed January 30, 2020.
http://kw.beijing.gov.cn/art/2013/9/16/art_2384_2398.html. (in Chinese)
2
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The Beijing plans referenced the requirement of an EIA, which China encoded in
the nationwide Regulations on Environmental Protection Management of
Construction Projects in 1998 as a measure to prevent new pollution and damage to
the ecological environment of construction projects. Company and government
websites publicize EIAs, and the public has the opportunity to comment on the
construction project and environmental protection work to the Ministry of
Environmental Protection through telephone, letter, e-mail, or interview. Community
committees, which serve as organizations for nearby residents, help to facilitate the
process by disseminating information through WeChat (a multipurpose social media
application) and bulletin boards. In other words, it is likely that these efforts inform
residents or potential buyers of nearby apartments about the coal-to-gas conversion
and its potential air quality benefits.
The public participation process has led to heated discussion about the policy in
the power sectors of Beijing. Supporters of switching cite the successful experiences
of the United States and other OECD countries. Opponents point out that China’s
natural gas supply and technology is inferior to those of other countries and that low
natural gas prices and high carbon prices drove coal-to-gas switches in other
countries. Our estimated results will shed some light on formulating a reasonable
policy of fuel switches in China.

3. Data
3.1 Power plant data
We obtain administrative data on all power plants in Beijing from the China
Electricity Council. 5 The data contain detailed information on a variety of plant
characteristics, such as exact geographic coordinates, date of operation, fuel type, and
installed capacity. Using this information, we are able to identify each power plant’s
location and fuel type. 6 Furthermore, the data also provide historical information on
any structural changes in operation, which enables us to identify the timing of
coal-to-gas conversion for converted power plants.
Table 1 presents the number of power plants by fuel type from 2011 to 2015. The
number of coal-fired plants and gas-fired plants are quite stable until 2013, after
China Electricity Council is a non-profit social and economic organization established in 1988 to
provide policy and legislative suggestions for the reform and development of the electric power
industry.
6
Since we focus on coal-to-gas transition, we exclude other types of plants (e.g., biomass) and the
communities surrounding those plants. However, administrative data show that other types of plants
only account for 8% of power plants and 0.8% of power generation in Beijing. Furthermore, these
power plants are located in the outskirts of Beijing, far away from our sampled properties.
5
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which there is a major change in power generation mix in favor of gas-fired plants as
a result of China’s coal-to-gas switching policy. The number of coal-fired plants
decreased significantly, from five to two, from 2013 to 2015. In the same period, the
number of gas-fired plants nearly doubled from seven to twelve, making gas-fired
plants the leading source of power generation in Beijing. Furthermore, in 2014 and
2015, one and two plants switched from coal to gas, respectively. More specifically,
the data set contains four types of plants—always fired by coal, always fired by gas
from 2011 to 2015, new plants opened from 2011 to 2015 always fired by gas, and
plants converted from coal to gas. As our objective is to estimate the effect of
coal-to-gas conversion on the housing market, we define plants converted from coal
to gas as converted plants (treatment group), while we categorize plants always fired
by coal as non-converted plants (control group). The always gas-fired plants,
including newly opened gas-fired plants, belong neither to the treatment group nor to
the control group, so we drop them in our final analysis. Figure 2 shows the spatial
distribution of power plants and sampled apartment buildings.
Year

Coal-fired plants

Gas-fired plants

Coal-to-gas plants

2011

5

5

0

2012

5

6

0

2013

5

7

0

2014

4

7

1

2015

2

12

2

Table 1. Number of Coal-fired and Gas-fired Power Plants in Beijing, 2011–2015

8

Figure 2. Spatial distribution of power generation plants and sampled apartment
buildings in Beijing, 2011 and 2015.
3.2 Ambient concentration data of air pollutants
We obtain air pollution data for Beijing from the China National Environmental
Monitoring Center. The data include three major monitoring air pollutants released by
the Ministry of Environmental Protection of China from 2011 to 2015—SO2, O3, and
PM10.7 Beijing has 35 state-owned environmental monitoring centers that monitor
and report hourly concentrations of these pollutants. Figure 2 shows the spatial
distribution of monitoring stations.

7
Data for PM2.5 concentration is not available prior to 2013, thus our study focuses on the three air
pollutants for which data are available during our entire study period.

9

Figure 3. Spatial distribution of SO2, PM10 and O3 around sampled apartment
buildings in Beijing, China, in 2011 (left) and 2015 (right).
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To merge the pollution data with the housing transaction data set, we first
calculate the annual average concentration for each pollutant and then use an
interpolation method based on longitudinal and latitudinal coordinates with ArcGIS.
The interpolation method we use is inverse-squared-distance weighted average, which
is widely used to calculate weather data (He et al., 2016) and frequently applied to
obtain air quality data (Sager, 2019). Though the interpolation, which is based on
Euclidean distance, might lead to bias due to lack of consideration for climate factors,
the relatively even spatial distribution of monitoring stations helps to reduce some of
the bias. Moreover, the classical measurement error in dependent variables, which is
the case in our analysis, does not affect the consistency of the estimators to some
extent. Figure 3 shows the spatial distribution of interpolated annual ambient
concentrations of PM10, SO2, and O3 around apartment buildings in 2011 and 2015.
From 2011 to 2015, concentrations of PM10 and SO2 decreased while there were no
noticeable improvements for O3.
3.3 Housing transaction data
We obtain housing price data from CityRE (www.cityre.cn), a commercial property
data company that maintains a database of more than 90% of China’s housing
transaction records since 2005. As individual real estate transaction records in China
are unavailable, our analysis relies on the average transaction price per square meter
at the apartment building level of a residential complex. Though the data is subpar
compared to the housing transaction data used in many other countries, it is enough to
offer significant variation and is superior to other hedonic studies in China that apply
city-level or provincial-level housing transaction data (Zheng et al., 2014; Waxman et
al., 2020). Specifically, our unit of observation is the average transaction price, rather
than rental rate, of all home sales in an apartment building of a complex in a given
year. For instance, if the apartment building i of a complex in year t has n home
transactions, then we calculate the dependent variable as the overall transaction prices
of those n homes divided by the total area of the n homes. After dropping apartment
buildings within 4,000 meters of multiple power plants or always-gas-fired plants, we
have a sample of housing sales in 6,740 residential complexes from sixteen
administrative districts in Beijing from 2011 to 2015. The data represent over 60% of
the 11,000 residential complexes with active transactions (Beijing had approximately
16,000 residential complexes during our study period). 8 For each of the 6,740
complexes, CityRE reports the annual average unit sales price of the apartment
building with the largest number of transactions throughout the year. 9 We treat this
From 2011–2015, apartment buildings averaged 107 transactions annually with the minimum (67)
occurring in 2011 and the maximum (148) occurring in 2015.
9
The number of apartment buildings in residential complexes in Beijing range from as small as one
8
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apartment building as typical for each complex, as homes within a complex are
basically similar in geographical location, construction time, and style. Furthermore,
the data also contains information about developer, build year, and average square
footage of the reported apartment building, as well as specific geographic coordinates,
which enables us to calculate the distance between each apartment building and the
nearest amenities, such as power plants and subway stations.
As for control variables, we also add whether an apartment building is located
within a school district and a normalized difference vegetation index, which measures
the greenness around an apartment building. After limiting the data to apartment
buildings within 4,000 meters of a power plant and excluding those with incomplete
information, we end up with 586 cross-sectional apartment buildings and a total of
2,190 observations for empirical analysis. We base our choice of the 4,000 meter
range on the determination of the affected buffer (1,500 meters). Previous literature
suggests that the radius of influence of thermal power plants on nearby residents is
about 1,500–4,000 meters (Kahn, 2009; Davis, 2011; Farah et al., 2019; Li et al.,
2020). Our graph in figure 4 indicates a treatment buffer of 1,500 meters, which is
similar to previous studies. In order to balance treatment and control groups, we set
4,000 meters as the range and conduct a robustness check in section 5.2. We elaborate
on our determination of the threshold distance (1,500 meters) in section 4.1.2. Table 2
presents detailed definitions and summary statistics for all variables and table 3
reports the number of observations surrounding a converting plant. Specifically, there
are 438 observations characterized as being within the 0–1,500 meter distance of a
converting plant, of which 32 are post-conversion and 406 are pre-conversion. We
also report the sample statistics of apartment building and neighborhood
characteristics by treatment status in table 4. While many of the characteristics are
statistically different, the differences in magnitudes are not large. We account for
these differences between converted and non-converted plants parametrically in our
models.

building to as many as 20 buildings, all of which the same developer builds. The complexes are
distinguished by developer.
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Variable

Definition

Mean

SD

Housing Attributes
Price
Post

Annual average property price per square meter in
Chinese Yuan as of 2011
=1 if the nearest power plant is converted to

31,509 12,027
0.077

0.267

0.220

0.414

11.542

6.799

1.022

0.498

2.415

3.942

0.001

0.030

0.451

0.110

9.953

2.274

120.262

9.958

Average annual concentration in ppb

21.499

3.003

Capacity

The logarithm of the capacity of power plant

12.067

0.621

Distance to power plant

Distance to the nearest power plant in meters

2,470

1,027

Near
Age
Square footage
Distance to subway
School
NDVI
SO2
PM10
O3

natural gas, 0 otherwise
=1 if located within 1,500 meters of a power
plant, 0 otherwise
Age of property in years
Average housing area within an apartment building
in 100 square meters
Distance to the nearest subway station in kilometers
=1 if school district housing, 0 otherwise
Normalized Difference Vegetation Index (NDVI)
within 500 meters around the property in summer
Average annual concentration in ppb
Average annual concentration in micrograms per
cubic meter, μg/m3

Attributes of Power Plants

Observations

2,190

Note: The sample includes apartment buildings within 4,000 meters of a coal-fired or converted
power plant.

Table 2. Variable Definitions and Sample Statistics
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Pre-conversion
Post-conversion
Sum

0-1,500m of a
converting
plant

1,500-4000m
of a converting
plant

The total number

406
32
438

1,292
165
1,457

1,698
197
1,895

Table 3. Number of observations surrounding a converting plant

Converted plants

Coal-fired plants

Difference

(1)

(2)

(1)-(2)

Price

33,545

18,433

15,112

Age

11.502

11.800

-0.298

Square footage

1.037

0.930

0.107

***

Distance to subway

1.701

7.004

-5.303

***

School

0.001

0.000

0.001

NDVI

0.442

0.513

-0.071

***

Capacity

12.235

10.987

1.248

***

Number of observations

1,895

295

Variable

Note: The sample includes apartment buildings within 4,000 meters of a coal-fired or converted
power plant. NDVI is the normalized difference vegetation index.

***p < 0.01; **p < 0.05; *p < 0.1.

Table 4. Sample Statistics of Apartment Buildings by Power Plant
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***

4. Empirical strategy
4.1 Difference-in-differences approach
4.1.1 Model specification
This study applies a hedonic price model to investigate how coal-to-gas plant
conversion capitalizes into housing prices. One important identification issue is
whether the coal-to-gas switch is exogenous to the housing prices. The government
documents reveal that capacity was the major determinant of which plants in Beijing
first converted to gas-fired. Small-capacity plants, often built in earlier years, were the
first plants converted to natural gas. Thus, we expect the coal-to-gas conversion is less
dependent on housing prices. However, the location of a power plant at different times
may be driven by time-varying demographic or neighborhood characteristics, which
could be correlated with housing prices. For the empirical identification, we employ a
DID approach by exploiting the temporal and cross-sectional variation of the
coal-to-gas plant conversion. Here, the treatment group consists of apartment
buildings that are near a converted power plant, while the control group consists of
those that are near a coal-fired plant. 10 Thus, the DID approach compares housing
prices of apartment buildings in close proximity to a converted plant (i.e., treatment
buffer zone) 11 to those close to a non-converted plant before and after the coal-to-gas
conversion.
Let 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 be the price of apartment building 𝑖𝑖 near power plant 𝑗𝑗 in year 𝑡𝑡.

We specify the estimated hedonic regression as follows:
′
ln 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 = 𝜃𝜃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 + 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖
𝛽𝛽 + 𝛿𝛿𝑡𝑡 + 𝛾𝛾𝑗𝑗 + 𝜂𝜂𝑘𝑘 + 𝛾𝛾𝑗𝑗𝑗𝑗 + 𝜂𝜂𝑘𝑘𝑘𝑘 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖

(1)

where 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 is a dummy variable indicating post coal-to-gas conversion, which
equals 1 if power plant 𝑗𝑗 is gas-fired in or after time 𝑡𝑡; and, 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖 denotes a set of

apartment building and neighborhood characteristics. To further deal with the
unobservables that may correlate with the location of a power plant of any fuel type,

we take advantage of the panel data and introduce fixed effects in the model—𝛿𝛿𝑡𝑡
represents year fixed effects; 𝛾𝛾𝑗𝑗 and 𝜂𝜂𝑘𝑘 represent plant fixed effects and district
fixed effects, respectively; 𝛾𝛾𝑗𝑗𝑗𝑗 denotes plant-specific linear time trends; likewise,

𝜂𝜂𝑘𝑘𝑘𝑘 represents either district-specific linear time trends or district-by-year fixed
effects; and, 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 is the random error term. The coefficient of interest is θ, which
measures the DID estimate of the effect of coal-to-gas conversion on housing prices.

We exclude apartment buildings near always-gas-fired plants in our estimation sample because our
ultimate goal is to quantify the potential property value impacts of the conversion of coal-fired plants to
gas-fired and the associated reduction in emissions from eliminating coal-fired energy production.
11
We define the treatment buffer zone as the area in which the price of apartment buildings is
influenced by the type of power plant. We discuss the estimation of the treatment buffer zone in the
next section.
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4.1.2 Defining the treatment buffer zone
To estimate the impact of coal-to-gas conversion, we need to identify the treatment
buffer zone in which apartment buildings that are sufficiently close to a plant are
influenced, while those that are sufficiently far away from a plant are not influenced.
Our strategy is similar to Currie et al. (2015), Haninger et al. (2017), and Tanaka and
Zabel (2018). However, the existing literature does not determine the zone of
influence of a power plant; that is, we need to identify the nearest distance to a power
plant (i.e., the distance threshold) in which the coal-to-gas conversion has no effect on
housing prices. Thus, following Haninger et al. (2017), we first control parametrically
for house attributes, and then nonparametrically estimate housing price gradients over
distance for apartment buildings near a converted plant before and after the
coal-to-gas conversion separately. 12 We then determine the distance threshold by
identifying the point where these two price gradients converge using a nonparametric
approach, meaning that the housing prices of apartment buildings before the
coal-to-gas conversion are not statistically different from those after the conversion.
In particular, if home buyers valued coal-to-gas conversion, we should observe a
higher price for apartment buildings within a distance threshold of a converted plant
after the conversion. Moreover, we expect to see no differential patterns in housing
prices for apartment buildings outside the buffer.
Figure 4 plots the estimated residual price gradients over distance for apartment
buildings around a converted plant before and after the coal-to-gas conversion. As
expected, the housing prices of apartment buildings after the conversion are
significantly higher than those before the conversion, up to approximately 1,500
meters away, as the 95% confidence intervals of the two price gradients do not
overlap. Although there are some fluctuations, generally, the differences in housing
prices vanish as the two confidence intervals largely overlap when the distance is
larger than the threshold. This graphical evidence suggests that the fuel conversion
only affects apartment buildings that are close to a power plant, and it provides
support to our DID approach of classifying apartment buildings within 1,500 meters
of a converted and a non-converted plant as the treatment and control groups,
respectively. Figure 4 provides a visual description of our identification strategy.

′
Specifically, we first estimate the model: ln 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖
𝛽𝛽 + 𝛿𝛿𝑡𝑡 + 𝛾𝛾𝑗𝑗 + 𝜂𝜂𝑘𝑘 + 𝛾𝛾𝑗𝑗𝑗𝑗 + 𝜂𝜂𝑘𝑘𝑘𝑘 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 , and
then implement a local linear polynomial regression to estimate the price gradient using the residuals
obtained from the previous hedonic model as the dependent variable.
12
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Figure 4. Nonparametric estimates of housing price gradient with 95% confidence
intervals for properties in Beijing before and after coal-to-gas conversion.
4.2 Triple difference approach
The primary identifying assumption for the DID approach is the common trends
assumption, which requires that, in the absence of coal-to-gas plant conversion, the
trends in housing prices between apartment buildings surrounding converted plants
and non-converted plants would have been the same. If this assumption is not
satisfied, the DID estimate is biased. The inclusion of plant-specific time trends
partially accounts for this issue. However, given that the power plants, converted or
not, are widely distributed and the patterns of housing markets vary dramatically by
region in Beijing, there may still be unobserved factors that might also affect housing
prices and thus cause differential trends between the two groups. As a result, the DID
estimate may still be biased.
To address these issues, we apply a DDD approach to further control for any
differential trends among all power plants. This approach compares housing prices of
apartment buildings in close proximity to a power plant (i.e., treatment buffer zone) to
those further away, around the converted and non-converted plants, and before and
after the coal-to-gas conversion. We specify the DDD model as follows:
ln 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 = 𝜋𝜋𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖 + 𝛿𝛿1 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗
′
𝛽𝛽 + 𝛿𝛿𝑡𝑡 + 𝛾𝛾𝑗𝑗 + 𝜂𝜂𝑘𝑘 + 𝛾𝛾𝑗𝑗𝑗𝑗 + 𝜂𝜂𝑘𝑘𝑘𝑘 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖
(2)
+𝛿𝛿2 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖 + 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖
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where 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖 is a dummy variable that equals 1 if apartment building 𝑖𝑖 is located

within 1,500 meters (the treatment buffer) of power plant 𝑗𝑗, and 0 if it is outside the
buffer but within 4,000 meters; and, 𝛾𝛾𝑗𝑗𝑗𝑗 now represents plant-specific linear time

trends or plant-by-year fixed effects to more flexibly control for local time trends. The
rest of the variables and parameters are the same as defined in equation (1). The

coefficient of the triple-interaction term, 𝜋𝜋, is of primary interest, as it measures the
net effect of coal-to-gas conversion on housing prices of apartment buildings within
the treatment buffer.
The DDD specification allows us to deal with the remaining unobservables that
vary between properties nearby and far away from any particular plant. In particular,
by adding additional controls—apartment buildings outside the treatment buffer but
within 4,000 meters of a power plant—we are able to net out two possible
confounding price trends, one for properties near any type of power plant, and one for
properties within 1,500–4,000 meters of a converted plant. Therefore, the
triple-difference estimate, 𝜋𝜋, provides a more robust and reliable effect of coal-to-gas
conversion on housing prices, and thus, DDD is our preferred specification.
In addition, the DDD approach requires a weaker common trends assumption than
DID does (Courtemanche et al., 2018). Specifically, under DDD specification, we
should only assume that the prices of apartment buildings within the 1,500 meter
buffer would follow the same trend as prices of apartment buildings within 1,500–
4,000 meters of a power plant of any type. To test the validity of the common trends
assumption, we modify equation (2) and estimate a dynamic DDD model by replacing
the dummy 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖 in the triple-interaction term with a series of lead and lag
dummies (𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 ) that indicate 𝑠𝑠 year(s) before and after the coal-to-gas conversion
(Kellogg and Wolff, 2008; Frakes and Jena, 2016; Eliason and Lutz, 2018): 13
ln 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = �
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�𝛼𝛼𝑠𝑠 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖 + 𝜏𝜏𝑠𝑠 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 �
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�𝜋𝜋𝑠𝑠 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖 + 𝜌𝜌𝑠𝑠 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 �

𝑠𝑠=0

′
+𝛿𝛿1 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖 + 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖
𝛽𝛽 + 𝛿𝛿𝑡𝑡 + 𝛾𝛾𝑗𝑗 + 𝜂𝜂𝑘𝑘 + 𝛾𝛾𝑗𝑗𝑗𝑗 + 𝜂𝜂𝑘𝑘𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 .

(3)
where 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 equals 1 if apartments near power plant 𝑗𝑗 were sold 𝑠𝑠 years from the
year of coal-to-gas conversion; and, because we omit 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗=−1 as the base group in
equation (3), our main parameters of interest, 𝛼𝛼𝑠𝑠 and 𝜋𝜋𝑠𝑠 , measure the differential
changes in property prices between apartment buildings close to and far from the
converted plant for 𝑠𝑠 years following the conversion relative to the year just before

During our study period (2011–2015), one power plant converted to gas-fired in 2014, and two
converted in 2015. Therefore, we only observe data four years before conversion and one year after
conversion.
13
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the conversion. If the common trends assumption holds, the estimated 𝛼𝛼𝑠𝑠 s should be
close to zero or insignificant. Moreover, we expect to see positive and significant 𝜋𝜋𝑠𝑠 s
if the coal-to-gas conversion has an impact on property prices.

5. Results
5.1 Main results
Table 5 presents our DID estimation results on the effect of coal-to-gas conversion on
housing prices. Since a dummy variable enters the semi-log equation in dichotomous
form, the first derivative of the dependent variable with respect to the dummy variable
does not exist. To make our estimated coefficients of dummy variables interpretable,
we follow Halvorsen and Palmquist (1980) and perform the transformation for all the
dummies, as shown in tables 4–8. 14 Column (1) of table 5 shows the results from the
baseline model. The coefficient of interest in this specification is Post. The estimated
coefficient is positive but not statistically significant, suggesting no difference in
housing prices between apartment buildings near a converted power plant and a
non-converted power plant. Columns (2)–(4) show the results when we further
include district-specific time trends, district-by-year fixed effects, and plant-specific
time trends in the model. The point estimates become larger but remain insignificant,
which may, in part, be due to the large geographic disparity among coal-to-gas plants;
thus, there are different trends between the treatment and control groups, which bias
the estimated effect. We next turn to the more reliable DDD models.

14

We obtain corresponding standard errors using the delta method.
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Variable

(1)

(2)

(3)

(4)

0.039

0.064

0.060

0.154

(0.177)

(0.329)

(0.261)

(0.126)

-0.025***

-0.025***

-0.025***

-0.025***

(0.008)

(0.008)

(0.008)

(0.008)

-0.215*

-0.215*

-0.211

-0.212*

(0.127)

(0.127)

(0.128)

(0.128)

-0.005

-0.006

-0.001

-0.004

(0.021)

(0.022)

(0.022)

(0.022)

-0.097

-0.095

-0.095

-0.091

(0.143)

(0.144)

(0.145)

(0.144)

-0.157**

-0.151

-0.036

-0.062

(0.075)

(0.102)

(0.063)

(0.068)

11.782***

11.702***

10.426***

10.617***

(0.909)

(1.244)

(0.797)

(0.867)

481

481

481

481

0.903

0.903

0.903

0.903

Year fixed effects

Yes

Yes

Plant fixed effects

Yes

Yes

District fixed effects

Yes

Yes

Post
Age
Square footage
Distance to subway
NDVI
Capacity
Constant
Observations
Adjusted R-squared

District-speciﬁc time trends

Yes
Yes

Yes
Yes

Yes

District-by-year fixed effects

Yes

Plant-speciﬁc time trends

Yes

Note: The sample includes only houses within 1,500 meters of a coal-fired or converting
power plant. Robust standard errors, clustered at the plant level, are shown in parentheses.
NDVI=normalized difference vegetation index. We base transformation of the coefficient of
Post on Halvorsen and Palmquist (1980), and calculate the standard error using the delta
method.
***p < 0.01; **p < 0.05; *p < 0.1.

Table 5. The Effect of Coal-to-Gas
Difference-in-Difference Estimates
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Conversion

on

Housing

Price:

Table 6 presents the DDD estimation results. The coefficient of interest here is the
interaction term Post × Near. Although the estimated coefficients are significant at
the 10% level for columns (2)–(4) and insignificant for column (5), we demonstrate
that coal-to-gas conversion positively affects property values. The low statistical
significance is likely attributable to small sample size, especially post-conversion
within 1,500 meters of a plant. In the baseline model, results show that coal-to-gas
conversion increases housing prices by 10.6%, which is significant at the 5% level
(see table 6 column (1)). Notably, the DDD estimates are similar in magnitude in
different specifications. When we add either district-specific linear time trends or
district-by-year fixed effects to the model, the effect becomes 8.6% and 10.3%,
respectively, as shown in columns (2) and (3) in table 6. Introducing plant-specific
linear time trends, which is our preferred model, does not change the result. With this
addition in column (4), the coefficient of Post × Near is very similar, at 11.0%. When
we include plant-by-year fixed effects to more flexibly control for local time trends in
the model, the estimate reduces to 5.8% and is not statistically significant as shown in
column (5). However, it’s not our preferred specification because it inevitably reduces
variation from comparing the housing prices between plants within different years,
thus eliminating part of the treatment effect.
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Variable
Post × Near
Post
Near
Age
Square footage
Distance to subway
School
NDVI
Capacity
Constant

(1)

(2)

(3)

(4)

(5)

0.106**

0.086*

0.103*

0.110*

0.058

(0.047)

(0.051)

(0.055)

(0.059)

(0.059)

0.176***

0.171***

0.158***

0.164***

-

(0.045)

(0.043)

(0.043)

(0.044)

-

-0.073***

-0.073***

-0.075***

-0.075***

-0.075***

(0.017)

(0.017)

(0.017)

(0.017)

(0.017)

-0.011***

-0.011***

-0.011***

-0.011***

-0.011***

(0.004)

(0.004)

(0.004)

(0.004)

(0.004)

0.205***

0.204***

0.203***

0.203***

0.204***

(0.020)

(0.020)

(0.020)

(0.020)

(0.020)

-0.033***

-0.034***

-0.036***

-0.035***

-0.036***

(0.011)

(0.011)

(0.012)

(0.012)

(0.012)

0.219***

0.219***

0.219***

0.220***

0.220***

(0.020)

(0.020)

(0.020)

(0.020)

(0.020)

0.127*

0.140**

0.130*

0.133*

0.134**

(0.066)

(0.067)

(0.068)

(0.068)

(0.068)

-0.067

-0.027

0.025

-0.136**

-

(0.043)

(0.044)

(0.038)

(0.068)

-

9.846***

-159.763

10.147***

10.944*** 10.461***
(0.538)

(0.545)

(0.488)

(143.283)

(0.056)

Observations

2,190

2,190

2,190

2,190

2,190

Adjusted R-squared

0.841

0.841

0.846

0.847

0.845

Year fixed effects

Yes

Yes

Plant fixed effects

Yes

Yes

District fixed effects

Yes

Yes

District-speciﬁc time trends

Yes
Yes

Yes
Yes

Yes

Yes

District-by-year fixed effects

Yes

Plant-speciﬁc time trends

Yes

Plant-by-year fixed effects

Yes

Note: The sample includes only houses within 4,000 meters of a coal-fired or converting
power plant. Robust standard errors, clustered at the plant level, are shown in parentheses.
NDVI=normalized difference vegetation index. We base the transformation of the coefficients
of dummy variables on Halvorsen and Palmquist (1980), and calculate the standard errors
using the delta method.
***p < 0.01; **p < 0.05; *p < 0.1.

Table 6. The Effect of Coal-to-Gas Conversion on Housing Price: Triple Differences
Estimates
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Table 6 also reports the estimation results on apartment building and
neighborhood characteristics. The results are very similar, and we discuss the results
from the model with plant-specific linear time trends as an illustrative example (see
table 6 column (4)). The estimated coefficients are intuitive and have the expected
signs. Housing prices decrease by 1.1% as the age of the apartment building increases
by one year. The price of apartment buildings located in a top-10 primary school
district is 22.0% higher than apartment buildings not located in a top-10 primary
school district. Green area has a positive price premium, as expected. A one-unit
increase in NDVI raises an apartment’s price by 13.3%. Price decreases as the
distance between an apartment building and a subway station increases—a 100-meter
increase in the distance to a subway station decreases housing prices by 3.5%. Our
results also show that the capacity of a power plant has a negative effect on housing
prices. Housing prices decrease by 13.6% for a 1% increase in capacity.
To test the common trends assumption, we plot the estimated event-study
coefficients from the specification in table 6 column (4) with equation (3) (see figure
5), which represents the changes in housing prices before and after the coal-to-gas
conversion. Figure 5 shows no significant changes in housing prices between
apartment buildings near to and far from the power plant before the conversion, as the
estimated coefficients are small and not statistically different from zero. This finding
suggests that prices for apartment buildings in close proximity to a converted plant
would have followed the same trend as those at a distance in the absence of
conversion. Moreover, after the conversion, housing prices nearby increase in line
with expectations. In the first year after conversion, prices increased by approximately
9.3% for proximate housing, although it is statistically insignificant probably due to
small sample size. Taken together, these results support the identification assumption
of the DDD approach and are consistent with our DDD estimates.
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Figure 6. Changes in Beijing housing prices by year relative to coal-gas conversion.

5.2 Robustness checks
Our DDD estimates consistently show that the coal-to-gas conversion creates a
positive premium for apartment buildings in close proximity to a converted plant both
after the coal-to-gas conversion and relative to those at a distance from a
non-converted plant. To assess the validity of these results, we conduct several
robustness checks.
First, while we empirically estimate the distance threshold for the treatment buffer
zone, we do not directly know the distance range for the outer distance ring pertaining
to the apartment buildings outside the buffer zone (i.e., the control group). To examine
the robustness of the estimates to different choices of distance range, we re-estimate
the DDD model in equation (2) using alternative distance ranges—3,700 and 4,300
meters. Table 7 presents the estimation results and shows that the use of alternative
distance ranges for the distance ring has little impact on the DDD estimate. For
example, in panel A, where the distance range is 3,700 meters, the estimated
coefficients on the triple interaction term (0.084–0.103) are very close to the previous
estimates of 0.093–0.107. Likewise, the results in panel B show that the effects of
coal-to-gas conversion are also quantitatively similar to the previous estimate. These
findings are consistent with our main results and demonstrate that our estimates are
not sensitive to the choice of distance ranges.
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Variable

(1)

(2)

(3)

(4)

(5)

Panel A. 3,700 meters

0.092*

0.084

0.094*

0.103*

0.058

Post × Near

(0.049)

(0.052)

(0.052)

(0.061)

(0.059)

Observations

1934

1934

1934

1934

1,934

Adjusted R-squared

0.843

0.843

0.844

0.844

0.844

0.111*

0.068

0.090

0.124*

0.096

(0.066)

(0.079)

(0.100)

(0.074)

(0.094)

Observations

2507

2507

2507

2507

2,507

Adjusted R-squared

0.836

0.832

0.837

0.838

0.833

Year fixed effects

Yes

Yes

Plant fixed effects

Yes

Yes

District fixed effects

Yes

Yes

Panel B. 4,300 meters
Post × Near

District-speciﬁc time trends

Yes
Yes

Yes
Yes

Yes

Yes

District-by-year fixed effects

Yes

Plant-speciﬁc time trends

Yes

Plant-by-year fixed effects

Yes

Note: Our sample includes only houses within 3,700 or 4,300 meters of a coal-fired or
converting power plant. Robust standard errors, clustered at the plant level, are shown in
parentheses. We base the transformation of the coefficient of Post × Near on Halvorsen and
Palmquist (1980), and calculate the standard error using the delta method.
***p < 0.01; **p < 0.05; *p < 0.1.

Table 7. Robustness Checks using Alternative Control Distance
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Second, we conduct a falsification test by considering a placebo treatment buffer
zone where the coal-to-gas conversion should in theory have no influence.
Specifically, this placebo treatment buffer zone is 4,000 and 6,000 meters from a
converted and non-converted plant, respectively. Since the conversion should not
affect the apartment buildings in the placebo treatment buffer zone (4,000–6,000
meters away) or the original outer ring (1,500–4,000 meters away), we would expect
no significant difference in housing prices between these two areas. Our DDD
estimation results show that the coefficients on the triple interaction term (Post ×
Near_placebo) are not statistically different from zero in all specifications (columns
(1)–(5) of table A1 in the appendix). These results are consistent with our expectations
and provide additional evidence that other confounders do not drive our estimates on
the effect of coal-to-gas conversion.

6. The effect of conversion on air quality
After finding that the conversion has a positive effect on housing prices, we next
examine the mechanism for the increased value.

26

Variable

(1)

(2)

(3)

(4)

(5)

0.183

-1.206***

-0.839***

-0.516***

-0.515***

(0.242)

(0.335)

(0.138)

(0.093)

(0.091)

Observations

2190

2190

2190

2190

2,190

Adjusted R-squared

0.982

0.985

0.986

0.986

0.986

1.901***

-0.508

-0.188

1.358**

1.416**

(0.535)

(0.442)

(0.229)

(0.604)

(0.616)

Observations

2190

2190

2190

2190

2,190

Adjusted R-squared

0.899

0.906

0.907

0.906

0.906

-6.909***

-4.164**

-2.545

-4.887***

-5.422***

(1.500)

(1.906)

(1.830)

(1.446)

(1.498)

Observations

2190

2190

2190

2190

2,190

Adjusted R-squared

0.924

0.924

0.928

0.926

0.928

Year fixed effects

Yes

Yes

Plant fixed effects

Yes

Yes

District fixed effects

Yes

Yes

Panel A. SO2 (ppb)
Post × Near

Panel B. O3 (ppb)
Post × Near

Panel C. PM10 (μg/m3)
Post × Near

District-speciﬁc time trends

Yes
Yes

Yes
Yes

Yes

Yes

District-by-year fixed effects

Yes

Plant-speciﬁc time trends

Yes

Plant-by-year fixed effects

Yes

Note: Our sample includes only houses within 4,000 meters of a coal-fired or converting
power plant. Robust standard errors, clustered at the plant level, are shown in parentheses.
The dependent variable is ambient pollutant concentration level. Near is the same as the
definition in housing price regressions.
***p < 0.01; **p < 0.05; *p < 0.1.

Table 8. The Effect of Coal-to-Gas Conversion on Air Quality
Here we perform an investigation for the effect of coal-to-gas conversion on the
ambient concentration of three major air pollutants by implementing similar triple
difference estimations, with housing transaction as the unit of observation. The
coefficients are estimated using equation (2), with ambient pollutant concentration
level as the dependent variable. Our estimated results are shown in table 8. We
conduct parallel trends tests for the three air pollutants (as shown in figures B1-B3 in
Appendix B) by relying on event study graphs similar to housing price regressions
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above. There may be different pre-trends as the pre-treatment coefficients appear
significantly different from zero. The reason might be that the spatial buffer of air
quality is not necessarily the same as the property value. However, we do observe a
significant decline in the concentration levels (except for O3) after the coal-to-gas
conversion, which provides evidence that air pollution reductions may be part of
causal mechanism for the positive conversion effect. From specifications (1)–(4) in
table 8, we gradually add more detailed fixed effects to the model to control for more
time-invariant and spatial-invariant unobservables. As a whole, a coal-to-gas switch
has a significantly negative effect on the ambient concentrations of SO2 and PM10, as
expected, and exerts a significantly positive effect on the concentrations of O3. The
complexity of O3 formation (e.g., the concentration of ozone in the air is inversely
proportional to the concentration of PM10 due to chemical reaction (Li et al., 2019))
renders the effects on ozone of coal-to-gas conversion difficult to disentangle (Burney,
2020).
In terms of specific air pollutants, the estimated results in specification (4) suggest
that coal-to-gas conversion reduces the concentration level of SO2 and PM10 within
1,500 meters of a plant by 0.516 ppb and 4.887 μg/m3, respectively, relative to
reductions experienced farther away in the 1,500 to 4,000 meter bin; however, it has a
significantly positive effect on the concentrations of O3, which amount to 1.358 ppb.
This indicates that coal-to-gas conversion leads to about 5.2% reduction for SO2, a
4.1% reduction for PM10, and a 6.3% increase for O3, compared to the pre-conversion
levels of SO2 (9.953 ppb), PM10 (120.262 μg/m3), and O3 (21.499 ppb).

7. Conclusion
Switching power plant fuel from coal to natural gas has been an important
environmental and energy policy to address the issue of haze in Beijing, China. This
study quantifies its impact on housing prices in Beijing where plant conversion took
place at different points in time throughout the city. To mitigate the potential
endogeneity of nonrandom timing and location of plant conversion, we estimate a
DDD model that compares housing prices of apartment buildings near to and far from
a converted plant to apartment buildings similarly near to and far from a
non-converted plant. Our results show that coal-to-gas conversion, although
marginally significant, has a significant, positive impact on housing prices in
communities within close proximity to a converted power plant. We find that
coal-to-gas conversion results in a positive price premium of 4.0%–6.8% on average.
These results are robust to different specifications and supported by falsification tests,
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thereby enhancing the credibility of our findings.
We also investigate the potential mechanism for the positive price premium by
estimating the impact of coal-to-gas conversion on air quality. We find that
coal-to-gas conversion leads to a mild reduction in SO2 and PM10 and a mild increase
in O3. By contrast, a study of coal-to-gas conversion in the United States shows an
80% reduction for SO2 (Burney, 2020). The much larger reduction shown in Burney
(2020) is likely because he estimates emission reductions by measuring emission
changes around operating plants while we base our estimate on the interpolation of
monitoring station data and the concentration of these pollutants decreases with
distance. Furthermore, we estimate the additional pollution reduction experienced
within 1,500 meters compared to the reduction in a 1,500–4,000 meter zone with a
triple difference approach while Burney (2020) calculates the total emission
reduction. Additionally, while we observe some improvements in air quality, they may
be too small for households to perceive and may not translate into housing prices
directly. Thus, the results may partially reflect households being more responsive to
the information on plant conversion than actual improvements in air quality.
This article enriches the existing empirical literature on the evaluation of the effect
of coal-to-gas conversion of power plants and thus furnishes some evidence for other
countries to establish sound policies of fuel replacement. The findings in this article
also lend some support for future cost-benefit analysis in China to evaluate whether
power plants across the whole country should switch from coal to natural gas. Unlike
the market-driven process of coal-to-gas switches in OECD countries, including the
United States, it is costlier for China to implement such a command-and-control shift
due to relatively expensive natural gas and entangled equipment issues.
Unfortunately, one of the caveats worth attention is that panel data for individual
housing transactions are unavailable to us. Nevertheless, aggregated housing
transaction data can still be useful in some contexts when a solid quasi-experiment
can be framed (e.g., Chay and Greenstone, 2005; Greenstone and Gallagher, 2008;
Gamper-Rabindran and Timmins, 2011) and is a step further than the frequently used
city-level or provincial-level housing price index in studies of China (Zheng et al.,
2014). Likewise, the lack of individual housing transaction data makes us less likely
to obtain many control variables, which we normally use to measure various
individual housing attributes. This is somewhat mitigated by the uniformity of
apartment buildings in a single residential complex. The other concern is the stable
unit treatment value assumption (SUTVA), which assumes that the potential outcomes
of different units are independent of each other facing shocks (Imbens and Rubin,
2015). Most hedonic studies often violate SUTVA, as the shock changes the housing
market in treated areas and alters the demand for properties in control groups
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simultaneously, thus making our estimated treatment effect on the treated overstated.
Another limitation in our study is the small sample size. While we find a positive
premium of coal-to-gas conversion, many of the estimates are marginally significant.
Our results can be more robust if more data are available. Despite these limitations,
our study adds new evidence to and represents an important step in the evaluation of
coal-to-gas policy that continues to exist and expand in developing countries.
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Appendix A.

Variable

(1)

(2)

(3)

(4)

(5)

0.031

0.025

0.025

0.025

0.025

(0.046)

(0.046)

(0.046)

(0.045)

(0.046)

Observations

3,494

3,494

3,494

3,494

3,494

Adjusted R-squared

0.817

0.818

0.818

0.819

0.819

Year fixed effects

Yes

Yes

Plant fixed effects

Yes

Yes

District fixed effects

Yes

Yes

Post × Near_placebo

Yes
Yes

Yes
Yes

Yes

Yes

District-speciﬁc time trends
District-by-year fixed effects

Yes
Yes

Plant-speciﬁc time trends
Plant-by-year fixed effects

Yes

Note: Our sample includes only houses between 1,500 and 6,000 meters of a coal-fired or
converting power plant. Robust standard errors, clustered at the plant level, are shown in
parentheses. We base the transformation of the coefficient of Post × Near_placebo on
Halvorsen and Palmquist (1980), and calculate the standard error using the delta method.
***p < 0.01; **p < 0.05; *p < 0.1.

Table A1. Falsification Test on the Effect of Coal-to-gas Conversion
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Appendix B.

Figure B1. Pre-trend tests for SO2.

Figure B2. Pre-trend tests for PM10.
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Figure B3. Pre-trend tests for O3
Note: These are event study plots created by regressing ambient pollutant
concentration level on a full set of event-time indicators interacted with the
indicator "Near", year fixed effects, plant fixed effects, district fixed effects,
plant-specific time trends, and the same controls presented in table 6 specification
(4).
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