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1. Introduction

According to the development trend of the global real es-
tate market, the continuous decline in housing prices has
emerged as a common challenge faced by many countries in
the post-pandemic era (Balemi et al., 2021; Francke and
Korevaar, 2021; Qian et al., 2021). This downward trend
has impacted various aspects of real estate markets,
including property sales, rentals, land transactions, and
investment financing, thereby posing potential threats to
financial stability and economic development (Wetzstein,
2017). The risk spillover effects from real estate enter-
prises have become increasingly apparent in several coun-
tries, with some markets experiencing liquidity tightening,
further intensifying the uncertainty of housing price fluc-
tuations. In response, governments worldwide have been
actively adjusting real estate policies and exploring more
resilient regulatory strategies to ensure long-term market
stability. As one of the most significantly affected coun-
tries, China’s real estate market has been facing not only
global economic shocks but also a series of unique struc-
tural challenges. The uneven spatial distribution of housing
prices has exacerbated regional development imbalances,
speculative investment-driven housing demand has height-
ened market risks, and the housing price bubbles continue
to threaten market stability (Floro, 2019; Glaeser et al.,
2017; Tayefi Nasrabadi et al., 2024; Zheng et al., 2017).
These challenges highlight the urgent need for an in-depth
investigation into the core factors influencing housing pri-
ces to formulate effective intervention strategies. Such
efforts are critical not only for promoting the healthy and
sustainable development of China’s real estate market but
also for offering valuable references for global real estate
markets.

The global real estate market exhibits a significant dif-
ferentiation in transaction patterns. The pre-sale housing
transaction model and the second-hand housing transaction
model are two of the mainstream transaction methods in
the current global real estate market, especially in the
Chinese market. Among them, second-hand housing (also
known as resale housing) refers to properties that have
completed one or more transactions in the real estate
market and have clear property rights. Pre-sale housing
model refers to the transaction in which developers sell
houses to buyers via pre-sale contracts to secure financing
in advance and mitigate construction risks. Although
existing studies often treat the real estate market as a
homogeneous entity and extensively examine its influ-
encing factors, price fluctuation mechanisms, and market
regulation policies, related studies of the heterogeneity in
the impacts of different real estate markets have still been
relatively insufficient, especially in the context of pre-sale
and second-hand housing (Leung and Ma, 2013; Shen, 2024).

Analyzing the real estate market as a unified system
without accounting for the structural differences intro-
duced by distinct transaction models may lead to biased
conclusions, thereby reducing both explanatory power and
policy relevance. Therefore, a more refined market seg-
mentation analysis is necessary to verify the heterogeneous
pricing mechanisms of pre-sale and second-hand housing,
thus clarifying their unique operational dynamics and un-
derlying determinants.

In the past, scholars have widely demonstrated the sig-
nificant impact of the built environment on housing prices,
gradually making it a central topic in related research.
While macro-level policy factors such as macroeconomic
regulation, monetary policy, and economic cycles, as well
as structural attributes of housing itself, were considered
important drivers of housing price fluctuations (Beltratti
and Morana, 2010; Zhao and Liu, 2023; Nneji et al., 2013;
Deng et al., 2023), the real estate market’s gradual satu-
ration has shifted research attention toward the influencing
factors of housing prices, particularly built environment
attributes. Some studies suggested that the built environ-
ment was one of the most significant contributors to
housing prices compared to housing structural attributes
(Liu et al., 2024). Although numerous empirical studies
have explored the relationship between the built environ-
ment and housing prices, most of them focus on the overall
characteristics of the built environment. However, the built
environment exhibited multi-scale characteristics, with
neighborhood-level (mesoscale) and street-level (micro-
scale) factors both proven to significantly affect housing
prices. The complex interactions between built environ-
ment factors and housing prices at different spatial levels
within the same framework have been extensively explored
in various fields, such as walking (Zeng et al., 2024), jogging
(Yang et al., 2024), and obesity (Yin et al., 2024). However,
there is limited research on pre-sale and second-hand
housing prices. Simplified treatment of the built environ-
ment may affect the robustness and understandability of
the assessment results. Furthermore, although some
studies have explored the impact of three-level factors
(building-level attributes, neighborhood-level built envi-
ronment factors, and street-level built environment fac-
tors) on housing prices, most studies tend to analyze these
variables’ impacts separately, lacking a comprehensive
perspective on the contribution of explanatory variables for
pre-sale and second-hand housing prices respectively.
Therefore, to understand how the built environment af-
fects housing prices, it is essential to systematically analyze
the impact of multi-level built environment factors on both
types of housing prices within the same research
framework.

To sum up, this study utilized pre-sale and second-hand
housing transactions in Chengdu as a case study to explore
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the relative importance and nonlinear association of
building-level, neighborhood-level, and street-level built
environment factors on these two types of housing prices.
This study proposed the following three hypotheses:

H1: Pre-sale and second-hand housing prices respond
differently to built environment interventions.

H2: There are differences in the contributions of multi-
level built environments to the prices of pre-sale and
second-hand housing.

H3: All independent variables exhibit nonlinear and
threshold effects on pre-sale and second-hand housing
prices.

2. Literature review

Table 1 summarizes previous studies retrieved from the
Web of Science database, focusing on the impacts of the
built environment on housing prices. It is worth noting that,
as the impact mechanism of the COVID-19 pandemic on the
real estate market has not been fully revealed, the
following literature review only includes relevant research
findings published after 2021, aiming to effectively control
the potential interference from pandemic-related factors
on housing price fluctuations (Qian et al., 2021; Rogers and
Power, 2020).

Regarding the housing price variable in research sam-
ples, most studies primarily focus on second-hand housing
as the main research subject or use a generalized concept
of “housing prices” without clearly distinguishing between
different property types. Such approaches may lead to
biases in understanding the operational patterns of the pre-
sale housing market and hinder the accurate identification
of heterogeneous price formation mechanisms across
different property types. The pre-sale housing and second-
hand housing in China differ mainly in the following three
aspects: (1) Price intervention and management: The price
of pre-sale housing is subject to more robust government
intervention through administrative management systems
(Yuan et al., 2018). In contrast, second-hand housing prices
are less directly influenced by the government but are still
indirectly affected by regulatory policies, tax policies, and
property appraisal policies (Lutz et al., 2011; Shi et al.,
2022). (2) House and ownership transfer time. Pre-sale
properties’ transfer time and ownership usually depend
on the delivery time the developer promises in the pre-sale
contract, often involving long and uncertain waiting periods
(Lai et al., 2004; Leung et al., 2007). For second-hand
properties, transfer time is negotiated post-transaction
between buyer and seller, typically more flexible and
rapid. (3) Price trends. Recent phenomena indicate that
pre-sale house prices can be lower than second-hand
houses in many Chinese core cities. Among them, pre-sale
housing prices generally fluctuate during the pre-sale
period, usually showing a trend of starting low and rising
later (Van Ommeren and Van der Vlist, 2016; Zhao et al.,
2023). Second-hand housing prices are typically assessed
through traditional cost-benefit analysis and market
comparative evaluation. The owner’s pricing is more influ-
enced by supply and demand, lacking apparent trends.
Studies indicated that factors influencing second-hand
housing might not necessarily affect pre-sale housing (Wu,
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2015; Yuan et al., 2022). Ignoring the differences be-
tween impacts on pricing for the two types can lead to
biases when understanding and regulating the real estate
market. Therefore, it is crucial for scholars and policy-
makers to comprehensively consider the influencing factors
and dynamic changes of both pre-sale and second-hand
housing, thereby providing more powerful theoretical sup-
port for policy formulation and market practices.

In existing studies on the determinants of housing prices,
the dependent variable is typically analyzed within a multi-
level analytical framework encompassing building-level,
neighborhood-level, and street-level factors. Building-
level attributes are widely recognized as fundamental de-
terminants of housing prices. In contrast, the other two
factors have received increasing attention, with a partic-
ular focus on neighborhood-level built environment char-
acteristics. The 5Ds theoretical model (i.e., Density,
Design, Diversity, Distance to transit, and Destination
accessibility) is widely utilized to quantify the influences of
neighborhood-level built environment factors on travel
behavior and demand (Ewing and Cervero, 2010). Among
these, many characteristics, such as accessibility to public
transportation, the quality of educational and medical fa-
cilities, convenience of commercial amenities, and acces-
sibility of parks, have been proven to be crucial
determinants of housing prices by fulfilling the basic needs
of human activities according to the hierarchical hypothesis
of demands (Chakrabarti et al., 2022; Rojas, 2024). How-
ever, street-level built environment factors have received
relatively less attention. The visual environmental features
around residential properties, such as street greenery,
building facades, and street furniture, tend to generate
price premiums by fulfilling higher-level needs related to
social interaction, sense of security, and aesthetic enjoy-
ment through their direct impact on residents’ daily ex-
periences (Qiu et al., 2022; Zavei and Jusan, 2012). While
some studies have explored the combined effects of
neighborhood-level and street-level factors, in-depth in-
vestigations into the relative contributions of built envi-
ronment factors across multiple spatial scales remain
limited. Specifically, the lack of clarity on which factors
exert the most significant impact on housing prices at
different spatial scales limits the refinement of decision-
making processes in both pre-sale and second-hand hous-
ing markets.

Regarding the research methods, many existing studies
have widely emphasized the correlation between built
environment factors and housing prices (Lake et al., 1998).
The difference-in-difference model, hedonic pricing
model, and geographically weighted regression model are
the most widely applied and mature methodologies for
analyzing the determinants of housing prices (Nicholls,
2019). Nevertheless, both frameworks presuppose a pre-
defined (primarily linear) relationship between the built
environment and housing prices, which only describes the
global relationship between variables and cannot accu-
rately capture their actual relationship. With increasing
academic attention, machine learning algorithms, such as
Random Forest, Gradient Boosting Decision Tree, and Sup-
port Vector Machine, have found widespread application in
capturing causal inferences and nonlinear impact mecha-
nisms between variables (Doan et al., 2024a,b). These



6£91

Table 1

Previous studies on the impact of the built environment on housing prices.

Reference Site Sample HP Independent Method Conclusion

variable
BA NBE SBE

Qiu et al. (2022) Shanghai, China 53,445 pre-owned  SHP A % OLS, GWR Objective view indexes and subjective measures
apartments outperformed housing structural attributes in explaining

housing prices.

Liu et al. (2024) Shanghai, China 33,473 second- SHP N = LightGBM, Transit accessibility, amenities, density, and green/blue
hand residential SHAP spaces affect housing prices with significant spatial
properties variations.

Wei et al. (2024) Guangzhou, China  UC uc A v MLR, SEM, RF Distance to the city center and built years are the two most

important factors for property prices.

Song et al. (2023) Chengdu, China 5290 residential SHP - 7 - GBDT The results indicate a hierarchical structure and inflection
communities point effect of the built environment on residential

premiums.

Jiang et al. (2022)  Shenzhen, China 4529 SHP A - RF, SVM, GER The zonal nonlinear feature model shows better
neighborhoods performance in explaining the housing price distribution.

Zou et al. (2022) Shanghai, China 218 census tracts uc — 7 — GBDT Built environment variables contribute 97.21% of the

influence on housing prices.

Wang et al. (2023)  Guangzhou, China 57 second-hand SHP - = HPM Orientation, view, and acoustic environment are positively
housing units related to housing prices.

Zhu et al. (2023) Suzhou, China 1389 communities  UC A %4 HPM, SR, GWR Home buyers care more about their subjective perceptions

of their neighborhoods’ surroundings.

Woo et al. (2024) Seoul, Republic of 14,686 single- uc A 7 HPM Paved sidewalks raise housing prices in disadvantaged

Korea family homes areas, while street greenery and enclosures enhance value
in advantaged areas.

Lu et al. (2024) Chiang mai, 4624 housing uc A = MGWR, HPM Limited bus routes negatively impact housing prices in

Thailand transactions downtown areas.
Zhang and Jin Hangzhou, China New house PHP — 7 — DID Commercial complexes exert a significant premium effect
(2023) transaction data on housing prices within 1.0—4.0 km.
from 2009 to 2018
Ko and Park (2024)  Seoul, Republic of 71,716 apartment uc v — RF Apartment prices increased with better accessibility to the
Korea transactions CBD.

Huang et al. (2024)  Guangzhou, China 4600 single-unit, SHP A = HPM The built environment’s impact on housing prices varies
elevator-equipped significantly between urban core and non-core areas.
properties

Peng and Tian Hangzhou, China 18121 transaction SHP A = DID 85% of the total premium comes from the amenity effects

(2022) data produced by reconstruction.

Yao and Hu (2023)  Xuzhou, China 965 residential SHP v — Kl, GWR The type of dwelling most influenced house prices, followed
properties by green ratio and house age.

Shi et al. (2022) Zhuhai, China 688 samples uc v — HPM Proximity to the sea boosts property prices more than

proximity to parks.
(continued on next page)
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Table 1 (continued)

Conclusion

Method

Independent
variable
BA

Sample HP

Site

Reference

SBE

NBE

Subjective perception influences house prices, but this

HPM

uc

49,603 property
transactions

London, UK

Yang et al. (2023)

influence differs depending on the urban scale of analysis.

House prices lay in house characteristics and neighborhood

features.

30,109 house uc MLM

Ohio, US

Guo et al. (2023)

observations

Multi-model
comparison

’/

o

PHP,
SHP

Chengdu, China 361 pre-sale and

Our study

4807 second-hand
transactions

Notes: HP denotes the housing price variable. SHP = Second-hand housing price; PHP = Pre-sale housing price; UC = Unclear, indicating studies where the type of housing price data is

not explicitly specified in the article.

Independent variable categories include BA (Building-level attributes), which includes factors such as orientation, decoration quality, and building age; NBE (Neighborhood-level built

environment), which includes factors such as metro accessibility, distance to the city center, and residential density; and SBE (Street-level built environment), such as the green view

index. Among them, *\/” indicates that the variable is included in the study, while a “—” indicates it is not.

Method: OLS

Spatial Error

= Multiple Linear Regression; SEM

Shapley Additive exPlanations; MLR

Geographically Weighted Regression; SHAP =

Ordinary Least Squares; GWR =

Model; RF = Random Forest; GBDT = Gradient Boosting Decision Trees; SYM = Support Vector Machine; HPM = Hedonic Pricing Model; SR = Stepwise Regression; MGWR = Multiscale

Multilevel Modeling.

Kriging Interpolation; MLM =

Difference-in-Differences Model; KI =

Geographically Weighted Regression; DID

methods have also gained popularity in housing price pre-
diction due to their ability to capture local trends missed by
linear models and provide methodological support for real
estate market analysis and investment decisions. However,
many studies rely on a single machine learning model
without systematically comparing the performance across
different machine learning models. This limitation may
reduce the robustness and reliability of research findings.

To address the above issues, this study has expanded
existing research in three significant ways: (1) Our study
separated pre-sale and second-hand housing transactions to
explore whether different transaction modes exhibited
varying influenced relationships. (2) This study conducted
the relative importance analysis of multi-level built envi-
ronments to identify the most critical factors affecting the
two types of house prices. (3) This study compared multiple
mainstream machine learning models to identify the
optimal one, focusing on nonlinear and threshold effects
between built environment factors and housing prices to
elucidate the impact mechanisms, thereby offering
maximum economic benefits to policymakers and urban
planners.

3. Methodology
3.1. Analytical framework

The proposed analytical framework is depicted in Fig. 1 and
encompasses three stages: (1) Variable collection. Infor-
mation on housing prices, building structure attributes,
surrounding geographic information, and street view im-
ages was collected to calculate the dependent and inde-
pendent variables. (2) Modeling. Comparing the
performance of five machine learning models, the optimal
model was utilized to examine the associations between
built environment factors at three levels: building-level,
neighborhood-level, and street-level built environment
factors, and pre-sale and second-hand housing prices. (3)
Results analysis. The relative importance and nonlinear
impact of various variables were assessed.

3.2. Study area

This study followed five main principles in selecting the
case city: (1) High data availability. Cities with transparent
and open housing transaction information were given pri-
ority, and street view imagery was required to cover at
least 90% of the main roads and streets. (2) To avoid the
uncertainty caused by special terrain factors, this study
focused on typical provincial capital cities with relatively
flat terrain and compact urban layout. (3) Cities were
required to have sufficient sample sizes, including at least
8000 second-hand housing transactions in 2023 and more
than 100 pre-sale housing projects, to ensure the robust-
ness of the statistical analysis. (4) Cities with a wide range
of housing types and diverse market structures were given
priority. (5) Cities with high policy intervention intensity
and distorted market mechanisms during the sample period
were excluded. Ultimately, this study selected Chengdu as
the case city.
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Fig. 1

Chengdu, the capital city of Sichuan Province in China,
has a permanent resident population of 21.403 million as of
2023. As one of Southwest China’s economic, cultural, and
technological hubs, Chengdu’s real estate market exhibits
unique attractiveness and development potential. The
reasons for selecting Chengdu as the study area are as
follows: Firstly, Chengdu’s real estate industry is highly
developed, serving as a crucial driver of local economic
growth and significantly stimulating investment and con-
sumer demand. Secondly, the diversity in Chengdu’s
second-hand and pre-sale housing markets covers a range
of properties from high-grade residences to economically
affordable housing, catering to different income families
and providing ample samples for this study. Lastly, Chengdu
maintains a moderate policy intensity in real estate regu-
lation, featuring both market stability mechanisms and
supporting measures for reasonable housing demands. This
not only contributes to the market’s healthy development
but also helps to filter out the interference of external
policy shocks on the housing price mechanism. These rea-
sons make Chengdu’s real estate market an ideal object of
study. Therefore, this study selected five central districts of
Chengdu (Jinniu District, Chenghua District, Jinjiang Dis-
trict, Wuhou District, and Qingyang District) as the study
area (Fig. 2).

3.3. Variable collection

3.3.1. Dependent variable

The housing price data used in this study were obtained by
using Python to extensively scrape web page information
from real estate information service platforms, resulting in
datasets for pre-sale and second-hand housing trans-
actions. As the leading companies in China’s real estate
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The proposed analytical framework.

transaction industry, Beike and Anjuke were chosen as
target websites due to their high transaction volumes and
comprehensive property information.

The pre-sale housing price units analyzed in this study
were scraped from 890 residential development projects
listed on Anjuke in 2023. The crawling date was January 8,
2024. The data were preprocessed and filtered based on the
following principles: (1) the development project must
have been launched in 2023 with a precise delivery date;
(2) the term of ownership of the residential property
must be 70 years, supplied with residential water, and
the transaction right was classified as commodity housing;
(3) units within +3% of the floor area in the same
development were treated as identical types; (4) only
units with complete housing structure and price data
were considered. A total of 361 units from 181 residential
development projects met these criteria. Then, we
calculated the pre-sale housing prices for all units. To
ensure the reliability of the data, the pre-sale housing price
data were sourced from the “one house, one price” records
filed by pre-sale property developers to the local real es-
tate management authorities. If specific “one house, one
price” data were unavailable, each type’s reference unit
price was used. Then, the average price per square meter
of identical unit types within the same development was
used as the pre-sale housing price. To exclude the impact of
unique floors (such as garden floors or duplex units) on
prices, all units’ first and top floors were excluded when
calculating the average price. Ultimately, 361 pre-sale
housing unit prices were included in the dataset for sub-
sequent research.

The second-hand housing price data were scraped from
Beike, recording the average transaction price per square
meter for all second-hand housing transactions in the
study area, excluding taxes and agency fees. The data were
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collected on March 24, 2024, resulting in 197,395 trans-
action records. Subsequently, the data were cleaned
following these criteria: (1) the transaction dates were
limited to 2023; (2) the study only considers residential
properties that provide civil water and electricity,
excluding resettlement housing, 40-year tenure apart-
ments, and public-owned housing; (3) the properties must
be classified as ordinary residential housing, excluding
villas, self-built houses, and bungalows; (4) properties with
unknown construction dates were excluded; (5) the prop-
erty rights must be privately owned instead of co-owned.
Finally, the dataset for this study included 4807 second-
hand housing transaction records from 1327 communities
within the study area.

3.3.2. Independent variables

Table 2 defines the variables utilized in this study, including
their measurement methods and descriptive statistics.
Based on the mainstream theories in the existing literature
on the relationship between the built environment on
housing prices, this study systematically selected three
categories of multi-scale built environment indica-
tors—building-level attributes, neighborhood-level built
environment, and street-level built environment
factors—as the independent variables in our analysis.

(1) Building-level attribute

Considering data availability and previous research ref-
erences (Chen et al., 2023; Fan et al., 2006), the building-
level attributes in this study included building age/delivery
time, number of bedrooms, number of halls, and floor area.
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For second-hand housing, the building age ranged from the
property registration date or the property deed tax issu-
ance date to January 2024. For pre-sale housing, the
building age was defined as the duration from the latest
delivery date announced before January 8, 2024, to
January 2024. This study analyzed the floor plans to explore
the impact of layout design. Since the floor plan was two-
dimensional data with various house types, this study only
quantified the attributes of bedrooms and halls. The num-
ber of bedrooms and halls was obtained from the reported
functional areas of the unit type. Notably, the living and
dining rooms were collectively called “ting" (hall) in China.
For example, "one hall” indicated an integrated living and
dining area, while “two halls” signified a separate living
room and dining room. Furthermore, the floor area was
represented by the total area shown on the property cer-
tificate, including the interior, shared, and wall areas. The
pre-sale housing data excluded any complimentary areas.

(2) Neighborhood-level built environment

The study referred to the “5Ds” framework to define
neighborhood-level built environment factors. Based on
Ellis et al. (2016) and Kang et al. (2021), 600 m radius
buffers centered on the housing price datasets were
established as the primary research units. 11 neighborhood-
level built environment variables were calculated and
added to the dataset. For the density indicator, this
study considered residential population density, working
population density, and building density. The population
density was derived from mobile signaling data collected in
2021. We defined individuals who stayed in the same
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Table 2

Variable definitions and descriptive statistics.

Variable Description or calculation Pre-sale house Second-hand house
Mean S.D. Min. Max. Mean S.D. Min. Max.
Housing price Pre-sale housing: The average pre-sale price per  25677.99  5170.58 12000.00  40000.00 18119.64  6123.93  6450.00 56090.00
square meter for pre-sale residential units (RMB).
Second-hand housing: The average transaction
price per square meter for second-hand
residential units (RMB).
Building-level attribute
Building age Second-hand housing: Residential building age 5.89 14.20 —36.00 36.00 155.22 57.41 12.00 468.00
(month).
Pre-sale housing: Pre-sale housing delivery time
(month).
Number of bedrooms  Number of bedrooms in the house type 3.56 0.70 1.00 7.00 2.41 0.88 1.00 8.00
Number of halls Number of living rooms and kitchens in the house 2.03 0.31 0.00 5.00 1.39 0.56 0.00 3.00
type
Floor area The floor area of the house type 138.45 43.40 33.05 427.00 89.93 33.76 26.57 345.75
Neighborhood-level built environment
Residential Residential population density within a 600 m 0.008 0.006 0.000 0.035 0.012 0.005 0.000 0.034
population density  buffer (persons/m?)
Working population Working population density within a 600 m buffer 0.007 0.006 0.000 0.028 0.012 0.008 0.000 0.060
density (persons/m?)
Building density Building coverage ratio within a 600 m buffer 0.220 0.082 0.050 0.615 0.209 0.061 0.042 0.530
Land mix use POI entropy within a 600 m buffer 0.67 0.10 0.28 0.77 0.68 0.10 0.00 0.77
Street density Street length per unit area within a 600 m buffer 0.009 0.004 0.001 0.022 0.013 0.004 0.001 0.035
(m/m?)
Number of bus stops Number of bus stops within a 600 m buffer 9.95 6.50 0.00 28.00 16.21 6.39 0.00 35.00
Distance to subway Distance to the nearest subway station entrance 711.92 561.03 46.69 3629.12 524.45 319.46 5.41 2216.65
station (m)
Number of hospitals Number of general hospitals within a 600 m buffer 5.22 8.23 0.00 77.00 12.42 10.06 0.00 129.00
Number of schools Number of primary and middle schools within a 3.55 2.68 0.00 13.00 5.27 2.81 0.00 19.00
600 m buffer
Number of shopping Number of shopping centers within a 600 m buffer 20.99 23.04 0.00 121.00 48.50 38.03 0.00 341.00
centers
Number of parks Number of parks within a 600 m buffer 0.83 1.01 0.00 5.00 1.98 2.96 0.00 19.00
Distance to city Distance to Tianfu Square (m) 8138.43  2673.56 1254.13  13971.77 6229.31 2706.12 100.78  13387.15
center
Street-level built environment
GVI The average proportion of greenery tags in street 0.236 0.065 0.049 0.496 0.243 0.059 0.098 0.585
view images within a 600 m buffer
SVI The average proportion of sky tags in street view 0.209 0.064 0.054 0.420 0.169 0.055 0.053 0.351
images within a 600 m buffer
BVI The average proportion of building tags in street 0.166 0.074 0.021 0.326 0.196 0.071 0.026 0.366
view images within a 600 m buffer
RVI The average proportion of road tags in street view 0.232 0.025 0.145 0.293 0.233 0.022 0.130 0.286

images within a 600 m buffer
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location continuously for more than 15 days from midnight
to 5 a.m. as the residential population and those from 9 a.
m. to 5 p.m. as the working population. The remaining nine
variables were derived from the geographic information
system (GIS) data provided by the Baidu Map Open appli-
cation programming interface (API), including point of in-
terest (POI) data, street data, and building outline data.
The data was collected in January 2024. Building density
refers to the building coverage ratio within the buffer zone.
For the diversity indicator, land use mix was assessed
through the entropy index of six POl types (accommoda-
tion, leisure, living services, shopping, dining, and office)
within the buffer zone. For the design indicator, this study
calculated street density within the buffer zone. Distance
to transit was used to measure public transport accessi-
bility, defined by the number of bus stops within the buffer
and the distance to the nearest subway station. For the
destination accessibility indicator, this study selected the
number of major destinations within the buffer zone based
on previous studies, including hospitals, schools, shopping
centers, and parks, as well as the distance to the city
center as key variables. Specifically, the number of hospi-
tals was only calculated within the 600 m buffer for general
hospitals. To account for the impact of high-quality
educational resources on housing prices, the variable for
the number of schools focused on key primary and middle
schools represents the stages of compulsory education in
China (Wen et al., 2017). Shopping centers include
department stores, supermarkets, urban complexes, com-
mercial streets, and markets. The number of parks was only
calculated for parks and squares. Lastly, Tianfu Square was
used as the reference point for calculating the distance to
the city center.

(3) Street-level built environment

In this study, the visual indices of greenery, sky, build-
ings, and roads in the street can be employed to quantify
the built environment at the street level. Traditional data
collection methods have limitations in quantifying street-
level built environment factors, with difficulties in large-
scale collection and precise identification. The advent of
semantic segmentation algorithms in computer vision has

facilitated the use of fine-grained street view images to
extract environmental characteristics. To ensure extensive
coverage and objectivity, this study utilized the semantic
segmentation technology based on convolutional neural
networks (CNNs) to extract visual indices from a large set
of street view images. The specific steps are as follows
(Fig. 3):

Firstly, ArcGIS 10.5 was used to crop the road networks
based on buffer zones for pre-sale and resale houses. Using
the “Create Random Points” function, sampling points were
generated every 50 m along each street, resulting in 80,542
sampling points with latitude and longitude recorded.

Secondly, the Python script was used to acquire street
view images from the Baidu Map Open API in four directions
(0°, 90°, 180°, and 270°) for each sampling point. Only the
most recently captured street view images were utilized,
and any data points with timestamps earlier than 2020 were
removed. In total, 322,168 images with a resolution of
800 x 600 pixels were collected in September 2023.

Thirdly, the Pyramid scene parsing network (PSPNet), a
state-of-the-art system for scene parsing and semantic
segmentation, was employed to accurately identify and
classify different features within the street view images
(Zhao et al., 2017). PSPNet is uniquely equipped with a
Pyramid Pooling Module that enhances scene understanding
by integrating multiscale contextual information, enabling
a richer interpretation of diverse visual elements in com-
plex scenes. Numerous studies confirm that PSPNet has
significant advantages in handling complex scenes with
diverse visual elements. Therefore, this study adopted
PSPNet as the basic model for the semantic segmentation of
street view images to obtain street-level built environment
features. Fiure 3 illustrates the PSPNet framework, where
input images first undergo CNN-based feature extraction to
capture the final layer of the convolutional feature map.
The feature map is then multiscale pooled by the pyramid
pooling module, followed by upsampling and concatenation
layers to form the final feature representation, thereby
obtaining rich semantic information from local and global
contexts. The convolution layer then converts the feature
representation into pixel-wise predictions. The segmenta-
tion labels were derived from the urban street scenes class
definitions of the Cityscapes dataset (Cordts et al., 2016),

‘ Collect street view images

Street view images semantic segmentation ‘

Semantic segmentation: Pyramid Scene Parsing Network (PSPNet)

(i) Input Image

Fig. 3
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The specific steps of measuring street-level built environment factors.
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including vegetation labels, sky labels, building labels, and
road labels.

Fourth, the proportion of extracted pixels in the total
pixels of each image was calculated, resulting in the
Greenery View Index (GVI), Sky View Index (SVI), Building
View Index (BVI), and Road View Index (RVI), which quantify
the visibility of each element within the street-level built
environment. Finally, spatial statistics were conducted to
calculate the mean values of the four visual indices for all
sample points within a 600 m buffer zone in the study area,
representing the overall visibility of the four elements
within the buffer.

3.4. Methods

This study employed five machine learning regression
models to predict the prices of pre-sale and second-hand
houses, aiming to explore the complex nonlinear relation-
ships among variables. The selected models included
Random Forest, Extreme Gradient Boosting (XGBoost),
Backpropagation, Adaptive Boosting, and Linear Regres-
sion. To evaluate the predictive performance of these
models, this study adopted the coefficient of determination
(R*) and Mean Absolute Error (MAE) as metrics to assess
model fit and error levels. Table 3 presents the regression
prediction results of the five models. The results indicated
that the XGBoost model performed the best on this study’s
data, with the highest R? and the lowest MAE, suggesting its
superior ability to capture complex relationships among
variables.

This study adopted the XGBoost algorithm to explore the
nonlinear associations among variables. As an optimized
version of the Gradient Boosting Decision Tree (GBDT),
XGBoost builds multiple decision trees and gradually cor-
rects prediction errors to continuously improve model
performance (Ali et al., 2023). Additionally, due to its
excellent performance on small datasets and its ability to
effectively fit nonlinear relationships, XGBoost has been
widely applied in regression prediction, classification
modeling, and ranking tasks (Jin et al., 2022).

During the training process of the XGBoost model, this
study assessed the relative importance of each feature
using information gain. The relative importance of each
variable was used to evaluate its contribution to the
model’s predictive performance. Furthermore, partial
dependence plots (PDP) were employed to interpret the

Table 3 The regression prediction results for the five
models.

Pre-sale Second-hand

house house

R*  MAE R*  MAE
Random forest 0.45 2618.52 0.75 2008.12
Extreme gradient boosting 0.48 2637.65 0.78 1987.53
Backpropagation 0.09 7241.73 0.11 4202.33
Adaptive boosting 0.34 3100.99 0.33 4135.64
Linear regression 0.13 3771.16 0.41 3495.77

results. These plots graphically display the marginal effect
of an explanatory variable on the response variable. This
approach helps to better understand and explain the pre-
dictive behavior and actual relationships of the model. For
a given feature Xj, its partial dependence function is
expressed as:

FO0) =30 F6.x7),

where fis the model prediction function; N is the number
of samples; and X(_'j is the feature vector excluding the
feature X;.

All model analyses in this study were conducted in the
Python environment. Before constructing the regression
model, this study firstly used the Variance Inflation Factor
(VIF) to detect potential multicollinearity problems among
the independent variables. The results showed that the VIF
of all variables was less than 10, indicating that all variables
could be included in the subsequent regression analysis.
Then, this study built an XGBoost model and efficiently
selected the optimal parameter combination through grid
search to optimize the model’s performance. After
parameter calibration, the model parameters were set as
follows: the number of decision trees was 200, the max
depth of each tree was 6, and the learning rate was 0.05.
Subsequently, we divided the datasets into training and test
sets, with 80% of the samples used for training the model
and 20% for testing. Finally, we obtained the relative
importance of predictors and the partial dependence plots.

4, Results

4.1. Relative importance of independent variables

Table 4 shows the relative importance of the three inde-
pendent variables in predicting the pre-sale and second-
hand housing prices, indicating each feature’s relative
contribution to the model’s predictions. The higher the
value of relative importance, the greater the influence of
the feature on the model output. All three independent
variables contributed substantially to predicting both house
price types. In both models, the neighborhood-level built
environment factors significantly impacted the prices of
pre-sale and second-hand houses, contributing 70.82% and
69.79% respectively. In pre-sale housing, street-level built
environment factors contributed more to housing prices
than building structure attributes; however, the opposite
trend was observed in second-hand housing.

Regarding the building-level attributes, building age was
the most important predictor for both pre-sale and second-
hand housing prices among all variables, accounting for 7.81%
and 9.49% of the predictive ability respectively. Furthermore,
it is worth noting that second-hand housing prices were
significantly affected by the number of bedrooms.

On the neighborhood-level built environment aspect,
the distance to the city center was the most explanatory
key variable in the price prediction of both pre-sale and
second-hand houses, ranking first among all factors. This
highlights the critical role of locational accessibility in
shaping homebuyers’ willingness to pay during the housing
decision-making process. Additionally, in terms of pre-sale
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Table 4 The relative importance of predictors in explaining pre-sale and second-hand housing prices in the random forest

model.
Predictors Pre-sale house Second-hand house
Relative Rank Relative Rank
importance (%) importance (%)
Building-level attribute Total 12.40 Total 20.45
Building age 7.81 3 9.49 2
Number of bedrooms 1.10 19 7.12 3
Number of halls 0.70 20 0.98 20
Floor area 2.79 17 2.86 18
Neighborhood-level built environment Total 70.82 Total 62.79
Residential population density 3.12 16 2.75 19
Working population density 2.79 18 4.15 11
Building density 8.74 2 6.30 5
Land mix use 3.27 14 5.27 7
Street density 3.62 12 3.15 16
Number of bus stops 3.26 15 4.46 10
Distance to subway station 6.84 4 3.80 14
Number of hospitals 4.15 10 5.34 6
Number of schools 4.34 9 3.84 13
Number of shopping centers 4.98 6 4.91 9
Number of parks 5.99 5 5.23 8
Distance to city center 19.72 1 13.59 1
Street-level built environment Total 16.78 Total 16.76
GVI 4.65 8 3.90 12
SVI 4.82 7 6.58 4
BVI 3.89 11 3.40 15
RVI 3.42 13 2.88 17

housing, building density emerged as the most important
predictor within the mesoscale built environment category,
ranking second among all predictors. This was followed by
the distance to the nearest subway station (ranked fourth),
the number of nearby parks (ranked fifth), and the number
of nearby shopping centers (ranked sixth). These findings
indicated that urban public transportation and destination
accessibility significantly impacted pre-sale housing prices.
On the other hand, for second-hand housing, building
density (ranked fifth) and the number of hospitals (ranked
sixth) were identified as crucial factors influencing housing
prices.

Regarding the street-level built environment, the
contribution of the street-level built environment to hous-
ing prices was relatively similar between pre-sale and
second-hand housing. Among these factors, SVI had the
most pronounced impact on pre-sale and second-hand
housing prices, ranking seventh and fourth respectively,
followed by GVI. Comparatively, the relative importance of
BVI and RVI ranked lower, indicating a lesser impact on
housing prices.

4.2. Nonlinear and threshold effects

The model generated PDPs for each predictor to show the
nonlinear relationship among variables. The graph’s verti-
cal axis represents the model’s predicted values, while the
horizontal axis indicates the partial dependence of the
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feature. The fit line’s rise and fall respectively reflect the
feature’s positive and negative influence on the model
predictions.

In terms of building-level attributes, building age,
number of bedrooms, and floor area significantly influence
housing prices. Firstly, the building age had a more pro-
nounced impact on second-hand housing prices than pre-
sale housing prices (Fig. 4(a)). Specifically, for pre-sale
housing prices, pre-sale properties under construction
(building age of pre-sale housing <0) demonstrated unique
“U-shaped” non-linear relationships. At the beginning of
the project launch, pre-sale houses were priced at a rela-
tive maximum. Over time, prices underwent moderate
adjustment, with a noticeable increase occurring as the
handover date approached, particularly during the final six
months before the handover. Completed pre-sale houses
(building age of pre-sale housing >0) also exhibited an
"“inverted U-shaped” impact trend, with the positive impact
becoming significant in 3—12 months post-completion.
Nevertheless, the impact peaked around 18 months and
showed an inhibitory curve. In the second-hand market,
building age had a significant negative impact on housing
prices, with the most pronounced negative effect observed
between 120 and 240 months of building use. Housing prices
reached the notable threshold when the building age of
second-hand housing exceeded 240 months. Secondly, both
pre-sale and second-hand housing prices showed a signifi-
cant threshold effect with four bedrooms (Fig. 4(b)). The
number of bedrooms on second-hand housing prices was
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Fig. 4 The nonlinear association between building-level predictors and pre-sale and second-hand housing prices: (a) building
age; (b) number of bedrooms; (c) number of halls; (d) floor area.

much more significant than that on pre-sale houses.
Thirdly, the number of halls positively influenced housing
prices for both types but with minimal incremental effects
(Fig. 4(c)). Lastly, floor area significantly affected housing
prices (Fig. 4(d)). For pre-sale properties, the floor area
had a complex nonlinear impact. The positive effect was
most pronounced at 120—168 m?, with a turning point at
142 m?. Beyond this point, the effect turned negative and
remained significant until reaching the threshold of 230 m?.
For second-hand housing, smaller floor areas (<60 m?)
negatively impacted second-hand housing prices, with
positive effects observed between 60 and 180 mZ.

Figure 5 depicts the fitted curves illustrating the impact
of neighborhood-level built environment variables on pre-
sale and second-hand housing prices. Residential popula-
tion density (Fig. 5(a)) exhibited similar nonlinear effects
on the two types of housing prices, showing an inverted U-
shaped effect (indicating promoting first and then inhibit-
ing). Working population density (Fig. 5(b)) exhibited sig-
nificant heterogeneity in its global effects on housing prices
across the pre-sale and second-hand housing markets. In
pre-sale housing, working population density showed a
negative correlation with housing prices, with this negative
effect becoming more pronounced once the density
exceeded the threshold of 0.005 working persons/m?. In
contrast, second-hand housing prices displayed a nonlinear
“decline-then-rise” relationship with working population
density. Specifically, a negative effect was observed at
densities below 0.007 working persons/m?, but when den-
sities exceed this threshold, prices turn to a steady upward
trend. Building density (Fig. 5(c)) affected pre-sale housing
prices with an "inhibition-promotion-inhibition” pattern,
whereas it had a pronounced inhibitory effect on second-
hand housing prices. Land mix use (Fig. 5(d)) and street

density (Fig. 5(e)) exerted comparable influences on the
prices of both housing properties. For land mix use, a
turning point occurred at 0.6. Thereafter pre-sale housing
prices were briefly suppressed and then promoted, but
second-hand housing prices continued to be promoted.
Street density demonstrated an insignificant effect at lower
levels and a promotional effect at values greater than
0.014 m/m?2. The number of bus stops (Fig. 5(f)) also dis-
played a similar trend. For pre-sale housing, the inhibitory
effect turned positive at a threshold of three bus stops. As
the number of bus stops increased to 3—5, the positive
effect became more pronounced while remaining minimal
outside this range. For second-hand housing, a significant
positive effect was shown when the number of bus stops in
the buffer zone was below 20, indicating greater bus ser-
vice demands and a more comprehensive housing price
fluctuation range in the second-hand housing market. The
distance to the subway station (Fig. 5(g)) exhibited oppo-
site response patterns for the two housing price categories.
For pre-sale housing, prices were inhibited when the dis-
tance to the subway station was within 300 m. However, a
promotional effect was observed between 300 and 750 m,
with prices increasing as the distance from the subway
station increased. Then the price slightly decreased, which
is contrary to our common sense. Conversely, proximity to
subway stations consistently suppressed second-hand
housing prices, especially beyond 1000 m. Furthermore,
the number of hospitals (Fig. 5(h)), schools (Fig. 5(i)),
shopping centers (Fig. 5(j)), and parks (Fig. 5(k)) all posi-
tively influenced housing prices in appropriate thresholds,
with hospitals, schools, and parks having a more pro-
nounced effect on pre-sale housing prices compared to
second-hand housing prices. Finally, the distance to the city
center (Fig. 5(1)) inhibited both types of housing prices, but
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its impact on second-hand housing prices is more substan-
tial and significant.

Regarding street-level built environment predictors, GVI
(Fig. 6(a)) positively impacted both pre-sale and second-
hand housing prices. Specifically, GVI enhanced pre-sale
housing prices within the range of 0.13—0.37, while it
markedly promoted second-hand housing prices once it
exceeded 0.32. On the other hand, SVI (Fig. 6(b)) demon-
strated a similar global impact trend in its impact on the
two types of housing prices within the range of 0.02—0.027,
but with different threshold effects. Pre-sale housing prices
reached their first peak when SVI was 0.2, followed by a
moderate adjustment. In contrast, second-hand housing
prices peaked within the SVI range of 0.125-0.15, after
which a price suppression effect occurred. However, SVI
began to promote both pre-sale and second-hand housing
prices beyond 0.2, with a more pronounced effect on pre-
sale housing prices. BVI (Fig. 6(c)) affected both types of
housing prices similarly, exhibiting a significant inhibitory
effect at high values. RVI (Fig. 6(d)) had almost no impact
on either type of housing price before reaching the

threshold of 0.21. Thereafter, it showed a U-shaped effect
on pre-sale housing prices, while positively influencing
second-hand housing prices.

5. Discussion

This study provided robust evidence that building-level
factors, neighborhood-level, and street-level built envi-
ronment factors can effectively modulate pre-sale and
second-hand housing prices through environmental in-
terventions via the XGBoost model. For all we know, our
study is one of the early studies focusing on the influencing
differences between pre-sale housing prices and second-
hand housing prices. These findings offer valuable insights
for homebuyers to make informed decisions and provide
targeted policy-making references for relevant national
agencies, industry regulators, and real estate companies,
thereby facilitating the scientific management and sus-
tainable development of the real estate industry. Next, this
study discussed the intervention effects of these three
types of factors on housing prices.
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Fig. 6 The nonlinear association between street-level built environment predictors and pre-sale and second-hand housing prices:
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Our study found that building-level factors impact
housing prices, especially the age of the building. This
finding aligned with previous studies (Hwang and Quigley,
2006; Kang et al., 2021), which similarly observed the
notable depreciation effect of building age on housing
prices. For investors, newer buildings generally indicated
more extended durability and higher rental yield; for resi-
dents, they represented superior quality and lower main-
tenance costs. Moreover, longer waiting costs before
delivery positively correlated with higher prices for pre-
sale housing. For second-hand housing, the nonlinear
depreciation effect of building age on housing prices
observed in our study was consistent with the age depre-
ciation curve identified in previous research (Suzuki and
Asami, 2022), especially between 120 and 240 months.
One possible reason is that this phenomenon relates to the
unique structure of housing markets in densely populated
Asian cities. In these cities, the accelerated process of
urban regeneration and short demolition and reconstruc-
tion cycles have resulted in relatively short-lived market
structures and an average building lifespan much shorter
than its intended design lifespan, thus affecting the
depreciation pattern of housing prices based on building
age (Liu et al., 2014). Consequently, the depreciation ef-
fect diminished as the market had already anticipated the
shorter lifespan of these properties beyond 240 months.
Although the depreciation expectation of these properties
in the market has been formed, the government can
consider upgrading their living quality and market value
through urban renewal and renovation of old districts. Our
study also found two threshold values in the impact of floor
area on pre-sale housing prices. This also aligned with the
intervention of the real estate market by the deed tax
policy, loan preferential policy, and purchase restriction
requirements in the process of pre-sale housing

transactions, with the 90 m? housing and 144 m? housing
serving as boundaries.

It was found that neighborhood-level built environment
factors significantly impacted the prices of both pre-sale
and second-hand housing. Policymakers and urban planners
should pay attention to interventions in the neighborhood-
level built environment to achieve rational housing price
regulation. Notably, these factors displayed nonlinear re-
lationships and threshold effects on housing prices. Firstly,
building density affected the two types of housing differ-
ently. For second-hand housing, the housing prices were
significantly suppressed by higher building density, consis-
tent with existing literature (Liu et al., 2024). High building
density may lead to negative impacts such as traffic
congestion, increased noise, and reduced green spaces,
thus decreasing the attractiveness and price of second-
hand housing. However, for pre-sale housing, housing pri-
ces increased with building density in low-density areas
(0.12 < building density < 0.2). This may be because the
pricing of pre-sale houses was affected by land prices, and
the construction cost was lower in this area. At the same
time, low-density areas generated positive externalities,
and the existing housing prices increased with the con-
struction of new residential buildings in the surrounding
area. However, overbuilding in high-density areas may
harm the value of both pre-sale and existing nearby houses.
Therefore, zoning interventions are needed for areas with
different building densities. Secondly, hospitals, schools,
shopping centers, and parks only positively drove housing
prices within an appropriate range. Residents aimed to
maximize their utility by considering the value of accessible
educational resources, medical facilities, shopping options,
and recreational areas when choosing a residence
(Wittowsky et al., 2020). Among them, shopping center
accessibility was the most crucial factor, providing
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numerous shopping and entertainment choices and signifi-
cantly enhancing residents’ convenience and quality of life
(Zhang et al., 2020). Schools came next, especially in the
pre-sale housing market, consistent with the *“school dis-
trict housing” phenomenon in China (Chung, 2015; Wen
et al., 2017). Homebuyers were willing to pay the pre-
mium for access to high-quality primary and secondary
education resources, particularly for families with school-
age children or those planning to have children. Houses in
prestigious school districts had a higher potential for value
retention and appreciation. Unexpectedly, we found that
the fluctuation of second-hand housing prices was signifi-
cantly influenced by the number of general hospitals. This
contribution exhibited a clear threshold effect when there
were 1—2 general hospitals within 600 m. This phenomenon
requires careful consideration given the factors of the past
epidemic. Thirdly, as the core driving force influencing
housing prices, distance to the city center exhibited
negative nonlinear associations on both housing types.
Housing policies in suburban areas should focus on infra-
structure improvement to offset locational disadvantages.
However, the depreciation rates differed in different
housing types. Pre-sale housing prices were relatively
insensitive to changes in distance to the city center in the
early stages, which mainly stemmed from the fact that pre-
sale homebuyers paid more attention to the future appre-
ciation potential and tended to assess its value from the
perspective of long-term investment. In contrast, second-
hand housing prices are more sensitive to the distance
from the city center, with their depreciation rate showing a
clear decreasing trend as the distance increases. This was
in alignment with Huang et al. (2017). This was because
second-hand homebuyers typically sought immediate oc-
cupancy and thus prioritized the area’s geographical loca-
tion and current convenience. Therefore, for the second-
hand housing market, the policy suggested guiding home-
buyers to focus on the development potential of the region
and reduce market speculation expectations.

Previous studies have widely acknowledged the spatial
premium effect of subway accessibility on housing prices
(Tian et al., 2021; Yang et al., 2020). Our study also
confirmed this effect in second-hand houses. However, it is
worth noting that the distance to the subway station
showed a “U"-shaped impact on the pre-sale housing prices.
Specifically, pre-sale housing prices increased with further
distance from the subway entrance within 300—750 m. This
finding was inconsistent with common sense and previous
studies emphasizing the significant positive proximity ef-
fect of subway stations (Debrezion et al., 2011; Tan et al.,
2019). Our field investigation indicated the following two
reasons for this observation. Firstly, the demand structure
for pre-sale housing in China has evolved, with improved
housing demand becoming predominant (Du et al., 2017).
Improvement-oriented residential developments typically
featured larger living areas, superior locations, higher
construction quality, and more extensive amenities, lead-
ing to higher housing unit prices. Developers of these pro-
jects need to balance transportation convenience and
environmental quality, choosing sites within the 5—10-min
walking distance from subway stations (approximately
400—800 m). This strategy satisfied the 15-min living circle
requirement for subway accessibility while avoiding noise

and air pollution issues caused by being adjacent to subway
stations. This aligned with Jin et al. (2022) and Guan et al.
(2024), indicating the adverse and inverse premiumization
effects of subway accessibility on high-priced housing. In
contrast, areas closer to subway stations (approximately
200 m) tended to feature lower-priced affordable housing,
apartments, and rental properties. Secondly, the area
closer to the subway station often has a later land acqui-
sition time in the same community quality (Tan and Xu,
2023). The projects in these areas typically benefited
from lower land costs and, coupled with housing price caps
and building age restrictions, may have more competitive
pre-sale pricing than later land acquisition projects. Due to
the limited sample size, this finding applied only to pre-sale
housing prices ranging from 0 to 3600 m from subway sta-
tions and should be interpreted cautiously.

In addition, street-level built environment factors
exhibited nonlinear associations and threshold effects on
the housing prices of both second-hand properties and pre-
sale properties. Numerous studies have demonstrated the
spatial spillover effects of urban greenery on second-hand
housing prices (Zambrano-Monserrate et al., 2021; Hui and
Liang, 2016). The visibility of greenery was found to play a
crucial role in driving up housing prices by significantly
enhancing residents’ living experience and positively
impacting potential buyers’ emotions when directly visible
around the housing estate when directly visible around the
housing estate. Empirical evidence from countries such as
Singapore (Teo et al., 2023) and New York (Lin et al., 2024)
also supported greenery’s economic benefits and direct
contributions to housing prices. However, it was observed
that this positive impact was not unlimited in promoting
second-hand house prices. In addition, our study also found
that the degree of sky openness exerted different global
impact trends on pre-sale and second-hand housing. In
particular, prospective pre-sale house buyers were more
willing to pay premium prices for areas with expansive sky
views, as these aligned with their expectations for future
living and the market positioning of developers in newly
developed areas. On the other hand, buyers of second-hand
housing prefer enclosed surroundings, especially at the
threshold of SVI ranging from 0.12 to 0.16, valuing the
safety, privacy, and stability within the existing living
environment. Unlike SVI, BVI significantly suppressed both
types of housing prices at high values, consistent with prior
research (Zahirovich-Herbert and Gibler, 2014). Both types
of buyers are reluctant to invest extra money in areas
characterized by visually dense buildings. Our study iden-
tified that RVI exerted significant threshold effects on
housing prices. This phenomenon was mainly driven by the
fact that low RVI areas typically indicated narrow roads,
while high RVI areas provided more expansive views and
more convenient traffic conditions, thereby driving up
housing prices. However, excessively high RVI can also lead
to issues such as noise and air pollution, which could offset
some of the positive effects.

6. Conclusion

Using Chengdu as a case study, this study integrated multi-
source big data and employed the XGBoost model by
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comparing multiple machine learning models to investigate
the relative importance, nonlinear and threshold effects of
building-level attributes, neighborhood-level, and street-
level built environment factors on pre-sale and second-hand
housing prices. The main findings included the following:
Firstly, neighborhood-level built environment factors were
identified as significant influencers on two types of housing
prices, with distance to the city center emerging as the
most significant predictor. Secondly, building age, as a
building-level attribute, was also proven to significantly
affect housing prices. Furthermore, various nonlinear and
threshold effects were observed between neighborhood-
level and street-level built environment factors and housing
prices. Notably, in contrast to the observed subway pre-
mium effect on second-hand housing prices, the impact of
subway accessibility on pre-sale housing prices demon-
strated the “U" shape. That is to say, for pre-sale houses,
the housing prices tend to increase with the distance to the
station within 300—750 m. In summary, the results of our
study indicated that environmental interventions could
effectively regulate the prices of pre-sale and second-hand
housing, providing targeted interventions at different
spatial scales for effective housing market regulation and
sustainable urban development.

This study also presented the following limitations: (1)
Due to the lack of relevant data, several additional
building-level factors influencing housing prices, such as
the effective building height, orientation, floor, housing
structure, and property quality, have not been examined.
Future studies could also consider these factors. (2)
Because of the regional specificity and considerable policy
regulation of China’s pre-sale housing transaction model, it
remained unclear whether these findings can be general-
ized to other countries. Consequently, further empirical
research is needed to verify and expand these conclusions
under diverse environmental and market conditions. (3)
The study neglected the potential interaction effects
among different variables (e.g., building density, diversity)
on housing prices. Investigating these potential mechanisms
can yield a more comprehensive understanding of the fac-
tors influencing housing prices. (4) The street-level built
environment variables were obtained from Baidu Street
View images captured by vehicles equipped with charge-
coupled device sensors, which were not all taken at the
same time. This can lead to minor deviations from the
environmental characteristics perceived from the human
perspective and three-dimensional experience on the
street. Future research could utilize advanced technologies
such as precise virtual reality models created by digital
twin platforms or real-time capturing and recording models
using wearable cameras to gather more prosperous and
detailed data. (5) This study only focused on the nonlinear
impact of transportation accessibility in the urban central
area on housing prices, especially subway accessibility.
Future studies can incorporate data from suburban and
exurban areas to explore the relationship between trans-
portation accessibility and housing prices more thoroughly.
(6) The model used in this study did not explicitly consider
geographic heterogeneity. Future research could incorpo-
rate machine learning methods combined with spatial
analysis to further explore the potential impacts of
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geographic heterogeneity on the results, thereby enhancing
the model’s explanatory power and applicability.

Declaration of competing interest

The authors declare that they have no known competing
financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

Acknowledgments

This work was financially supported by the 2024 Zhejiang
Provincial Philosophy and Social Sciences Planning “Pro-
vincial and municipal cooperation” Project (No.
24SSHZ140YB).

References

Ali, Z.A., Abduljabbar, Z.H., Tahir, H.A., Sallow, A.B., Almufti, S.
M., 2023. eXtreme Gradient Boosting Algorithm with Machine
Learning: A Review. Academic Journal of Nawroz University 12
(2), 320—334.

Balemi, N., Fiss, R., Weigand, A., 2021. COVID-19’s impact on real
estate markets: review and outlook. Financ. Mark. Portfolio
Manag. 35 (4), 495—513.

Beltratti, A., Morana, C., 2010. International house prices and
macroeconomic fluctuations. J. Bank. Finance 34 (3), 533—545.

Chakrabarti, S., Kushari, T., Mazumder, T., 2022. Does trans-
portation network centrality determine housing price? J.
Transport Geogr. 103, 103397.

Chen, Y., Jiao, J., Farahi, A., 2023. Disparities in affecting factors
of housing price: A machine learning approach to the effects of
housing status, public transit, and density factors on single-
family housing price. Cities 140, 104432.

Chung, I.H., 2015. School choice, housing prices, and residential
sorting: empirical evidence from inter-and intra-district choice.
Reg. Sci. Urban Econ. 52, 39—49.

Debrezion, G., Pels, E., Rietveld, P., 2011. The impact of rail
transport on real estate prices: an empirical analysis of the
Dutch housing market. Urban Stud. 48 (5), 997—1015.

Deng, Q.S., Alvarado, R., Cheng, F.N., Cuesta, L., Wang, C.B.,
Pinzon, S., 2023. Long-run mechanism for house price regula-
tion in China: real estate tax, monetary policy or macro-
prudential policy? Econ. Anal. Pol. 77, 174—186.

Doan, Q.C., Chen, C., He, S., Zhang, X., 2024a. How urban air
quality affects land values: exploring non-linear and threshold
mechanism using explainable artificial intelligence. J. Clean.
Prod. 434, 140340.

Doan, Q.C., Vu, K.H., Trinh, T.K.T., Bui, T.C.N., 2024b. Examining
the nonlinear and threshold effects of the 5Ds built environ-
ment to land values using interpretable machine learning
models. J. Geogr. Sci. 34 (12), 2509—-2533.

Du, J., Yang, Y., Li, D., Zuo, J., 2017. Do investment and
improvement demand outweigh basic consumption demand in
housing market? Evidence from small cities in Jiangsu, China.
Habitat Int. 66, 24—31.

Ellis, G., Hunter, R., Tully, M.A., Donnelly, M., Kelleher, L., Kee, F.,
2016. Connectivity and physical activity: using footpath net-
works to measure the walkability of built environments. Envi-
ron. Plann. Plann. Des. 43 (1), 130—151.

Ewing, R., Cervero, R., 2010. Travel and the built environment. J.
Am. Plann. Assoc. 76 (3), 265—294.


http://refhub.elsevier.com/S2095-2635(25)00086-X/optzTW5zND4tM
http://refhub.elsevier.com/S2095-2635(25)00086-X/optzTW5zND4tM
http://refhub.elsevier.com/S2095-2635(25)00086-X/optzTW5zND4tM
http://refhub.elsevier.com/S2095-2635(25)00086-X/optzTW5zND4tM
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref1
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref1
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref1
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref2
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref2
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref3
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref3
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref3
http://refhub.elsevier.com/S2095-2635(25)00086-X/optFEeKncSsAG
http://refhub.elsevier.com/S2095-2635(25)00086-X/optFEeKncSsAG
http://refhub.elsevier.com/S2095-2635(25)00086-X/optFEeKncSsAG
http://refhub.elsevier.com/S2095-2635(25)00086-X/optFEeKncSsAG
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref4
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref4
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref4
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref5
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref5
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref5
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref6
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref6
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref6
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref6
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref7
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref7
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref7
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref7
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref8
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref8
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref8
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref8
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref9
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref9
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref9
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref9
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref10
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref10
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref10
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref10
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref11
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref11

Q. Zeng, H. Wu, L. Zhou et al.

Fan, G.-Z., Ong, S.E., Koh, H.C., 2006. Determinants of House
Price: A Decision Tree Approach. Urban Studies 43 (12),
2301—-2315.

Floro, D., 2019. Testing the predictive ability of house price bub-
bles for macroeconomic performance: a meta-analytic
approach. Int. Rev. Financ. Anal. 62, 164—181.

Francke, M., Korevaar, M., 2021. Housing markets in a pandemic:
evidence from historical outbreaks. J. Urban Econ. 123, 103333.

Glaeser, E., Huang, W., Ma, Y., Shleifer, A., 2017. A real estate
boom with Chinese characteristics. J. Econ. Perspect. 31 (1),
93—116.

Guan, C., You, M., Li, Y., Tan, J., Jenq, C., 2024. Analyzing adverse
effects of subway extension on housing prices in affluent urban
neighborhoods. Appl. Geogr. 166, 103265.

Guo, B., Li, K., Fu, C., 2023. Utilizing multilevel modeling to
measure neighborhood dynamics and their impact on house
prices. Appl. Sci. 13 (8). Article 8.

Huang, J., Wang, Y., Wu, K., Yue, X., Zhang, H., 2024. Livability-
oriented urban built environment: what kind of built environ-
ment can increase the housing prices? J. Urban Manag.

Huang, Z., Chen, R., Xu, D., Zhou, W., 2017. Spatial and hedonic
analysis of housing prices in shanghai. Habitat Int. 67, 69—78.

Hui, E.C.M., Liang, C., 2016. Spatial spillover effect of urban
landscape views on property price. Appl. Geogr. 72, 26—35.

Hwang, M., Quigley, J.M., 2006. Economic fundamentals in local
housing markets: evidence from U.s. metropolitan regions. J.
Reg. Sci. 46 (3), 425—453.

Jiang, X., Jia, Z., Li, L., Zhao, T., 2022. Understanding housing
prices using geographic big data: a case study in Shenzhen.
Sustainability 14 (9). Article 9.

Jin, T., Cheng, L., Liu, Z., Cao, J., Huang, H., Witlox, F., 2022.
Nonlinear public transit accessibility effects on housing prices:
heterogeneity across price segments. Transp. Policy 117, 48—59.

Kang, Y., Zhang, F., Peng, W., Gao, S., Rao, J., Duarte, F., Ratti, C.,
2021. Understanding house price appreciation using multi-
source big geo-data and machine learning. Land Use Policy
111, 104919.

Ko, D., Park, S., 2024. Investigating the correlation between air
pollution and housing prices in Seoul, South Korea: application
of explainable artificial intelligence in random forest machine
learning. Sustainability 16 (11). Article 11.

Lai, R.N., Wang, K., Zhou, Y., 2004. Sale before completion of
development: pricing and strategy. Real Estate Econ. 32 (2),
329-357.

Lake, I.R., Lovett, A.A., Bateman, I.J., Langford, I.H., 1998.
Modelling environmental influences on property prices in an
urban environment. Comput. Environ. Urban Syst. 22 (2),
121—136.

Leung, B.Y.P., Hui, E.C.M., Seabrooke, B., 2007. Asymmetric in-
formation in the Hong Kong forward property market. Int. J.
Strat. Property Manag. 11 (2), 91—106.

Leung, B.Y.P., Ma, A.S.C., 2013. Exploration of the presale property
market in China from an institutional perspective. Int. J. Strat.
Property Manag. 17 (3), 248—262.

Lin, J., Huang, B., Wang, Q., Chen, M., Lee, H.F., Kwan, M.-P.,
2024. Impacts of street tree abundance, greenery, structure
and management on residential house prices in New York city.
Urban For. Urban Green. 94, 128288.

Liu, G., Xu, K., Zhang, X., Zhang, G., 2014. Factors influencing the
service lifespan of buildings: an improved hedonic model.
Habitat Int. 43, 274-282.

Liu, X., Qiao, R., Wu, Z., Yang, T., Zhang, X., Zhang, X., Zhu, Z.,
2024. Unveiling the spatially varied nonlinear effects of urban
built environment on housing prices using an interpretable
ensemble learning model. Appl. Geogr. 173, 103458.

Lu, S., Zhang, Z., Crabbe, M.J.C., Suntichaikul, P., 2024. Effects of
urban land-use planning on housing prices in Chiang Mai,
Thailand. Land 13 (8). Article 8.

1652

Lutz, B., Molloy, R., Shan, H., 2011. The housing crisis and state
and local government tax revenue: five channels. Reg. Sci.
Urban Econ. 41 (4), 306—319.

Nicholls, S., 2019. Impacts of environmental disturbances on
housing prices: a review of the hedonic pricing literature. J.
Environ. Manag. 246, 1—10.

Nneji, O., Brooks, C., Ward, C.W.R., 2013. House price dynamics
and their reaction to macroeconomic changes. Econ. Modell.
32, 172—-178.

Peng, Y., Tian, C., 2022. Removal and reconstruction: multi-period
price effects on nearby housing from urban village redevelop-
ment. Land Use Policy 113, 105877.

Qian, X., Qiu, S., Zhang, G., 2021. The impact of COVID-19 on
housing price: evidence from China. Finance Res. Lett. 43,
101944.

Qiu, W., Zhang, Z., Liu, X., Li, W., Li, X., Xu, X., Huang, X., 2022.
Subjective or objective measures of street environment, which
are more effective in explaining housing prices? Landsc. Urban
Plann. 221, 104358.

Rogers, D., Power, E., 2020. Housing policy and the COVID-19
pandemic: the importance of housing research during this
health emergency. Int. J. Hous. Policy 20 (2), 177—183.

Rojas, A., 2024. Train stations’ impact on housing prices: direct and
indirect effects. Transport. Res. Pol. Pract. 181, 103979.

Shen, B., 2024. Cognitive biases in second-hand and pre-sale real
estate prices in Nanjing. In: Li, X., Yuan, C., Kent, J. (Eds.),
Proceedings of the 7th International Conference on Economic
Management and Green Development. Springer Nature,
pp. 1522—1529.

Shi, D., Zhang, Y., Liang, Z., 2022. The effects of park and sea
landscape on property value in a tourist city. Front. Environ.
Sci. 10.

Shi, S., Zhang, H., Zhang, J., 2022. The impact of a home purchase
restrictions (HPR) policy on the distressed property market in
Beijing. J. Hous. Econ. 58, 101877.

Song, Y., Zhang, S., Deng, W., 2023. Nonlinear hierarchical effects
of housing prices and built environment based on multiscale life
circle—A case study of Chengdu. ISPRS Int. J. Geolnf. 12 (9).
Article 9.

Suzuki, M., Asami, Y., 2022. The rapid economic depreciation at an
early stage of building life among Japanese detached houses.
Habitat Int. 126, 102600.

Tan, R., He, Q., Zhou, K., Xie, P., 2019. The effect of new metro
stations on local land use and housing prices: the case of
Wuhan, China. J. Transport Geogr. 79, 102488.

Tan, R., Xu, S., 2023. Urban growth boundary and subway devel-
opment: a theoretical model for estimating their joint effect on
urban land price. Land Use Policy 129, 106641.

Tayefi Nasrabadi, M., Larimian, T., Timmis, A., Yigitcanlar, T.,
2024. Mapping four decades of housing inequality research:
trends, insights, knowledge gaps, and research directions.
Sustain. Cities Soc. 113, 105693.

Teo, H.C., Fung, T.K., Song, X.P., Belcher, R.N., Siman, K., Chan, I.
Z.W., Koh, L.P., 2023. Increasing contribution of urban greenery
to residential real estate valuation over time. Sustain. Cities
Soc. 96, 104689.

Tian, C., Peng, Y., Wen, H., Yue, W., Fang, L., 2021. Subway boosts
housing values, for whom: a quasi-experimental analysis. Res.
Transport. Econ. 90, 100844.

Van Ommeren, J.N., Van der Vlist, A.J., 2016. Households’ will-
ingness to pay for public housing. J. Urban Econ. 92, 91—-105.

Wang, Y., Wang, M., Wu, Y., Yue, X., Li, X., Zhang, H., 2023.
Relationship between indoor living environment and housing
prices: a case study of the taojinjiayuan residential quarter in
Guangzhou, China. Indoor Air 2023 (1), 9984715.

Wei, H., Chen, Y., Chen, B., Shi, S., Tu, Y., Xu, B., 2024. Built
environments, communities, and housing price: a data-model
integration approach. Appl. Geogr. 166, 103270.


http://refhub.elsevier.com/S2095-2635(25)00086-X/optKkAOzTjQGJ
http://refhub.elsevier.com/S2095-2635(25)00086-X/optKkAOzTjQGJ
http://refhub.elsevier.com/S2095-2635(25)00086-X/optKkAOzTjQGJ
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref12
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref12
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref12
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref13
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref13
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref14
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref14
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref14
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref15
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref15
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref15
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref16
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref16
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref16
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref17
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref17
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref17
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref18
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref18
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref19
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref19
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref20
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref20
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref20
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref21
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref21
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref21
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref22
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref22
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref22
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref23
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref23
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref23
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref23
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref24
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref24
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref24
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref24
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref25
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref25
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref25
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref26
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref26
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref26
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref26
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref27
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref27
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref27
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref28
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref28
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref28
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref29
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref29
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref29
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref29
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref30
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref30
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref30
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref31
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref31
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref31
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref31
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref32
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref32
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref32
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref33
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref33
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref33
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref34
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref34
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref34
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref35
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref35
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref35
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref36
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref36
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref36
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref37
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref37
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref37
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref38
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref38
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref38
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref38
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref39
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref39
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref39
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref40
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref40
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref41
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref41
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref41
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref41
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref41
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref42
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref42
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref42
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref43
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref43
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref43
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref44
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref44
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref44
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref44
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref45
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref45
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref45
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref46
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref46
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref46
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref47
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref47
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref47
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref48
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref48
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref48
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref48
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref49
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref49
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref49
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref49
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref50
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref50
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref50
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref51
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref51
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref52
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref52
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref52
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref52
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref53
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref53
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref53

Frontiers of Architectural Research 14 (2025) 1636—1653

Wen, H., Xiao, Y., Zhang, L., 2017. School district, education
quality, and housing price: evidence from a natural experiment
in Hangzhou, China. Cities 66, 72—80.

Wetzstein, S., 2017. The global urban housing affordability crisis.
Urban Stud. 54 (14), 3159—3177.

Wittowsky, D., Hoekveld, J., Welsch, J., Steier, M., 2020. Resi-
dential housing prices: impact of housing characteristics,
accessibility and neighbouring apartments—a case study of
Dortmund, Germany. Urban Plann. Transport Res. 8 (1), 44—70.

Woo, A., Han, J., Shin, H., Lee, S., 2024. Economic benefits of
urban streetscapes: analyzing the interrelationships between
visual street environments and single-family property values in
Seoul, Korea. Appl. Geogr. 163, 103182.

Wu, F., 2015. Commodification and housing market cycles in Chi-
nese cities. Int. J. Hous. Policy 15 (1), 6—26.

Yang, L., Chu, X., Gou, Z., Yang, H., Lu, Y., Huang, W., 2020.
Accessibility and proximity effects of bus rapid transit on
housing prices: heterogeneity across price quantiles and space.
J. Transport Geogr. 88, 102850.

Yang, S., Krenz, K., Qiu, W., Li, W., 2023. The role of subjective
perceptions and objective measurements of the urban envi-
ronment in explaining house prices in greater London: a multi-
scale urban morphology analysis. ISPRS Int. J. Geolnf. 12 (6).
Article 6.

Yang, W., Fei, J., Li, Y., Chen, H., Liu, Y., 2024. Unraveling
nonlinear and interaction effects of multilevel built environ-
ment features on outdoor jogging with explainable machine
learning. Cities 147, 104813.

Yao, Q., Hu, Y., 2023. Spatial—temporal variation and influencing
factors on housing prices of resource-based city: a case study of
Xuzhou, China. Sustainability 15 (9). Article 9.

Yin, C., Gui, C., Wen, R., Shao, C., Wang, X., 2024. Exploring
heterogeneous relationships between multiscale built environ-
ment and overweight in urbanizing China. Cities 152, 105156.

Yuan, F., Wu, J., Wei, Y.D., Wang, L., 2018. Policy change, ame-
nity, and spatiotemporal dynamics of housing prices in Nanjing,
China. Land Use Policy 75, 225—-236.

Yuan, Z., Zhao, M., Du, M., 2022. Price discount of green residen-
tial building in China’s second-hand housing market: evidence
from Shenzhen. Sustain. Energy Technol. Assessments 52,
102171.

1653

Zahirovich-Herbert, V., Gibler, K.M., 2014. The effect of new res-
idential construction on housing prices. J. Hous. Econ. 26,
1-18.

Zambrano-Monserrate, M.A., Ruano, M.A., Yoong-Parraga, C.,
Silva, C.A., 2021. Urban green spaces and housing prices in
developing countries: a two-stage quantile spatial regression
analysis. For. Pol. Econ. 125, 102420.

Zavei, S.J.A.P., Jusan, M.M., 2012. Exploring Housing Attributes
Selection based on Maslow’s Hierarchy of Needs. Procedia. So-
cial and Behavioral Sciences 42, 311—-319.

Zeng, Q., Wu, H., Wei, Y., Wang, J., Zhang, C., Fei, N,
Dewancker, B.J., 2024. Association between built environment
factors and collective walking behavior in peri-urban area: ev-
idence from Chengdu. Appl. Geogr. 167, 103274.

Zhang, L., Jin, Y., 2023. Exploring the impact of new commercial
complexes on surrounding house prices based on a time-varying
DID method. J. Urban Plann. Dev. 149 (3), 04023018.

Zhang, L., Zhou, J., Hui, E.C., 2020. Which types of shopping malls
affect housing prices? From the perspective of spatial accessi-
bility. Habitat Int. 96, 102118.

Zhao, C., Liu, F., 2023. Impact of housing policies on the real estate
market—Systematic literature review. Heliyon 9 (10), e20704.

Zhao, S., Huo, T., Chen, L., 2023. The influence of multi-level fac-
tors on Chinese residents’ purchase decisions of green housing: a
system dynamics approach. Sustain. Cities Soc. 99, 105001.

Zheng, M., Wang, H., Wang, C., Wang, S., 2017. Speculative behavior
in a housing market: boom and bust. Econ. Modell. 61, 50—64.

Zhu, J., Gong, Y., Liu, C., Du, J., Song, C., Chen, J., Pei, T., 2023.
Assessing the effects of subjective and objective measures on
housing prices with street view imagery: a case study of suzhou.
Land 12 (12). Article 12.

Zou, G., Lai, Z., Li, Y., Liu, X., Li, W., 2022. Exploring the nonlinear
impact of air pollution on housing prices: a machine learning
approach. Econ. Transport. 31, 100272.

Zhao, H., Shi, J., Qi, X., Wang, X., Jia, J., 2017. Pyramid Scene
Parsing Network (arXiv:1612.01105). arXiv.

Cordts, M., Omran, M., Ramos, S., Rehfeld, T., Enzweiler, M.,
Benenson, R., Franke, U., Roth, S., Schiele, B., 2016. The
Cityscapes Dataset for Semantic Urban Scene Understanding.
In: 2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 3213—3223.


http://refhub.elsevier.com/S2095-2635(25)00086-X/sref54
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref54
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref54
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref55
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref55
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref56
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref56
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref56
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref56
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref57
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref57
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref57
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref57
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref58
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref58
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref59
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref59
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref59
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref59
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref60
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref60
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref60
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref60
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref60
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref61
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref61
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref61
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref61
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref62
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref62
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref62
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref63
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref63
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref63
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref64
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref64
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref64
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref65
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref65
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref65
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref65
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref66
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref66
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref66
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref67
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref67
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref67
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref67
http://refhub.elsevier.com/S2095-2635(25)00086-X/optKmOrpXn0v6
http://refhub.elsevier.com/S2095-2635(25)00086-X/optKmOrpXn0v6
http://refhub.elsevier.com/S2095-2635(25)00086-X/optKmOrpXn0v6
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref68
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref68
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref68
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref68
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref69
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref69
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref69
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref70
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref70
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref70
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref71
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref71
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref72
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref72
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref72
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref73
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref73
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref74
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref74
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref74
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref74
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref75
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref75
http://refhub.elsevier.com/S2095-2635(25)00086-X/sref75
http://refhub.elsevier.com/S2095-2635(25)00086-X/optSARbMYhg9o
http://refhub.elsevier.com/S2095-2635(25)00086-X/optSARbMYhg9o
http://refhub.elsevier.com/S2095-2635(25)00086-X/opt8TjXq3oWMj
http://refhub.elsevier.com/S2095-2635(25)00086-X/opt8TjXq3oWMj
http://refhub.elsevier.com/S2095-2635(25)00086-X/opt8TjXq3oWMj
http://refhub.elsevier.com/S2095-2635(25)00086-X/opt8TjXq3oWMj
http://refhub.elsevier.com/S2095-2635(25)00086-X/opt8TjXq3oWMj

	Unraveling nonlinear relationship of built environment on pre-sale and second-hand housing prices using multi-source big da ...
	1. Introduction
	2. Literature review
	3. Methodology
	3.1. Analytical framework
	3.2. Study area
	3.3. Variable collection
	3.3.1. Dependent variable
	3.3.2. Independent variables

	3.4. Methods

	4. Results
	4.1. Relative importance of independent variables
	4.2. Nonlinear and threshold effects

	5. Discussion
	6. Conclusion
	Declaration of competing interest
	Declaration of competing interest
	Acknowledgments
	References


