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Abstract: Infrastructure and amenities have an evident effect on differentiated urban
structures and house prices. However, few studies have taken into account the spatial
heterogeneity of large-scale urban areas. Regarding this issue, the present study proposes a
novel spatial framework to quantify the impacts of built environment factors on the housing
market. We aim to answer: how does a specific factor impact house prices across different
spatially autocorrelated neighbourhood clusters? The city of Shanghai, the economic centre
of China, is examined through the transaction data from the China Real-estate Information
Center (CRIC) are analysed. Firstly, spatially autocorrelation clusters were explored to
identify high/low housing prices in concentrated areas in Shanghai. Secondly, using the
development-scale house prices as the dependent variable, we employed ordinary least
squares (OLS) linear regression and geographically weighted regression (GWR) models to
examine the impact of built environment facilities on the house prices across these spatial
autocorrelation regions and Shanghai more generally. The results suggest the following:
(1) There are significant spatially autocorrelated clusters across Shanghai, with high-value
clusters concentrated in the city core and low value concentrated in the suburban fringes;
(2) Across Shanghai and its spatially autocorrelated clusters, transportation accessibility
and service amenities factors can affect house prices quite differently, especially when
focusing on the city centre and the suburban areas. Our results highlight the importance of
optimising the city’s polycentric structural framework to foster a more balanced regional
development. Differentiated approaches to the distribution of public service facilities
should be adopted to address the diverse needs of residents across various regions.

Keywords: spatial analysis; housing market; GIS; autocorrelated clusters; geographically
weighted regression; influencing factor

1. Introduction

The marketisation of China’s real estate industry began with the 1998 housing re-
form, the effects of which are remarkable [1,2]. From 1998 to 2018, the annual transaction
volumes increased by 14.1 times, which led to China overtaking Germany to become the
fourth-largest real estate market in the world in 2018, only being surpassed by the US,
Japan, and the UK [3]. This marketisation of housing not only gives residents more residen-
tial options, but also, as the real estate industry is characterised by a long supply chain and
many related sectors, it has a strong positive indirect effect on other industries [4,5]. The
estimation shows that the housing market contributes more than 15% of the GDP of the
Chinese economy.
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One consequence of rapid urban development and investment is the inevitable rise
in housing prices. For instance, the economic centre of China, Shanghai City, experienced
a 270 percent increase in housing prices in the first decade of the twenty-first century [6].
By the end of 2021, the average annual house price in the most expensive neighbourhoods
had already exceeded CNY 160,000 (GBP 15,000) per square metre; housing affordability
has become an issue [7,8]. Since 2016, the authority has worked hard to avoid flipping
property behaviours and high-leverage situations from both the supply and demand sides,
aiming to reduce the investment characteristic of the real estate, and providing affordable
housing to those who really need an apartment. However, due to the multifaceted shocks
caused by the COVID-19 pandemic since 2019, various factors have caused changes in
people’s housing preferences [9]. In May 2022, the average house prices in China’s 70 major
cities declined by 0.1 per cent for the first time since September 2015. Evidence in multiple
forms has led people to believe that the Chinese housing market is facing unprecedented
challenges. Therefore, it is beneficial to investigate the latest housing market performance
of a metropolis in China through the built environment perspective, as it will provide the
authority with the most intuitive consumer information to identify the living habits and the
most concerning issues of residents, which can be used to optimise the urban construction
together whilst distinguishing the consumption and investment behaviours when setting
up policies [10-12].

The influencing factors on housing prices have been widely investigated from
two perspectives, namely national and city scales. Regarding the first aspect, these factors
are commonly associated with fiscal, housing policies, and monetary [13,14]. For the hous-
ing prices at the level of the city, the influencing factors mainly include urban planning and
development, population, housing supply, and demand [15-17]. In the past two decades,
it was found that the combination of urban expansion issues and ‘skyrocketing’ house
prices can cause significant financial crises [18]. In addition, social inequality problems are
also one of potential consequences, such as social polarisation, residential segregation, and
poor housing availability [19,20]. Therefore, optimising and adjusting urban development
is a crucial subject for researchers, organisations, and government authorities. However,
studies in this area have primarily concentrated on government policies, developer status
and housing bubbles [21,22]. And, there is less research that has been performed on the
spatial dynamics of the housing market, particularly the influence of public transportation
and service amenities [23]. Therefore, it is imperative to examine the specific impact of
urban infrastructures such as service amenities and public transportation on housing prices
to provide dynamic insights into government policy. Moreover, in recent years, although
many studies have focused on the city-level influencing factors in cities in China [24-26],
none of them focused on the impact of those factors in spatially autocorrelated clusters.
This study creatively uses a new database, namely the China Real Estate Information
Corporation (CRIC) database, together with a discussion of the impact factors from a new
perspective, with the intention of contributing to a better understanding of the spatial
controlling mechanism of the housing market, and propose advice on the allocation of
amenities in different areas.

Our study aims to address the central question as follows: how do built environment
factors—such as proximity to service amenities and public transportation—influence the
house price across spatially autocorrelated neighbourhood clusters?. The economic centre
of China, the city of Shanghai, is selected as the study area. We followed mature methods
adopted by some similar studies (e.g., [17]), but also proposed a creative structure for
considering the spatial clusters. Specifically, our objectives include (i) determining whether
there are clusters of spatially autocorrelated neighbourhoods in Shanghai and identifying
those clusters. (ii) Using regression analysis to measure how the proximity to service
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amenities and public transportation in the built environment can have spatially different
impacts on house prices across Shanghai.

2. Materials
2.1. Study Area

Shanghai City is selected as the study area. It is located in the eastern part of China and
regarded as the economic centre of the country. It covers an area of approximately 6340 km?,
with a total population of around 24.9 million, equivalent to a density of 3927 people/km?.
As indicated in Figure 1a, the building area is divided into 16 administrative districts,
among which seven constitute so-called ‘downtown Shanghai’. In addition, the authorised
Central Business District ‘Lujiazui’ is in the Pudong New Area, so the very north part of
the Pudong New Area is also considered part of the city centre. In this study, we further
divide the city into 114 neighbourhoods at the neighbourhood’s scale based on its real
estate market divisions. Figure 1b shows the boundaries of these 114 neighbourhoods;
since the names of the neighbourhoods are too difficult to display on a single map, only the
neighbourhoods located in the city centre are labelled with names.

i ’:study area

0 500 1000km ,

0 10 20km
-

Figure 1. (a) Location and administrative map of the study area; and (b) Boundaries of the
114 neighbourhoods in Shanghai.
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2.2. Data Sources

We study the Shanghai housing market with a particular emphasis on first-hand
transactions by adopting two types of house price indicators from the China Real Estate
Information Corporation (CRIC) database (https://vip.cric.com/gateway (accessed on
11 September 2024)). The CRIC (founded in 2006) is a premium Chinese database which
provides comprehensive real estate-related information. CRIC has high credibility as
the largest real estate information provider in China, serving more than 95% of the Top
100 real estate developers and some government sectors. There are several reasons to set
newly built house prices as our major concern: First, a major portion of housing transactions
concentrate in the newly built projects in Chinese housing markets currently, which is
also an indispensable stage in other nascent housing markets’ initial developments [27].
Second, one official house price index, so-called the “Average Selling Price of Newly-Built
Residential Buildings” is regularly updated in China [28]. Hence, we can conclude that
transaction prices of the newly built houses are rather important for Chinese housing
market. Moreover, although the CRIC database contains information for both primary
and second housing markets, a rather large part of data are collected from newly-built
residential buildings from real estate developers. Moreover, the database only allows us to
check the house prices of newly built houses for a specific project, and the data regarding
second-hand house prices are considered insufficient.

Hence, in this study, we collected selling information about areas, prices, and develop-
ers of first-hand transactions. In addition, all other datasets that had been employed in the
study are in Table 1.

Table 1. Data source summary used in this study.

Dataset Description Geographical Scale Data Sources
CRIC Annual Average House Annual average house price in Polygons for
Price Data 114 neighbourhoods Shanghai neighbourhoods
The average transaction price for https://vip.cric.com/gateway
CRIC New Development newly built developments (accessed on 11 September 2024)

Transaction Price

including information about Points data (SHP format)

housing structures

Gaode Map Data

Accessibility and public amenities
data in Shanghai

https:/ /lbs.amap.com/ (accessed

Points data (SHP format) on 11 September 2024)

2.2.1. CRIC Development Variables

In this study, two types of housing prices from the CRIC database are considered,
namely the annual average house price (AAHP) and the new development transaction
price (NDTP). The first type of dataset is mainly used for identifying the significant clusters
of spatial autocorrelations in Shanghai. To better understand the patterns and developing
trends of the housing market, the AAHP in recent years for all 114 neighbourhoods are
taken into account.

The second dataset is used for stage Il regression analysis, which records the total trans-
actions in 787 newly built housing developments in 2021. There are two reasons for using
this dataset. Firstly, it will give a larger sample size and more accurate built environmental
information than those neighbourhood house prices. Secondly, the transaction price is more
accurate than the listed price, given that listed prices are commonly highly overestimated.
As the resale property prices in China are scattered across different real estate platforms
and difficult to obtain [29-31], we choose the newly constructed (first-hand) developments
information on CRIC database, which can overcome this issue. Table 2 integrates the field
information that is used in this study.
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Table 2. CRIC new developments transaction dataset overview.

Type of Field Fields Used for
General Year Demonstrate the time scale
Development address’, Identify the geometry of
‘district’, ‘neighbourhoods’ those developments

Basic information

‘Total dwelling number’, ‘total
construction area’, “total
construction/total land use ratio’,
‘parking plots ratio’

Independent variables

Sales data

‘Total transactions supplied’, ‘average
transaction price per unit’ ‘average
transaction volume’

Independent variables; dependent
variables (in bold)

2.2.2. Gaode Map

Despite the prices and structural information contained in the CRIC database, it does
not provide the build environment factors. In our analysis, this type of information is
collected from the Gaode Map Application Programming Interface (API). It is a Chinese
mapping software which can provide locational information including name, description,
and coordinates of observations. Specifically, the Gaode API v2022 provides the vari-
ables associated with accessibility to transportation and public amenities data all over
Shanghai. Regarding the former type of data, the information on high-speed rail stations
and underground stations is analysed. The public amenities include hospitals, primary
schools, kindergartens, shopping centres, and parks. It should be noted that the education
facilities include basic education (public schools) and premium education (top schools).
Therefore, apart from kindergartens and primary schools, we also include 60 high-ranked
middle schools in Shanghai as the indicator of public amenities. These middle schools are
ranked by university acceptance rate and published by the Shanghai Education Bureau
(https://edu.sh.gov.cn/ (accessed on 11 September 2024)). The locations are also retrieved
from the Gaode map v2022. All the information mentioned above is provided as the point
format in Gaode API v2022, the GIS platform is used to calculate the distance from them to
houses and neighbourhoods.

3. Methodologies
3.1. Overview of the Analysis Strategy

The overall aim of this study is to address how service amenities and public transporta-
tion influence house prices across spatially autocorrelated neighbourhood clusters and
Shanghai more generally. This question is divided and answered into two stages (Figure 2).

Stage I aims to determine whether there are spatial autocorrelation effects in the
Shanghai housing market. We will use choropleth maps to examine the house price
distribution of 114 neighbourhoods. Then, using the global Moran’s I index to confirm
whether spatial autocorrelation exists quantitatively. Since the index results indicated a
statistically significant positive correlation, a local Moran’s Is test is applied to find out
which cluster areas have both high house prices on their own and high-value neighbours
(high—high cluster), and by contrast, which areas are adjacent with lower prices (low-low).

The division of neighbourhood-scale data is limited by a relatively small sample size
making it difficult to measure accessibility within the built environment. To address this
problem, Stage II uses development-scale data to more accurately measure proximity to
points of interest in the built environment and how these affect house prices in Shanghai.
This is performed through a global regression and a geographically weighted regression
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(GWR) model conducted on different variables. Both multicollinearities between variables
and the global Moran’s I index are tested as the prerequisites of GWR. Once the model
of a house price, as measured in development transactions (discussed in the following
sections), is fitted with 13 explanatory variables, the significant variables in the global
regression are interpreted. The significance level set in this project is the same as in the
literature [17]. In addition, it should be noted that, when interpreting the GWR coefficients,
we bring in the idea of spatially clustered areas to investigate whether coefficients in
those regions have significant patterns adding more nuance to the interpretation of the
quantitative results. The analytical process in Stage I and Stage II is conducted in both
Python 3.9 and QGIS 3.20. The Python notebook can be checked in GitHub repository
(https:/ /github.com /luciaaa77 /Shanghai_analysis (accessed on 11 September 2024)).

Using the house price data on Using the house price data on
neighbourhoods scale housing development scale

A

p
Data cleaning and
processing

Aim
procedures

Stage |: Spatial autocorrelation Stage II: Regression analysis
clusters

y

Y
< a. choropleth maps >
d. select variables

A

Test for spatial J'

autocorrelation in Shanghai
9 e. global Moran's | index

before GWR
Y
b. global Moran's | index 4
l ( Fit OLS and GWR model ]
c. Local test of spatial
autocorrelation
LISA :

’ Interpret Model result J

y

Visualize clusters and built
environmental factors

Figure 2. The methodology flow chart of this study.

3.2. Identification of the Spatial Clusters
3.2.1. Data Processing

Stage I uses the first dataset in CRIC, which contains the house price information on
the neighbourhood scale. Table 3 shows the detailed information and summary statistics
of the final dataset that has been employed for analysis, where (CNY) for Chinese Yuan
(namely RMB), (GBP) for British Pounds, and the exchange rate is according to the latest
exchange rate in 2024. The original data contains null values; with consideration, those are
not dropped since they stand for areas with no transaction records throughout that year.
At the end of stage I, we also employed the Gaode accessibility and services amenities data,
including all transportation and public amenity locations mentioned in Session 2.2.
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Table 3. Neighbourhood-scale house price.

Column Used

Average (CNY) Average (GBP) Standard Deviation (CNY) Standard Deviation (GBP)

Unit house price_2021
Unit house price_2019
Unit house price_2017
Unit house price_2015

40,164 4982 39,759 4932
35,449 4397 27,521 3413
31,783 3942 24,927 3091
28,021 3476 20,467 2539

3.2.2. Moran’s I Index

Choropleth maps are used to explore the general trend; however, there are cases where
we think there is a spatial pattern, but in fact, what we are seeing is largely random [32].
To actually prove and measure the spatial pattern, spatial autocorrelation analysis can be
introduced. Spatial autocorrelation describes the relationship between spatial variables
and explains the distribution and relationship of spatial elements within a given environ-
ment [33]. As such, one of the most popular indexes of global autocorrelation analysis
is the Moran’s I index [34-37], which quantifies the degree of spatial autocorrelation by
comparing the value of each feature with the values of neighbouring features. The formula
of the global Moran’s I index can be driven as the equation below:

no L) wiziZj

I =
iyjwi o Y22

1)

where [ is the Moran’s I index; n stands for the number of observations; z;, z;j are the
standardised value of the observation at location i, j; wij refers to the ith row and jth column
of a W spatial weights matrix. A spatial weight matrix w is used to formulate the spatial
information, which is necessary when testing for autocorrelation. This matrixisan x n
square matrix, and each element wj; in this matrix indicates how strongly each of the n
spatial observations is related spatially.

The global Moran’s I value has a range between —1 and 1, and when it is greater than
0, it indicates that a given area has a positive correlation with its neighbours and shows
spatial agglomeration. If the index is less than 0, it suggests that the regions tend to have
geographical dispersion. In the case of [ = 0, it shows there is no spatial connection between
the observations.

The above global spatial autocorrelation analysis aims to give an overall conclusion
of whether spatial autocorrelation exists in the study area; however, it is unable to iden-
tify whether the observation values have spatial clusters [38]. Therefore, to determine
those spatially clustered areas, we investigate the local spatial heterogeneity between a
specific area and its neighbours using local spatial autocorrelation analysis [36,39,40]. This
study conducted local Moran’s I index as one type of local indicator of spatial association
(LISA) [41] to test the local autocorrelation, The idea of it is to identify whether the value of
an observation and the average of its neighbours is positively autocorrelated (HH or LL)
or negatively correlated (HL, LH), since we only interested in the areas where clusters are
positively correlated, i.e., HH and LL clusters. The equation of the local Moran’s I index is

as follows:
Zi
Ii — ; E] Z’thj; My =

¥

. (2)
where I; equals the local Moran’s I index; m; is the variance of the distribution of values
in the data; %} and z;j are the standardised values of the observation at location 7 and j;
while wy; refers to the ith row and jth column of a W spatial weights matrix; n means the
number of observations. LISA can quickly return clusters where values are concentrated
and provide evidence about potential processes [42]. However, neighbourhoods should be
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statically significant to be considered, and we only take neighbourhoods that have at least
one high-value neighbour and p-value < 0.05 into account.

3.3. Impacts of the Environment Factors on House Price
3.3.1. Data Processing

The data used in stage II serve as the basis for the regression analysis. Particularly, we
used the following two datasets:

(1) CRIC annual new-built developments data: The development transaction data
contains 787 newly built developments’ transaction data in 2021 as the dependent variable.
The original data were cleaned by removing all the empty values, therefore leaving the
values for developments that have transaction records throughout that particular year.
Despite the considerable structure-related information in the raw data, it only contains the
actual address of the developments without longitude and latitude, therefore, geocoding
through Gaode Map API v2022 is conducted. Moreover, for the consistency of the housing
structure, housing developments that are not commercial properties, such as compensation
housing and subsidised housing, were also removed.

(2) Gaode Map accessibility and amenities data: To transform the accessibility and
public amenities data to the independent variables, feature engineering was conducted to
convert these points to the shortest distance between development and the different public
facilities. This is achieved by distance matrix analysis on QGIS 3.20.

(3) Factor Selection: There are 14 variables in total, including both independent (13)
and dependent (1) variables, the new development transaction price is the only independent
variable. For independent variables, there are two categories: structural attributes and built
environment attributes. Table 4 provides the detailed information for each variable.

Table 4. Regression variables.

Variables

Definition (Name and Unit) Abbrev. Mean Code

House price

average transaction price for newly built House price 34610.74

developments (CNY/ m?)

Number of total dwellings Total_D 909 1

Construction area/land use area ratio C_ratio 1.86 2

Structure attributes Parking plots per household Park_P 1.17 3
Average transaction volume (CNY) Av_TV 4,691,659 4

Average apartment areas (m?) Av_AA 99.67 5

Distance to the nearest primary school (m) D_School 1538 6

Distance to the nearest undergrounds station (m) D_Underground 2910 7

Distance to the nearest hospital (m) D_Hospital 13,788 8

Built environment Distance to the nearest municipal park (m) D_Park 1686 9
attributes Distance to the nearest train station (m) D_Train 16,589 10
Distance to the nearest top 60 high school (m) D_Top 5657 11
Distance to the nearest kindergarten (m) D_Kindergarten 663 12

Distance to the nearest shopping centre (m) D_Shoppingcentre 13,037 13

We followed international literature and expert knowledge to select these variables.
However, it should be noted that not only literature regarding Shanghai were referred,
so the finally selected variables were a little different from similar studies. For instance,
we noted that some studies excluded the distance to central business districts (CBDs)
(e.g., [22,43]), or some studies found that this variable had no significant relationship with
housing price (e.g., [31]), so we did not consider the distance to CBDs. Moreover, we
focus on the accessibility of service amenities. In China, CBDs are rather considered as
places for business activities or working, instead of a kind of service amenity. Hence, we
finally did not consider this variable, although some studies have proven its important
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role in shaping the house prices. Last, this study aims to mainly investigate the role of
service amenities and public transportation in shaping house price, so we did not consider
other kinds of variables, including structural factors (e.g., building age, number of floors),
economic factors (e.g., income level, mortgage interest rates), or demographic factors (e.g.,
household size).

(4) As we stated in Section 3.2, the currency unit is the Chinese Yuan represented by
CNY, as it has been widely adopted in the housing market in China.

3.3.2. Factor Multicollinearity Analysis

Before running the GWR model, it is necessary to carry out a spatial autocorrelation
analysis and obtain a significant result. Otherwise, it will be inappropriate to use this type
of model [44]. In addition, the multicollinearity between variables should also be checked
before running the GWR model. Therefore, we test the global spatial autocorrelation of the
CRIC development dataset under the same method in Stage I, where multicollinearity is
checked using the Pearson correlation coefficient and variance inflation factor (VIF), which
is helpful to drop highly correlated variables. Generally, a VIF value of less than 5 suggests
independence among the factors, while a value exceeding 5~10 indicates multicollinearity,
necessitating the exclusion of the correlated factor [45,46]. The formula for calculating VIF

is as follows: 1

VIF= —
1—Rj2

)
where R}?— is the determination coefficient for the regression analyses of all other variables.

3.3.3. Ordinary Least Squares (OLS) Linear Regression Model

Before conducting the geographically weighted regression, it is also helpful to explore
the relationship between variables and select variables using an ordinary least squares
(OLS) linear regression model [44]. In this study, a hedonic pricing model has been applied,
and the hedonic pricing model is a type of multiple linear regression that regresses on
a given price by characterising its many characteristics using a variety of explanatory
variables [17]. The hedonic price model has been extensively utilised to determine the
values of houses all over the world for the last three decades [7]. The formula of the hedonic
model is written as:

Y =C+BX+exe ~ N(0,6%I) (4)

where Y equals the developments’ unit price; C is the constant term; § stands for the
parameter for explanatory variable X; and €* refers to the error term.

3.3.4. Geographically Weighted Regression

OLS offers a comprehensive overview of the Shanghai real estate market’s dynamics.
However, the fundamental distinction between different parts of Shanghai is still not
unclear. There is substantial evidence in the literature that the housing market exhibits
both spatial autocorrelation and spatial heterogeneity [47—49]. If those spatial effects exist,
the hedonic price model will be unable to be compatible with the normal distribution,
which brings challenges to the spatial analysis and potentially produces insignificant model
estimates [30]. Thus, GWR is introduced, it is also a linear regression model but pays
may more attention to the local regressions [44]. The linear regression (LR) and spatial
lag model (SLM) are also widely used econometric models to explore the neighbourhood
influence of the dependent variable [50] (Elhorst, 2010). However, they are both global and
stationary forms where coefficients are assumed to be stationary and fixed across space.
Hence, we selected the GWR model to capture the spatially heterogeneous features in data
relationships, which fits better with the settings of our study area [51].



Buildings 2025, 15, 708 10 of 28

The basic idea of GWR is to explore how the relationship between a dependent
variable and explanatory variables will change geographically. It assumes that regression
coefficients are a function of the observation point’s geographic location, so it is possible to
analyse the spatial differences between the dependent variables [17,52,53]. The limitation
of the GWR would be it still highly sensitive to multicollinearity [54], and the dependence
between spatial errors [55]. The model formula is as follows:

Yi = ,BO(.ui,vi) + Zﬁk(ﬂi/ vi)xik +esi=1,2,...,n, 5)

where (y;, v;) refers to the coordinate of the observation point i; Bi(y;, v;) equals its kth
regression parameter.

The way that GWR works is by sequentially moving a search window from one point
in the dataset to another; when the search window sits on a sample point, all other points
that are around it and within the search window are identified as regions. Regression
points in each region are then fitted using a regression model, with the points closest to the
centre of the model receiving the most weight [56]. Our data contain 787 observations, and
GWR will fit 787 weighted regression models. Choosing the size of the ‘search window” is
one of the key steps when fitting the model, which can be achieved by bandwidth selection.
Our study is conducted by searching for the optimal bandwidth using the Sel_BW class in
the mgwr package. By selecting their default values, a fixed distance is used to calculate
the bandwidths of the Gaussian kernel.

4. Results

4.1. Exploratory Data Analysis
4.1.1. Variable Distribution

Figure 3a shows that the distribution of house prices is positively skewed rather
than normally distributed. To increase model interpretability, a log transformation of the
development house price was conducted (Figure 3b). The distribution of each individual
variable is shown in Figure 4; no further log transformation is performed. Both independent
variables and dependent variables are standardised before fitting the regression model.

- () (b)

100

8 8
40 4
20 4
. 04
0 25,000 50,000 75,000 100,000 125,000 150,000 325 350 375 400 425 450 475 500 525
average average_log

Figure 3. Histogram of house price: (a) Histogram of house price; (b) Histogram of logged price.
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Figure 4. Distribution of independent variables multicollinearity, where the units for the variables

have been addressed in Table 4.
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4.1.2. Multicollinearity Analysis

The multicollinearity between variables is checked, Figure 5 shows there are highly
correlated variables between some variables, e.g., ‘distance to the train” and ‘distance to
hospital’; ‘distance to kindergarten’, and ‘distance to hospitals’. We further use the variance
inflation factor (VIF) to remove the variables that have a high value above 5, and the
variable that is removed is ‘distance to hospital’. The correlation between ‘distance to the
train station” and ‘distance to kindergarten” was also relatively high, but less than 5, so
they were kept in the analysis. Please note that, herein, the VIF values were the normalised
values. Next, we utilised an automatic procedure recently developed in the literature [57]
to test the local multicollinearity in each spatial cluster (see Section 4.2 for the details of the
spatial cluster). The results showed that all of the obtained VIF values were smaller than 5,
indicating that the local multicollinearity did not exist in our analysis.
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Figure 5. Results of the multicollinearity analysis showing the correlation of independent variables,
where the code for variables have been clarified in Table 4.

4.2. Spatial Cluster Pattern of Housing Price

The distribution of the average annual housing price in Shanghai from 2015 to 2021
has been illustrated in Figure 6, which shows that housing prices in Shanghai vary spatially,
with high house prices concentrated in the city centre and expanding from the centre to the
outskirts from year to year.

In 2015, most of the neighbourhoods had an average unit price of below CNY
30,000 per m?; neighbourhoods Huaihai Road” and ‘South Jingan’ are the only two areas
that reached an average house price of at least CN'Y 100,000 (roughly GBP 12,193) per m?.
Moreover, neighbourhoods in the city centre area, particularly those two neighbourhoods,
always drive a sharp increase in the average house price across these years. Neighbour-
hoods such as ‘Huaihai Road’, ‘BiYun’, and ‘North Waitan” are the ones with the highest
house prices, which reached a price range of CNY 100,000 to CNY 160,000 in 2021, while
most of the neighbourhoods in the outer ring still experienced house prices below CNY
30,000. Generally, the high-price neighbourhoods are concentrated in the central city dis-
tricts. However, in recent years, some neighbourhoods have higher house prices in the
outskirts than those neighbourhoods relatively closer to the city centre.



Buildings 2025, 15, 708

13 of 28

Huaihai Road

Legend

[ 0-30,000

["] 30,000-50,000
[] 50,000-80,000

[ 80,000-100,000
[ 10,000-130,000
(C) I 13,000-160,000 (d)

Figure 6. Distribution of house prices in 114 neighbourhoods during 2015 and 2021: (a) 2021 neigh-
bourhoods with significant high house price neighbourhoods labelled; and (b) 2019 neighbourhoods
with the outline of the city centre (c) 2017. (d) 2015.

Figure 7 and Table 5 show the results regarding the global Moran’ I index analysis.
Figure 7 displays a positive spatial autocorrelation of the standardised house price, as the
line of best fit displays a positive relationship between both the standardised house price
and its spatial lag. It means the overall trend is for high values to be close to other high
values (the first quadrant), and low values surround low values. This suggests a positive
spatial autocorrelation relationship that exists in the 2021 Shanghai neighbourhoods, which
means neighbourhoods with high house prices are always adjacent to each other.
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Figure 7. Moran scatterplot.
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Table 5. Result of the global Moran’s I index analysis for 2021 neighbourhoods house price.

Index Value
Moran’s I index 0.35165
Exp.index —0.00887
Variance 0.00169
Z-score 8.76536
p value 0.00000

According to Table 5, Moran’s I index is greater than zero (0.35) in 2021, which further
illustrates at the city level, Shanghai experiences positive spatial autocorrelation charac-
teristics and can demonstrate a significant statistical phenomenon of spatial clustering
(Z-score > 1.96 and p value < 0.05), that is, in the significant positively correlated areas,
if neighbourhoods’” own house price is high, then the surrounding neighbourhoods are
correspondingly high, and vice versa.

The Moran cluster map (Figure 8) shows whether the neighbourhoods where the
p-value of the index < 0.05, is statistically significant. It finds which parts of Shanghai are
spatially positive autocorrelated clusters. Regions in the red colour stand for neighbour-
hoods that have high house prices neighbours and are high house prices on their own. The
HH clustering area is mainly concentrated in the city centre districts (e.g., Jingan district,
Huangpu district, and Putuo district); however, a small part of Pudong New Area is also
in HH clusters. The significant low—low clustering area is concentrated in the southern
part of Shanghai, mainly located in the Jinshan, Fengxian, Qingpu, and Pudong New areas,
which are all districts in the outermost parts of Shanghai. There are also LH regions in
light blue in the centre, indicating negative spatial autocorrelation between themselves and
their neighbours. Table 6 shows the names of the significant neighbourhoods in different
clusters and in which specific districts they are located. Since only the high-high (HH)
clusters and low-low (LL) clusters stand for positive autocorrelation relationships, we only
take significant HH and LL clusters into further analysis.

HH

Figure 8. Moran cluster map for significant LISA values.



Buildings 2025, 15, 708

15 of 28

Table 6. Neighbourhoods in each cluster.

Labels

Neighbourhoods

Count

Districts

High-high (HH)

Yuyuan, Binjiang, Buyecheng, Inner Putuo, Daning, Shiji
Park, East Waitan, Gaoqiao, Huaihai Road, Huangxing,
North Jinnah, South Jingan, Liangcheng, Longhua,
LujiaBang, Lujiazui, Inner Changning, Inner Xuhui, North
Sichuan Road, Siping Road, North Waitan, Yuanshen,
Zhenru, Caoyang, Yichuan

24

Seven Central
Districts, Pudong New Area

Low-low (LL)

Ganxiang Town, Lvxiang Town, Zhangyan Town, Caojing
Town, Tinglin, Fengjing, Zhujing Town, Huinan, Lingang
New City, Shuyuan, Jinhui, Nangiao, Fengcheng, Jinshan
New City, Songjinag New City, Xinchang, Tuolin, Haiwan,

20

Songjiang, Fengxian, Qingpu,
Pudong New Area

Zhujiajiao, Zhugiao

After determining significant clusters, we used the Gaode Map accessibility and
amenities data to calculate the numbers of the built environment in each cluster. As seen
in Figure 9, the radio plot shows the average number of service amenities and public
accessibilities per neighbourhood in both the HH and LL clusters, which can indicate
whether each cluster has a different determination on house price. Since the total numbers
of different facilities could vary, for some facilities, we took the logarithm and labelled
them with *. Generally, it shows that the HH cluster neighbourhoods are more convenient
to access the facilities.

Kindergarten*

Hospital High-spegd train station

primary scRool* undergfound station

— HH cluster
—— LL cluster

Top middle schoo shopping centre

Figure 9. Radio plot for average built environment facilities in each cluster. The label * represents the
logarithm of the variable values.

Generally, the results show that the HH cluster represents neighbourhoods that are
more convenient when accessing transport, amenities, and leisure amenities, i.e., the
average number of general hospitals, underground stations, shopping centres, top middle
schools and high-speed train stations in the high-high cluster is significantly greater than
those in LL cluster. On the other hand, the number of some basic amenities such as
parks, kindergartens and primary schools in the LL areas is greater than those high house
price clusters.

However, this graph only characterises the different number of facilities in each cluster
area; it cannot be used to prove that there is a relationship between those variables and
house prices. Moreover, in Figure 8 and Table 6, it is evident that each neighbourhood
has different areas, which may show that counting the average number of facilities has
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limited meaning. This raises the need for further regression analysis explicitly using the
development scale data (where we can calculate the Euclidean Distance to facilities as
X variables).

4.3. Effects of the Built Environment Factors on House Price

The analysis results of the OLS regression model are tabulated in Table 7. The ex-
planatory power of the chosen variables on average development prices is represented
by R? values. In 2021, the overall R? was 36.5%, with an adjusted R? of 35.6%. We noted
that the fitting level of our results was moderate, lower than some similar studies [31], but
higher than some others [22,51,58,59]. The p-value of the model is <0.01, which meets the
requirement for the highest significance level, showing that the OLS model is robust. How-
ever, in the total of 12 variables, only 7 of them are the significant influencers of the house
price, which are the construction area/land use area ratio, total dwellings number, average
transaction volume, and distance to the nearest high-speed railway station/undergrounds
stations/shopping centres/municipal parks. The average effect of coefficients is minor in
the global OLS model. The intercept is not significant, meaning that, by removing all the
variables, the developments will have no value.

Table 7. Result of the OLS model, where ** represents significant, and *** means very significant.

Variable Abbrev. p-Value Significance
Total dwellings number Total D 0.002 i
Construction area/land use area ratio C_ratio 0.000 ok
Parking plots per household Park_P 0.278 Not significant
Average transaction volume Aver_TV 0.000 o
Average apartment areas Aver_AA 0.790 Not significant
Distance to the nearest primary school D_School 0.849 Not significant
indergrounds sation D_Underground 0018 -
Distance to the nearest municipal park D_Park 0.013 **
Distance to the nearest train station D_Train 0.005 o
Distance to the nearest Top 60 high school D_Top 0.661 Not significant
Distance to the nearest kindergarten D_Kindergarten 0.763 Not significant
Distance to the nearest shopping centre D_Shoppingcentre 0.000 i

R? = 0.356; F-Stat = 37.15; P(F-Stat)= 2.86 x 10~183; AICc = 1901.390

The null hypothesis for the global Moran’s I index is that the spatial pattern is complete
randomness. Our result of the global Moran’s I index in 2021’s development house price
has a Z-score > 2.96 and p value < 0.05), which can reject the null hypothesis. Together
with the positive Moran’s I index, there is a positive spatial autocorrelation in Shanghai,
which is thus appropriate for the GWR model. Table 8 shows the result of the GWR
model. Compared to the OLS, the overall adjusted R? has been increased to 0.48, meaning
that this model can better explain the relationship between built environment factors and
house price. Figure 10 further illustrates the range of R for all the features in the dataset,
showing an R? between 0.435 and 0.566. On average, the LL cluster has a better R? than
the HH cluster, suggesting that our chosen variables can better explain the house price
in LL clusters. The north high-high cluster, south Baoshan district, and Jiading district
are regions where built environment variables have the highest explanatory power. The
bandwidth is 308 m, which shows the smoothness of the model. The optimal result of
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bandwidth is estimated by the AICc methods; the AICc is 1812. The residual square is 365.
The residual square and AICc for the GWR model are smaller than OLS, indicating that it
fits the data better. Since in the GWR, calculating the p-values for independent variables is
unsuitable. Interpret only the significant variables in the OLS model could be a suitable
solution. Therefore, only seven variables are significant, four of which are accessibility and
service amenities (D_shoppingcentre, D_Park, D_Underground, and D_Train).

Table 8. Result of the 2021 GWR model, where variables with * are significant variables.

Variable Mean Min Median Max
R? 0.483 0.435 0.486 0.566
Intercept —0.105 —0.981 —0.005 1.059
Distance to the nearest train station * 0.102 —0.026 0.106 0.271
Distance to the nearest underground stations * —0.044 —1.642 0.042 0.807
Distance to the nearest top 60 high school 0.041 —0.207 0.067 0.441
Distance to the nearest primary school —0.019 —0.171 —0.021 0.279
Distance to the nearest kindergarten 0.012 —0.225 0.025 0.183
Distance to the nearest shopping centre * —0.357 —1.554 —0.276 0.591
Distance to the nearest municipal park * 0.08 —0.101 0.048 0.270
Average apartment areas 0.03 —0.508 0.062 0.802
Construction area/land use area ratio * 0.133 0.022 0.122 0.267
Parking plots per household 0.035 —0.041 0.028 0.152
Total dwellings number * —0.027 —0.157 —0.034 0.103
Average transaction volume * 0.582 0.018 0.634 1.284

R? = 0.537; Adjusted R? = 0.483; AICc = 1812; Residual Square = 365; Bandwidth = 308

A (a)

Central districts A (b)

cluster

[ Chongming 0 HH
Baoshan LH
I Fengxian | IR
Jiading Non-Significant
Songjiang
Qingpu
I Pudong New Area
Minhang
I Jinshan
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Figure 10. (a) R? map against different districts; and (b) R? map against different clusters.

Figures 11 and 12 both illustrate the spatial variation for the coefficients of the signifi-
cant built environment factors. In Figure 11, variables are plotted based on the Shanghai
districts, and in Figure 12, coefficients are plotted against the distribution of spatially
autocorrelated clusters. Together with Table 8, in Shanghai, generally, D_shoppingcentre
shows the strongest negative correlation (—0.357) to the house price, which indicates that
the closer a development is to the large shopping centre, the more expensive the property
is. The highest negative coefficients of this variable are concentrated in the city centre
(high—high cluster) and expand to the Baoshan district. Moreover, the effect of the shortest
distance between the parks varies; the highest negative values appear in the HH cluster
areas and expand to the southwest, while in the rest of the suburban regions, including the
low-low cluster, the correlation is positive. For public transportation, there is a generally
positive effect on the distance to railway stations, which indicates that, in most of the
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regions in Shanghai, an increase in the distance to railway stations will decrease the house
price, but in Songjiang, Qingpu, and the middle part of Pudong New Area, the effect is
in contrast. Finally, the effect of distance to the underground stations is negative overall

(—0.044), but in parts of the urban core, it shows a positive relationship.
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Figure 11. Correlation plot of independent built environment variables against districts: (a) Spatial
variations of the underground station; (b) Train; (c) Shopping centre; and (d) Parks.
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Figure 12. Spatial differentiation map of significant built environment factors: (a) Spatial variations
of the underground station; (b) Train; (c) Shopping centre; and (d) Parks. The values of the dot
represent the correlation coefficient between the variable and housing price. All the dots are divided
into five categories, which contain the same number of dots (same principle for Figures 10 and 11).
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Focussing on the cluster results (Figure 12), in the high-high cluster, the relationships
between accessibility to public transportation and house prices are always negative, and
the relationship between accessibility and service amenities is always positive. For example,
one unit increase in the distance to the underground stations will increase the development
price by at most 0.31-0.81 std (blue dots in Figure 12a); and one unit increase in the D_Train
will cause house price to increase by 0.146—0.27 std (Figure 12b). On the other hand, a unit
rise in the D_shoppingcentre and D_Park will decrease the development transaction price
by around 1.5 and 0.5 namely (Figure 12¢,d), meaning that the decrease in the distance to
service amenities has a positive impact on house price.

The low—low cluster can be called ‘suburban fringes’ as it includes districts in the
fringes such as Jinshan, Fengxian, and the southern part of Pudong New Area. The overall
effect is similar to other suburban regions, but the magnitude of the coefficients is always
in the middle range (Figure 12). For instance, in contrast to the values in high—high clusters,
an increase in one unit of the distance to underground stations will reduce house prices
for most of the developments in this area by 0.04 to 0.18, but an increase in the distance
to the railway station in LL areas will have a different impact across the LL cluster, in
which neighbourhoods in Songjiang and Qingpu shows an oppositive trend. In the service
amenities attribute, similar to the urban core, increasing the distance to the shopping
centres creates a higher house price, but the effect of increasing the distance to the urban
parks has a negative impact on the house price.

5. Discussion

The above result section suggested that the distance to the nearest high-speed railway
station, distance to the nearest underground station, distance to the shopping centre, and
distance to parks are the four significant built environmental factors that impact the develop-
ment transaction prices, and that the effects may vary across the city. This chapter expands
on the result we found and attempts to give detailed reasons to answer how built environ-
ment factors—such as proximity to service amenities and public transportation—influence
the house price across spatially autocorrelated neighbourhoods’ clusters and Shanghai
more generally? This is answered by (1) how and why the spatially autocorrelated neigh-
bourhoods’ clusters are distributed in this way; and (2) how different factors influence
the house prices across those spatially autocorrelated neighbourhoods’ clusters and more
generally Shanghai in a spatially different way:.

5.1. Interpreting the Spatial Clusters

In 2021, Shanghai experienced significant spatial segmentation, where the spatially
autocorrelated high-high clustering areas are always concentrated in the city core, but the
low-low cluster appeared in the southern fringe of Shanghai (Figure 8). Since there is no
significant HH cluster in the suburban areas, this indicates that there is an obvious mono-
centric structure in Shanghai’s housing market, and that this structure is only concentrated
in downtown Shanghai, with no spillover effect to its neighbouring suburban areas. This is
inconsistent with the city’s planning, which envisions a polycentric structure where 11 new
towns will be developed in each suburban district to stimulate local economic activity. This
result suggested that Shanghai has failed to build these new towns or at least failed to meet
the goal of letting the new towns drive up the local real estate market, as the market still
having greater confidence and expectations in the central areas. In addition, there are not
only the housing attributes, in terms of employment densities and land use, but as shown
by other recent studies, Shanghai also still has a monocentric development rather than
a leapfrog [60].
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One of the main reasons for this monocentric structure (high-high clustering con-
centrated in the urban core) would be the city ‘redevelopment” projects in Shanghai. For
instance, unlike the redevelopment projects in developed countries, the redevelopment
model in Shanghai is mainly profit-driven and aims to promote local economic growth by
attracting investment in the housing market and property development [7,61]. Therefore,
the approved redevelopment projects are mainly located in the inner-city centre with better
access to public facilities, thus having better attractiveness for investors and consumers
and accelerating the over-concentration of the city centre [62].

The formation of the low—low cluster in the southern parts can be interpreted as
the result of government policies on transportation and infrastructure, as it resulted in
lower house prices in less accessible, underdeveloped districts. Northern Shanghai is
adjacent to Suzhou, the core city of the “Yangtze River Delta Economic Zone, so the traffic
networks between these regions are more intensive, and the government is also vigorously
promoting the development of the northern districts. The average house price in such
districts is continually increasing and always higher than in the southern part (Figure 4).
In contrast, the low-low cluster for house prices in the southern part can be explained
by the weaker transport accessibility due to the unfavourable policy in this region. This
result is similar to previous literature [28], which found that the apartments in outer
Shanghai are the particular ‘cold spot” on the market by performing the Getis—-Ord Gi* test
on Shanghai developments.

As we already explained the existence and formation of those clusters, further investi-
gation on how the proximity to transportation facilities and service amenities are linked
to housing prices can be implemented. With a much smaller area than rural districts, the
downtown areas still have significant advantages in terms of subway stations, general
hospitals, shopping centres and a high level of education (Figure 9). Therefore, the rich
public service facilities are one of the characteristics of high house price neighbourhoods,
but whether the correlation exists needs to be examined in stage IL.

5.2. Exploring the Effects of the Built Environment Factors on House Prices

The existence of the neighbourhood clusters reveals that the accessibility to the facilities
may be the essential factor in forming spatial patterns and differentiating house prices.
From this perspective, this study takes 787 developments in Shanghai as area units, aiming
to explore the different spatial correlations between house prices and built environmental
factors, and then further characterise the heterogeneous characteristics of house prices
across the whole of Shanghai and its spatially autocorrelated clusters.

- Distance to the Underground Stations

Generally, the developments in the suburbs, including the low-low cluster, show
negative relationships between the distance to underground stations and house prices. In
these areas, convenient public transportation can positively affect the price (Figure 12a).
This can be explained as residents in the suburban areas are more demanding on public
transit as they may work in the city centre, and undergrounds can provide cheap and
convenient transportation, thus favoured by many white-collar workers [63]. Another
example that can explain this is that in districts such as Jiading and Baoshan, which have
plenty of industrial parks within walking or cycling distance, residents intend to be less
demanding on undergrounds for the daily commute, and thus, house prices show a positive
correlation between the proximity to undergrounds.

However, the correlation coefficients for the D_Underground in the high-high clusters
are positive, i.e., the house prices do not increase as accessibility to underground increases
(Figure 12a). This can be explained by people living in the city centre that can access
high-quality facilities and amenities within walking distance reducing their reliance on
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transportation to reach their destinations. Moreover, the scarcity of underground stations
in suburban areas makes it more favourable in the urban fringes than in the city core
when considering house prices. This finding is in line with the observations in other big
cities in China. For example, Li et al. [31] found that the role of underground stations in
outer Shenzhen’s housing market is more critical than in Inner Shenzhen (southern part
of China).

- Distance to the Railway Stations

The effect of an increase in distance to a railway station on house prices may be based
on when the region is constructed. Most districts show a positive correlation between the
distance to the train stations and house prices (unfavourable), and the developments in
the HH cluster show the most unfavourable attitude towards the train station (Figure 12b).
As explained in stage I, the redevelopment plan first started in the city centre, which had
made this area densely built and with an older average building age. In these areas, public
transportation is less scarce, but the high-speed railway produces noise pollution and
increases the traffic intensity level in the urban area, and thus decreasing house prices [64].
However, housing developments in Songjiang, Qingpu, and Pudong New Area show a
slightly positive preference for the train stations. This might be due to these areas that are
considered ‘new towns’ in the city planning, which developments in these areas are less
dense, later built, and have more land areas and advancing soundproofing infrastructure,
so that residents will be less sensitive to noise and traffic.

Moreover, compared with other suburbs without railway stations and infrastructure,
the landmarking high-speed railway stations can attract more reason for the financial
sectors to invest in commercial, infrastructure, and real estate. Thus, bringing ample
parking areas, underground stations and restaurants to the area, providing convenient
living services for these underdeveloped areas. Therefore, the closer apartments in these
areas are to the station, the higher the housing price will be.

- Distance to the Shopping Centre

A large shopping mall makes it more convenient for the residents, thus promoting
an increase in house prices across the whole city (Figure 12c). This relationship is in line
with the studies regarding other big cities in both China and other countries (Canada and
the United States) [65-67]. However, using the exact scope of data, our study is slightly
different from the literature. For example, Liu et al. [67] found that large shopping centres
could promote the increase in house prices generally in Wuhan (China), but in cases where
houses are too close to the densely distributed shopping mall, travel congestion and noise
pollution will decrease the house price. In contrast, in our circumstances, house prices in
central city areas appear to react more positively to the high concentration of shopping
malls. Considering the GDP gap between the two cities, it may reveal that the different
building volumes and city sizes of Shanghai and Wuhan make the need for convenient
service amenities outweigh the noise impact when evaluating house prices.

- Distance to the Park

Our result shows that properties in the city core will have higher market prices
if they are closer to parks; in contrast, positive correlations appear in the rest of the
districts. This indicates that, in suburban areas, an increase in D_park cannot increase
house prices (Figure 12d). On the one hand, the unequal distribution of service facilities
between urban cores and suburban areas may drive up housing prices in certain regions. In
particular, ‘'blind spots’ in the layout of parks within central urban areas make parks scarce
commodities, further inflating housing prices in these areas. While since the sub-urban
areas have cheaper land, the property and development sizes will be larger, so parks are
more available in this area. On the other hand, as a symbol of psychological needs rather
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than basic needs, parks can provide more leisure enjoyment. Therefore, in suburban areas
where people care more about fulfilling basic needs such as public transportation, people
will be less demanding of entertainment facilities. Meanwhile, those who live in the city
core will be more demanding of the service facilities.

- Distance to Educational Facilities

Interestingly, all the educational amenities were deemed insignificant, including the
shortest distance to kindergarten, the Top 60 high schools, and primary schools. Some
potential reasons can explain this result: (i) In metropolises like Beijing and Shanghai, basic
educational amenities such as kindergarten and primary schools are widely accessible. And,
in the case of top high schools, admission is typically determined through examinations
rather than proximity; (ii) The overall spatial accessibility of basic education resources in
Shanghai is favourable. For instance, Yuan and Yang [68] (2023) found that all the residents
in Shanghai could reach the nearest primary school, junior high school, and high school
within a 30 min travel time. This means that purchasing properties near these schools holds
little significance. (iii) Since the beginning of this century, both in urban and suburban
areas, Shanghai has adhered to the principles of “fair admission” and “admission based
on proximity” and has promptly constructed new schools in areas with insufficient basic
education resources. The above phenomenon has led to smaller inequalities in terms of
education resources in big cities like Shanghai than in in rural areas, which is also supported
by previous studies (e.g., [69] Song, 2023). It is difficult to directly compare our analysis
with similar studies. However, we still found that the contribution of the accessibility of
education resources on housing prices highly vary with studies (e.g., [44,70]). This lets us
conclude that the effect of education amenities may significantly depend on the datasets
and regional settings.

In summary, local authorities’ city planning has generally impacted the spatial pattern
of property values at the intra-city scale [71]. The OLS and GWR models both indicate that
the distance to the shopping centres is the only factor that has an overall positive effect
on house prices. In different regions, the effect of shopping centres all shows the highest
premium. More specifically, developments in the high-high cluster (urban core) are always
the hot spots of the housing market, as they are equipped with superior urban facilities
and accessibility. This cluster always has the highest demand for service amenities such as
parks and shopping centres and the lowest demand for underground stations, indicating
that a “gentrification” region is formed as people are more concerned about spending and
entertainment than meeting their basic needs (public transport).

Moreover, the rest of the areas, including low—low clusters, show different reactions
to different factors, but generally, the factor that can drive up house prices the most is
the accessibility to the underground stations and the shopping centres. Indicating that
the demand for convenient life essentials (public transportation and shopping centres) is
higher than the demand for leisure amenities (parks). Understanding this specific spatial
distribution could better help authorities plan infrastructure in differentiated clusters and
aid housing buyers in choosing the most suitable neighbourhoods based on their needs.

5.3. Limitations

There are limitations in the analytical and designing processes of this study. Firstly, for
the CRIC new development transaction data, there is a risk that the value of transactions
could be underestimated. In 2012, Shanghai Housing Management Bureau announced
that once the land is sold for constructing commercial properties, no less than 5 percent
of government-subsidised housing against the total dwellings should be constructed.
Therefore, the average transaction prices where by land is obtained for development after
2012 might be underestimated because the transaction price collected by the company
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inevitably recorded cheaper social housing. Next, given that the housing transactions in
the newly built projects play an dominant role in current Chinese housing markets, the
second-hand housing prices was excluded in our analysis, which might fail to fully capture
the overall market dynamics. We employed the dataset consisting of transaction prices
for 787 newly built housing projects in 2021 for regression analysis. This dataset offers a
larger sample size than neighbourhood-level housing prices, thus providing more precise
environmental information. We note that some similar studies have been conducted with
much larger sample sizes. However, it should be mentioned that the number “787” repre-
sents the number of building projects (like communities), not for individual apartments.
Here, in China, it is normal to contain more than 1000 apartments in one single building
project. This means that the current analysis covers the transaction prices at a hundreds of
thousands buildings. Hence, we think the current dataset approximately represents a full
picture of the residential market in Shanghai. To further clarify the reliability of the present
sample size, we compared the utilised dataset with those in the literature, and we found
that our sample size was smaller than some studies [31,72], but larger than some others [73].
Although the overall scale of the studies vary, the order of magnitudes of datasets related
to the city-level were similar.

The term “built environment” is often used within the 5Ds framework, which includes
density, diversity, design, destination accessibility, and distance to transit [74]. It is difficult
to directly define the attribute for each variable used in this study, because they may be
associated with more than one attribute. We primarily focus on the effects of proximity to
service amenities and public transport on housing prices, but we still accounted for other
attributes. The variable C_ratio considers the ratio between construction area and land use
area, which can represent the density of a community to a certain degree. Similar situations
also exist when it comes to Park_P, namely parking plots per household. Moreover, the
varying functional designations of each administrative district can indirectly influence the
design concepts and approaches of neighbourhoods. As we discussed in Section 5.2, people
in different clusters of the city have varying design requests for communities. Unfortunately,
we failed to quantify the relationship between the factors and their attributes, especially
those associated with diversity.

Regarding the choice of service amenities variables, this study, with many studies
focusing on the Chinese housing market, failed to include the grocery stores where people
purchase daily necessities. This is due to the lack of data classification on the Gaode Map,
where there are numerous small grocery stores in China that cannot be recognised. The
GWR analysis highlighted the variable of proximity to shopping centres as an important
factor. However, the omission of variables related to commuting distance, specifically
the proximity to central business districts (CBDs) [63,75,76], represents another significant
limitation of this study. However, as we explained in the Section 3.2, we emphasise the
role of service amenities, and CBDs in China are normally considered as a kind of place
for business activities or working, which is different from our research objectives. And,
some studies pointed out that the current literature overemphasised the significance of
the distance to CBD, and residents’ preferences with respect to urban amenities have been
largely neglected [58]. Finally, we included a total of 12 variables in the analysis, which was
similar with some other studies [11,22]). Moreover, considering the insufficient variables,
we dropped the D_hospital as it has high multicollinearity between variables, so we did
not interpret the effect of those two variables.

Last but not least, we used the Euclidean distance to assess the accessibility of public
transportation and service amenities. However, this might be inaccurate as the range
of potential distance metrics is much broader than the conventional Euclidean option
in the real-world scenario [77]. This may raise concern that the accessibility for some
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developments is under- or overestimated, thus affecting the overall model performance.
Hence, one of the future works could do the same analysis using the non-Euclidean
distance as the ED metrics may fail to reflect true spatial proximity, and instead, the non-ED
metrics such as road ND, TT, water distance or landscape distance can better describe the
accessibility to locations.

5.4. Policy Recommendation

Our results showed that Shanghai presented a monocentric urban structure, with evi-
dently higher housing price in the city centre. However, this is contrary to the multi-centre
development goal of local authority, thus posting potential risks to urban development.
Hence, it is important to optimise the city’s polycentric structural framework to foster a
more balanced regional development. New land supply strategies and incentives, such as
tax discounts and subsidies, should be provided to encourage developers and enterprises
to invest in suburban areas and form new economic growth poles.

We found that the impact of underground and high-speed rail stations on housing
prices varied across neighbourhoods, particularly in suburban areas, in which the trans-
portation accessibility had a more noticeable effect on property values. Therefore, it is
suggested that the authorities emphasise the Transit-Oriented Development (TOD) model
by planning high-density mixed-use areas around the stations, integrating commercial,
office, and residential spaces. Additionally, the coverage of public transportation must be
increased in the southern and western areas, where transport options are relatively weak,
to improve accessibility.

There are significant differences in the demand for public amenities across the study
area. Residents in the urban core are more focused on leisure and entertainment facilities
(e.g., parks and shopping centres), while those in suburban areas place more importance
on basic living needs (e.g., public transportation). Therefore, regulatory bodies should
implement differentiated strategies in urban planning and land management, adjusting the
allocation of such amenities based on the region characteristics. In urban core areas, the
priority should be enhancing the quality and variety of entertainment facilities (e.g., city
parks and cultural venues). In suburban areas, the focus should be on improving essential
services, such as adding subway stations.

6. Conclusions

The present study addressed the research question of how service amenities and public
transportation factors influence house prices across spatially autocorrelated neighbourhood
clusters to discuss how this might generalise in big cities. As the economic centre of China,
Shanghai City is used as the test area. The analysis is designed into two stages, among
which the first stage aims to determine the spatial cluster pattern of neighbourhoods and
house prices in Shanghai. The results from Moran’s I index confirmed significant positive
spatial autocorrelation in Shanghai neighbourhoods. Secondly, using Local Moran’s I test to
cluster neighbourhoods that have positive autocorrelation on house price, we found there
are 24 neighbourhoods in the high-high house price clusters (i.e., neighbourhoods that
are both expensive and have high house price neighbourhoods) and 20 neighbourhoods
in low—low cluster. The high-high cluster is in the centre of Shanghai, and the significant
low-low cluster is located in the southern part of Shanghai. Moreover, by analysing the
average number of public facilities, we found that there are differences in the average
amount of facilities in different clusters.

The second of our work examined a finer scale to determine the correlation between
built environment factors and property developments. We asked: how does this correlation
change across different areas in Shanghai? We used OLS and GWR models, of which
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the former is used to test the variables’ significance level. The R? for the GWR model is
between 0.435 and 0.566. There are seven significant variables in the model, four of which
are built environment factors, namely the distance to underground stations, the distance
to railway stations, the distance to parks, and the distance to shopping malls. The result
shows that different variables have different correlation coefficients across Shanghai and
their significance spatially autocorrelated clusters.

Overall, being closer to a shopping centre is the only factor that can positively impact
house prices for the whole city, and it has the most significant premium (0.357) by the
absolute number. The rest of the built environment factors, including public transportation
accessibility and park accessibility, have different impacts spatially. In the case of the
high-high cluster, because it is considered to have better accessibility to the surrounding
amenities and rich public transportation facilities, the correlation between the proximity to
public transportation (underground stations and high-speed railway) is positive, showing
that easier access to public transport cannot increase the property prices in HH clustered
areas correspondingly. However, the house prices in this area are affected by the accessibil-
ity to service amenities more positively. The low-low cluster always shows some different
trends from the HH cluster. One of the most notable features is the greater impact of public
transportation than the service amenities on the house price: In these areas, the closer a
house is to an underground station, the higher that house’s price will be. Furthermore,
although decreasing the distance to the shopping mall can also increase house prices in this
cluster, the premium of the shopping centre on house prices in the HH cluster will still be
higher than it is in the LL cluster. In fact, the magnitude of the coefficients in the LL areas
did not stand out across Shanghai but always aligned with the general trend of the rest of
Shanghai besides the urban core.

Our study provides insights into the patterns of Shanghai neighbourhood clusters
under the view of spatial autocorrelation and heterogeneity. It shows how different built
environment variables will affect the housing market differently based on the type of
places and provides insights to guide policymakers in the planning of services amenities to
maximise the value of local housing market.
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