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Urban nature spaces are increasingly recognized as essential urban features providing
crucial amenities to the residents’ health and well-being. While many studies have been
conducted focusing on the influence of green spaces on house prices, very few have
explored the impact of urban blue spaces. In this study, we analyzed the proximity effects
of different types and sizes of urban blue spaces on property value in Changsha
metropolis, China, and examined the spatial quantile effect across different housing
prices. A two-stage instrumental method (2SLS) hedonic model was employed to
evaluate the impact of different types of urban blue space: river (mainstream and
tributary), wetland park, and lakes (large, medium, and small). Spatial quantile
regression (SQR) was then used to measure the spatial effect of accessibility on
various house price ranges. The 2SLS results show that, except for small-sized lakes,
proximity to blue spaces significantly increases property value. Analysis of the SQR model
reveals that proximity to major blue spaces increases the marginal willingness-to-pay
among homebuyers of high-priced properties, while ordinary blue spaces are more
attractive to buyers of low- and medium-priced houses. This may be broadly related to
the level of education, utility, and sensitivity to ecosystem services across income groups.
Based on these findings, we recommend that urban planners adopt different strategies to
promote space utilization efficiency. This is one of the few studies that analyze the
capitalization of blue space accessibility in house prices across different quantiles. By
categorizing blue spaces and employing the SQRmodel, this study found the effect of blue
spaces on housing prices to be heterogeneous, providing new perspectives to the existing
literature.
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INTRODUCTION

In the process of intensified urbanization across modern China, the well-being of residents faces
numerous challenges. Deteriorating ecological environment, unhealthy lifestyle, and highly
competitive employment market (Wu Q. et al., 2020, Wu et al., 2021), have put significant
pressure and risks on the urban population’s health and well-being. In response to these social
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and environmental concerns, nature spaces have become
increasingly popular not just for their aesthetic functions but
also for their various ecosystem services such as regulating
phytoclimate, reducing the heat island effect, and providing
recreation and leisure spaces (Gómez-Baggethun and Barton,
2013; Roebeling et al., 2017).

In general, urban nature space can be divided into two
categories: green spaces (urban vegetation areas) and blue
spaces (urban surface waters) (Targino et al., 2019). Numerous
articles suggest that attractive landscapes composed of green and
blue spaces promote physical and mental health (Voelker and
Kistemann, 2015). With the concept promoted by the
government, media, and property developers, urban residents
have started to put increased value on the ecological-
environmental quality around their settlements. In many cities,
housing with better ecological surroundings has become
expensive. According to the hedonic price theory (Rosen,
1974), adjacent nature spaces have become key attributes to
the value of a property. Empirical evidence from hedonic
models has shown that open public green spaces (e.g., forests,
grasslands, parks) can increase the price of the surrounding
properties through visibility and accessibility (Kong et al.,
2007). However, while urban blue spaces are extremely
important landscape elements (Kaplan and Kaplan, 1989),
their effect on property value has largely been overlooked.
Studies on the benefits of visits and access to urban blue
spaces found that these areas provide positive health effects as
much as their terrestrial counterparts (Lianyong and Eagles,
2009). Despite the growing research trend on the health
benefits of urban blue spaces, studies on the capitalization of
blue attributes to the housingmarket have remained limited. Very
few hedonic housing price studies have explicitly analyzed the
value impact of urban blue spaces and instead often merged blue
spaces with other urban open space types.

Proximity and access to water have been regarded as key
factors for human settlement, providing numerous benefits. Some
studies have tried to value the effect of urban blue spaces on the
housing market across different cities (Sander and Zhao, 2015;
Liebelt et al., 2019; Liu et al., 2020). However, these studies did not
differentiate blue spaces. Empirical evidence on the impact caused
by urban blue spaces on house prices remains vague and unclear.
In addition to cities with coastlines, blue spaces in inland cities
comprise different freshwater bodies, including rivers, wetlands,
and lakes. More studies are needed to investigate how the
different types and sizes of urban blue spaces may affect prices
in the housing market.

The conventional hedonic price models using ordinary least
square (OLS) regression may lead to inconsistencies between
estimated results and reality (McMillen, 2012). Assuming
housing is a normal good, wealthy buyers usually purchase
high-priced houses that provide higher quality hedonic
attributes, including natural amenities. This suggests that high-
income families pay more at the margin for natural resources.
Considering that the willingness-to-pay for blue amenities may
vary for buyers of different income groups, estimated effects of
blue spaces across the conditional distribution of housing prices
could be biased. Previous studies evaluating hedonic attributes on

house prices using quantile regression found significant
differences among samples at different price regions (Liao and
Wang, 2012). These results indicate that the proximity of some
attributes (e.g., facilities or green spaces) has a positive effect on
nearby housing prices and that the impact varies for high- and
low-priced houses. Another study found that proximity to
educational facilities positively correlates with house prices
and that homebuyers of high-priced houses are willing to pay
more for educational resources (Wen et al., 2014).

However, for blue spaces, their impact on house prices has not
been sufficiently explored. Spatial dependence also needs to be
considered in exploring the effect of blues spaces in hedonic
studies. Adjacent residences share public facilities, natural
resources, and other amenities, which means that their prices
may correlate spatially (Zhang, 2016). Spatial econometrics has
been broadly applied in hedonic models (LeSage and Pace, 2004)
and on the capitalization of housing attributes (Huang et al.,
2017), but not for hedonic studies on the capitalization of blue
spaces. Variations in the spatial effects across the conditional
distribution of property prices have also been largely overlooked
in the existing literature.

To address this research gap, this study used a spatial
quantile hedonic model to investigate the proximity effects
of different types of blue spaces on property prices across
different conditional distributions. The study area was
Changsha city, an important regional central city in south-
central China. To the best of our knowledge, this is the first
study to use a spatial quantile hedonic model for blue space
capitalization in urban China. This research can provide
empirical evidence for the effective use of land resources for
urban managers and planners.

This paper is organized as follows. The next section reviews
the relevant literature and discusses the contributions of this
study. Data and Methodology presents the research area, the data
used in the study, and the main research methodology. Results
provides the empirical results and robustness check analysis to
avoid bias. Discussion examines how the results correspond to
previous studies and explores their implications. Conclusion and
Recommendation provides the conclusion.

LITERATURE REVIEW

Given the clear relations between the natural environment and
human health (Gascon et al., 2015), numerous articles have found
a positive capitalization effect of green spaces using the hedonic
approach (Kong et al., 2007; Conway et al., 2010). Different
subcategories of green spaces have been analyzed to compare
their effects on housing prices (Czembrowski and Kronenberg,
2016). While the studies found the impact of green spaces varies,
the positive effect of most green spaces is clear. In addition, rich
patches of green spaces have also been found to have significant
influence on house prices (Kong et al., 2007). Visibility and
accessibility are key variables indicating the impact of green
spaces on property value (Jim and Chen, 2006; Brander and
Koetse, 2011; Czembrowski and Kronenberg, 2016). Some studies
have also explored the different effects of green spaces on
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capitalization from different ecosystem services (Sander and
Haight, 2012; Gómez-Baggethun and Barton, 2013).

Studies have found that urban blue spaces have a unique effect
on the health and well-being of residents, different from the
impact of green spaces. Some studies have found unique health-
enhancing effects of urban blue in multiple conceptual
therapeutic landscape dimensions, particularly experienced and
symbolic (Voelker and Kistemann, 2015). Social interaction and
psychological benefits have been found as the most important
benefits obtained from visiting blue spaces, especially among the
elderly (Garrett et al., 2019; Targino et al., 2019). The unique
resistance of blue spaces to urban heat island effects cannot be
ignored (Yu et al., 2020). Considering that the environmental
amenity has a strong effect on housing prices, these previous
studies suggest that urban blue as a residential environment-
promoting factor needs a more comprehensive evaluation of its
general and specific capitalization effects.

A growing number of studies have found a positive
capitalization effect of blue spaces. One hedonic study used
blue spaces as a subcategory of green spaces to value blue and
green spaces in Ramsey and Dakota Counties in the Unites States
(Sander and Zhao, 2015). Proximity to large parks, as well as
water bodies, was found to increase house prices in the Phoenix
Metropolitan Area (Larson and Perrings, 2013). Another study
found a positive impact of lakes on property valuation (Anderson
and West, 2006). While these studies were able to find significant
impact of blue spaces on house prices, this was only one of their
sub-objectives. Lakeside and riverside have been used as main
subjects in previous hedonic studies on urban blue; however, the
impact of blue spaces in these studies was found to have radically
different magnitudes (Kelejian and Prucha, 1999; Sander and
Zhao, 2015; Mei et al., 2018; Wu P.-I. et al., 2020). One possible
reason is that many of these studies did not distinguish between
the various types of blue spaces. In general, research on this
subject matter remains limited, particularly compared to green
spaces. More research is needed on the capitalization of blue
spaces, particularly on assessing the impact of different kinds of
urban blue spaces.

Another possible factor is the quantile effect, which had been
rarely considered in previous studies. As a hedonic attribute, blue
space would be valued differently by residents with varying
income levels and social status. Housing price levels often
correspond to households with different incomes, which may
result in very different marginal buying strategies for the same
characteristic attributes. In many cases, having segmented
housing markets distinguished by price is even more
reasonable than separating them from geographical boundaries
(Rajapaksa et al., 2017). Numerous studies have found that the
influence on housing prices of property attributes, such as house
structure and neighborhood facilities, is heterogeneous across the
whole distribution (Ebru and Eban, 2011). This heterogeneity
caused by different quartile effects can be detected through the
quantile model (QR), which can comprehensively evaluate the
various distributions (Coulson and McMillen, 2007).

Employing the QR model can reveal more information about
sub-markets, which OLS regression may result in biased
estimates. QR has better robustness to outliers, can avoid

biased estimation caused by OLS truncation of dependent
variables, and better handle heteroscedasticity (McMillen,
2012). For these reasons, QR has been used in hedonic
models. For example, some studies concluded that the quartile
effect of green space accessibility on house price across
distributions could not be ignored (Zietz et al., 2008; Mak
et al., 2010).

QR is also applicable to blue space capitalization for the
following reasons. First, the same blue attribute may be valued
variedly by homebuyers of different income levels. Studies have
found that geographically accessible blue spaces in local areas are
more highly valued by the elderly or senior residents with
restricted mobility. In general, mid-age and elderly residents
have higher capabilities and willingness to pay for high-priced
properties with better amenities. Correspondingly, the coefficient
estimates of urban blue spaces based on the sample of high-priced
houses may be different with conditional mean. Second, residents
of high-priced properties may be more cognizant of ecological-
environmental factors and are willing to pay higher prices for blue
spaces. Herbert and Thomas (1998) found a strong positive
correlation between education level and economic status.
People with higher income levels are more likely to receive
better education and better understand the relationship
between blue spaces and personal well-being. Thus,
homebuyers from different price regions may perceive blue
spaces differently. Few studies have explored the hedonic
pricing of urban blue spaces using the quantile perspective.

In the QR model, spatial effects should be considered, as
studies have shown high spatial dependence in property prices.
Ignoring spatial effect would likely lead to overestimation in
attribute variables. Kang and Liu (2014) used a quantile
regression model to study the impact of the 2008 financial
crisis on Taiwan’s real estate market. They found that the
price impact on high-priced houses was more significant than
on low-priced ones. Mueller and Loomis (2014) conducted an
empirical study and found that the influence of fires in Southern
California differs across the conditional distribution of housing
prices. These two studies did not consider the spatial dependence
of prices, which could explain the huge gap in estimated
coefficients between price samples.

To address the spatial aspects, the SAR method is a commonly
used modification to the hedonic model; however, this method
still has major limitations. The lag term of the dependent variable
as a lag factor may be related to the error term, which causes
endogenous problems (Anselin, 2002). To deal with these
concerns, the two-stage regression method (2SLS) is used,
which is essentially an instrumental variable method, leading
to a more consistent estimate (Chernozhukov and Hansen, 2006).
At the first stage, the explanatory variable regresses the
instrumental parameter to obtain the estimates. In the second
stage, the obtained estimate of the explanatory variable is
regressed on the explained variable, which is the final
regression result of 2SLS.

In this study, we employed a 2SQRmodel, which combines the
2SLS and QR (Kim and Muller, 2004). Similar to previous studies
(Zietz et al., 2008; Kuethe and Keeney, 2012), the instrumental
variable adopts the lag term of the independent variable (WX),
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which is used in adding a regressor in the second stage. To deal
with weak instruments, we adopted the IVQR (Chernozhukov
and Hansen, 2006). This approach is similar to the GMMmethod
and has been widely used in numerous research fields (Kostov,
2009).

As far as we know, few studies have investigated the quantile effect
of blue spaces on housing prices, especially for large inland cities in
China. This study, which utilizes a quantile regression model of the
two-stage instrumental variablemethod, explores the effect of various
types and sizes of blue spaces and different categories of homebuyers,
filling the gap of the detailed and accurate determination of urban
blue spaces general and specific capitalization effects in the existing
literature across modern urban China.

DATA AND METHODOLOGY

Study Overview
As a kind of ecological land, blue space has several benefits and
costs to urban residents’ well-being. A number of studies have
analyzed ecosystem services provided by blue spaces, such as
increasing recreation, reducing harm, supplying leisure places,
and beautifying the environment (Gómez-Baggethun and Barton,
2013). On the other hand, blue spaces may also result in higher
flood risks, negatively affecting house prices (Wu P.-I. et al.,
2020). In this study, the net impact of blue spaces in house prices
is equal to the positive minus the negative utilities. The
accessibility of blue spaces (with different categories based on
attribute and size) is used as the variable.

To calculate accessibility, the walking distance between
transaction houses and nature blue in the year 2019 was
calculated using ArcGIS subtract from house transaction and
road network data. Since hedonic regression requires other house
attributes, the housing structural features, community attributes,
public facilities, and location are also obtained. Considering that
businesses, living facilities, and other information may impact
housing prices, network capture technology was used to obtain
various points of interest (POI) in Changsha City for 2019.

In this study, a 2SLS regression model was constructed to
quantify the mean effect of blue space accessibility across all
distribution samples, which would prevent biased outcomes and
avoid overestimating the effects of independent variables. The
methodology used in this study strikes the right balance between
unbiased and valid estimates. We employed the 2SQR model to
investigate the spatial quantile effect of varying kinds of urban
blue spaces. The 2SQR model eliminates endogeneity produced
by the spatial heterogeneity of housing price and provides
integrated and complete descriptions of various distributions.
This model, developed by McMillan in 2012, greatly improves the
performance of quantile regression OLS regression, and the
densities of the different sub-samples were added to estimate
the robustness of the test results.

Model Description
For the robustness check, we used the reduced hedonic form for
cross-checking. Considered the general research conclusions, the
logarithm of the dependent variable can be taken to obtain a

better model explanatory power. The reduced form of the model
is as follows:

lnP � β0 + βiSi + cjLj + δkNk + θmBm + ρnGn + ε (1)

where P is the property price; S is the structure characteristics; L is
the location attributes; N is the neighborhood facilities attributes;
B is the blue space attributes; G is the green space without
waterscape; α0, β0, βi, γj, δk, θm, and ρn are the coefficients;
and ε is the error term.

When considering the spatial dependence effect in house
pricing caused by neighborhood houses, the spatial auto
aggression model (SAR) is the preferred option. The lag term
(Wlnp) is added to the reduced hedonic model in order to
indicate the influence of adjacent housing prices. The evolved
spatial hedonic form as follows:

ln P � β0 + ψW ln p + βiSi + cjLj + δkNk + θmBm + ρnGn + ε (2)

where W is a spatial weight matrix, and ψ is the coefficient, which
reveals the extent of spatial price dependence. The sign of ψ
indicates the direction of spatial dependence. The value of ψ
represents the average impact on house prices across conditional
distributes. The greater the absolute value of ψ, the higher the
extent of spatial dependence. W is a spatial weight matrix, which
is the pivotal part of spatial econometrics and statistics. There are
several methods to construct W. Considering that house price
spatial effect decay is as long as the distance, we used the Inverse
distance weight matrix, which takes the form

Wij �
⎧⎪⎪⎨
⎪⎪⎩

1
dij
, dij ≤ h

0, dij＞h

(3)

where dij is the Euclidean distance between i and j, and h is the
distance bandwidth, calculated using the minimum variance error
method (MSE). When the distance between i and j is less than the
bandwidth, the value ofWij is the reciprocal of the distance; when the
distance between the two is greater than the bandwidth, Wij is 0. The
value of the bandwidth in this study is equal to 3.71 km.

We also applied the 2SLS method based on hedonic SAR to
further eliminate the endogeneity of the model (Kelejian and
Prucha, 1999). Similar to the instrumental variable method, it has
two steps. First, WlnP is regressed on instruments of X and WX.
Then, the predicted value of WlnP is added to SAR as an
independent variable. To examine the impact of blue space
attribution on different house prices, we adopted a quantile
form with a spatial lag term based on the 2SLS technique,
which has been shown useful in previous studies (Kim and
Muller, 2004; Liao and Wang, 2012; McMillen, 2012). The
final form of the spatial quantile form as follows:

ln P � β0(τ) + ψ(τ)W ln p + βi(τ)Si + cj(τ)Lj + cj(τ)Nk

+ θm(τ)Bm + ρn(τ)Gn + ε (4)

where τ is the corresponding quantile of housing price; β0(τ),
αi(τ), βi(τ), γj(τ), γj(τ), θm(τ) and ρn(τ) are the τth quantile
coefficients; and, ψ(τ) is the coefficients of the lag term.
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Data and Variables
The study area is Changsha, a typical inland second-tier city in
the middle region of China. This city has shown considerable
economic growth in recent years. From 2014 to 2019, the city’s
average annual GDP growth was 10.4%, much higher than the
national average of 6.8%. As China continues to shift its
development focus to the Middle Region, Changsha’s future is
promising.

In terms of the housing market, as one of the pioneers
restoring the Housing Purchasing Restriction Policy (HPR),
Changsha has been described as the model city for housing
market regulations by the central government and media.
Although Changsha is considered a model for regulations, its
average housing prices remain comparatively low compared with
other capital cities in China, mainly due to its sufficient housing
and land supply. Oversupply has kept Changsha’s housing prices
tepid for years. Changsha also has a large number of houses
constructed by state companies or institutions solely for its
employees. These houses usually are sold at low prices as
incentive for their employees, lowering the average housing
prices in this city. Despite strict regulations, the city’s
economy remains vibrant, and the local government does not

directly intervene with housing prices. Changsha’s HPR
experience has been promoted nationally to encourage other
mega-cities to apply similar management strategies. For these
reasons, Changsha is an appropriate research object for housing
prices, and to some extent, can be for the housing market in
modern China.

Figure 1 shows the study area. Focusing on the agglomeration
of residential communities, the urban district of Changsha is used
as the research area. Data employed in this study could be divided
into three categories: housing data, the POI data, and the Land-
Use Land-Cover Change dataset (LUCC).

There are three sources of housing data for Chinese cities: local
official data, tax assessor data, and websites of real estate (Li et al.,
2019a). With respect to data accuracy, the local official data is
highly appropriate for housing price studies. We obtained the
housing data from the Housing and Urban-rural Development of
Changsha, including the property’s location, size, and market
value. We collected 62,187 residential transactions from January
2019 to December 2019 and merged the corresponding
information for residential communities. We also obtained
community data, such as location, plot ratio, house age for all
5,860 communities in the region from the same source.

FIGURE 1 | Urban blue spaces and residential community in Changsha.
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The POI data were gathered based on the service facilities of
Baidu Map (map.baidu.com) and complemented by digitizing
satellite maps of Google Earth. This dataset includes private
service amenities and public facilities, such as schools,
shopping malls, and subway stations. Web open data (e.g.,
Baidu Map) has been used in previous studies because of their
availability and operability. However, there are still concerns
about the accuracy and usefulness of open-source web data (Li
et al., 2019b). To ensure data accuracy, we carefully checked all
POI locations and attributes., removed redundant and duplicate
points, and corrected incorrect points. After data preprocessing,
the POI dataset fulfilled the requirements of this study.

Using the latest 2019 Changsha Metropolitan Area LUCC
database (provided by the Department of Environment and
Natural Resources of Changsha), we mapped the distribution
of water bodies in the study area. To explore the difference across
various types of water bodies, we differentiated the four categories
of blue spaces as follows.

Xiangjiang River runs through Changsha and serves as an
important blue landscape in the city. Since Changsha
Government implemented the River Upgrade and
Reconstruction Plan in 1995, the riverbank, scenario square,
jogging track, and bicycle paths have been constructed.
Liuyang River is the largest tributary of Xiangjiang River,
which was also constructed with riverfront amenities and
riverbank facilities in later years. Both river systems have
nearby areas experiencing high population growths. Although
the risk of river flooding exists, we assume that the presence of the
rivers still has an overall positive effect on housing prices.

According to the National Wetland Park Evaluation Criteria
of China, the 141-ha Yanghu NationalWetland Park is the largest
wetland in central China and is the only wetland in the Changsha
urban area. It is a multi-functional wetland park integrating
ecology, climate, and recreation, which has also become an
important stop for migratory birds. Because of the significant
microclimate regulation function of the wetland park, the
temperature and humidity in the surrounding area of the park
are more comfortable than in other urban areas. These ecological
functions of wetland combined with its unique ecological
landscape distinguish from other urban blue space. However,
research on the impact of wetlands on housing prices has been
very limited. Although one study (Mei et al., 2018) found
wetlands to have a positive effect on housing prices, their
impact, particularly on Chinese cities, is still largely uncertain.

For this study, the lakes were used to define the urban
waterscape. Similar to previous studies on green spaces
(Czembrowski and Kronenberg, 2016), we categorized the lakes
based on size: small (<18,000 m2); medium (18,000–200,000 m2);
and large (>200,000 m2). We assumed all lake sizes would have a
positive impact on house prices. We set other control variables
according to the model in Model Description. For control and
comparison, we added non-water green space variables, including
the accessibility to the Yuelu Mountain National Forest Park and
proximity to green space parks. Neighborhood and location
variables were obtained through the points of interest (POI) of
Baidu Map. The location variable pertains to the accessibility from
the sample house to the central business district (CBD). All the

accessibility variables were determined based on the walking
distance using the road network in Changsha.

Structure variables, such as plot ratio, were calculated using
the values of the indicators. Neighborhood attributes, some of
which were defined using dummy variables (1 or 0), included
proximity parameters to vital community facilities or amenities.
For instance, for the proximity to subway station variable, 1
means that a subway station is within 1 km from the property.
Four structure attributes, one location parameter, six
neighborhood features, five blue space parameters, and two
green space parameters were adopted in this study. We used
community level as the research scale because most of the
variables used corresponded to community attributes. The
descriptions of these variables are shown in Table 1, and the
descriptive statistics for blue space categories are in Table 2. All
data were processed and calculated in ArcGIS and STATA.

RESULTS

OLS Regression and Quantile Effect
The OLS conditional mean results were consistent with our
expectations of the variable. As shown in Table 3, most
variables were found to affect house prices, significant at the
10% level. The walking distance from the location center to the
nature landscape is inversely proportional to the housing price.
Several Structural factors, such as the plot ratio and the age of the
house, have negative effects on house prices, while proximity to
important public facilities, such as quality schools and subway
stations, have a positive impact. The coefficient of determination
(R-squared) is 0.52, indicating that the model has moderate
explanatory power.

The results of quantile regression (QR) under the same set of
variables are also presented in Table 3. To explore the
heterogeneity across quantiles, the full regression estimation of
landscape variables were visualized (Figure 2) using the quantile
0.05 steps. The regression results of 19 quantiles from 0.05 to 0.95
are in solid lines, and the shaded area indicates the 95%
confidence interval. The OLS estimate is represented by a
dashed line, and the two dashed lines indicate the 95%
confidence interval. The results suggest QR explains more
changes in real estate prices at different quantiles, revealing
the hidden utility of key variables on housing at different price
ranges (not observed in OLS). Factors with strong impact on
house prices, such as location, neighborhood, and urban blue,
have varying effects at different price ranges (some have
increasing trends while others have decreasing trends). QR
results also showed that some non-significant factors were
significant at different quantiles. For example, conditional
mean coefficients of some structural and neighborhood
variables were not significant overall but were significant for
high-priced houses above the 80th quantile. Some variables with
significant conditional mean, such as large lakes and Xiangjiang
River, were not significant below the 40th and 70th quartile,
respectively. With additional information obtained, the QR
model was able to provide more depth on the impact of
different variables on housing at different price points.
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The spatial dependence on house prices was also found to
affect the results of the study (Xiao et al., 2020). We used the
Moran index and Getis-Ord Gi*(GO) index to detect the spatial
effect of housing prices. The Moran index was 0.103, while the
GO index was 0.37, indicating pronounced positive spatial
effects.

Spatial Quantile Regression
In the OLS regression, we added instrumental variables to
perform a spatial two-stage regression. As shown in Table 4
(first column), the adjusted conditional mean 2SLS R2 was 0.53,
slightly higher than the OLS model. Columns 2–10 of Table 4
present the 2SQR results and show all pseudo r2 values
increasing. These results show that the improved model

performed significantly better, similar to the findings of Hui,
Liang, Yip (Hui et al., 2018).

Figure 3 shows the complete spatial quantile regression
estimation of blue facilities with 0.05 quantile increments. In
column 1 ofTable 4, most of the variables were significant at 10%.
Most parameter estimates in the two regression models were very
similar. For example, the location, education, and subway
parameters were found to significantly affect housing prices in
both models. The main difference between the two models was
due to the OLS not controlling for the spatial effect. This caused
variable overestimation where the coefficients for most of the OLS
variables were higher than in the 2SLS. Liao andWang (2012) also
reached a similar conclusion. Combined with the significant effect
of the spatial lag factor, we found that the spatial dependence had

TABLE 1 | Variables used in the model.

Category Variable Variable definition and
measuring methods

Expected
sign

Structure Floor area Score of the floor area of a property divided into 5 grates, 1 for less than 60 m2, 2 for 60–90 m2, 3 for
90–120 m2, 4 for 120–144 m2, and 5 for more than 144 m2

?

Plot ratio Community plot ratio (below 1 is 1, 1–2 is 2, 2–3 is 3, 3–5 is 4, above 5 is 5) −
Property management (PM) The level of the property management (no property management is 0, no level property management is 1,

three-level and below property management is 2, two-level property management is 3, one level property
management is 4, super grade property management is 5)

+

Building age Age of a house (year), 2019 minus the building year of a house −
Neighborhoods Quality middle-

school (QMS)
Whether the residential district belongs to the quality middle school district of changsha (yes, 1, no, 0) +

Quality primary-
school (QPS)

Whether the residential district belongs to the quality primary school district of changsha (yes, 1, no, 0) +

Subway station Subway station within 1 km of property (yes, 1, no, 0) +
Living facilities (LF) Hospital, GYM, bank, foodmarket, and supermarket within 1 km from the community; each item is scored

1, total is 5
+

Location Distance to CBD wuyi
square

Walking distance of the property from changsha CBD. (km) +

Urban blue Distance to xiangjiang river Walking distance of the property from xiangjiang river, liuyang river, yanghu wetland park, large medium
and small lakes. (km)

−
D.liuyang river −
D.wetland ?
D.large lakes (LL) ?
D.mideum lakes (ML) ?
D.small lakes (SL) ?

Urban green D.Yuelu Forest park (YL) Walking distance of the property from the yuelu national forests, parks, and other non-water green
spaces, respectively. (km)

?
D.non-water green (NWG) ?

TABLE 2 | Urban blue space categories in Changsha identified in our study.

Category Variables Characteristics and
typical use

Quantity Total
area
(ha)

Mean
area
(ha)

River Xiangjiang Flood bank, scenario platform, landmark, leisure square, slow urban racing or walking road along the river,
many benches, well-developed in terms of recreational infrastructure

1 5,843 —

Liuyang Flood bank, urban slow racing and walking road along the river, many benches, recreational facilities 1 383 —

Wetland Yanghu It is a multi-functional wetland park integrating ecology, culture, recreation, and education. on December
25, 2019, it officially became the "national wetland park".

1 141 —

Lakes Large Many recreational opportunities, including sports, although some look more natural, and are not so well-
developed in terms of recreational infrastructure

14 622.11 44.44

Medium Opportunities for a typical walk in a park, usually well-maintained, with well-developed recreational
infrastructure (benches, paths, playgrounds)

23 294.28 12.79

Small An embodied waterscape surrounding with some slow track and benches for a minimum walk (such as
passing by), walking a dog, and sometimes sitting and enjoying a view

47 53.32 1.13
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been corrected to a certain extent in the 2sls model and that the
use of instrumental variables in the spatial 2sls model is needed to
circumvent endogeneity.

Based on the regression coefficients of the spatial lag term, we
found that the 30–90 quantile is significant at the 10% level, and
the spatial dependence coefficient increases significantly with the
increase of the quantile (from 0.013 to 0.087). This indicates a
more pronounced spatial dependence in high-priced housing.
The confidence interval above the 50th quantile exceeds the 2SLS
conditional mean of 0.022, indicating that the 2SLS results may
overestimate the spatial dependence of low-priced houses and
underestimate the high-priced houses.

Blue Space of Changsha
The results in Table 4 show that the Xiangjiang River has a
significant impact on property value, with distance negatively
correlated with price. Each kilometer increase in the distance to
Xiangjiang River correlated with a decline of about 1.72% in

property value (i.e., 210 RMB per m2). The capitalization effect
of the Xiangjiang River (less than Yanghu wetland) was not
consistent with its status as the center of the nature landscape in
Changsha, which may due to increased flood risk. In 2017, the
Xiangjiang River experienced flooding, resulting in economic
losses for residents. Recent flood events can significantly alter
people’s perception and behavior towards flood risks (Bin and
Polasky, 2004). With respect to the different housing prices,
proximity to the Xiangjiang only has a significant impact above
the 70th quartile, peaking at 90th (from 2.36% to 3.14%, each
km). This suggests that nearness to the Xiangjiang river affects
mainly house prices for high-value properties. This
heterogeneity in proximity effects may be caused by better
river scenarios and increased safety found mainly in high-
value properties, similar to the conclusions of Wu Q. et al.
(2020).

The Liuyang River is a tributary of the Xiangjiang River,
flowing through the entire eastern part of the city, and is an

TABLE 3 | OLS and QR model results.

Variable OLS (1) 0.1 (2) 0.2 (3) 0.3 (4) 0.4 (5) 0.5 (6) 0.6 (7) 0.7 (8) 0.8 (9) 0.9 (10)

Floor area –0.015 0.0126 0.00578 –0.0059 –0.0127 –0.0228* –0.0292** –0.0239** –0.0390*** –0.0469***
[0.0107] [0.0170] [0.0122] [0.0128] [0.0124] [0.0122] [0.0123] [0.0117] [0.0133] [0.0160]

Plot ratio –0.0056** –0.0042* –0.0051*** –0.0066*** –0.0072** –0.0078** –0.0072* –0.0013 –0.0035 –0.0056***
[0.0023] [0.0019] [0.0019] [0.0019] [0.0026] [0.0028] [0.0043] [0.0045] [0.0042] [0.0033]

PM 0.0129*** 0.0207*** 0.0205*** 0.0198*** 0.0158*** 0.0138*** 0.0148*** 0.00982* 0.00575 0.00663
[0.0036] [0.0069] [0.0060] [0.0036] [0.0027] [0.0038] [0.0040] [0.0050] [0.0068] [0.0060]

Building age –0.0016*** –0.0027*** –0.0026*** –0.0028*** –0.0025*** –0.0022*** –0.0018*** –0.0016*** –0.00080*** –0.00057***
[0.0001] [0.0002] [0.0001] [0.0001] [0.0001] [0.0001] [0.0001] [0.0001] [0.0001] [0.0001]

QMS 0.0834*** 0.0495*** 0.0510*** 0.0644*** 0.0750*** 0.0739*** 0.0781*** 0.0827*** 0.0845*** 0.0979***
[0.0109] [0.0189] [0.0167] [0.0150] [0.0171] [0.0171] [0.0131] [0.0188] [0.0175] [0.0167]

QPS 0.0294** 0.0427** 0.0222 0.0235* 0.0177 0.0157 0.0274*** 0.0389*** 0.0468*** 0.0299*
[0.0118] [0.0192] [0.0232] [0.0164] [0.0187] [0.0170] [0.0167] [0.0158] [0.0152] [0.0174]

Subway 0.0481*** 0.0606*** 0.0417*** 0.0451*** 0.0500** 0.0612*** 0.0553*** 0.0690*** 0.0480** 0.00169
[0.0129] [0.0264] [0.0211] [0.0184] [0.0197] [0.0226] [0.0180] [0.0178] [0.0216] [0.0256]

LF 0.0081*** 0.0097*** 0.0031*** 0.0035*** 0.0041*** 0.0045*** 0.0034*** 0.0039*** 0.0083*** 0.0159***
[0.0003] [0.0005] [0.0006] [0.0005] [0.0004] [0.0004] [0.0003] [0.0003] [0.0004] [0.0005]

Dcbd –0.0625** –0.103*** –0.0675*** –0.060** –0.069* –0.0705** –0.0615*** –0.0489** –0.03295 –0.054
[0.0290] [0.0331] [0.0395] [0.0302] [0.0297] [0.0333] [0.0323] [0.0195] [0.0505] [0.0813]

D.Xriver –0.0168*** –0.0125 –0.0085 0.00265 0.00066 –0.0064 –0.0087 –0.013* –0.0252** –0.0280**
[0.0056] [0.0111] [0.0083] [0.0072] [0.0061] [0.0078] [0.0072] [0.0071] [0.0097] [0.0083]

D.Lriver –0.0245** –0.0357 –0.0318** –0.0315*** –0.0263*** –0.0223*** –0.01385 –0.0075 –0.0025 –0.0171
[0.0120] [0.0224] [0.0158] [0.0119] [0.0083] [0.0061] [0.0371] [0.0435] [0.0446] [0.0537]

D.YHwetland –0.0251*** –0.00795 –0.0183** –0.0166* –0.0235** –0.0273*** –0.0299*** –0.0312*** –0.0405*** –0.0420***
[0.0049] [0.0097] [0.0101] [0.0092] [0.0095] [0.0087] [0.0086] [0.0069] [0.0067] [0.0084]

D.LL –0.0173*** 0.00134 –0.0156 –0.0164 –0.0205* –0.0207** –0.0223** –0.0243*** –0.0209** –0.0319***
[0.0066] [0.0181] [0.0131] [0.0121] [0.0089] [0.0069] [0.0052] [0.0068] [0.0077] [0.0105]

D.ML –0.0143*** –0.0344*** –0.0156 –0.0039 –0.0014 –0.004 –0.0082 –0.0066 –0.0053 –0.0019
[0.0045] [0.0108] [0.0098] [0.0048] [0.0043] [0.0045] [0.0055] [0.0052] [0.0048] [0.0058]

D.SL –0.0124 –0.0214 0.00524 –0.0001 0.0044 0.00533 –0.0113 –0.0118 –0.0098 –0.0421
[0.0167] [0.0260] [0.0288] [0.0212] [0.0241] [0.0216] [0.0139] [0.0183] [0.0293] [0.0378]

D.YL –0.0234*** –0.0277*** –0.0323*** –0.0349*** –0.0311*** –0.0281*** –0.0251*** –0.0190** –0.0182** –0.0212**
[0.0045] [0.0068] [0.0068] [0.0056] [0.0037] [0.0052] [0.0044] [0.0078] [0.0061] [0.0073]

D.NWG –0.0124*** –0.0082*** –0.0108*** –0.0861*** 0.0089*** –0.0138*** –0.0135*** –0.0131*** –0.0095*** –0.0054
[0.0047] [0.0021] [0.0022] [0.0015] [0.0022] [0.0024] [0.0022] [0.0026] [0.0026] [0.0038]

Cons 9.603*** 9.136*** 9.503*** 9.502*** 9.596*** 9.734*** 9.738*** 9.701*** 9.836*** 10.14***
[0.1021] [0.2057] [0.2139] [0.1399] [0.1168] [0.1379] [0.1226] [0.1027] [0.1305] [0.1737]

Adj.R2 0.519
Pseudo-R2 0.321 0.307 0.313 0.346 0.331 0.358 0.329 0.343 0.341

***p < 0.01; **p < 0.05; *p < 0.10
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important blue space in Changsha. As shown in Table 4,
proximity to the Liuyang River has a significant impact on
housing prices (at the 10% level), with a 2SLS conditional
mean regression coefficient of 2.36% value decline per km.
The SQR results show that only low and medium-priced
houses (i.e., 30th–50th quantile) are affected by proximity to
this river.

Proximity to the Yanghu National Wetland Park was also
found to significantly affect housing prices, similar to the findings
of Mei et al. (2018), with every kilometer distance correlating with
a 2.27% decline in housing prices (equivalent to 277 RMB per
m2). Similar to the effects of the Xiangjiang River, the SQR shows
that the price effect caused by proximity to the Yanghu wetland
increases as the quantile rises and is most pronounced for high-
value properties (From 1.53% to 2.85%). Yanghu National
Wetland Park was found to have a strong effect on housing
prices among the different landscape factors in Changsha and has
an estimated coefficient almost higher than any blue and green
space. This may suggest wetlands are increasingly becoming more
valued in cities.

While urban lake is the most common blue space in the city,
our results found noticeable differences between varying sizes.
The conditional mean coefficient of large lakes (LL) using 2sls was
1.66% value loss per km (i.e., 202 RMB per m2), significant at the
1% level, and is higher than most landscape coefficients. LL has a
significant impact on house prices above the 40th quantile. The
estimated LL coefficients increased significantly, especially for
mid-to-high-priced housing above the 60–70 range (2.31%,

2.35%, respectively), similar to the impact of wetland parks
and the Xiangjiang River landscape. The impact of medium
lakes (ML) was significant at the 10% level, resulting in a
1.45% value decline per km. The ML coefficient value was
smaller than for large lakes and had a nonlinear trend
across quantiles. According to the SQR, ML affected house
prices below the 10th quantile but had no significant impact
on those above the 10th quantile. Small lake (SL) is the
commonest blue space in Changsha city. Although SL has a
negative coefficient, the variable was not statistically significant.
Housing prices seem to be unaffected by small water bodies,
which is in sharp contrast to the impact on price of other kinds of
blue space.

Green Spaces in Changsha
For comparison, we used the non-water body green spaces as the
control variables. As shown in Table 4, the conditional mean loss
of property value for the Yuelu Forest Park was 2.03% per km,
relatively similar to some previous studies of forest parks
(Czembrowski and Kronenberg, 2016). The SQR results show
that proximity to the Yuelu forest does not significantly influence
house prices above the 80th quantile. For the other common
green spaces, their impact was found to have a noticeable steady
trend. The 2SLS results were significant at the 1% level, with a
value loss of 1.21%. Most of the quantile coefficients for non-
water green spaces were higher. These findings are consistent
with existing studies (Liao and Wang, 2012), and the estimated
accessibility coefficient is also comparatively similar.

FIGURE 2 | Coefficients of blue spaces estimated by QR.
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Other Key Variables
The study also found that the housing price gradient can diversify
with the distance from the CBD (Wen et al., 2014). By 2SLS, each
kilometer away from the CBD leads to a 5.75% decay of house
prices. The SQR results showed that the price for accessibility to
the CBD decreases for higher quantiles (from 13.65% to 3.81%,
each km). Low- and medium-priced properties were influenced
more strongly by CBD than high-priced houses. Neighborhood
variables, such as proximity to quality primary and middle
education facilities (2.80% and 8.17%, respectively) and nearness
to a subway station (4.72%), were also found to have significant
impact on housing prices. These results suggest education-related
factors are becoming important factors affecting property house
prices in China.

Density Test of Urban Blue Accessibility
As suggested by Coulson and McMillen (2007), the distribution
of house prices varying to the explanatory variables could exam

the heterogeneity across dependent variable quantiles. If a change
in the value of the independent variable (distance) causes a
change in the dependent variable’s distribution, this would
mean that different quantiles would have varying responses to
the independent variable and that heteroscedasticity exists across
different quantiles. To investigate this effect, we drew the kernel
density curve to compare the distribution of prices among
varying accessibility to various urban blue parameters. The
results are presented in Figure 4. For the Xiangjiang River, the
kernel curve changes its kurtosis as the distance increases.
Similarly, the parameters Liuyang river, Yanghu wetland, large
lakes, and middle lakes have a significant change in the
distribution of housing prices when the value of accessibility
independent variable changing. Most have changes in the kurtosis
(right tail of the distribution), with some increase in variance
distribution, coincident with the SQR results. In contrast, the
kernel density curve for small lakes has little distributional
change, which means no heteroscedasticity in this variable.

TABLE 4 | 2Stage Least Squares and SQR model results.

Variable 2SLS (1) 0.1 (2) 0.2 (3) 0.3 (4) 0.4 (5) 0.5 (6) 0.6 (7) 0.7 (8) 0.8 (9) 0.9 (10)

Floor area –0.0153 0.0099 0.00319 –0.00587 –0.0131 –0.0224* –0.0273** –0.0278** –0.0436** –0.0566**
[0.0147] [0.0138] [0.0147] [0.0120] [0.0094] [0.0098] [0.0080] [0.0125] [0.0160] [0.0219]

Plot ratio –0.00549** –0.00525** –0.005** –0.00677*** –0.00704* –0.00759 –0.00684 –0.00135 –0.00263 –0.0065
[0.0023] [0.0021] [0.0024] [0.0027] [0.0023] [0.0041] [0.0045] [0.0048] [0.0037] [0.0040]

PM 0.0129*** 0.0212*** 0.0211*** 0.0199*** 0.0159*** 0.0143*** 0.0143*** 0.0103** 0.00461 –0.000734
[0.0036] [0.0050] [0.0045] [0.0037] [0.0044] [0.0056] [0.0053] [0.0045] [0.0072] [0.0046]

Building age –0.0015*** –0.0026*** –0.0024*** –0.0026*** –0.0024*** –0.0021*** –0.0020*** –0.0017*** –0.0009*** –0.0006***
[0.0001] [0.0002] [0.0001] [0.0001] [0.0001] [0.0001] [0.0001] [0.0001] [0.0001] [0.0001]

QMS 0.0817*** 0.0623*** 0.0478** 0.0653*** 0.0705*** 0.0669*** 0.0743*** 0.0797*** 0.0773*** 0.0981***
[0.0111] [0.0210] [0.0145] [0.0115] [0.0136] [0.0099] [0.0127] [0.0134] [0.0124] [0.0164]

QPS 0.0280** 0.0503*** 0.0208 0.0244 0.0182 0.0104 0.0236* 0.0348** 0.0462** 0.0342
[0.0119] [0.0136] [0.0140] [0.0149] [0.0134] [0.0178] [0.0138] [0.0161] [0.0156] [0.0306]

Subway 0.0472*** 0.0534*** 0.0470*** 0.0417** 0.0475*** 0.0573*** 0.0553*** 0.0707*** 0.0444* 0.0165
[0.0129] [0.0220] [0.0178] [0.0142] [0.0196] [0.0216] [0.0183] [0.0200] [0.0205] [0.0230]

LF 0.0079*** 0.0113*** 0.0033*** 0.0031*** 0.0045*** 0.0056*** 0.0023*** 0.0045*** 0.0073*** 0.0125***
[0.0003] [0.0006] [0.0007] [0.0006] [0.0005] [0.0004] [0.0003] [0.0003] [0.0004] [0.0007]

D.CBD –0.0575** –0.1365*** –0.079*** –0.0595*** –0.0672*** –0.0557* –0.0555** –0.0381** –0.00635 –0.0417
[0.0267] [0.0450] [0.0271] [0.0202] [0.0266] [0.0291] [0.0274] [0.0224] [0.0507] [0.0984]

D.Xriver –0.0172*** –0.0128 –0.00706 0.0004 –0.0007 –0.0073 –0.0066 –0.0115 –0.0236** –0.0314***
[0.0057] [0.0106] [0.0084] [0.0071] [0.0086] [0.0091] [0.0097] [0.0135] [0.0132] [0.0097]

D.Lriver –0.0236** –0.0312 –0.0325 –0.0221** –0.0252*** –0.0214*** –0.0112 –0.0062 –0.0015 –0.0083
[0.0118] [0.0512] [0.0529] [0.0111] [0.0104] [0.0081] [0.0261] [0.0263] [0.0363] [0.0543]

D.YHwetland –0.0227*** –0.0125 –0.0153* –0.0171** –0.0222*** –0.0237*** –0.0235*** –0.0215* –0.0260** –0.0285***
[0.0056] [0.0099] [0.0081] [0.0069] [0.0067] [0.0071] [0.0095] [0.0086] [0.0071] [0.0073]

D.LL –0.0166** –0.0074 –0.0189 –0.0152 –0.0210** –0.0179** –0.0231*** –0.0235*** –0.0195*** –0.0143*
[0.0008] [0.0011] [0.0184] [0.0181] [0.0103] [0.0087] [0.0095] [0.0093] [0.0077] [0.0081]

D.ML –0.0145* –0.0332** –0.0159 –0.0051 –0.0013 –0.0038 –0.0071 –0.0051 –0.0049 –0.0050
[0.0085] [0.0137] [0.0122] [0.0066] [0.0066] [0.0047] [0.0050] [0.0048] [0.0055] [0.0041]

D.SL –0.0128 –0.0207 0.00136 –0.0065 0.00368 –0.0008 –0.0107 –0.0137 –0.0218 –0.029
[0.0167] [0.0267] [0.0216] [0.0231] [0.0220] [0.0228] [0.0227] [0.0284] [0.0284] [0.0345]

D.YL –0.0203*** –0.0424*** –0.0373*** –0.0320*** –0.0285*** –0.0211*** –0.0214*** –0.0176* –0.0066 –0.00744
[0.0058] [0.0084] [0.0085] [0.0073] [0.0077] [0.0072] [0.0066] [0.0103] [0.0118] [0.0111]

D.NWG –0.0121*** 0.0043 –0.005 –0.0082** -0.0091** –0.0155*** –0.0164*** –0.0183*** –0.0114*** –0.00907
[0.0017] [0.0032] [0.0034] [0.0025] [0.0014] [0.0018] [0.0021] [0.0022] [0.0030] [0.0301]

WlnP 0.0221** –0.0028 –0.0072 0.0136* 0.0152* 0.0443** 0.0468** 0.0447*** 0.0809*** 0.0874***
[0.0121] [0.0076] [0.0084] [0.0081] [0.0091] [0.0223] [0.0232] [0.0192] [0.0231] [0.0157]

Cons 9.364*** 10.18*** 9.799*** 9.377*** 9.444*** 9.236*** 9.273*** 9.214*** 8.895*** 9.047***
[0.2961] [0.3726] [0.4683] [0.3900] [0.3734] [0.3357] [0.3232] [0.3933] [0.6152] [0.6469]

Adj.R2 0.531
Pseudo-R2 0.335 0.311 0.329 0.352 0.341 0.367 0.339 0.361 0.353

***p < 0.01; **p < 0.05; *p < 0.10.
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FIGURE 3 | Coefficients of blue spaces estimated by 2SQR.

FIGURE 4 | Shifts in the distribution of house prices.
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DISCUSSION

Effects of Blue Space Type and Size
Accessibility to wetlands, lakes, and rivers all have a positive
impact on housing prices, which varies for different types and
sizes of blue spaces. Accessibility to wetland parks was found to
have the quite strong effect among blue space features, possibly
because wetlands provide recreation, biodiversity, ecological
conservation, and other ecosystem services that urban
residents value. While Xiangjiang River is an important blue
landscape in Changsha, its impact on housing prices was less than
what we anticipated, coming second to wetlands, possibly due to
increased flooding risks. The impact of the Xiangjiang River’s
tributary, the Liuyang River, was close to the YangHu wetland.
For lakes, which are the blue spaces most frequently used by
residents, their accessibility significantly affected housing prices,
which varied considerably based on lake size. Accessibility to
medium-sized lakes was found to have smaller impact than large-
sized lakes, while small-sized lakes did not significantly affect
property value.

The empirical results suggest that the larger the size of the
water body, the more it affects the surrounding house prices. One
possible reason is that larger water spaces are able to provide
more (or more perceivable) ecosystem services. One clear
example is its reduction of urban heat islands, which is
directly related to the size and fragmentation of the water
body (Yu et al., 2020). Another possible reason is the water
body’s frequency of use. Small urban blue spaces are usually
embedded in residential communities, which often means lower
transportation costs to use. According to the existing literature, a
higher transportation cost to a nature space, a more sensitive of
the residents to the perceived walking distance to arrive (Nielsen
and Hansen, 2007; Voelker et al., 2018). This explained in part of
the independent variable (accessibility of small lakes) has a non-
significant effect on the house price because residents’ perceived
walking distance to these embedded blue spaces is not as sensitive
as the large-sized lakes, which are usually located farther from the
residential community with higher transportation costs.
Moreover, most small blue spaces are located in the city’s
core, where highly dense surrounding communities
(commonly high-rise buildings) obstruct their visibility and
limit their effect, which further limits the effect of the little
blue on house prices. Besides, awareness and familiarity with
small and medium urban blue spaces are considerably lower than
key water bodies, minimizing their impressions on homebuyers
and limiting their effect on property value.

Quantile Effect
In the SQR results, the effect of blue spaces varied considerably
across different quantiles. The impact of accessibility to the
Xiangjiang River, large lakes, and Yanghu wetland increased
linearly with property value, such that blue spaces had greater
effect on high-priced houses. In comparison, proximity effects to
medium-sized lake parks and the Liuyang River were more
pronounced on low- and middle-quantile properties and had a
nonlinear trend. Various possible reasons may explain why the

proximity effect of these three urban blue spaces intensifies as
property value increases. First, high-priced properties generally
have better viewshed access, often at higher altitudes, better
orientation, and lower flood risks (Wu P.-I. et al., 2020).
Second, buyers of high-priced houses are highly concerned
about their physical and mental health. Large-scale urban blue
spaces are able to address such concerns, providing more
perceivable ecosystem services that generate higher marginal
utility. Also, better marketing and advertising strategies are
able to highlight the attributes of blue spaces, which are often
used to entice high-income buyers. This makes higher income
groups more aware and perceptive of amenities generated by blue
spaces. According to a previous study, familiarity with a
landscape positively correlates with the purchase premium
(LaRiviere et al., 2014). Homebuyers may even be led to
believe that properties around the famous water bodies have
higher investment values. In contrast, medium-sized lakes and
the Liuyang River have limited appeal to high-income
homebuyers due to their smaller extent and less perceivable
ecological amenities. High-priced houses are more likely to be
located in better environments since high-income residents use
their own cars to commute. In contrast, most low- and middle-
income homebuyers who use public transport to commute do not
choose to live near a large blue space far from the city area,
preferring medium-sized blue spaces that are usually distributed
in downtown areas, which are more economic for a commute.
Therefore, the quantile effects of medium-size blue thus show a
lower impact on the high-priced houses while it is significant to
low-priced houses.

Outlook for Further Research
Our research found that the type and size of blue spaces have
varying influences on house prices. Our results also showed
significant differences in the impact on property value across
different housing price quantiles. Using the framework presented
in Data and Methodology, we assumed that the effect on house
prices depends mainly on the ecosystem services provided by the
various blue spaces. However, the impact of specific ecosystem
services can not be quantified in this study since buyers do not
naturally have the cognition or willingness to distinguish between
different ecosystem services (Czembrowski and Kronenberg,
2016).

While the SQR results showed that buyers of high-priced
houses might be more concerned about the value of these
ecosystem services, it does not allow us to explore the impact
of individual ecosystem services. SQR also does not analyze how
homebuyers consider different ecosystem services offered by
different types and sizes of urban blue spaces. Rather, our
analysis focused on evaluating the effects of different types
and sizes of blue spaces at various quantiles. Hedonic pricing
is rarely used to accurately quantify the price effects of individual
ecosystem services. To value the impact of specific ecosystem
services, more studies are needed using other valuation
techniques that are able to explicitly link value effects to
particular ecosystem services. Follow-up research can further
adopt more metadata, such as questionnaire surveys, and use
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other quantitative methods to further explore the economic value
of different ecosystem serves of blue spaces.

CONCLUSION AND RECOMMENDATION

In this era of rising awareness and demands for healthy living
standards, access to urban blue spaces is now being demanded by
more and more urban dwellers. However, research on how access
and proximity of different urban blue spaces affect property value
has been largely limited. To address this current research gap, this
study employed a spatial quantile hedonic model to evaluate the
proximity effects of different types of blue spaces on property
prices across different conditional distributions.

Spatial dependence in property value was found to be
significant across price quantiles. This suggests that using
spatial lag term in hedonic research is needed in order to
prevent biased outcomes. We also found that the positive
effect of spatial dependence increases in higher price quantiles.
High-priced houses were found to cluster together, which
confirms the findings of other urban hedonic studies. The
results suggest rich homebuyers concern more about scarce
public facilities and ecological resources, with a feature of the
housing market in China’s big cities, which may be one of the
cause led to the spatial aggregation of high-priced house.

The 2SLS results show that the type and size of urban blue
spaces influence the capitalization effect on property value.
Despite possible increases in the flood risks, proximity to
rivers was found to have a positive impact on house prices. In
terms of proximity effects of the Xiangjiang River, property value
declined by about 1.72% per kilometer of walking distance. The
proximity effect of the Liuyang River was also found to
significantly impact house prices, each kilometer of increased
walking distance from it results in about a 2.36% decline in house
prices. Wetland park is a new kind of environmental amenity that
has recently emerged across many Chinese cities. In our results,
property values declined by about 2.27% per kilometer of
increased distance from the Yanghu national wetland park.
We also found similar proximity effects of large and medium-
size urban lakes, with increased distance resulting in house price
declines of 1.66% and 1.45% per kilometer, respectively. These
proximity effects were found to generally increase with the size of
the blue space, possibly because larger blue spaces provide
increased and more perceivable ecosystem services.

Under the quantile setting, the SQRmodel providedmore details
on blue space effects than the 2SLS. Only proximity effects of the
Yanghuwetland were significant almost across all house price ranges
inQR and SQR. Since the values ofmost parameters of blue spaces in
2SLS are all significant, this means property values in different price
ranges affected by blue spaces are overestimated. The SQR results
suggest that the Xiangjiang River and large lakes have significant
influence only with high-value properties and that the 2SLS
overestimated the effect of these variables in low-priced houses.
In contrast, only low- and medium-priced houses were found
significant to the accessibility to medium-sized lakes and the
Liuyang River, which means the effect on high-priced houses of
these two variables have been overestimated in 2SLS. Different

variables also showed varying SQR trends for different price
quantiles. The proximity effects of Xiangjiang river, Yanghu
wetland, and large lakes are not significant at low-value
properties but are significant and increases considerably for
higher-priced houses. To some extent, the results suggest that the
greater wealth of the homebuyer, the stronger the marginal
willingness to pay for accessibility to core blue spaces. In other
blue spaces, like the Liuyang River and middle-size lakes, proximity
effects had nonlinear trends across different quantiles. Residents in
low-priced houses might pay more for the accessibility to these blue
spaces.

Based on the findings of this study, we conclude some
recommendations for future urban planning. First, more small
blue spaces that are effectively embedded in residential
communities should be developed. Small blue space should be
encouraged owing to its convenience in daily life and no
significant influence on house price, which means improving
residential well-being without adding to the cost of buying a
house. Second, improving the service efficiency of the key blue
spaces through better transport network systems and more
balanced residential development density planning. Transport
departments should improve the accessibility of blue space by
renovating some unreasonable road networks and reducing the
interchange time. It is also important to construct subway stations
near famous blue spaces, which greatly shortens the commuting
distance. Besides, since high-priced houses are more affected by
the key blue spaces, developers tend to build higher-height houses
with better views closer to blue. Therefore, restricting the
residential density and building height, setting reasonable
prohibit development lines of key blue spaces is necessary to
ensure the accessibility and visibility of the water landscapes. In
short, the government should create a rational opportunity to
enable more residents to enjoy the famous blue spaces amenity
value, rather than the monopoly of urban blue by rich
homebuyers. Last but not the least, It is important to regulate
the land revenue distribution mechanism. As results revealed, the
key urban blue has a significant effect on housing price, which
most benefit the property developers. However, the increment
value created by the key blue spaces is usually invested by the local
government. Therefore, it is more reasonable not to gather land
rent one-time charging but adjust incremental land revenue
according to the pricing effect of key urban blue spaces, which
improves the fiscal pattern of public services in cities.
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