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Abstract: By leveraging a multiscale geographically weighted regression (MGWR) model, this
paper delves into the intricate factors that influence housing prices in the prototypical mountainous
cityscape of Chongqing’s central urban area. The key findings are as follows: Firstly, the distribution
of housing prices in the study region exhibits pronounced spatial heterogeneity, with the core area
exhibiting a distinct “high-high” clustering pattern and manifesting characteristics of a multicenter
group distribution. Secondly, the MGWR model effectively assigns an individual bandwidth to each
feature quantity, allowing for a more nuanced portrayal of the varying influence scales exerted by
diverse variables. Lastly, the study reveals that factors such as property cost, greening rate, building
age, and proximity to rivers have a notable negative impact on housing prices, whereas, educational
facilities exert a marked positive influence. Elevation, floor area ratio, and distance from the Central
Business District (CBD) exhibit a more complex influence on housing prices.

Keywords: MGWR model; mountain city; housing price; influencing factors

1. Introduction

The activity degree of the urban housing market is an important measure of the urban
economy because of its direct effect on the urban economy. In the past 20 years, China’s
real estate industry has developed rapidly and has gradually become a pillar industry of
national economic development. Changes in commercial housing prices have deep impacts
on social and economic development. At the same time, such changes receive widespread
attention from the public, the government, enterprises, and research institutions.

The spatial differentiation of urban commodity housing prices is a key research direc-
tion of urban geography [1]. To date, scholars have carried out many studies on the spatial
differentiation of urban commercial housing prices, focusing mainly on the factors influ-
encing housing price differentiation in large and medium-sized cities. (1) Transportation
infrastructure has an impact on the spatial differentiation of housing prices. The findings of
this study indicate that transport infrastructure has a universal premium effect on nearby
housing prices worldwide. From preconstruction to the completion and operation of urban
rail transit, the spatiotemporal effect of urban rail transit on housing prices occurs within
2 km around each station. Urban rail transit has a significant value-added effect on housing
prices along routes, and medium- and high-priced housing markets are most obviously
affected by urban rail transit [2]. Additionally, scholars have found that traffic sites must be
within the scope of housing prices; for example, authors have studied the impact strength
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in the U.S. city of Minneapolis [3] and the northern British city of South East London [4].
Housing price analyses have found that in the vicinity of a light rail site, within certain lim-
its, housing prices will reach a certain premium that increases with closer distances. When
the research perspective is extended to the accessibility of public facilities, the findings
indicate that these facilities have a certain impact on nearby housing prices, as has been
shown in empirical studies of certain cities in South Korea [5], Chongqing [6], Xiamen [7],
etc. (2) Urban spatial structure has an impact on the spatial differentiation of housing
prices. Scholars studied the spatial differentiation characteristics of urban housing prices
at different spatial scales and analyzed the leading factors of the spatial differentiation of
housing prices by constructing a hedonic price model (HPM). Their findings indicated that
the spatial distribution of housing prices was consistent with the polycentric structure at
the scale of the main urban area, and three high-priced housing areas were formed within
each center [8]. Some scholars also tried to build a residential space division index system
at the block scale with three dimensions: population, physical facilities, and economic
environment [9]. Google Street View plays an important role in the analysis of urban spatial
structure, and a deep learning algorithm can be used to predict the residential spatial
pattern of residents based on material environmental information, such as housing building
types and parking lot models in the community [10]. (3) Urban microfactors have an impact
on the spatial differentiation of housing prices. Previous studies have shown that the
kriging spatial interpolation method has a unique role in analyzing the factors influencing
housing prices, and the impact of characteristic factors on housing prices has significant
spatial heterogeneity [11,12]. On this basis, some scholars improved the assessment of the
marginal housing characteristic price and residual housing price volatility by creating a
housing characteristic quality index and proposed a method to measure residual housing
price volatility [12]. Others have made innovations in analysis methods, used a spatial
quantile model for reference for quantitative analysis, and conducted a detailed analysis
of various influencing factors [13]. Great progress has also been made in the analysis of
the domestic market. Through the analysis of a large number of county-level housing
price samples, a housing price model was established in combination with the supply and
demand of housing and the market situation, and the impact of land prices on housing
prices was discussed. The findings indicated that the land supply plan is the internal
driving force that determines urban land prices. Land prices influence housing prices
through supply and demand and market mechanisms [14].

In terms of methodology, the HPM, the geographically weighted regression (GWR)
model, and the multiscale geographically weighted regression (MGWR) model based on
the GWR model are mainly used. The HPM is well suited to analyzing the heterogeneity of
housing prices and uses consumption theory to better explain the heterogeneity of hedonic
prices [15]. Subsequently, to expand the applicable scope of the HPM, the hidden market
was introduced into hedonic price analysis and an empirical framework was constructed,
laying a theoretical foundation for the HPM [16]. Freeman [17] empirically explained the
HPM in the housing market from a theoretical perspective. The GWR model is a spatial
linear model that adds a spatial weight matrix to the linear regression model. Its purpose
is to better display differences in spatial structure [18]. The main role of the GWR model
is to explore the influence of different characteristic factors on housing prices and their
spatial differentiation rules [19]. Through empirical analysis, the spatial distribution and
influence of housing price factors were analyzed with the help of the GWR model. Based
on the HPM, many scholars [20,21] have compared the spatial expansion model with the
GWR model and found that the GWR model is superior in terms of explanatory power
and forecasting accuracy. However, a classical GWR model cannot fully reveal the spatial
scales of different influencing factors. There has been little research on the scale differences
in the spatial heterogeneity of different influencing factors. The MGWR model, proposed
by Fotheringham [22] in 2017, can subdivide the global and local scales of each factor.
Yu et al. [23] supplemented and improved the statistical inference of the MGWR model
so that it could be applied to empirical analysis. With the increasing popularity of the
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MGWR model, some scholars have begun to use it to explore the spatial scale and spatial
differentiation of the factors influencing housing prices [24]. Previous studies based on
the classical GWR model may be unstable, while the MGWR model reflects the scale of
the influence of different variables on the dependent variable, and its results are more
reliable [25,26].

The analysis and summary of previous studies show that the research results regarding
factors influencing urban housing prices have been rich, but the studies have concentrated
mostly on large and medium-sized plains cities, whereas fewer analyses have considered
factors influencing housing prices in mountain cities. This paper takes the central city of
Chongqing, a typical mountain city in China, as the research object. Based on the traditional
HPM, this paper introduces the terrain location index to construct the MGWR model and
analyzes the influence intensity and influence range of characteristic measurements, such as
elevation, slope, and terrain location index, on housing prices. The results of this paper are
expected to provide theoretical guidance and a scientific basis for housing price regulation,
urban planning, and real estate development in mountainous cities in Western China,
which are greatly influenced by topographic location and other factors.

2. Materials and Methods
2.1. Study Area

Chongqing, located in Southwest China, is the only municipality directly within
both the central and western regions of China, with a total area of 8.24 × 104 km2. The
topography is mainly hilly and mountainous, and the mountainous areas account for 76%
of the total area. The Yangtze River runs throughout Chongqing, with a transit length
of 691 km. In 2020, the city’s permanent population was 3.20893 million, the GDP was
CNY 25,279 million, the ratio of primary, secondary, and tertiary industries was 6.9:55.6:37.5,
the forest coverage rate was 52.5%, the annual average precipitation was 1181.4 mm,
and the annual average temperature was 19.2 ◦C. The central urban area of Chongqing
(including Yubei District, Yuzhong District, Jiangbei District, Beibei District, Shapingba
District, Jiulongpo District, Dadukou District, Banan District, and Nan’an District), with
a total area of 4403.19 km2, is the “two rivers and four shores” core area of Chongqing,
setting the historical context and providing a landmark for the Chongqing showcase. It is
also the centralized embodiment of the core functions of this national central city.

2.2. Data Sources

The data in this paper are mainly point of interest (POI) data, housing price data,
and DEM data. Among them, the housing price data come from the open data of the
manual search network, the registration data of the real estate trading center, and the listing
and transaction data provided exclusively by Home Arrived (https://cq.daojiale.com/
(accessed on 10 December 2021)). The data intercept time node is 10 December 2021. POI
data, including the average price of sample residential housing, building age, residential
green rate, floor area ratio, property costs, and latitude and longitude, are derived from
Amap. Python software (3.12.3) is used to carry out real-time crawling of supermarkets,
subway stations, bus stations, park squares, gas stations, schools, general hospitals, the
CBD, and other locations in downtown Chongqing. DEM data come from the Resources
and Environment Science and Data Center (http://www.resdc.cn/Default.aspx (accessed
on 10 December 2021)) and have a resolution of 30 m × 30 m. After the difficulty of data
acquisition was resolved and duplicate and erroneous data were eliminated, 4711 available
sample points remained.

3. Methods
3.1. Model Selection

The MGWR model has strong flexibility and adaptability. It not only inherits the
advantages of the GWR model in dealing with spatial heterogeneity but can also measure
the scale difference in the spatial variation relationship between independent variables
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and dependent variables. The GWR model uses the weighted least squares estimation
method, but the estimation of the MGWR model is quite different. The MGWR model can
be regarded as a generalized additive model [27] that can detect the influence of nonlinear
regression and can be calibrated by a backward fitting algorithm [28,29]. Compared with
the MGWR model, the GWR model is an improved spatial linear regression model. Since
it introduces the spatial geographic location information of sample data [30,31], its main
advantage is reflected in the reference provided by the spatial weight matrix to the linear
regression model. The GWR model explores the spatial nonstationarity relationship and
provides a measure of the spatial scale of the model operation by determining the optimal
bandwidth [32].

The formula for calculating the MGWR is as follows:

Yi =
k

∑
j=1

βbwj(ui, vi)Xij + εi

where Yi is the average housing price of the ith sample plot, Xij is the index value of
the jth influencing factor of the ith sample plot, (ui, vi) is the coordinate of sample plot i,
βbwj(ui, vi) is the regression coefficient of the jth housing price influencing factor fitted by
a specific bandwidth, bwj represents the bandwidth of the jth housing price influencing
factor, and εi is the random error. Compared with GWR, each regression coefficient of
the MGWR model is obtained based on local regression, with all factors using the same
bandwidth and each influencing factor using its exclusive bandwidth when fitting, which
reflects the regression coefficient of different variables at different spatial scales [22,30,33].
To maintain consistency of fit, an adaptive bandwidth is adopted in the process of fitting the
MGWR model and GWR model in this paper. The kernel function and bandwidth selection
criteria of the MGWR model are based on an adaptive Gaussian function and corrected
Akaike information criterion (AICc), which are commonly used in classical GWR models.

In this paper, the MGWR model is selected as the research method. Compared with the
traditional GWR model, the MGWR model makes the following three main improvements.
First, the defects of the GWR model are solved by allowing different spatial smoothing
levels for each variable. Second, the specific bandwidth of each variable can be used as an
indicator of the spatial scale at which each spatial process acts. Third, the multibandwidth
approach yields spatial process models that are closer to reality and more useful. The
MGWR model directly reflects the role of the differentiation between different characteristic
scales, while the GWR model reflects the characteristic function of the average of the
scales, which is fundamentally different from the spatial heterogeneity of dependent and
independent variables. This homogenizing effect ignores the essence of the geographical
research scale effect, as the spatial and temporal heterogeneity are not explained at a
sufficiently fine scale [22]. The MGWR model assigns a dedicated bandwidth to each
feature quantity to reflect the influence scale of different feature quantities, effectively
avoiding the convergence problem of the influence range of feature quantities in the
GWR model.

3.2. Variable Setting

The variable reference features price model used to study the factors affecting housing
prices at the microlevel is one of the most commonly used models. Its object is to assess
different characteristics under different conditions. Through the price of the object and
the special relationships between different attributes of regression analysis, the effect of
each factor affecting housing prices can be more effectively measured, and the action
intensity and direction of each characteristic quantity in relation to housing prices can be
obtained [22,28,34–39].

The reference feature price model for residential price variables includes four variables:
topographic features, architectural features, area features, neighborhood features. To fully
reflect the characteristics of mountainous cities in Chongqing, this paper incorporates
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factors such as slope and elevation into the Topographic features. The role of distance plays
an important role in the housing market and has been reflected in existing research [40].
This paper proposes Neighborhood features, refines distance factors, and analyzes the
forms of interaction between residential communities and surrounding facilities.

By referring to relevant research results [22,28,35,37,39] and comprehensively consid-
ering issues such as data availability and local collinearity, the average housing price in
sample plots is taken as the dependent variable; the selection of independent variables
is shown in Table 1. The factors affecting housing prices in downtown Chongqing are
determined as characteristic quantities. Since the constant terms of the GWR and MGWR
models represent the impact of the spatial attributes of different points on the dependent
variable when other independent variables are determined, the constant terms can cap-
ture the impact of factors determined by unique locations, such as education level and
environment, that to a certain extent are not included in the model of housing prices [22].

Table 1. Quantification table of sample residential housing price characteristics.

Tag Sort of Characteristics Variable Attributes Assignment Description/Unit Expected Symbol

Topographic features

Topographic potential index
The topographic potential index is

extracted from the digital
elevation model

−

Altitude The elevation of the plot is extracted from
the DEM (m) +

Slope The slope of the plot is extracted from the
digital elevation model (◦) −

Architectural features

Plot ratio Objective value of plot floor area ratio −

Property fee Objective value of residential property
management fee (CNY/m2/month) +

Greening rate Objective value of green rate in
the community +

Year Community completion time (year) +

Area features

Educational resources Number of schools within 1 km of the
neighborhood +

Medical resources Number of general hospitals within 1 km
of the community +

Landscape resources Distance from community to the nearest
park or square (m) −

Travel facilities Number of gas stations within 1 km of
the neighborhood +

Living facilities Number of supermarkets within 1 km of
the neighborhood +

Neighborhood features

Rivers
The distance from the community to the
Jialing River or the Yangtze River as the

crow flies (m)
−

CBD The rectilinear distance from the
residential area to the nearest CBD (m) −

Metro Linear distance from the cell to the
nearest orbital station (m) −

Bus Number of bus stops within 500 m of
the neighborhood +
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4. Results
4.1. Spatial Pattern of Housing Prices in Downtown Chongqing

The distribution of housing prices in the central urban area of Chongqing has an
obvious polycentric structure (Figures 1 and 2), which can be shown as follows: housing
prices are high-value centers distributed mainly in the study area, and there are several
obvious high price points in Jiefangbei Business District in Yuzhong District, Central Park
in Yubei District, the university town in Shapingba District, Guanyinqiaoi, and Jiangbei
Mouth in Jiangbe District. These regions of Chongqing have developed rapidly in recent
years, and housing prices in other regions are relatively low. ArcGIS 10.2 software was
used to conduct global autocorrelation analysis on 4711 sample points, and the results are
shown in Table 2. The global Moran’s I index is 0.22, indicating that housing prices have a
strong positive correlation in space. The Z score is 144.56, which is greater than the positive
critical value of 2.58 at a significance level of 1%, indicating that there is significant positive
autocorrelation in housing prices. The local Moran’s I index was further used to analyze
the spatial autocorrelation of housing prices in the central urban area of Chongqing [41].
According to the analysis results of the local Moran’s I index, those housing prices show
significant spatial heterogeneity, as shown in Figure 2, indicating obvious positive spatial
autocorrelation in housing prices. In the center of the study area is a significant “high-high”
aggregation, showing a multicentric trend, including mainly the Jiefangbei business circle
in Yuzhong District, Nanbin Road and Chayuan in Nan’an District, and the Zhaomushan
Plate in western Yubei District. These areas are core areas of commercial activities in
Chongqing, with an active real estate market and large transaction volume. “Low-low”
clusters appear mainly at the edges of the central city.
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Figure 2. LISA map of housing prices in the Chongqing city center.

Table 2. Moran’s I index table for global autocorrelation analysis.

Name of Index Exponent

Moran’s I Index 0.223556
Expectations index −0.000212

Variance 0.000002
Z score 144.561290
p value 0.00000

4.2. Regression Coefficient Analysis

According to the regression coefficient results of the MGWR model (Table 3, Figure 3),
elevation, floor area ratio, property fee, greening rate, building age, and distance from the
river have an impact on housing prices.

(1) Elevation. Elevation reflects our results to a certain extent, verifying our hypothesis.
Terrain factors have a certain impact on housing prices, and the impact is not fixed. The
impact also has some regional features that vary in different regions of influence. In some
areas, housing prices increase with elevation, while in other regions, elevation has the
opposite effect. The elevation coefficient ranges from −0.118 to 0.141, with an average
of −0.001. The standard deviation is 0.099, indicating that in the central urban area of
Chongqing, every 1 m increase in the elevation of a housing community increases the
price by CNY 1410 at most, decreases it by CNY 1180 at most, and decreases it by CNY
10 on average. This influencing factor varies greatly among different regions. Figure 3a
shows that the prices of housing communities in areas such as Yubei District and Jiangbei
District increase with increasing elevation, especially in the emerging development areas of
Chongqing centered on Zhaomushan Plate, Renhe Street, and Caijia, as these areas have
short construction times and better supporting facilities. At the same time, the higher the
elevation of a community is, the lower the probability of external pollution, which drives
up housing prices. However, in Jiefangbei Business District, Guanyinqiao Business District,
the tea garden in Nan’an District, and Shapingba District, housing prices decrease with
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elevation due to the relatively smooth terrain and convenient transportation in this area. A
lower elevation level means more convenient communication between the district and the
outside world. This series of factors directly affects the housing price level in these areas.
The absolute value of the regression coefficient indicates that elevation is not the dominant
factor in the characteristic quantification of housing prices, but it has a certain influence on
housing prices.

Table 3. Statistical description of multiscale geographic weighted regression coefficients.

Variable Mean STD Min Median Max

Intercept 0.219 0.101 0.043 0.218 1.257
Topographic potential index 0.057 0.019 0.056 0.056 0.498

Altitude −0.001 0.099 −0.118 −0.037 1.195
Slope −0.068 0.061 −0.583 −0.068 0.125

Plot ratio −0.041 0.182 −0.821 0.005 0.451
Property fee 0.264 0.192 −0.149 0.231 1.073

Greening rate 0.084 0.070 −0.043 0.067 0.404
Year 2.912 1.380 −0.715 2.870 10.450

Education −0.049 0.089 −0.171 −0.059 0.100
Medical 0.015 0.020 0.015 0.015 0.471

Landscape −0.032 0.013 −0.336 −0.031 −0.031
Travel −0.028 0.014 −0.029 −0.029 0.284
Living 0.086 0.017 0.085 0.085 0.465
River 0.010 0.126 −0.201 −0.038 0.318
CBD −0.143 1.000 −3.818 −0.076 5.379

Metro −0.055 0.004 −0.055 −0.055 0.041
Bus −0.011 0.005 −0.134 −0.011 −0.011

(2) Plot ratio. The floor area ratio of a housing district is subject to relevant planning
control and is fixed at the beginning of construction. However, an excessively high floor
area ratio will generally cause crowding in the district, and an excessively low floor area
ratio will lead to high housing prices, making it difficult for low-income groups to afford
housing. As shown in Figure 3b, the plot ratio has a significantly negative impact on
the prices of most housing communities that are concentrated in newer areas, such as
Zhaomushan Plate and Caijia. Because the plots in the above areas are relatively new,
the plot ratio has little variation, but the higher the plot ratio, the lower the price of unit
floor space. The areas with a positive impact of the floor area ratio on housing prices are
concentrated in the central area of Chongqing, distributed in the old campus of Chongqing
University, Chongqing Tiandi in Yuzhong District, and other places. This area has a mature
and complete real estate market. A higher floor area ratio means that the community
can accommodate more households, and a more central location and more convenient
supporting facilities can attract more residents to buy housing, leading to higher housing
prices. The mean value of the regression coefficient of the floor area ratio is −0.041, ranging
from −0.821 to 0.451, and the standard deviation is 0.182, indicating that housing prices
decrease by CNY 410 on average for every unit increase in the floor area ratio. The absolute
value of the coefficient analysis indicates that the influence intensity of the plot ratio is in
the middle of all the characteristic quantities.

(3) Property fees. Property fees significantly affect housing prices and are positively
correlated; that is, housing prices in areas with higher property fees also show a higher
trend. This trend reflects the general perception that higher property fees represent a higher
level of community environment, management, and other services, thereby driving up
housing prices. As shown in Figure 3c, the property fee regression coefficient has clear
spatial heterogeneity. Areas with a significant impact of property fees on housing prices are
concentrated mainly in the core areas of downtown Chongqing, including the Jiefangbei
business circle in Yuzhong District, Guanyinqiao business circle in Jiangbei District, Binjiang
Road in Nan’an District, and the garden and area of Vientiane City in Jiulongpo District.
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The eastern and western regions show scattered distributions, and there are more housing
sample points with regression coefficients of 0.179–0.312. The value of the property fee
coefficient is between 0.179 and 1.073, with an average of 0.264, indicating that with an
increase of CNY 1 in the property fee, the housing prices will increase by CNY 1790–10,730,
with an average increase of CNY 2640. Although property fees have an obvious positive
effect on housing prices, the spatial difference in the degree of the effect is large, and the
spatial distribution of the impact degree is uneven.
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(h) represents CBD).

(4) Greening rate. The greening rate also significantly affects housing prices and
presents a positive correlation (Figure 3d). The area with a significant effect of the greening
rate on housing prices in the central urban area of Chongqing is concentrated in Yubei
District, and the distribution of the regression coefficient also shows a certain spatial
trend, with the Zhaomushan group as the center and the outward-direction coefficient
gradually decreasing. In the area with a concentrated distribution of residential buildings,
the population and building density are higher, and higher greening rates of residential
areas can effectively drive up housing prices. The regression coefficient of the greening rate
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has an average value of 0.084 and a standard deviation of 0.07, ranging from 0.089 to 0.37,
indicating that under the same conditions, every 1% increase in the greening rate will
increase housing prices by CNY 890 to 3700, with an average increase of CNY 700.

(5) Construction age. Construction age has a significant positive impact on housing
prices, as shown in Figure 3e. From the perspective of spatial location, the influence degree
of Yubei District and Jiangbei District is much higher than that of other areas, indicating
that the traditional housing district is less affected than new districts, which means that
the impact of the housing depreciation rate on housing prices is decreasing; that is, when
housing is built, housing prices first fall faster, and the speed of this decrease then gradually
slows. The regression coefficient of building age ranges from 1.827 to 10.45, with an average
value of 2.912 and a standard deviation of 1.38, indicating that the housing price decreases
by CNY 18,270 to 104,500 for every year that housing age increases. The influence intensity
of construction age is the largest among all the characteristic quantities, with obvious
spatial heterogeneity. The positive effect of housing age on housing prices varies greatly in
different regions.

(6) Educational facilities. Supporting educational facilities have a significant nega-
tive impact on housing prices (Figure 3f). The significant influence range of educational
facilities is highly concentrated in the center of the study area, including Yuzhong District,
Nan’an District, Jiangbei District, Jiulongpo District, and the southern part of Yubei District.
This is due to the rich educational resources in the central urban area of Chongqing, rang-
ing from basic education to higher education and vocational education, but the relative
location is concentrated in the central urban area. Therefore, the spatial distribution of
the regression coefficients shows a relative tendency of aggregation. In the central urban
area of Chongqing with highly developed educational resources, in order to attract more
residents, most communities will introduce price reduction measures; thus, the supporting
educational facilities have a negative impact. The value of educational facilities ranges
from −0.171 to −0.085, with a mean value of −0.049 and a standard deviation of 0.089. For
every additional school distributed within 1 km of the neighborhood, the housing price
decreases by CNY 850 to 1710, with an average decrease of CNY 490.

(7) Distance from rivers. As shown in Figure 3g, as a local variable, this variable has a
small effect scale. The coefficient ranges from 0.271 to 0.318, indicating that the housing
price increases by CNY 2710–3180 for every 1 unit increase in distance from the river. The
absolute value of the coefficient indicates that its influence is weak. However, this does not
mean that the price of the view is lower. The reason is that the sample of this paper is the
average price of housing in the community. Generally, “view” refers to a single house.

(8) Distance from the CBD. The housing price and distance from the CBD show
a certain degree of spatial agglomeration (Figure 3h), and the regression coefficient is
negative in most areas and appears to be positive only in the vicinity of Zhaomushan
Plate. Zhaomushan Plate, as a younger and more active real estate market in the central
urban area of Chongqing, is close to Zhaomushan Park, meaning it is close to nature and a
beautiful environment. Therefore, the farther the distance from the CBD, the higher the
housing price is, while the closer the distance to the CBD, the lower the price is. The value
ranges from −2.075 to 5.379, with an average value of −0.143, indicating that the housing
price decreases by CNY 1430 for each additional 1 km from the CBD. The absolute value of
the regression coefficient reveals that its influence intensity is one of the largest of all the
characteristic quantities.

5. Conclusions and Discussion
5.1. Conclusions

Taking the central city of Chongqing as an example, this paper discusses the spatial
differentiation and spatial scale difference in housing prices in sample residential areas. The
results are as follows. (1) The spatial distribution of housing prices in sample residential
areas in downtown Chongqing has obvious spatial heterogeneity. The analysis of the local
Moran’s I index reveals that housing prices show significant “high-high” clustering in the
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core of the study area and a polycentric trend, while “low-low” clustering appears at the
edges of the study area, which is consistent with the current situation of the real estate
market in the Chongqing city center. (2) The MGWR model assigns a dedicated bandwidth
to each feature quantity. The topographic location index, medical resources, landscape
resources, transport facilities, living facilities, rail station distance, and bus station distance
are all global variables, and their spatial heterogeneity is weak. (3) The regression coefficient
analysis results show that property cost, greening rate, building age, and distance from
a river have a significant positive impact on housing prices, while educational facilities
have a significant negative impact on housing prices. The impact of elevation, floor area
ratio, and distance from the CBD on housing prices is complex. Of all the significant factors
affecting housing prices, the strongest is building age, followed by property management
fees, plot ratio, and distance from the CBD. Greening rate and elevation have the weakest
impact on housing prices, but to a certain extent, the housing prices of mountain cities are
still affected, so these factors cannot be ignored.

5.2. Discussion

The findings of this paper are consistent with the conclusions of previous studies
regarding greening rate [42], building age [21], distance from the CBD [43], educational
facilities [18], and other factors that have a significant impact on housing prices. Chongqing
is a typical mountain city in China located in a hilly and mountainous area of Southwest
China. The characteristics of the housing market and housing prices in the central urban
area are different from those in central and eastern plain cities. In the context of a large
number of previous studies [10,13,14], this paper considers the regional characteristics of
Chongqing [44] in the selection of feature quantities and adds topographic factors to the
range of defined features in attempting to explain the mechanism of topographic factors
in the formation of housing prices in mountainous cities. Chongqing is located in a hilly
and mountainous area, and the terrain is complex and varied, but this study found that the
impacts of the terrain index and slope in the sample plots of Chongqing housing prices are
not significant. Elevation has a significant effect on housing prices and shows that in the
study of urban housing price factors, reflecting regional characteristics can more accurately
reflect the uniqueness of the local housing market. As shown by the research results of
this paper, it is clear that Chongqing has formed several urban subcenters with an active
real estate market and a large number of housing communities, including Guanyinqiao,
Yangjiaping, Shapingba, Nanping, and the tea garden, which are among the “six subcenters”
proposed in the Outline of Chongqing 2020—Urban Master Plan for the Metropolitan Area
(2004–2020). These regions are still hot spots for future development, and the conclusions
of this paper provide decision-making support for the development of these regions.

By comparing the calculation results of the GWR model and MGWR model, this paper
finds that the MGWR model results are significantly better than those of the previous GWR
model and are more suitable for the study of the factors influencing real estate prices, which
is consistent with the results of previous studies. Zhang and Wu et al. [32,44,45] found that
the scale effect plays an important role in geographical research. The MGWR model can
more intuitively explain the spatiotemporal differentiation of housing prices. Incorporating
spatial attributes into the analysis of housing price characteristic quantities can lead to
better and more explanatory results by combining the spatial and other characteristics of
housing prices while simultaneously considering the dynamic change process [46].

From a policy point of view, Chongqing provides public housing for non-local migrant
workers to ease the pressure of renting. Due to the special properties of public rental
housing, workers who do not buy houses in the central urban area of Chongqing can
apply for public rental housing, which provides impetus for the diversified development
of Chongqing’s housing market, which has similar conclusions to previous studies [47].
Therefore, in addition to the quantifiable indicators listed in this paper, there are also
some non-quantifiable policy factors that play an important role in the development of the
housing market and the trend of housing prices.
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Taking Chongqing as an example, this paper investigates and analyzes the housing
prices in mountain cities, analyzes the spatial distribution of housing prices in Chongqing
by using the Moran index model, and analyzes the distribution characteristics and driving
factors of housing prices by constructing an index model. The research results of this
paper have guiding significance to enrich research practice regarding housing prices, and
can provide a theoretical basis for further exploring the development trend of housing
prices in mountain cities and formulating policies. It provides technical support for es-
tablishing a more in-depth understanding of the development law of housing markets in
mountain cities.

There are two possible limitations of this study. (1) The Euclidean metric is used
to measure the characteristics of housing sample points rather than the distance based
on accessibility, which may lead to some errors in the measurement of the distance to
surrounding facilities. This will be a direction of further research. (2) This paper studies
the characteristics of the proposed quantitative amounts; however, social factors are also
important characteristics of housing prices, and their important role in the research process
cannot be ignored. Factors such as policy [44], for example, in future studies, can be
added as important variables for a more comprehensive analysis of the factors influencing
housing prices. In the meantime, the research direction can be adjusted appropriately, and
individual factors can be considered as important influencing factors in the housing market.
For example, policy factors such as public rental housing and factors such as housing
quality can be emphasized as research directions to explore whether relevant factors in
mountainous cities have an impact on housing choices.

Author Contributions: Conceptualization, Y.C. and Q.Y.; methodology, Y.C.; software, W.Y. and L.G.;
investigation, Q.Y.; resources, Y.C.; data curation, Y.C. and L.G.; writing—original draft preparation,
Y.C.; writing—review and editing, Y.C.; funding acquisition, Y.C. All authors have read and agreed to
the published version of the manuscript.

Funding: This research was funded by [Chongqing Natural Science Foundation] grant number
[CSTB2022NSCQ-MSX1310] and [CSTB2022NSCQ-MSX1409].

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to privacy.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Fu, R.; Yang, D.; Jin, C.; Cai, T.; Wu, S.; Wang, T. Research progress and review on spatial differentiation of urban housing price: A

bibliometric analysis using CiteSpace. J. Univ. Chin. Acad. Sci. 2021, 38, 782–790. (In Chinese) [CrossRef]
2. Huang, C.; Wang, X.; Li, L. The spatio-temporal effects of urban rail transit on housing price: A case study of Fuzhou Metro Line

1. Geogr. Res. 2021, 40, 2808–2822. (In Chinese) [CrossRef]
3. Pilgram, C.A.; West, S.E. Fading premiums: The effect of light rail on residential property values in Minneapolis, Minnesota. Reg.

Sci. Urban Econ. 2018, 69, 1–10. [CrossRef]
4. Song, Z.; Cao, M.; Han, T.; Hickman, R. Public transport accessibility and housing value uplift: Evidence from the Docklands

light railway in London. Case Stud. Transp. Policy 2019, 7, 607–616. [CrossRef]
5. Ahn, K.; Jang, H.; Song, Y. Economic impacts of being close to subway networks: A case study of Korean metropolitan areas. Res.

Transp. Econ. 2020, 83, 100900. [CrossRef]
6. Zhang, L.; Zhou, T.; Mao, C. Does the Difference in Urban Public Facility Allocation Cause Spatial Inequality in Housing Prices?

Evidence from Chongqing, China. Sustainability 2019, 11, 6096. [CrossRef]
7. Yang, L.; Zhou, J.; Shyr, O.F.; Huo, D. Does bus accessibility affect property prices? Cities 2019, 84, 56–65. [CrossRef]
8. Sun, B.; Yang, S. Characteristics and Influencing Factors of Urban Housing Price Spatial Differentiation Under the Effect of

Polycentric Structure: Taking Hefei City as An Example. Resour. Environ. Yangtze Basin 2021, 30, 1538–1546. (In Chinese)
9. Zhang, H.; Tang, H.; Zhang, A. Study on the Characteristics and Formation Mechanism of Residential Space Division in the Core

Area of Capital Functions of Beijing. Urban Dev. Stud. 2019, 26, 98–106+125. (In Chinese)
10. Gebru, T.; Krause, J.; Wang, Y.; Chen, D.; Deng, J.; Aiden, E.L.; Li, F.-F. Using deep learning and Google Street View to estimate the

demographic makeup of neighborhoods across the United States. Proc. Natl. Acad. Sci. USA 2017, 114, 13108–13113. [CrossRef]
11. Lu, X.; Cai, D.; Zeng, C. Influencing factors of housing price differentiation based on the spatial quantile model: A case study of

Wuhan City. Prog. Geogr. 2021, 40, 283–292. (In Chinese) [CrossRef]

https://doi.org/10.7523/j.issn.2095-6134.2021.06.008
https://doi.org/10.11821/dlyj020201073
https://doi.org/10.1016/j.regsciurbeco.2017.12.008
https://doi.org/10.1016/j.cstp.2019.07.001
https://doi.org/10.1016/j.retrec.2020.100900
https://doi.org/10.3390/su11216096
https://doi.org/10.1016/j.cities.2018.07.005
https://doi.org/10.1073/pnas.1700035114
https://doi.org/10.18306/dlkxjz.2021.02.009


Land 2024, 13, 602 14 of 15

12. Xu, D.; Li, X.; Zhang, S. Spatial Differentiation Patterns and Influencing Factors Analysis of Housing Prices in Shenyang. Hum.
Geogr. 2021, 40, 125–134. (In Chinese) [CrossRef]

13. Lisi, G. Hedonic pricing models and residual house price volatility. Lett. Spat. Resour. Sci. 2019, 12, 133–142. [CrossRef]
14. Wang, S.; Wang, J.; Wang, Y. Effect of land prices on the spatial differentiation of housing prices: Evidence from cross-county

analyses in China. J. Geogr. Sci. 2018, 28, 725–740. [CrossRef]
15. Lancaster, K.J. New Approach to Consumer Theory. J. Political Econ. 1966, 74, 132–157. [CrossRef]
16. Rosen, S. Hedonic Prices and Implicit Markets—Product Differentiation in Pure Competition. J. Political Econ. 1974, 82, 34–55.

[CrossRef]
17. Freeman, A.M. Hedonic Prices, Property-Values and Measuring Environmental Benefits—Survey of the Issues. Scand. J. Econ.

1979, 81, 154–173. [CrossRef]
18. Xu, S.; Zhang, Z. Spatial Differentiation and Influencing Factors of Second-Hand Housing Prices: A Case Study of Binhu New

District, Hefei City, Anhui Province, China. J. Math. 2021, 2021, 8792550. [CrossRef]
19. Tang, Q.; Xu, W.; Ai, F. A GWR-Based Study on Spatial Pattern and Structural Determinants of Shanghai’s Housing Price. Econ.

Geogr. 2012, 32, 52–58. (In Chinese)
20. Bitter, C.; Mulligan, G.F.; Dall’erba, S. Incorporating spatial variation in housing attribute prices: A comparison of geographically

weighted regression and the spatial expansion method. J. Geogr. Syst. 2007, 9, 7–27. [CrossRef]
21. Wen, H.; Jin, Y.; Zhang, L. Spatial Heterogeneity in Implicit Housing Prices: Evidence from Hangzhou, China. Int. J. Strateg. Prop.

Manag. 2017, 21, 15–28. [CrossRef]
22. Fotheringham, A.S.; Yang, W.; Kang, W. Multiscale Geographically Weighted Regression (MGWR). Ann. Am. Assoc. Geogr. 2017,

107, 1247–1265. [CrossRef]
23. Yu, H.; Fotheringham, A.S.; Li, Z.; Oshan, T.; Kang, W.; Wolf, L.J. Inference in Multiscale Geographically Weighted Regression.

Geogr. Anal. 2020, 52, 87–106. [CrossRef]
24. Shen, T.; Yu, H.; Zhou, L.; Gu, H.; He, H. On hedonic price of second-hand houses in beijing based on multi-scale geographically

weighted regression: Scale law of spatial heterogeneity. Econ. Geogr. 2020, 40, 75–83. (In Chinese)
25. An, R.; Wu, Z.H.; Tong, Z.M.; Qin, S.X.; Zhu, Y.; Liu, Y.L. How the built environment promotes public transportation in Wuhan: A

multiscale geographically weighted regression analysis. Travel Behav. Soc. 2022, 29, 186–199. [CrossRef]
26. Xiao, G.N.; Wang, T.; Luo, Y.H.; Yang, D.Q. Analysis of port pollutant emission characteristics in United States based on multiscale

geographically weighted regression. Front. Mar. Sci. 2023, 10, 1131948. [CrossRef]
27. Trevor, H.; Robert, T. Generalized Additive Models. Stat. Sci. 1986, 1, 297–310. [CrossRef]
28. Lu, B.; Charlton, M.; Harris, P.; Fotheringham, A.S. Geographically weighted regression with a non- Euclidean distance metric: A

case study using hedonic house price data. Int. J. Geogr. Inf. Sci. 2014, 28, 660–681. [CrossRef]
29. Wu, C.; Ren, F.; Hu, W.; Du, Q. Multiscale geographically and temporally weighted regression: Exploring the spatiotemporal

determinants of housing prices. Int. J. Geogr. Inf. Sci. 2019, 33, 489–511. [CrossRef]
30. Brunsdon, C.; Fotheringham, A.S.; Charlton, M.E. Geographically weighted regression: A method for exploring spatial nonsta-

tionarity. Geogr. Anal. 1996, 28, 281–298. [CrossRef]
31. Fotheringham, A.S.; Brunsdon, C.; Charlton, M. Geographically Weighted Regression: The Analysis of Spatially Varying Relationships;

John Wiley & Sons: Hoboken, NJ, USA, 2002.
32. Liu, N.; Strobl, J. Impact of neighborhood features on housing resale prices in Zhuhai (China) based on an (M)GWR model. Big

Earth Data 2022, 7, 146–169. [CrossRef]
33. Leong, Y.-Y.; Yue, J.C. A modification to geographically weighted regression. Int. J. Health Geogr. 2017, 16, 11. [CrossRef] [PubMed]
34. Fotheringham, A.S.; Crespo, R.; Yao, J. Exploring, modelling and predicting spatiotemporal variations in house prices. Ann. Reg.

Sci. 2015, 54, 417–436. [CrossRef]
35. Helbich, M.; Brunauer, W.; Vaz, E.; Nijkamp, P. Spatial Heterogeneity in Hedonic House Price Models: The Case of Austria. Urban

Stud. 2014, 51, 390–411. [CrossRef]
36. Lu, B.; Brunsdon, C.; Charlton, M.; Harris, P. Geographically weighted regression with parameter-specific distance metrics. Int. J.

Geogr. Inf. Sci. 2017, 31, 982–998. [CrossRef]
37. McCord, M.; Davis, P.T.; Haran, M.; McGreal, S.; McIlhatton, D. Spatial variation as a determinant of house price. J. Financ. Manag.

Prop. Constr. 2012, 17, 49–72. [CrossRef]
38. Taltavull de la Paz, P.; McGreal, S. A re-assessment of house price indices: Evidence from the spanish market. Int. J. Strateg. Prop.

Manag. 2019, 23, 23–35. [CrossRef]
39. Yao, J.; Fotheringham, A.S. Local Spatiotemporal Modeling of House Prices: A Mixed Model Approach. Prof. Geogr. 2016, 68,

189–201. [CrossRef]
40. Lukavec, M.; Boena, K. How much does a minute of commuting time cost? An examination of property prices in relation to

distance to the city center in Prague, Czech Republic. Stavební Obz. Civ. Eng. J. 2017, 4, 555–567. [CrossRef]
41. Anselin, L. Local Indicators of Spatial Association—LISA. Geogr. Anal. 1995, 27, 93–115. [CrossRef]
42. Ma, Y.; Gopal, S. Geographically Weighted Regression Models in Estimating Median Home Prices in Towns of Massachusetts

Based on an Urban Sustainability Framework. Sustainability 2018, 10, 1026. [CrossRef]
43. Bagheri, B.; Shaykh-Baygloo, R. Spatial analysis of urban smart growth and its effects on housing price: The case of Isfahan, Iran.

Sustain. Cities Soc. 2021, 68, 102769. [CrossRef]

https://doi.org/10.13959/j.issn.1003-2398.2021.06.014
https://doi.org/10.1007/s12076-019-00232-2
https://doi.org/10.1007/s11442-018-1501-1
https://doi.org/10.1086/259131
https://doi.org/10.1086/260169
https://doi.org/10.2307/3439957
https://doi.org/10.1155/2021/8792550
https://doi.org/10.1007/s10109-006-0028-7
https://doi.org/10.3846/1648715x.2016.1247021
https://doi.org/10.1080/24694452.2017.1352480
https://doi.org/10.1111/gean.12189
https://doi.org/10.1016/j.tbs.2022.06.011
https://doi.org/10.3389/fmars.2023.1131948
https://doi.org/10.1214/ss/1177013604
https://doi.org/10.1080/13658816.2013.865739
https://doi.org/10.1080/13658816.2018.1545158
https://doi.org/10.1111/j.1538-4632.1996.tb00936.x
https://doi.org/10.1080/20964471.2022.2031543
https://doi.org/10.1186/s12942-017-0085-9
https://www.ncbi.nlm.nih.gov/pubmed/28359282
https://doi.org/10.1007/s00168-015-0660-6
https://doi.org/10.1177/0042098013492234
https://doi.org/10.1080/13658816.2016.1263731
https://doi.org/10.1108/13664381211211046
https://doi.org/10.3846/ijspm.2019.6366
https://doi.org/10.1080/00330124.2015.1033671
https://doi.org/10.14311/CEJ.2017.04.0044
https://doi.org/10.1111/j.1538-4632.1995.tb00338.x
https://doi.org/10.3390/su10041026
https://doi.org/10.1016/j.scs.2021.102769


Land 2024, 13, 602 15 of 15

44. Dong, W.; Fu, X.; Zhang, Y.; Qin, G. Research on the Policy Effect of Property Tax Reform: Take the Pilot Reforms in Chongqing
and Shanghai as Examples. Discret. Dyn. Nat. Soc. 2022, 2022, 1940023. [CrossRef]

45. Zhang, Y.; Fu, X.; Lv, C.; Li, S. The Premium of Public Perceived Greenery: A Framework Using Multiscale GWR and Deep
Learning. Int. J. Environ. Res. Public Health 2021, 18, 6809. [CrossRef] [PubMed]

46. Olszewski, K.; Waszczuk, J.; Widlak, M. Spatial and Hedonic Analysis of House Price Dynamics in Warsaw, Poland. J. Urban Plan.
Dev. 2017, 143, 14. [CrossRef]

47. Trond-Arne, B. A housing market with cournot competition and a third housing sector. Int. J. Econ. Sci. 2022, 6, 13–27. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1155/2022/1940023
https://doi.org/10.3390/ijerph18136809
https://www.ncbi.nlm.nih.gov/pubmed/34202924
https://doi.org/10.1061/(asce)up.1943-5444.0000394
https://doi.org/10.52950/ES.2022.11.2.002

	Introduction 
	Materials and Methods 
	Study Area 
	Data Sources 

	Methods 
	Model Selection 
	Variable Setting 

	Results 
	Spatial Pattern of Housing Prices in Downtown Chongqing 
	Regression Coefficient Analysis 

	Conclusions and Discussion 
	Conclusions 
	Discussion 

	References

