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This study investigates the interaction between the accessibility of various urban

public facilities and the price of urban space by analysing the influence of urban

hospitals and rail accessibility on housing prices. In recent years, with the

development of social civilisation and the influence of COVID-19, people

have become increasingly interested in the quality of hospitals in their living

environment. This makes medical convenience (hospital accessibility) a crucial

element in determining housing prices. At the same time, people regard rail as

one of the important means to access hospitals. Therefore, demonstrating the

intrinsic value of accessibility to hospitals and rail in residential areas is essential.

As a point of reference, this paper presents an empirical analysis of Fuzhou,

Fujian Province, China, a city in a developing nation with relatively widespread

access to hospitals during a significant rail construction period. The study

demonstrates the interaction between hospital and rail accessibility and their

moderate influence on housing prices, which is geographically heterogeneous.

The study also determines the optimal metric model for assessing geographical

interaction based on the significance and stability of the interaction in

geographic space. It concludes with a discussion of the findings and social

recommendations.
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1 Introduction

1.1 Background

In recent years, as the economy as a whole has risen, the

problem of ageing has become more severe, and people have

become increasingly concerned about their quality of life.

Furthermore, in the context of COVID-19 over the past

2 years, people are becoming more health-conscious and

aware of how to gain access to a high-quality hospital (Wu

et al., 2013). As an integral part of the city’s infrastructure,

hospitals serve the diagnostic needs of residents and

contribute to economic growth (Yang et al., 2022).

Consequently, people tend to consider the proximity of

hospitals when purchasing houses (Baumont et al., 2003). The

factors they consider include degree, ownership, type, scope and

accessibility, which is one of the most important. Accessibility is a

crucial concept in human geography for analysing the

geographical arrangement of public service facilities (Yang

et al., 2019). Western scholars have been concerned with

accessibility since 1950. The accessibility of healthcare facilities

largely impacts the convenience of getting healthcare services.

These concerns about hospital accessibility have also

prompted a recent increase in research on the influence on

housing prices. Li, Gong (Li et al., 2021) used the Gaussian-

two step floating catchment area method to study the influence of

accessibility to public services on housing prices in Beijing. The

influence was strongly positive at a 1% significance level. A one-

unit increase in the accessibility of hospitals is associated with an

average increase of 1.1% in housing prices, all other variables

being equal.

By contrast, when purchasing houses, people also consider

the proximity of rail accessibility in addition to hospital

accessibility (Yang et al., 2020a). As an efficient and

environmentally friendly means of transportation, rail is an

essential component of residential accessibility (Yang et al.,

2020b). Numerous studies have demonstrated that rail stations

have a significant influence on housing prices. Foreign scholars

initiated their research in this field earlier than their counterparts

in China. Alonso, for instance, proposed bid rent theory as early

as 1964, arguing that accessibility has a direct influence on

housing prices near transportation hubs (Alonso, 1964).

Collectively, the aforementioned studies indicate that

hospital and rail station accessibility will affect housing prices.

Given the potential correlation between hospital and rail

accessibility, investigating the interaction between hospital and

rail station accessibility on housing prices. This paper introduces

the concept of interaction to the hedonic price model and

develops a linear regression interaction regression model and

a spatial regression interaction regression model for the

continuous accessibility variables. It examines the mutual

adjustment relationship between the accessibility variables of

hospitals and that of rail stations on housing prices. A few

scholars have conducted studies on the relationship between

such two variables, but the studies are brief and do not provide a

thorough overview of the relationship between the two. As a

result, this paper will focus on the interaction between the two to

supplement the research in this field.

The paper is structured into four components. The first part

is the introduction and review, which explores the background of

the study and a summary of previous research. The second part is

the statistics and methodology, which introduces the subject of

the study, the research framework, the research statistics sources

and the research methodology. The third part is a report of the

research statistics results. The fourth part is discusses and

concludes.

2 Literature review

2.1 Influence of hospitals on housing
prices

As a key element of urban infrastructure, hospitals have a

significant influence on housing prices. Numerous international

studies, such as Banzhaf and Farooque (2012), have confirmed

this finding. The findings of Dziauddin (2014) also suggest that

hospital accessibility can affect housing prices.

Scholars have occasionally discussed the varying effects of the

different categories of hospitals on influencing housing prices. In

a study of the influence of different categories of hospitals on

housing prices, Baden (2013) used the hedonic price model to

conduct a controlled experiment to examine the influence of

medical centres and hospitals on retirement housing prices. They

concluded that hospitals had a positive influence on retirement

housing prices, whereas medical centres had a negligible

influence. By incorporating different ecological sites into a

feature analysis based on a spatial multilevel model, Liu et al.

(2020) concluded that the proximity of a grade-A tertiary

hospital plays a positive role in housing prices.

Previous scholars have evaluated the accessibility of

hospitals, and their findings regarding the influence of

hospitals are diverse. They can be divided into three broad

perspectives: spatial distance, number of hospitals and density

of hospitals. The findings can also be categorized as positive,

negative or both. The section that follows provides a more in-

depth analysis of the research conducted in these two areas.

2.1.1 Perspectives of hospital accessibility
One of the most common options is research based on the

distance of houses to hospitals. Many scholars have conducted

research from this perspective. For example, Using geostatistical

methods and quantitative regression, Wang and Liu (2013)

ascertained that the distance to hospitals and schools

significantly decreased housing prices by 3.8% and 3.3%,

respectively. Dziauddin et al. (2013) determined that for every
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additional metre in a straight line and grid distance from the

hospital in Malaysia, the housing prices would increase by about

MYR 3. Dziauddin (2014) employed the hedonic price model to

determine the influence of location characteristics on housing

prices and determined that the housing prices would increase by

approximately MYR 5.52 per metre of distance from the hospital.

Peng and Chiang (2015) used quantile regressions to examine the

spatial effects of hospitals in the Taipei metropolitan area at

different housing prices scales. They found that hospitals were

rated higher for their ‘close but not too close’ proximity to

residential areas and that housing prices were unrelated.

Precedents for defining hospital accessibility based on the

proximity of hospitals to a residence are numerous. Several

Chinese scholars have also conducted the following research

on the influence of the density of hospitals on housing prices.

Wang and Gao (2014) investigated the spatial characteristics of

housing prices using spatial statistics on average transaction

prices in residential areas of Beijing in 2005 and 2012,

revealing that housing prices in 2005 and 2012 increased by

10.7% and 7.5%, respectively, when one or more grade-A tertiary

hospitals were within 1,000 m of a residential area. Yang et al.

(2016) used a sample of 1,840 general residences on Xiamen

Island to examine the direction and extent of capitalisation of

public items in the residential market by constructing hedonic

price equations, demonstrating that the walkability of grade-A

tertiary/secondary hospitals had a negative influence on housing

prices, with each additional grade-A tertiary/secondary hospital

lowering the total housing prices by 2.8%.

A small number of scholars employed the density concept,

which is derived by combining distance and quantity, as an

indicator of hospital accessibility. Wang and Chen (2019) use a

non-linear model of three property types, buildings, apartments

and suites - a combination of upward and downward trends

derived from the generalised additive model as an indicator of

hospital accessibility. The study concluded that the residential-

to-hospital distance pattern has a ‘V’ curve, with the lowest prices

at 0.8 km to the hospital. The right number of hospitals will result

in higher prices, and too many or too few will result in lower

prices.

2.1.2 Variability in the results of the influence of
hospital accessibility

The majority of scholarly research indicates that the

proximity of hospitals has a positive influence on housing

prices. The pertinent literature is compiled and summarized

as follows: Guo et al. (2016) studied the spatially divergent

status of housing prices and their factors in Jinan and

concluded that key hospitals play a crucial role in housing

prices, which were positively correlated with the distance to

hospitals. According to Jabbar (2016) research, individuals are

willing to pay more for a nearby hospital. Lan and Ye (2020)

investigated the linear relationship between these factors and

housing prices in Shanghai using linear regression on a large

statistics set combining characteristics such as housing prices and

location information. It concluded that hospitals have a positive

influence on the price of surrounding houses. Liu et al. (2022)

compared the multi-scale effects of accessibility to various

facilities on housing prices and demonstrated that hospitals

have a positive influence on housing prices, indicating that the

closer the proximity, the higher the housing prices.

Nonetheless, some scholars have concluded that the

influence of hospitals on housing prices is marginal.

According to He et al. (2010), hospital proximity appears to

have little influence on housing transaction prices. Cao et al.

(2019) analysed the geographical variation of the public housing

resale prices credited to the Housing Development Board (HDB)

in Singapore and the various determinants of HDB resale

condominium prices and concluded that the distance to the

proximate general hospital was marginally correlated with HDB

resale condominium prices in Singapore in 2011.

Some scholarly research even indicates that the presence of

hospitals has the potential to result in lower housing prices. Using

weighted least squares and a heteroskedasticity consistent

covariance matrix estimator, Tan (2011) estimated the

coefficients of the influence of the structure, location and

neighbourhood characteristics of houses on housing prices. Li

et al. (2013) used GIS techniques and the hedonic price model to

determine the extent to which different spatial factors influence

housing prices in Xiamen. They found that housing prices

increased by CNY 1,190 for every kilometre away from the

hospital. Peng et al. (2015) examined the spatial influence

effect of grade-A tertiary hospitals on the neighbouring

housing prices by harnessing the hedonic price model and

multiple regression analysis, finding that grade-A tertiary

hospital plays a negative role in housing prices in their

vicinity. By contrast, Luo et al. (2010), who conducted a study

on housing prices in the central area of Wuhan, discovered that

greater accessibility to a hospital led to lower housing prices.

In addition, a body of research suggests that the influence

of hospitals on housing prices is two-way. The first study by

Waddell and Hoch (1993) investigated a non-linear housing

prices gradient in a multi-node urban area and discovered that

hospitals lower housing prices by 3% within half a mile, boost

them by 2% between one and two miles and then decay to zero.

Zhang et al. (2016) used the hedonic price model to examine

the link between the prices of major hospitals and the

surrounding residential communities, using Shandong

Provincial Hospital as an example. In both the east–west

and north–south within the study distance range, a

significant cubic function relationship was observed

between the weighted distance from the residential

community to the major hospital and its price. In the east-

west, within a 0.83 km radius of the key hospital, the price of

housing decreases as the distance increases. Within

0.83–2.35 km of the key hospital, the price of housing

increases as the distance increases. In the north–south,
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within 1.03 km of the key hospital, the price of housing

decreases as the distance increases. Within 1.03–2.46 km of

the key hospital, the price of housing increases proportionally

with distance. Febrita et al. (2017) concluded that housing

prices increase gradually as the distance between hospitals and

residences decreases, but that the most expensive residences

may be located either far from or close to hospitals. Han et al.

(2018) highlighted the importance of different geographical

heterogeneity and concluded that the influence of hospitals on

housing prices in Shenzhen is predominantly negative,

meaning housing prices are lower near hospitals. Owing to

the lack of hospitals and the increase in the elderly population,

hospitals have a positive influence on Longgang and Yantian’s

housing prices. Lan et al. (2018) analysed service facilities in

Xi’an, China and concluded that hospitals have varying effects

on housing prices in different regions. In well-built residential

areas in the south, the presence of hospitals exacerbates issues

such as traffic jams and environmental pollution, and

hospitals therefore have a detrimental influence on housing

prices; in poorly built facilities in the city’s periphery,

hospitals have a beneficial influence on housing prices.

2.2 Influence of rail station proximity on
housing prices

Rail is an essential component of urban infrastructure, and

rail stations can have a substantial influence on housing prices

in the vicinity. This subject has been researched by numerous

scholars around the world. Foreign scholars initiated research

in this field considerably earlier than their Chinese

counterparts. In Almosaind et al. (1993), an empirical

study of rail in Portland determined that proximity to a

light rail station is advantageous for houses within 500 m

walking distance, with a housing prices differential of nearly

10.6% and a distance decay effect.

Numerous studies and the vast majority of scholarly

research have demonstrated that rail stations have a

significant positive influence on housing prices. McDonald

and Osuji (1995) compared land values in Chicago before and

after the rail plan was announced and found a 17% increase

within 1.5 miles of the station. Benjamin and Sirmans (1996)

demonstrated that for every 0.1-mile increase in distance to a

rail station, flat rents decrease by 2.5%. In addition, Agostini

and Palmucci (2008) for Santiago, Chile; Bae et al. (2003) for

Seoul, Korea; Hao and Chen (2007) for Shanghai and Li, Chen

(Li et al., 2019) for Beijing all conclude that rail contributes to

neighbourhood housing prices. Tan et al. (2019) conducted

empirical analyses of rail in Wuhan and all concluded that rail

can promote the growth of housing prices and that the two

have a positive correlation. Zhang (2014) examined housing

prices statistics near Nanjing Lines one and two from a

distance-based research perspective and discovered that rail

has a positive influence on housing prices, with the results

indicating that the stimulative effect of rail on housing prices

growth is greatest when the distance between rail and

residential is less than 500 m. Once the distance between

rail and residential reaches 2,000 m, the growth effect

ceases to be significant. Im and Hong (2018) examined the

difference in housing prices in Daegu, South Korea, before and

after the opening of the rail transit line. They discovered that

housing prices within 500 m of the proximate station on the

new line increased by approximately USD 96.3 per square

foot. Rohit and Peter (2018) used a characteristic price model

analysis to demonstrate that rail in Bangalore substantially

increased property values, with the influence of rail appearing

to extend well beyond the traditional 500 m radius to

encompass the entire city.

Alternatively, some studies have found that rail lessens the

housing prices along the route. Teng et al. (2014) used the

hedonic price model to study the influence of rail on housing

prices along rail transit lines, using Tianjin metro line 1 as an

example, and the analysis revealed that housing prices decreased

with increasing distance from the proximate rail station. The

average housing prices in non-central areas increased and then

decreased with increasing distance from the proximate rail

station, whereas the average housing prices in central areas

increased and then decreased with increasing distance from

the proximate rail station. However, once the distance exceeds

500 m, the change in housing prices is no longer statistically

significant.

A few studies have also concluded that the influence of rail

on housing prices along the route is negligible. In a study of

the influence of transit improvements on housing premiums,

Bajic (1983) determined that savings in commuting expenses

were capitalised into housing values. Gatzlaff and Smith

(1993) analysed statistics on housing prices along rail

transit lines in Miami and determined no significant

increase in condominium prices along rail transit lines.

When contrasting commercial properties in Washington

and Atlanta, Cervero and Landis (1993) came to

comparable conclusions. Bae et al. (2003) and others

examined the influence of the construction of the new rail

transit line five in Seoul, Korea, on the influence of nearby

housing prices and found that accessibility had a smaller

influence on housing prices than other variables.

2.3 Interaction between hospital and rail
accessibility

Less research has been conducted on the interaction between

hospital and rail accessibility. The only available study,

conducted by Tang et al. (2020), concludes that the

interaction between hospitals and rail stations has no

significant influence on housing prices.
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3 Methods

3.1 Research objective

The city of Fuzhou in China’s Fujian Province was selected as

the subject of this study. Fuzhou (E:119.28, N:26.08.) is located

on the southeastern coast of China. It is one of the country’s most

prosperous regions, as well as the capital of Fujian Province.

Fuzhou has abundant hospitals, a large population and a large

sample size of housing, and its housing prices trends are generally

consistent with those at the national level which is typically

representative. In addition, it occurs at a time when the

construction of urban rail is currently underway, so discussing

the influence of hospital and rail accessibility on housing prices is

interesting.

3.2 Research framework

Figure 1 depicts the framework of this paper, and the core of

the research process is divided into three stages. The first stage is

the hedonic price model to examine the presence of the hospital

and rail accessibility variable among the significant variables

affecting housing prices. The second stage is an interaction

regression model to examine whether mutual moderation in

the influence of hospital and rail accessibility on housing prices

actually exists. In the third stage, the geographical heterogeneity

in the interaction moderating effects was investigated using a

spatial regression model. In addition, a robustness test was

conducted on the findings of the second stage of the study

prior to determining whether geographical heterogeneity exists

in the interaction in the third stage, making the preconceived

FIGURE 1
Framework diagram.
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notions of the pertinent study findings more convincing and

trustworthy.

3.3 Statistics sources

In this study, 1,079 housing samples and other relevant

geographical information statistics were selected in March

2021, when the rail construction in Fuzhou City was opened

to traffic. These statistics were obtained from internet

information crawling and field research, and the statistics of

the variables are described in Table 1.

3.4 General variables

In this study, interception statistics variables that may

influence housing prices were established, and the most

significant ones were utilised in the final regression model

through a screening regression procedure. This includes

TABLE 1 Descriptive statistics of the variables (N = 1,079).

Variables Description Mean Std.Dev

Explained variables

Pri Housing prices
(ten-thousand yuan/m2)

2.810 1.081

Explanatory Variables

Variables of the Location environment

CityLC1 Dummy variable, 1 if the residence inside Second Ring Road, 0 else - -

CityLC2 Dummy variable, 1 if the residence inside Third Ring Road, 0 else - -

Pop20 The quantity of population in 2020 (n) 819,222.390 253,976.403

PopD20 The density of population in 2020 (person/km2) 11,173.178 8,231.573

GDP21 Per capita GDP in 2021 (hundred million yuan) 567.270 266.461

Variables of the Self-characteristics

Pro2 C1 Dummy variable, 1 if the residence contain commercial housing - -

Pro2 C2 Dummy variable, 1 if the residence contain housing placement - -

Flo Dummy variable, 1 for the residence is high-rise building, 0 else - -

Age Dummy variable, 1 for the residence built after 2000, 0 else - -

PriS Dummy variable, 1 for the residence with high-quality primary school, 0 else - -

MidS Dummy variable, 1 for the residence with high-quality middle school, 0 else - -

ManF Average property management fee per month (yuan/m2) 1.153 0.664

BuiD Density of buildings (c) 2.372 1.226

GreR Greening rate of community (c) 0.330 1.282

Variables of the Facilities accessibility

Mar Distance to the proximate market (m) 1,081.384 1,225.371

Sce Distance to the proximate scenic spot (m) 1,075.086 843.265

Gre Distance to the proximate green space (m) 720.815 1,512.736

Wat Distance to the proximate main water source (m) 1,150.353 726.864

Fac Distance to the proximate factory (m) 1,578.608 1,315.822

Gas Distance to the proximate closest gas station (m) 1,176.205 647.471

Fun Distance to the proximate funeral facility (m) 3,167.635 1,350.823

Dum Distance to the proximate dump (m) 9,562.531 3,546.301

Sta Distance to the proximate rail station (m) 1,369.524 1,440.691

Hos The accessibility of hospitals Table 2

HosD Distance to the proximate hospital(m)

HosB Quantity of hospitals in butter zone (n/km2)

HosK Kernel density of hospitals(c)

Inter (Sta&Hos) Interaction of Sta and Hos - -
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statistics on the explanatory variable, housing prices statistics for

March 2021, as well as statistics on three other explanatory

variables: location environmental, self characteristics and

facilities accessibility.

3.5 Research and moderator variable

As shown in Table 2, the primary variable of this study is hospital

accessibility. The investigation will be categorised from multiple

vantage points. First, the study’s objectives will be set at all

hospitals in the city, without distinction between hospital

categories; second, the study’s objectives will be to investigate the

influence of different degrees of hospitals on housing prices and their

reliance on rail access. Given that different degrees of hospitals are

differentiated by the level of equipment, the quantity of beds and

specialists, there is a certain overlap in the function of demand for

medical care between the different degrees of hospitals. To eliminate

such covariance interferences, the study will use regressions with

different degrees of hospitals independently. To investigate the

variability of the influence of differences in the degree, ownership,

type and scopes of hospitals on housing prices, as well as their reliance

on rail access, a sub-study of the influence of different categories of

hospitals was also conducted. Given no absolute non-substitutability

of medical functions between hospitals with similar categorisation

perspectives, the classified hospitals will continue to be fitted

independently and separately in the regression analysis.

The study will establish a variety of accessibility indicators for

hospitals. Given that hospitals are not like school district zoning

according to the residential grid but rather public facilities that

are freely chosen by residents under market conditions, the

accessibility of hospitals will be described by the Euclidean

distance to the proximate hospital, the quantity of hospitals

within the residential buffer zone and the urban hospital

kernel density to which the residence belongs (Figure 2).

The various accessibility evaluation indicators for the

residential hospital variable have distinct connotations. The

Euclidean distance from hospitals explains, from a

macroeconomic standpoint, the influence of hospital and rail

accessibility on housing prices, as well as their mutually

moderating effect. The quantity of hospitals within the

residential buffer zone compensates for the absence of micro-

TABLE 2 Statistics variables of hospitals (N = 1,079).

Category Quantity Average
distance
of
hospitals
(m)

Std.
Dev

Search radius of
butter zone (m)

Mean Std.
Dev

Search radius of
kernel
density (m)

Mean Std.
Dev

All hospitals 97 910.304 911.965 900 2.151 2.254 1800 0.809 0.730

Degree grade-A tertiary
hospital

22 1884.214 2094.828 1900 1.997 2.092 3,800 0.168 0.146

grade-B tertiary
hospital

11 2,273.896 2,389.647 2,300 1.264 1.023 4,600 0.072 0.045

secondary hospital 22 1824.654 1779.746 1850 1.723 1.704 3,700 0.151 0.121

class-I hospital 42 1,393.957 1,503.742 1,400 2.209 2.154 2,800 0.339 0.286

Ownership public hospital 84 952.681 911.834 950 2.024 2.204 1900 0.685 0.638

private hospital 13 2,130.476 2,349.810 2,150 1.490 1.226 4,300 0.095 0.059

Type WM hospital 84 1,012.580 1,167.364 1,000 2.245 2.200 2000 0.690 0.595

CM hospital 13 2080.572 1,670.765 2,100 1.295 1.273 4,200 0.089 0.069

Scope general hospital 39 1,310.493 1,002.704 1,300 1.622 1.909 2,600 0.300 0.287

special hospital 28 1711.745 1,674.344 1700 1.735 1.624 3,400 0.182 0.134

medical center 30 1702.341 2094.818 1700 2.470 2.325 3,400 0.256 0.211

Note: “WM” is the abbreviation of “Western Medicine”, “CM” is the abbreviation of “Chinese Medicine”.

FIGURE 2
Categories of hospital accessibility index.
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level characteristics of proximity to hospitals due to the

moderating effects of macro-level distance to hospital and rail

accessibility factors on housing prices, and the radius size of the

buffer is set as the average distance between all hospitals of the

same type in the city. The final urban hospital kernel density

value describes the comprehensiveness of the city’s macro

healthcare system’s backup coverage when the distance to the

proximate hospital in a residence is estimated and the quantity of

hospitals within a close residence is the same. The search radius

of the kernel density is defined as double the average distance

between all hospitals of the same type within a city.

In this study, the rail accessibility variable serves as a moderator

variable, and the spatial linear distance to the proximate rail station

will be used to characterise the accessibility of rail to a residence. In

contrast to hospitals, which are distinct and unique, rail stations are

viewed as homogeneous, and people typically choose the proximate

rail station.

4 Research methods

4.1 Kernel density estimation

For determining surface densities and for conducting

empirical analyses of aggregation, the kernel density

estimation method is frequently employed. It is used to

calculate and estimate the aggregation of statistics from

sample statistics and to investigate the dispersion and

properties of hotspots in a spatial area by gauging the

change in study element density via a specified distance

decay function. Kernel density estimation is the practice of

interpolating through discrete point or line statistics, where

the points dropping further into the search agent have

different weights, using the distance decay function to

monitor the difference in the local density of the event; the

closer to the centre, the greater the weight of the points. The

kernel density estimation can intuitively reflect the spatial

layout characteristics of the studied object, whose specific

calculation formula model is as formula 1.

f(x) � 1
Nh

∑
N

i�1
K(x − xi

h
) (1)

In formula 1: f(x) is the kernel density function; K(x−xih ) is the
kernel function; N is the quantity of known points; h is the

finding radius; x − xi is the distance from the centre point to the

known points.

4.2 Hedonic price model

The hedonic price model is a linear model function that is

frequently applied to price forecasting, land value estimation and

real estate transactions (Yang et al., 2018). The specific function

model comes in a variety of shapes, including linear, semi-

logarithmic and double-logarithmic. However, the double-

logarithmic model is better able to convey the existence of

significant marginal utility of the transaction price for residential

characteristics when purchasing a residence, making the simulation

process more realistic and reasonable. As a result, the hedonic price

model used in this study adopts the double-logarithmic model

frequently used by scholars. The explanatory variables and the

housing prices are related as formula 2.

lnPrice(i) � β0 +∑
i�n

i�1
βk ln xki + εi (2)

Here, Price ln Price(i) represents the housing prices, i refers to
the statistics of the i-th property, Price(i) stands for the average

price per square metre of the i property, which includes the sum of

the housing prices itself, the cost of decoration and other aspects of

the costs, that is, the average transaction price of the i property. k is

the characteristic factor; it represents the k-th characteristic

influence factor among many attributes. Likewise, i also refers to

the statistics of the i-th property,xni indicates the performance of the

nth characteristic influencing factor in the i property. βn represents

the unstandardised coefficient of the k-th relevant characteristic

influencing factor on housing prices. εi represents the stochastic

error term. In addition to the coefficients embodied in the model

itself, the regression analysis allows the strength of significance of the

main positive or negative explanatory variables affecting housing

prices to be derived.

4.3 Interactive regression model

The addition of an interaction term to a linear regression model

in econometrics is a special case of a regression equation model

where the interaction can be viewed as the outcome of the

interaction of two or more contributing factors. This approach

broadens the range of variables that can be understood and the

depth to which they are influenced by various explanatory factors in

the regressionmodel to some amount. The two cases of additive and

multiplicative interaction terms were separately considered during

the study, but after comparing the significance of the pertinent

statistics, the multiplicative interaction model with the best fit and

significance was selected as the method for this interaction study. Its

specific formula model is as formula 3.

yi � βi + βuxui + βvxvi + βuvxuixvi + εi (3)
z2yi

zxuizxvi
� z( zyi

zxui
)

zxvi
� βuv (4)

The ‘interaction effect’ in the interaction model, or the

relationship between an explanatory variable’s effect and its

magnitude, is represented by formula 4.
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4.4 Geographically weighted regression
model

In spatial analysis, the GWR model is frequently employed.

On top of conventional global regression, it considers the spatial

position of each variable and computes the local effects of

variables at various places using a spatial weight function,

which has higher fitting properties. The GWR, whose precise

calculation formula is as formula 5, incorporates the geographic

location of the sample point statistics into the regression

parameters:

yi � βo(ui, vi) +∑
p

k�1
βk(ui, vi)xik + εi i � 1, 2, . . . , n (5)

where (ui, vi) is the geographical coordinate of the i-th sample

point; βk(ui, vi) is the k-th regression parameter of the i-th

sample point; εi is the random error of the i-th sample point.

5 Analysis results

5.1 Linear regression model

Through the screening of significant variables and the

R-squared test, the regression equation of STEP4 was chosen

as the fitting function for the study, and the following results

were found. The significant variables influencing housing

prices are the location of residence (inside Second Ring

Road or Third Ring Road), the quantity of population, the

density of population and the GDP level in the variables of the

location environment. In the variables of self-characteristics,

the age of residence, high-quality primary and secondary

school and property management fee are significant. The

variables of facilities accessibility include distance to the

closet green space, distance to the proximate main water

source, distance to the proximate funeral facilities, distance

TABLE 3 Filtering statistics of the variables (N = 1,079).

Variables Step 1 Step 2 Step 3 Step 4

Coefficients t Coefficients t Coefficients t Coefficients t

(Constant) -3.353*** -6.754 -3.270*** -6.730 -2.765*** -5.741 -2.645*** -5.569

CityLC1 0.124*** 7.452 0.119*** 7.534 0.089*** 5.376 0.092*** 5.567

CityLC2 0.177*** 6.689 0.174*** 6.667 0.172*** 6.343 0.180*** 6.776

Pop20 0.089*** 3.317 0.097*** 3.650 0.092*** 3.430 0.081*** 3.157

PopD20 0.066*** 8.282 0.069*** 8.659 0.064*** 8.211 0.063*** 8.107

GDP21 0.151*** 8.014 0.148*** 7.903 0.166*** 8.901 0.170*** 9.263

Pro2 C1 0.130 1.415 - - - - -

Pro2 C2 0.156** 1.721 - - - - - -

Flo 0.004 0.266 - - - - - -

AgeC 0.074*** 3.630 0.085*** 4.213 0.082*** 4.165 0.084*** 4.226

PriS 0.281*** 10.216 0.275*** 10.182 0.256*** 9.614 0.256*** 9.612

MidS 0.240*** 8.320 0.247*** 9.013 0.229*** 8.490 0.233*** 8.684

ManF 0.162*** 12.513 0.173*** 13.964 0.185*** 15.032 0.186*** 15.114

BuiD 0.013 0.831 - - - - - -

GreR 0.038*** 2.489 - - - - - -

Mar -0.035*** -4.005 -0.031*** -3.628 -0.013 -1.470 - -

Sce 0.007 0.613 - - - - - -

Gre -0.031*** -4.560 -0.028*** -4.327 -0.025*** -3.849 -0.025*** -3.794

Wat -0.034*** -4.163 -0.034*** -4.236 -0.040*** -4.950 -0.040*** -4.891

Fac 0.012 1.307 - - - - - -

Gas 0.002 0.208 - - - - - -

Fur 0.042*** 3.124 0.043*** 3.234 0.040*** 3.095 0.037*** 2.861

Dum 0.148*** 8.236 0.148*** 8.325 0.142*** 8.166 0.138*** 8.028

Sta - - - - -0.050*** -6.124 -0.053*** -6.735

HosD - - - - -0.023*** -2.538 -0.025*** -2.726

R-squared 0.654 0.650 0.665 0.664

Adjusted R-squared 0.647 0.645 0.660 0.660

Note: ** Significant at the 10% level. *** Significant at the 5% level.
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to dump area and distance to rail stations and hospitals, which

are the study’s primary concerns. The coefficients in Table 3

reveal the trends in the effects of each of these variables on

housing prices. Negative coefficients are associated with the

variables for distance to hospitals and rail stations.

The regressions were then fitted to different

categorisations and hospital accessibility perspectives using

a filtered functional model, yielding the following analysis

(Table 4). The table depicts the level of significance of the

influence on housing prices from a variety of hospital

accessibility measurement vantage points.

5.2 Linear interaction regression model

The results of the interaction term analysis are presented

in Table 5 by simulating the interactive regression results of

the proximate hospital. The subsequent analysis outcomes

contain linear and spatial interaction regression models.

Moreover, the study demonstrates the robustness of the

linear regression results before moving on to the spatial

interaction regression model, demonstrating the

dependability of the study’s statistics.

The results of each model fit are presented in Table 5, one for

each of the aforementioned hospital accessibility indicators.

R-squares greater than 0.63 are displayed in each table

containing interaction regression models for the various

categories of hospital and rail accessibility. In the table, the

core study variables: the hospital accessibility, the rail

accessibility and its interaction, the significance and the

coefficients are also described.

5.3 Robustness test spot check

To increase the dependability of the findings of this research,

a robustness test spot check was conducted following the linear

regression model. Different categories of hospitals were selected

at random to conduct the sample check for the regression fit

analysis from each of the three evaluative perspectives of the

study variables. The outcomes are displayed in Table 6.

5.4 Spatial interaction regression model

The study regressed the linear regression case with significant

spatial interactions using a geographically weighted model,

yielding the statistics presented in Table 7.

The study compiles the spatial interaction effects of

residential proximate hospitals and rail stations in Table 7.

When all the impact variables are significant in an interactive

regression function, the highest explained sample rate of 73.4%

(792/1,079) was found for the regression model of the interaction

between grade-A tertiary hospital distance and rail station

distance with a positive spatial variance value. The next

highest explained sample rates of 61.5% (590/1,079) was

found for the regression model of the interaction between

grade-B tertiary hospital distance and rail station distance

with a negative spatial variance value. The third explained

sample rates is 53.8% (580/1,079) for the interaction between

distance to CM hospitals and distance to rail stations, with

negative values of spatial variance. Fourth is 53.0% (572/

1,079) for the interaction between distance to private hospitals

and distance to rail stations, with negative values of spatial

TABLE 4 Regression results of the Hos (N = 1,079).

Category HosD HosB HosK

Coefficients T Coefficients t Coefficients t

All hospitals -0.025*** -2.726 0.002** 1.947 0.006*** 3.684

Degree grade-A tertiary hospital -0.035*** -3.451 0.004*** 3.311 0.007*** 3.277

grade-B tertiary hospital -0.027*** -2.455 0.002*** 1.963 0.016*** 5.511

secondary hospital -0.038*** -3.681 0.003*** 2.626 0.008*** 4.604

class-I hospital -0.019*** -2.226 0.002*** 1.965 0.007*** 3.815

Ownership public hospital -0.015 -1.590 0.001 0.770 0.005*** 3.165

private hospital -0.041*** -3.738 0.003*** 2.184 0.010*** 3.831

Type WM hospital -0.028*** -3.130 0.002 1.445 0.005*** 3.035

CM hospital -0.051*** -4.155 0.002*** 2.067 0.005*** 2.446

Scope general hospital -0.010 -1.005 0.002** 1.665 0.005*** 2.782

special hospital -0.037*** -3.980 0.003*** 2.500 0.009*** 4.719

medical center -0.029*** -3.135 0.003*** 2.621 0.009*** 4.207

Note: ** Significant at the 10% level. *** Significant at the 5% lvel.
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TABLE 5 Interactive regression results of the hospital accessibility.

Category Distance Quantity Density

Sta HosD Inter (Sta&HosD) Sta HosB Inter (Sta&HosB) Sta HosK Inter (Sta&HosK)

Coefficients t Coefficients t Coefficients t Coefficients t Coefficients t Coefficients t Coefficients t Coefficients t Coefficients t

all hospitals 0.184*** 3.656 0.215*** 4.209 -0.035*** -4.77 -0.021** -1.899 -0.028*** -4.176 0.004*** 4.535 -0.033*** -3.322 -0.021*** -2.312 0.004*** 3.04

Degree grade-A tertiary

hospital

0.272*** 4.776 0.260*** 4.952 -0.043*** -5.733 -0.024*** -2.254 -0.026*** -3.721 0.004*** 4.317 -0.026*** -2.323 -0.025*** -2.436 0.004*** 3.244

grade-B tertiary

hospital

0.285*** 4.599 0.262*** 4.867 -0.043*** -5.47 -0.028*** -2.499 -0.022*** -3.039 0.003*** 3.407 -0.014 -1.158 -0.022** -1.931 0.005*** 3.373

secondary hospital 0.257*** 4.424 0.246*** 4.586 -0.042*** -5.391 -0.022*** -2.066 -0.028*** -4.228 0.004*** 4.727 -0.030*** -2.726 -0.025*** -2.408 0.005*** 3.276

class-I hospital 0.128*** 2.501 0.154*** 3.135 -0.025*** -3.59 -0.017 -1.582 -0.032*** -4.737 0.005*** 5.14 -0.029*** -2.635 -0.019*** -2.121 0.004*** 2.96

Ownership public hospital 0.188*** 3.544 0.230*** 4.289 -0.035*** -4.629 -0.018** -1.651 -0.032*** -4.719 0.005*** 4.894 -0.034*** -3.374 -0.023*** -2.493 0.004*** 3.126

private hospital 0.300*** 5.325 0.251*** 5.166 -0.044*** -6.167 -0.018 -1.634 -0.031*** -4.205 0.005*** 4.602 -0.013 -1.112 -0.030*** -2.834 0.006*** 3.92

Type WM hospital 0.183*** 3.859 0.208*** 4.349 -0.034*** -5.022 -0.017 -1.602 -0.033*** -4.895 0.005*** 5.182 -0.032*** -3.207 -0.026*** -2.911 0.004*** 3.573

CM hospital 0.178*** 2.467 0.155*** 2.359 -0.030*** -3.184 -0.012 -1.014 -0.032*** -4.63 005*** 5.034 -0.031*** -2.598 -0.022** -1.934 0.004*** 2.471

Scope general hospital 0.238*** 3.751 0.269*** 4.417 -0.041*** -4.655 -0.021** -1.886 -0.025*** -3.826 0.004*** 4.118 -0.028*** -2.631 -0.029*** -2.939 0.005*** 3.505

special hospital 0.255*** 4.664 0.244*** 4.851 -0.042*** -5.689 -0.027*** -2.454 -0.024*** -3.353 0.004*** 3.769 -0.031*** -2.798 -0.021*** -2.238 0.004*** 3.242

medical center 0.157*** 3.212 0.161*** 3.557 -0.028*** -4.287 -0.025*** -2.401 -0.023*** -3.335 0.004*** 3.886 -0.023*** -2.101 -0.022*** -2.323 0.004*** 3.366

Note: ** Significant at the 10% level. *** Significant at the 5% level.

Fro
n
tie

rs
in

E
n
viro

n
m
e
n
tal

Scie
n
ce

fro
n
tie

rsin
.o
rg

11

C
h
e
n
e
t
al.

10
.3
3
8
9
/fe

n
vs.2

0
2
2
.10

4
4
6
0
0

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1044600


variance. Except for the spatial variances for secondary hospitals,

which were positive, all other interaction regression equations

had significance below 50% and negative spatial variances.

Table 8 shows the spatial relationship between the quantity of

hospitals and the proximate rail station. Although it only has the

explained sample rates of 14.7% (159/1,079) and a negative

spatial variance value, the interaction regression model

between medical centres and rail stations within the

residential neighbourhood has the greatest explained sample

rates of all the interaction regression equations. The explained

sample rates for the other interaction regression models are even

lower.

Table 9 displays the spatial coefficients and variance of the

interactive function between the distance to the proximate rail

stations and the hospital kernel density located in the residential

area. Similar to the regression interaction model for the quantity

of hospitals, the explained sample rates for each interaction

model are relatively low, with the highest explained sample

rates being 17.1% (184/1,079) for the interaction model for

the density values of rail stations and general hospitals in the

area, with a negative spatial variance value. The table also

contains the proofs of the interaction regression models for

the remaining categories.

6 Discussion and conclusion

6.1 Discussion

6.1.1 General and moderator variable
In the linear regression model (Table 3), the results of a city-

wide statistics analysis led to the investigation of the following

variables that affect the correlation of housing prices. Variables of

environmental location are location of residence (inside Second

Ring Road or Third Ring Road), the quantity of population, the

density of population and the GDP level. Variables of self-

characteristics are the age of residence, high-quality primary

and secondary school and property management fee. Variables of

facilities accessibility are rail accessibility (moderator variable),

green space accessibility, main water source accessibility, funeral

facilities accessibility and dump area accessibility. The variables

that do not affect housing prices include the following. For self-

characteristic variables, they are the residence containing

commercial housing or housing placement, the residence with

a high-rise building, the density of building and greening rate.

For facilities accessibility variables, they are large shopping malls

accessibility, scenic spots accessibility, factories accessibility and

gas station accessibility. Of these significant variables, variables of

TABLE 6 Robust test (N = 1,079).

Variables Distance to the closest
hospital

Quantity of grade-A
tertiary hospitals in butter
zone

Kernel density of general
hospitals

Coefficients t Coefficients T Coefficients t

(Constant) -3.204*** -7.909 -4.079*** -8.427 0.708*** 2.103

CityLC1 0.107*** 6.435 0.111*** 6.173 0.085*** 5.174

CityLC2 - - 0.133*** 4.547 0.318*** 14.699

Pop20 - - 0.169*** 6.771 -0.091*** -4.317

Pop20D 0.085*** 14.109 0.084*** 10.709 - -

GDP21 0.201*** 11.430 - - 0.259*** 15.386

AgeC 0.100*** 4.868 - - 0.082*** 3.958

ManF 0.184*** 14.489 0.190*** 15.143 0.191*** 14.916

PriS 0.272*** 9.757 - - 0.292*** 10.448

MidS 0.238*** 8.498 0.350*** 12.863 0.283*** 10.094

Gre - - -0.029*** -4.091 - -

Wat -0.038*** -4.831 -0.046*** -5.329 -0.058*** -7.420

Fur 0.040*** 3.234 0.085*** 6.317 0.009 0.710

Dum 0.094*** 6.046 0.203*** 12.159 - -

Sta 0.203*** 3.904 -0.028*** -2.581 -0.030*** -2.745

Hos 0.214*** 4.061 -0.021*** -2.832 -0.040*** -3.945

Inter (Sta&Hos) -0.038*** -4.982 0.004*** 3.644 0.006*** 4.260

Performance statistics

R-squared 0.637 0.618 0.632

Adjusted R-squared 0.633 0.614 0.628

Note: ** Significant at the 10% level. *** Significant at the 5% level.
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TABLE 7 Results of the geographically weighted regression analysis based on distance (N = 1,079).

All hospitals Gread-A tertiary hospital Gread-B tertiary hospital Secondary hospital Class-I hospital Public hospital Private hospital WM hospital CM hospital General hospital Special hospital Health center

Variables Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Intercept 0.867–1.149 -0.677 0.851–1.115 0.264 0.855–1.130 -1.401 0.886–1.145 -2.499 0.842–1.142 -0.626 0.876–1.133 -0.855 0.842–1.138 -1.894 0.865–1.141 167.319 0.764–1.180 -0.13 0.869–1.130 -2.295 0.860–1.116 -0.564 0.853–1.139 -1.326

CityLC1 -0.16 -7.029 -0.155 0.155 -0.187 -3.632 -0.157 -9.381 -0.149 -4.58 -0.155 -6.044 -0.151 -5.926 -0.165 6.477 -0.14 -5.744 -0.148 -5.276 -0.144 -4.733 -0.149 -5.539

CityLC2 -0.227 -5.532 -0.261 0.261 -0.241 -2.522 -0.177 -2.831 -0.174 -7.603 -0.211 -6.059 -0.226 -0.422 -0.23 6.983 -0.246 -7.667 -0.229 -6.346 -0.19 -3.356 -0.184 -4.881

Pop20 -0.295 -2.431 -0.264 0.263 -0.302 -3.52 -0.304 -1.001 -0.29 -3.47 -0.285 -2.367 -0.306 0.037 -0.291 3.166 -0.212 0.628 -0.281 -1.553 -0.332 -4.287 -0.29 -4.876

PopD20 -0.207 -51.978 -0.167 0.167 -0.215 -58.315 -90.199 -59.348 -0.221 -70.232 -0.202 -53.241 -0.208 -24.395 -0.193 7.58 -0.177 -68.642 -0.201 -71.664 -0.243 -38.579 -0.206 -57.357

GDP21 -0.025 0.251 -2.125 -0.249 0.249 -0.263 -0.125 -0.261 -2.026 -0.27 -2.304 -0.272 -2.243 -0.266 0.924 -0.27 8.962 -0.203 -3.79 -0.251 -2.074 -0.273 -0.418 -0.264 -2.314

AgeC 0.002–0.056 3.701 0.002 0.054 0.052 0.002–0.046 2.458 0.003–0.053 2.924 0.002–0.054 3.864 0.002–0.055 3.59 0.001–0.043 3.01 0.001–0.057 4.426 0.006–0.054 5.075 0.002–0.053 2.642 0.003–0.059 2.991 0.002–0.055 3.728

ManF 0.068–0.114 3.036 0.067–0.115 0.049 0.069–0.115 2.445 0.070–0.115 2.285 0.066–0.115 2.799 0.069–0.115 3.351 0.063–0.116 -0.351 0.066–0.114 15.657 0.066–0.116 1.739 0.066–0.117 0.954 0.069–0.116 1.814 0.066–0.117 2.45

PriS 0.033–0.090 -9.557 0.033–0.085 0.052 0.036–0.089 -7.252 0.027–0.083 -9.917 0.032–0.092 -10.396 0.032–0.090 -9.338 0.029–0.089 -10.723 0.031–0.089 10.338 0.033–0.090 -8.399 0.029–0.089 -9.9 0.031–0.088 -10.27 0.031–0.090 -8.993

MidS -0.164 -5.934 -0.119 0.118 -0.137 -13.544 -0.124 -10.095 -0.127 -9.21 -0.159 -7.721 -0.132 -10.95 -0.154 9.546 -0.123 -6.104 -0.138 -7.028 -0.122 -10.435 -0.119 -9.4

Gre -0.116 -4.795 -0.139 0.139 -0.131 -3.991 -0.118 -6.954 -0.12 -5.941 -0.119 -4.447 -0.103 -0.539 -0.116 -2.805 -0.124 -8.446 -0.131 -7.571 -0.118 -4.032 -0.121 -4.831

Wat -0.123 -14.621 -0.128 0.129 -0.147 -13.316 -0.134 -17.516 -0.126 -14.346 -0.124 -17.526 -0.124 -14.035 -0.129 -4.718 -0.132 -18.373 -0.137 -17.264 -0.123 -15.347 -0.116 -11.379

Fur -0.059 0.110 -3.766 -0.182 0.182 -0.198 -11.414 -0.18 -6.531 -0.17 -6.217 -0.167 -3.841 -0.184 -11.175 -0.175 3.684 -0.154 -2.948 -0.173 -5.573 -0.17 -9.523 -0.165 -5.904

Dum -0.542 -3.987 -0.461 0.461 -0.507 0.239 -0.516 -4.225 -0.508 -0.388 -0.518 -2.27 -0.488 -1.018 -0.525 8.006 -0.453 0.862 -0.49 -5.816 -0.535 -1.657 -0.527 -3.392

Sta -1.042 -80.088 -0.875 0.875 -1.202 -2.075 -1.082 -99.302 -0.742 -124.718 -0.89 -91.032 -0.97 -7.506 -0.975 3.859 -1.955 -230.884 -0.656 -122.532 -0.744 -60.949 -0.618 -70.307

HosD -1.406 -174.738 -0.73 0.73 -0.957 -119.926 -0.976 -88.841 -0.873 -125.535 -1.239 -119.858 -0.987 -70.895 -1.345 4.349 -1.865 -245.329 -0.746 -258.658 -0.733 0.615 -0.767 -180.05

Inter (Sta&HosD) -2.126 -46.62 -1.51 1.511 -1.941 -55.518 -1.889 48.98 -1.455 -72.156 -1.834 -65.813 -1.300 0.556 -7.165 -2.046 -5.022 -2.272 -149.203 -1.238 -130.529 -1.268 -38.531 -1.24 -84.804

Statistical of Significant Variables

Sta 317/1,079 807/1,079 614/1,079 422/1,079 228/1,079 307/1,079 398/1,079 296/1,079 625/1,079 481/1,079 619/1,079 272/1,079

HosD 352/1,079 851/1,079 646/1,079 382/1,079 357/1,079 398/1,079 394/1,079 366/1,079 622/1,079 497/1,079 591/1,079 354/1,079

Inter (Sta&HosD) 364/1,079 851/1,079 664/1,079 459/1,079 262/1,079 379/1,079 417/1,079 359/1,079 657/1,079 503/1,079 654/1,079 325/1,079

All 310/1,079 792/1,079 590/1,079 357/1,079 182/1,079 304/1,079 340/1,079 292/1,079 580/1,079 453/1,079 572/1,079 237/1,079

Statistical of Regression

AICc -629.362 -641.195 -639.603 -649.578 -625.81 -620.281 -643.593 -634.718 -648.763 -619.017 -639.057 -638.695

BIC/MDL -257.174 -279.522 -278.654 -285.775 -257.432 -248.427 -281.066 -261.876 -289.187 -255.528 -277.875 -271.959

R-square 0.746 0.747 0.747 0.749 0.744 0.743 0.748 0.747 0.749 0.742 0.747 0.747

Adjusted R-square 0.719 0.722 0.722 0.724 0.718 0.717 0.723 0.721 0.724 0.716 0.722 0.722

Note: *All coefficient is based on standardisation of explanatory variables.
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TABLE 8 Results of the geographically weighted regression analysis based on quantity (N = 1,079).

Gread-A tertiary hospital Gread-B tertiary hospital Secondary hospital Special hospital Medical center

Variables Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Coefficient DIFF
of criterion

Intercept 0.861–1.131 -0.947 0.876–1.127 -1.153 0.902–1.121 -1.169 0.883–1.152 -3.112 0.876–1.157 -1.308

CityLC1 -0.013–0.138 -8.183 -0.015–0.146 -6.716 -0.020–0.143 -9.004 -0.015–0.138 -6.124 -0.016–0.139 -7.819

CityLC2 -0.067–0.211 -5.668 -0.014–0.207 -7.832 -0.000–0.206 -4.240 -0.094–0.178 -5.120 -0.089–0.311 -5.140

Pop20 -0.168–0.108 -1.296 -0.164–0.129 -3.961 -0.165–0.131 -3.546 -0.183–0.111 -4.272 -0.172–0.124 -6.442

PopD20 -0.065–0.140 -52.891 -0.069–0.144 -65.760 -0.061–0.148 -81.311 -0.074–0.130 -82.854 -0.066–0.137 -52.497

GDP21 -0.008–0.248 -4.254 -0.012–0.246 -2.070 -0.009–0.247 -4.725 -0.012–0.258 -4.218 -0.025–0.251 -5.699

AgeC 0.002–0.043 3.149 0.002–0.049 3.126 0.003–0.052 2.971 0.002–0.051 3.146 0.003–0.052 3.155

ManF 0.068–0.117 0.826 0.068–0.116 1.467 0.068–0.113 2.074 0.067–0.114 2.315 0.068–0.115 1.391

PriS 0.028–0.089 -11.463 0.028–0.089 -11.418 0.026–0.088 -12.589 0.028–0.089 -11.409 0.028–0.089 -11.794

MidS -0.012–0.111 -11.098 -0.012–0.113 -10.692 -0.012–0.112 -11.053 -0.012–0.112 -10.882 -0.012–0.105 -10.293

Gre -0.072–0.036 -2.627 -0.076–0.045 -6.077 -0.078–0.035 -4.857 -0.077–0.041 -5.309 -0.077–0.034 -4.636

Wat -0.133–0.023 -21.104 -0.115–0.025 -14.694 -0.116–0.022 -17.112 -0.124–0.024 -18.705 -0.115–0.024 -10.624

Fur -0.059–0.097 -6.861 -0.066–0.113 -9.449 -0.060–0.132 -9.204 -0.060–0.106 -9.464 -0.061–0.111 -5.044

Dum -0.239–0.275 1.379 -0.220–0.292 -0.487 -0.226–0.275 -1.702 -0.260–0.255 -1.960 -0.247–0.269 -1.121

Sta -0.066–0.038 -4.687 -0.049–0.045 -9.093 -0.079–0.044 -8.155 -0.054–0.066 -8.456 -0.104–0.069 -7.718

HosB -1.304–0.384 -1,652.915 -1.098–0.775 -450.342 -0.558–0.226 -28.632 -0.396–1.702 -200.218 -1.364–1.449 -1728.549

Inter (Sta&HosB) -0.305–1.461 -143.952 -0.733–1.119 -193.557 -0.227–0.531 -3.024 -1.571–0.470 -41.799 -1.366–1.428 -64.772

Statistical of Significant Variables

Sta 234/1,079 171/1,079 331/1,079 361/1,079 396/1,079

HosB 415/1,079 459/1,079 267/1,079 326/1,079 237/1,079

Inter (Sta&HosB) 519/1,079 502/1,079 326/1,079 349/1,079 309/1,079

All 87/1,079 71/1,079 85/1,079 128/1,079 159/1,079

Statistical of Regression

AICc -616.856 -612.368 -613.403 -621.107 -616.967

BIC/MDL -259.653 -254.427 -256.128 -262.665 -260.703

R-square 0.741 0.740 0.740 0.742 0.741

Adjusted R-square 0.716 0.715 0.715 0.717 0.716

Note: *All coefficient is based on standardisation of explanatory variables.
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TABLE 9 Results of the geographically weighted regression analysis based on density (N = 1,079).

All hospitals Gread-A tertiary
hospital

Secondary hospital Class-I hospital Public hospital WM hospital General hospital Special hospital Medical center

Variables Coefficient DIFF
of
criterion

Coefficient DIFF
of
criterion

Coefficient DIFF
of
criterion

Coefficient DIFF
of
criterion

Coefficient DIFF
of
criterion

Coefficient DIFF
of
criterion

Coefficient DIFF
of
criterion

Coefficient DIFF
of
criterion

Coefficient DIFF
of
criterion

Intercept 0.444–1.124 -4.894 0.265–1.123 -11.694 0.328–1.170 -2.064 0.184–1.124 -1.541 0.483–1.124 -4.546 0.370–1.125 -5.637 0.549–1.129 -3.083 0.285–1.096 -4.501 -1.308 -0.748

CityLC1 -0.16 -3.553 -0.153 -5.683 -0.148 -2.064 -0.168 -5.862 -0.156 -3.75 -0.159 -4.717 -0.151 -8.493 -0.139 -3.755 -0.155 -7.425

CityLC2 -0.716 -3.976 -1.134 -2.907 -0.925 -4.294 -0.339 -4.774 -0.56 -5.165 -1.405 -3.734 -0.369 -7.21 -0.556 -0.927 -0.565 -3.185

LnPop20 -0.261 -21.86 -0.3 -5.822 -0.301 -6.013 -0.309 -6.183 -0.281 -21.691 -0.299 -9.195 -0.241 -1.484 -0.323 -10.368 -0.333 -8.545

PopD20 -0.191 -38.268 -0.214 -2.82 -0.197 -39.115 -0.211 -44.821 -0.184 -36.31 -0.203 -38.226 -0.201 -63.044 -0.225 -3.006 -0.234 -37.912

GDP21 -0.247 -7.348 -0.253 -8.024 -0.234 -12.096 -0.271 -5.547 -0.247 -8.859 -0.254 -6.896 -0.233 -5.887 -0.255 -11.738 -0.284 -6.828

AgeC 0.002–0.052 3.521 0.002–0.046 3.358 0.002–0.044 3.305 0.003–0.053 3.133 0.002–0.050 3.71 0.002–0.050 3.311 0.001–0.050 3.201 0.002–0.047 3.176 0.003–0.055 2.952

ManF 0.067–0.115 1.764 0.068–0.117 1.224 0.068–0.118 1.363 0.067–0.116 1.582 0.068–0.116 2.103 0.067–0.115 1.87 0.068–0.117 1.521 0.069–0.116 1.354 0.068–0.116 1.162

PriS 0.026–0.090 -12.38 0.025–0.089 -11.106 0.030–0.089 -11.509 0.027–0.088 -11.774 0.024–0.091 -12.463 0.026–0.090 -12.442 0.029–0.089 -11.243 0.025–0.089 -12.832 0.026–0.088 -10.833

MidS -0.115 -5.275 -0.113 -9.308 -0.125 -9.537 -0.11 -5.388 -0.118 -6.221 -0.119 -7.937 -0.121 -9.573 -0.123 -10.55 -0.112 -7.058

Gre -0.113 -6.104 -0.119 -2.886 -0.127 -6.414 -0.117 -6.835 -0.116 -6.514 -0.111 -4.972 -0.117 -7.065 -0.12 -5.565 -0.119 -7.059

Wat -0.134 -18.079 -0.165 -27.135 -0.153 -18.465 -0.137 -10.596 -0.135 -20.299 -0.144 -19.519 -0.151 -21.81 -0.125 -15.215 -0.132 -9.925

Fur -0.192 -7.494 -0.244 -14.242 -0.219 -8.735 -0.171 -9.194 -0.186 -7.058 -0.195 -8.609 -0.192 -7.748 -0.236 -10.124 -0.206 -9.472

Dum -0.506 -5.306 -0.482 -2.397 -0.478 -3.335 -0.549 -4.162 -0.492 -2.581 -0.476 -5.421 -0.491 -1.382 -0.456 0.791 -0.543 -4.526

Sta -0.124 -5.351 -0.313 -5.131 -0.293 -6.218 -0.204 -6.961 -0.123 -6.445 -0.128 -5.372 -0.156 -10.586 -0.258 -3.876 -0.297 -6.998

HosK -3.779 -30.283 -6.551 -136.34 -9.674 -84.357 -6.602 -4.635 -4.016 1.012 -6.156 -97.924 -5.46 -260.868 -6.749 -31.256 -9.176 -5,448.431

Inter

(Sta&HosK)

-4.188 0.3 -7.519 0.323 -9.901 1.242 -6.516 -4.729 -4.918 1.902 -5.967 -0.927 -6.327 -0.028 -7.465 3.171 -10.436 -46.949

Statistical of Significant Variables

Sta 379/1,079 399/1,079 343/1,079 358/1,079 396/1,079 434/1,079 329/1,079 287/1,079 400/1,079

HosK 207/1,079 249/1,079 359/1,079 379/1,079 132/1,079 236/1,079 310/1,079 337/1,079 475/1,079

Inter

(Sta&HosK)

198/1,079 377/1,079 466/1,079 417/1,079 169/1,079 241/1,079 359/1,079 432/1,079 510/1,079

All 61/1,079 120/1,079 158/1,079 107/1,079 39/1,079 125/1,079 184/1,079 116/1,079 143/1,079

Statistical of Regression

AICc -625.115 -634.912 -622.46 -617.99 -620.824 -630.83 -619.302 -626.837 -626.656

BIC/MDL -262.832 -280.138 -267.722 -261.664 -259.203 -270.119 -256.035 -271.855 -271.732

R-square 0.744 0.745 0.742 0.741 0.742 0.745 0.742 0.743 0.743

Adjusted

R-square

0.718 0.72 0.717 0.716 0.717 0.72 0.717 0.718 0.718

Note: *All coefficient is based on standardisation of explanatory variables.
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environmental location and self-characteristic are both positively

correlated with housing prices. All the facilities accessibility

variables, except for the funeral facilities variable and the

dump areas variable, express a positive correlation between

facilities accessibility and housing prices. This result is not

much different from the results of previous related studies

and can be understood in the context of people’s life experience.

6.1.2 Research variable
On the basis of the results of the hospital accessibility

regression model (Table 4) and the interaction regression

model statistics (Table 5) with rail accessibility, a discussion

will be developed regarding the influence of hospital accessibility

on housing prices and that of accessibility interactions on

housing prices. The discussion in the section on interaction

studies will be divided into two: a linear regression section

and a spatial regression section. Discussion of the former will

be categorised in terms of hospital type and accessibility

evaluation. In the spatial regression model discussion section,

sample models where the interaction is generally spatially

significant and stable will be discussed and analysed in a

targeted manner.

6.1.3 Linear regression model
6.1.3.1 Distance

In the results of the model measuring residential accessibility

by distance to the proximate hospital (Table 4–5), there is a

positive value-added orientation of unclassified proximate

hospital accessibility to housing prices, and there is a

reciprocal moderating influence on housing prices with the

accessibility of the proximate rail station. The greater the

distance to the hospital, the smaller the influence of medical

accessibility on housing prices. This suggests a spatially positive

linear correlation between the perception of medical proximity

and accessibility. Additionally, from a city-wide perspective,

people’s preference for the proximate hospital can be

interpreted as a spatially substitutable effect of rail for

transporting their medical needs. In other words, people will

choose rail to get to the hospital due to its accessibility, and this

preference for accessibility will be reflected in the price of

housing.

People’s preference for medical accessibility when

purchasing a residence does not result in different outcomes

based on the hospital’s degree. People can access the proximate

level of the hospital via rail, so the influence of hospital distance

on houses also changes with the distance from the rail station to

the residence and vice versa, that is, the distance from the

proximate rail station has a different influence on the price of

houses located at different levels of proximity to hospitals. The

influence of proximity to the proximate rail station on residence

values at varying distances from the hospital varies.

In the case of residential proximity to a public hospital, the

convenience added by the public hospital is offset by its equally

negative effects, so there is no direct proximity effect of the public

hospital on housing prices. These negative factors may include

the noise, the mixed traffic and the psychological rejection of

hospitals in theminds of residents around public hospitals. Given

that public hospitals encompass several degrees, including grade-

A tertiary, grade-B tertiary, secondary and class-I hospitals, the

findings for public hospitals as a whole are presented here.

Although grade-A tertiary hospitals are public hospitals, their

positive influence outweighs the negative influence; hence, the

overall presentation of grade-A tertiary hospitals remains

positively connected with the influence on housing prices. By

contrast, other tiers of public hospitals fail to cancel the negative

consequences by beneficial influences. As a result, the overall data

results for public hospitals were distinct from those of grade-A

tertiary hospitals. Furthermore, the proximity of the proximate

public hospital to the housing stock can somewhat mitigate the

reliance of the housing stock on rail and, with the accessibility of

rail, can change the price influence of the proximate public

hospital from a positive to a negative. Firstly, it is

understandable that when no hospitals are nearby, people will

demand rail access to hospitals, thereby increasing the reliance of

houses on rail stations. Secondly, when houses are in close

proximity to a rail station, the negative price influence of

hospital proximity increases as people from other areas

choose to travel via the nearby rail station, perhaps due to the

need to travel to a hospital in close proximity to the residence.

This makes the residence’s surroundings susceptible to the

combined noise of the nearby rail station and hospital. These

are extremely undesirable environmental factors, so prices will

naturally decrease. Private hospitals are not subject to the same

limitations as public hospitals. Given that the negative influence

of hospitals is due to the flow of people and psychological factors,

private hospitals are generally not the first choice for people in

China to visit, greatly reducing the negative influence resulting

from the flow of people in private hospitals. Secondly, people

dislike hospitals from the psychological factor, mainly because

they dislike the inner feelings of life, death and illness that

hospitals bring. Generally, the main place to experience life,

death and illness in China remains public hospitals, so the

negative influence of private hospitals is much less than that

of public hospitals, which have more of a role of auxiliary medical

support. The statistics conclude that people travel by rail to

private hospitals and that the distance from the residence to the

proximate private hospital lowers the price of housing because

private hospitals do not have the negative life influence from

public hospitals’ high demand.

When hospital types are separated by Chinese and Western

medicine (WM), these distinctions do not produce distinct

outcomes due to hospital type. Similar to hospital

categorisation, the positive price markup for housing

decreases as the distance between the hospital and the

residence increases, regardless of the type of hospital. In

addition, the demand for proximate Chinese or Western
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hospitals can be met by rail, so the influence of hospital distance

on housing is amplified by the distance between the rail station

and the residence.

A significant correlation is found between the proximity to

the proximate speciality hospital and medical centre and housing

prices, and a reciprocal moderating effect exists between the

distance to the proximate special hospital and the influence of rail

stations on housing prices. In essence, the reasons for both

outcomes are the same as those for private hospitals, namely,

the urgent need for medical coverage, and the influence on

housing prices is a combination of the direct influence of

proximity and the moderating effect of rail. However, a

significant reciprocal moderating effect is found between the

proximate rail station and the proximate hospital. This indicates

that the proximity of the general hospital has some negative

effects on the residential neighbourhood, thus offsetting the

premiums associated with the general hospital’s accessibility.

Owing to the hospital’s comprehensive nature, these negative

influences may include the possibility of high levels of noise,

traffic congestion, mixed traffic and psychological rejection of

people. Their fundamental characteristics are comparable to

those of public hospitals.

6.1.3.2 Quantity

In the regression model of hospital accessibility based on the

quantity of hospitals in the residential neighbourhood

(Table 4–5), the results of the study statistics for hospitals not

classified indicate that when hospitals are not classified for

regression fitting, the presence of a large number of medical

centres, low-degree hospitals or hospitals where people do not

frequently seek services renders this hospital accessibility

evaluation criterion insufficient to fully reflect people’s needs.

The criterion only partially reflects this trend in hospital demand.

Consequently, when the impact on housing prices is quantified

on a scale based on the quantity of hospitals within 900 m of a

residence, only marginal significant results are observed.

Additionally, unclassified hospitals may have a moderating

effect on rail station proximity, thereby reducing the extent to

which they increase housing prices.

When hospitals are targeted and graded, a positive

correlation is found between the quantity of hospitals at each

degree and the housing prices within the proximate average

distance to hospitals of varying degrees. The degree to which this

positive correlation change is greatest in the presence or absence

of the first hospital, indicates that hospitals have a significant

marginal influence on housing prices. Simultaneously, the

quantity of hospitals within an average distance of the

proximate hospital and the distance between the residence

and the proximate rail station has a reciprocal moderating

influence on housing prices. This moderating effect can be

explained in two ways. First, the quantity of hospitals in the

immediate residential area alreadymeets the need to some extent,

thereby reducing the need for rail access to hospitals and

reducing the influence of housing prices on rail accessibility.

Second, no hospitals are present in the immediate residential

area, but the need for rail access to hospitals remains because rail

accessibility shares some of the need for hospital accessibility.

Thus, there is an interaction term significant for the influence on

housing prices.

Possible explanations for the insignificance of public

hospitals include the presence of some of these medical

centres and their low degree, rendering them neither routinely

nor interactively significant in relation to rail. It may be able to

moderate it in an interactive manner with the proximity of the

rail stations, suggesting that the more alternatives people have for

medical services, the less dependent their housing prices will be

on rail accessibility. Private hospitals are not in the same position

as public hospitals. The presence of private hospitals, due to their

necessity to meet market demand, makes the number of hospitals

in close proximity to residences provide an additional gain in

value for medical care, showing a positive correlation between the

number of hospitals in the area and housing prices. Similar to

public hospitals, housing price dependence on rail accessibility

decreases as the quantity of private hospitals increases.

As with type, the fact that WM hospitals encompass medical

centres and the majority of lower-degree hospitals renders them

insignificant in terms of the pattern. In relation to the distance of

the rail stations, however, the quantity of options within its buffer

zone can have a moderating effect, that is, the greater the quantity

of options for WH, the lower the dependence on the rail stations.

By contrast, CM hospitals, are not as highly valued by residents as

their Western counterparts, as evidenced by the fact that they

have a significant influence on housing prices. The non-essential

modern medical demands and functional orientation of health

care in CM hospitals provide an additional medical benefit.

Consequently, the quantity of CM hospitals within the

residential buffer zone is positively correlated with housing

prices. In addition, a moderating effect appears to be

associated with rail transport, suggesting that people use rail

transport to travel to different CM hospitals, and that the greater

the quantity of CM hospitals in the neighbourhood, the weaker

the impact of distance change to the rail stations on housing

prices.

Among the attribute-specific differences, the influence of

general hospitals on housing price is marginally significant.

However, a moderating effect is found in terms of distance

from rail stations which is a very intriguing point to consider.

Although general hospitals can provide strong medical services,

the negative aspects of their strong services, such as congestion,

noise, mixed traffic and psychological rejection, make the

quantity of general hospitals in the buffer zone absolutely

insignificant in terms of their hospital convenience, which has

no positive additive influence on housing prices. If there are

numerous general hospitals in the buffer zone, the approximate

functional overlap between them due to the completeness of

medical services precludes meeting the absolute significance

Frontiers in Environmental Science frontiersin.org17

Chen et al. 10.3389/fenvs.2022.1044600

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1044600


criteria for influencing housing prices. In the interaction

regression model, the reliance on general hospital access is

generally such that a portion of the population must choose

rail. In the vast majority of instances, the interaction term

between the distance to the proximate rail station and the

quantity of hospitals within the residential buffer zone will be

significant, as indicated by the fact that the further a residence is

from the rail station, the more dependent its value is on the

quantity of hospitals within the buffer zone. In buffer zones with

more general hospitals, house price premiums are likely to be less

affected by rail accessibility.

For the quantity of special hospitals and medical centres in

the respective residential buffer zones, the complementary and

additive functions of their positioning in the healthcare system

enable them to have a direct positive additive influence on

housing prices, similar to CM hospitals, and to interact

significantly with the distance to the proximate rail station. In

other words, an interaction between the accessibility of rail and

the quantity of special hospitals and medical centres in terms of

their influence on housing prices.

6.1.3.3 Density

In the density-based hospital accessibility evaluation system

(Table 4–5), the results of the overall hospital density statistics

illustrate the overall hospital density of the city of Fuzhou, which,

when not categorised, has a premium added to residence.

Differences in the overall healthcare system can have an

influence on housing price appreciation when the proximity

of the proximate hospital and the quantity of hospitals in the

vicinity of a residence are the same. Where the overall medical

system is more accessible, the influence of rail on housing prices

is reduced. This can be interpreted as a reduction in the reliance

on rail to access hospitals, which can be avoided in areas with

better access to health services.

When degrees are developed for the level of hospital and the

intensity of medical care is graded, the health care system of

hospitals of all degrees can be favourably connected with housing

prices. This indicates that the intensity of the healthcare system

provides a positive price premium for housing, which is

understood by most people. However, among the different

levels of hospital density, all degrees of hospitals are able to

interact with rail accessibility to moderate the effect on housing

prices. However, a slight difference is perhaps observed in the

reasons why the density of tertiary hospitals (grade-A and B),

secondary hospitals and class-I hospitals can have a moderating

influence on housing prices in relation to rail accessibility. The

moderating effect of the density of tertiary hospitals (grade-A

and B) is because areas with a low density of such hospitals are

accessed by rail, while the density of class-I hospitals and

secondary hospitals moderates the influence of rail on housing

prices because they are more numerous and widely distributed.

When people demand low-degree hospitals, they can access them

by other, shorter means of transport, thus partially diluting the

reliance on rail demand and making rail convenience less of an

additive to housing prices.

The urban concentration of public and private hospitals can

have a positive correlation with housing prices. This is largely in

line with expectations and is typical of the influence of service

amenities on housing prices. A similar interaction is observed

between hospital density and rail accessibility in the regulation of

housing prices for public and private hospitals. As a result, the

density of both spaces tends to reduce the extent to which

residence price is affected by rail stations.

Similar to the nature categorisation, the distribution density

of WM and CM hospitals is positively correlated with housing

prices from a type standpoint. Again, rail accessibility interacts

with WM and CM hospitals on housing prices. In essence, the

higher the density of WM or CM hospitals in a residential

neighbourhood, the less the reliance on rail stations.

In the scope categorisation, the density of the distribution of

general hospitals, special hospitals and medical centres has a

positive correlation with housing prices, which is moderated by

the proximity of houses to rail station. This demonstrates the

relationship between the number of hospitals and the housing

prices, irrespective of the scopes of the hospitals that offer

residents hospital accessibility. This could be interpreted as a

reduction in reliance on rail due to the accessibility of hospitals or

as an increase in reliance on rail accessibility to hospitals due to

the lack of hospital density in the area and the necessity of

meeting medical needs. Conversely, the negative effects

associated with high medical intensity, regardless of the

hospital’s scope, can be negatively correlated with housing

prices when residences are closer to rail stations, consistent

with the characteristics of public and WM hospitals.

6.1.4 Spatial regression model
The study confirms that the regression model of hospital

accessibility (Table 6–8), based on the spatial distance to the

proximate grade-A tertiary hospitals, fits better than the linear

model (Adjusted R-square = 0.722) to the greatest extent

possible. The geographic heterogeneity in the extent to

which residential sample prices are spatially moderated by

hospital accessibility and rail accessibility is explained. The

moderating effect expressed by this spatial regression model

demonstrates the explanatory rate of the sample, the spatial

stability and the spatial geographical distribution of the

explained sample, which is not captured by the linear

regression model (Figure 3). In the geospatial distribution

figure, the lighter the colour of the explained residential

sample, the smaller the coefficient of the interaction term

of its model and the weaker the mutual moderating effect of

hospital and rail accessibility (distance from the residence to

the proximate grade-A tertiary hospital) on the influence of

housing prices; whereas the grey residential sample indicates

that the spatial coefficients cannot be resolved by this

regression function.
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The subsequent paragraphs will discuss and analyse the

reasons for the applicability of the aforementioned models

and their explanation of the sample’s geospatial distribution.

Although other spatial interaction regression models can also

reflect the influence of hospital and rail accessibility on housing

prices to a certain extent and can compensate for other

perspectives on hospital accessibility that are not captured by

spatial distance scales, their explained sample rates are relatively

low and the majority of interactions are spatially heterogeneous.

In other words, the strength of the interactions cannot be

summarised consistently as geographic space changes.

The excellent regression performance of the linear model, the

linear interaction regression model, and the spatial interaction

regression model for the distance to a grade-A tertiary hospital as

a metric of residential hospital accessibility demonstrate its

reliability. The reason is that in real life, the first choice for

Chinese citizens for daily medical treatment is often grade-A

tertiary hospitals, which often have a certain brand effect. As a

Chinese saying goes: ‘no need to consult for minor illnesses, and

no need to see a doctor for a big one as well’. When most people

need medical treatment, they will always habitually go to the

proximate grade-A tertiary hospital, and most people will not

consider hospital choices specific to their condition. This

explains why the presence of a second hospital has no

influence on the marginal effect of the real estate price when

evaluating the quantity of hospitals’ accessibility. Several key

grade-A tertiary hospitals in the city centre of Fuzhou are

simultaneously linked by passenger rail transit lines. When

suburban houses are far from their own proximate grade-A

tertiary hospital but close to a rail station, city dwellers

typically choose rail as a quick and comfortable way to reach

the city centre for medical care. Therefore, both the regression

model for the distance to the proximate grade-A tertiary hospital

and the regression interaction regression model has a high degree

of general applicability. In addition, these innate understandings

of grade-A tertiary hospitals and rail render the interactions

underlying latent housing price models extremely spatially stable.

The discussion of the interpretation of the spatial interaction

regression model will be divided into two parts: the significance

causes and the interaction’s strength. The significance of the

FIGURE 3
Geospatial distribution of interaction samples.
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sample implies that the prices of the residential sample conform

to the pattern revealed by the regression model function. To

some extent, housing prices are affected by the interaction

moderation formed by their distance from the proximate

grade-A tertiary hospital and the proximate rail station, the

specific effects of which were discussed in the hospital

distance section of the linear regression.

Furthermore, the presence of a small sample of insignificant

residential interactions in the model can be explained by several

reasons. 1) The proximity of residences to a grade-A tertiary

hospital does not have a citywide core status and therefore does

not attract other people to the residential proximity of the grade-

A tertiary hospital via rail, avoiding the confusing and noisy

crowd and poor psychological perceptions associated with the

proximity of a grade-A tertiary hospital and a rail station at the

same time, thereby preventing a downward trend in housing

prices. 2) There is a reliable grade-A tertiary hospital in the

immediate area, and the commute to this hospital does not rely

on a rail at all. 3) Other, more significant housing prices

influencing variables in the residential area were omitted from

the study, thereby weakening the interaction between the grade-

A tertiary hospital and rail.

The strength of the interaction and the geospatial

distribution characteristics are described as follows. Although

the presence of grade-A tertiary hospitals and rail stations in the

proximity to housing does have a hurtful influence on housing

prices, the distance of the negative influence will be reduced, and

the extent to which housing prices will fall as a result of the

negative influence will be less. Conversely, the weaker the

interaction, the greater the dependence on the accessibility of

grade-A tertiary hospitals and rail stations. Therefore, the

geospatial distribution of the interaction’s strength can be

summarised as follows: the closer the grade-A tertiary hospital

to the residence and the closer the residence is to the rail station,

the weaker the interaction, and vice versa.

The final study was based on a spatial interaction

regression model of residential proximate grade-A tertiary

hospital and rail station distance (Table 6) with a randomly

drawn image of the functional characteristics of a significant

sample (Figure 4) to analyse the strength of the interaction

effect and the characteristics of the pattern of change. The

graph of the function for this sample indicates that when all

other factors influencing housing prices are held constant,

housing prices decrease with the decrease in spatial straight-

line distance from the rail station when the residence is less

than 550 m from the proximate grade-A tertiary hospital, and

the reduction is greater the closer the residence is to the grade-

A tertiary hospital. Similarly, when houses are less than 400 m

FIGURE 4
Spatial interactive regression model of housing prices.
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from the proximate rail station, the price of houses decreases

as the straight-line distance to the grade-A tertiary hospital

decreases, and more so as the distance to the rail station

decreases. When either the distance to the proximate grade-A

tertiary hospital or rail station is 550 or 400 m, the other

distance has no influence on housing prices, regardless of how

it changes. When the distance to a grade-A tertiary hospital

exceeds 550 m or the distance to a rail station exceeds 400 m,

the other accessibility variable will have a positive influence on

housing prices, and as the distance increases, housing prices

will decrease. The distances of 550 m for a grade-A tertiary

hospital and 400 m for a rail station can be interpreted as the

distances at which people will accept a change of transport

mode to reach the hospital by rail. If the distance is less than

these, people will not be able to reach the hospital by rail, and

if it is greater, they will not perceive the area as convenient.

Similarly, when houses are 550 m from a grade-A tertiary

hospital, residents are less reliant on the additional

accessibility convenience of rail. Therefore, changes in rail

station distance no longer affect housing prices. When the

distance to the grade-A tertiary hospital is less than this,

however, people from other areas will travel by rail to the

grade-A tertiary hospital in the vicinity of the residence, and

the traffic noise and congestion caused by the rail station

become a factor in reducing the housing prices. Concurrently,

the inconvenience of being 550 m away from the proximate

grade-A tertiary hospital encourages people to travel to a

grade-A tertiary hospital elsewhere by rail, thereby making

the accessibility of the rail station a positive price variable.

7 Conclusion

This study confirmed that the variables influencing housing

prices included a wide range of factors, including regional

context, individual characteristics and facilities accessibility.

The study’s findings indicate that different variables exert

varying degrees of influence and maintain continuity with

prior research.

Regarding the amenity accessibility variables of interest, rail

station accessibility and hospital accessibility have a significant

influence on housing prices. The level of significance of the

performance of the hospital accessibility variables on housing

prices was found to be similar for different categories and

different measures, and the overall analysis is consistent with

the observed situation.

The Euclidean distance to the proximate grade-A tertiary

hospital was used as a measure of hospital accessibility when

analysing the interaction between hospital and rail accessibility

on housing prices regulation. The interaction regression model

had the highest explained sample rates and spatial stability. The

study compared spatial interaction regression models from

different hospital categorisation perspectives and accessibility

perspectives and discovered that not all models had the same

number of explained sample rates, heterogeneity of interactions,

and spatial distribution patterns. The model that could explain

sample prevalence and stability to the greatest extent was selected

for detailed coefficient analysis and interpretation.

The existence of interactions indicates that the influence of

hospital and rail accessibility on housing prices is not constant.

FIGURE 5
Interaction strength distribution.
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The influence of hospital accessibility on housing prices with

differing rail accessibility is independent of all other variables

(control variables). Rail accessibility has a different influence on

housing prices with varying hospital accessibility. Using an image

of the housing prices-relationship function, the study examined

the reliance of residents on grade-A tertiary hospitals and rail

station facilities.

Lastly, the distribution of the interaction between the city’s

grade-A tertiary hospitals and rail stations is plotted based on the

strength of the model interaction (Figure 5). This predictive map

for the city-wide interaction is an accurate representation of the

geospatial distribution characteristics of the interaction in

Fuzhou, and the interaction strength for each region can be

determined by consulting the legend’s coefficients. This

distribution can be used to comprehend the regional strength

of the interaction as well as the spatial distribution of its regional

extent.

7.1 Implications

The findings of this study can be utilised by citizens to

inform their house purchase decisions. For purchasers with a

significant medical need for a residence, purchasing a

residence with a medical package tailored to their specific

medical requirements is possible. As the influence of different

hospitals on housing prices varies, investing excessively in

high-end hospitals, public hospitals, WM hospitals or general

hospitals is not needed. In addition, the study discovered that

when housebuyers consider hospital and rail accessibility, the

straight-line distance to the proximate venue is the most

effective reference point. Therefore, when people purchase

a residence, they typically only need to consider the proximate

hospital’s spatial distance. Lastly, a price-moderating

relationship is observed between the accessibility of grade-

A tertiary hospitals and the accessibility of rail. Therefore,

housebuyers who combine the need for medical care with the

need for rail can purchase houses in appropriate areas based

on the geospatial distribution of the interactions in the

findings.

Using the study’s findings, city planners can modify the

urban distribution density of public facilities such as rail and

grade-A tertiary hospitals, as well as their location in relation to

residential areas. By doing so, they can better regulate the stability

of urban housing prices, improve regional coordination and

increase the overall effectiveness of hospitals and per capita

access to a hospital.

This study’s process of exploring variables from multiple

perspectives can be used by future scholars and researchers to

determine the optimal perspective for measuring model

variables. A precise measurement perspective will maximise

the reduction of covariance, increase the significance of

variables and enhance the model’s fit, allowing researchers to

precisely identify the core reference factors and uncover the

objective patterns underlying them.

7.2 Limitations

In the process of the study, the quantity of samples is

insufficient and the angle of variable selection may still be

inadequate, so some covariates are integrated into the present

variables, resulting in an inadequate fit of the equation. Faced

with such issues, in the future, the quantity of statistics sources is

hoped to be expanded and the statistics’ precision can be

enhanced when variables are extracted.

In the case of hospital accessibility, a degree of inadequacy is

identified in evaluating accessibility based on the Euclidean

distance from the residence to the proximate hospital and rail

station. This is because spatial distance does not fully express the

accessibility of houses to different facilities and does not reflect

the detailed variation in the influence on housing prices based on

the distance measure, which is only linear at a macro level.

Furthermore, the categorisation of hospitals can only be based on

a fixed hospital unit standard, which is limited by the information

available and therefore does not allow for a more precise

evaluation of the distance to demand based on the proximate

specialist hospital department. This makes our hospital

categorisation subject to the problem of ignoring functional

overlap.

In addition, a more rational evaluation model for a

hospital in the buffer zone is required for all hospitals in

the nearby residential area, due in part to the duplication of

functions between hospitals. The model must be based on the

quantity of hospitals and the ability to calculate

comprehensive medical functions. Additionally, the

quantity of hospitals in the buffer zone is the same, but the

specific accessibility differences are not reflected, so a more

accurate calculation process of accessibility in the buffer zone

based on the quantity of hospitals is required.

In the design of the study on hospital kernel density,

calculating a comprehensive medical kernel density system

evaluation with area-weighted weights based on the

frequency of demand for different hospital categories and

age bracket preferences as a whole in their everyday lives was

not possible due to a lack of statistics and information.

Consequently, the evaluation of the medical system can

only be conducted on the basis of distinct global and

categorical categories, as well as an assessment of the

moderating effect of hospitals on housing prices and rail

accessibility under distinct categories.

The models based on geographical heterogeneity as a starting

point for ideas that validate empirical conclusions have not been

validated consistently in geographical models based on other

ideas. Owing to the limitations of the model concept, a limited

interpretation of the conclusions is therefore possible.

Frontiers in Environmental Science frontiersin.org22

Chen et al. 10.3389/fenvs.2022.1044600

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1044600


Data availability statement

The original contributions presented in the study are

included in the article/supplementary material, further

inquiries can be directed to the corresponding author.

Author contributions

KC, HL, SY and OS contributed to conception and design of

the study. KC and YH organized the database. FC performed the

statistical analysis. KC and SY wrote the first draft of the

manuscript. KC, YH, SY, XH and YL wrote sections of the

manuscript. All authors contributed to manuscript revision,

read, and approved the submitted version.

Funding

This study was supported by the National Natural Science

Foundation of China (No. 51808452) and the General Program

of the Sichuan Federation of Social Science Associations (No.

SC20B113).

Conflict of interest

Author XH was employed by Fujian Communications

Planning and Design Institute CO.,Ltd.

The remaining authors declare that the research was

conducted in the absence of any commercial or financial

relationships that could be construed as a potential conflict of

interest.

Publisher’s note

All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated organizations,

or those of the publisher, the editors and the reviewers. Any product

that may be evaluated in this article, or claim that may be made by its

manufacturer, is not guaranteed or endorsed by the publisher.

References

Agostini, C., and Palmucci, G. A. (2008). The anticipated capitalisation effect of a
new metro line on housing prices. Fisc. Stud. 29 (2), 233–256. doi:10.1111/j.1475-
5890.2008.00074.x

Almosaind, M. A., Dueker, K. J., and Strathman, J. G. (1993). Light-rail transit
stations and property values: A hedonic price approach. Washington, DC:
Transportation Research Record.

Alonso, W. (1964). Location and land use. Cambridge, MA: publications of the
Joint Center for Urban Studies of the Massachusetts Institute of Technology and
Harvard University Press.

Baden, U.R. (2013). Retirement housing and medical facilities : Preference,
proximity and price.

Bae, C., Jun, M. J., and Park, H. (2003). The impact of Seoul’s subway Line 5 on
residential property values. Transp. policy 10 (2), 85–94. doi:10.1016/s0967-
070x(02)00048-3

Bajic, V. (1983). The effects of a new subway line on housing prices in metropolitan
toronto. Washington, DC: Urban Studies.

Banzhaf, S., and Farooque, O. (2012). Interjurisdictional housing prices and
spatial amenities: Which measures of housing prices reflect local public goods?
Cambridge, Massachusetts, United States: National Bureau of Economic
Research, Inc.

Baumont, C., Ertur, C., and Le Gallo, J. (2003). Spatial analysis of employment and
population density: The case of the agglomeration of dijon, 1999. Germany:
University Library of Munich.

Benjamin, J. D., and Sirmans, G. S. (1996). Mass transportation, apartment rent
and property values. J. Real Estate Res. 12 (1), 1–8. doi:10.1080/10835547.1996.
12090830

Cao, K., Diao, M., and Wu, B. (2019). A big data–based geographically
weighted regression model for public housing prices: A case study in
Singapore. Ann. Am. Assoc. Geogr. 109, 173–186. doi:10.1080/24694452.
2018.1470925

Cervero, R., and Landis, J. (1993). Assessing the impacts of urban rail transit
on local real estate markets using quasi-experimental comparisons.
Transp. Res. Part A Policy Pract. 27 (1), 13–22. doi:10.1016/0965-8564(93)
90013-b

Dziauddin, M. F., Alvanides, S., and Powe, N. (2013). Estimating the effects
of light rail transit (lrt) system on the property values in the klang valley,
Malaysia: A hedonic house price approach. J. Teknol. 61 (1), 35–47. doi:10.
11113/jt.v61.1620

Dziauddin, M. F. (2014). The determinants of house prices in the klang valley,
Malaysia.

Febrita, R. E., Alfiyatin, A. N., Taufiq, H., and Mahmudy, W. F. (2017). “Data-
driven fuzzy rule extraction for housing price prediction in Malang, East Java,” in
2017 International Conference on Advanced Computer Science and Information
Systems (ICACSIS), Bali, Indonesia, 28-29 October 2017. (Washington, DC: IEEE).

Gatzlaff, D. H., and Smith, M. T. (1993). The impact of the Miami metrorail on the
value of residences near station locations. Land Econ. 69 (1), 54–66. doi:10.2307/3146278

Guo, J., Xia, T., and Li, J. (2016). Study on the spatial divergence of urban
residential prices and the influencing factors. Statistics Decis. (08), 142–145. doi:10.
13546/j.cnki.tjyjc.2016.08.039

Han, S., Ren, F., Wu, C., Chen, Y., Du, Q., and Ye, X. (2018). Using the tensorflow
deep neural network to classify mainland China visitor behaviours in Hong Kong
from check-in data. ISPRS Int. J. Geoinf. 7 (4), 158. doi:10.3390/ijgi7040158

Hao, Q., and Chen, J. (2007). Geospatial differences in distance to CBD, transport
accessibility and residential prices in Shanghai. World Econ. Pap. 1 (01), 22–35.
doi:10.3969/j.issn.0488-6364.2007.01.003

He, C., Zhen, W., Guo, H., Hu, S., Rui, Z., and Yang, Y. (2010). Driving forces
analysis for residential housing price in beijing. Procedia Environ. Sci. 2 (1),
925–936. doi:10.1016/j.proenv.2010.10.104

Im, J., and Hong, S. H. (2018). Impact of a new subway line on housing values in
Daegu, Korea: Distance from existing lines. Washington, DC: Urban Studies.

Jabbar, E. H. (2016). Willingness to pay for public park, waste disposal and wide
roads. Hedonic Price Model. 5, 35–47.

Lan, F., Wu, Q., Zhou, T., and Da, H. (2018). Spatial effects of public service
facilities accessibility on housing prices: A case study of xi’an, China. Sustainability
10 (12), 4503. doi:10.3390/su10124503

Lan, J., and Ye, Z. (2020). Factors affecting Shanghai housing prices. Front. Econ.
Manag. Res. 1 (2), 59–62. doi:10.33969/twjournals.femr.2020.010214

Li, R., Gong, S., and Gao, Y. (2021). Accessibility of public service facilities in beijing
and its impact on housing prices. Acta Sci. Nat. Univ. Pekin. 57 (05), 875–884.

Li, S., Chen, L., and Zhao, P. (2019). The impact of metro services on housing
prices: A case study from beijing. Transportation 46 (4), 1291–1317. doi:10.1007/
s11116-017-9834-7

Li, Y., Lang, H., Xu,W., Hui, W., and He, Z. (2013). Using GIS and Hedonic in the
modelling of spatial variation of housing price in Xiamen city. IRSPSD. Int. 1 (4),
29–42. doi:10.14246/irspsd.1.4_29

Frontiers in Environmental Science frontiersin.org23

Chen et al. 10.3389/fenvs.2022.1044600

https://doi.org/10.1111/j.1475-5890.2008.00074.x
https://doi.org/10.1111/j.1475-5890.2008.00074.x
https://doi.org/10.1016/s0967-070x(02)00048-3
https://doi.org/10.1016/s0967-070x(02)00048-3
https://doi.org/10.1080/10835547.1996.12090830
https://doi.org/10.1080/10835547.1996.12090830
https://doi.org/10.1080/24694452.2018.1470925
https://doi.org/10.1080/24694452.2018.1470925
https://doi.org/10.1016/0965-8564(93)90013-b
https://doi.org/10.1016/0965-8564(93)90013-b
https://doi.org/10.11113/jt.v61.1620
https://doi.org/10.11113/jt.v61.1620
https://doi.org/10.2307/3146278
https://doi.org/10.13546/j.cnki.tjyjc.2016.08.039
https://doi.org/10.13546/j.cnki.tjyjc.2016.08.039
https://doi.org/10.3390/ijgi7040158
https://doi.org/10.3969/j.issn.0488-6364.2007.01.003
https://doi.org/10.1016/j.proenv.2010.10.104
https://doi.org/10.3390/su10124503
https://doi.org/10.33969/twjournals.femr.2020.010214
https://doi.org/10.1007/s11116-017-9834-7
https://doi.org/10.1007/s11116-017-9834-7
https://doi.org/10.14246/irspsd.1.4_29
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1044600


Liu, L., Yu, H., Zhao, J., Wu, H., Peng, Z., and Wang, R. (2022). Multiscale effects
of multimodal public facilities accessibility on housing prices based onmgwr: A case
study of wuhan, China. ISPRS Int. J. Geoinf. 11 (1), 57. doi:10.3390/ijgi11010057

Liu, T., Hu, W., Song, Y., Zhang, A., and Cleveland, C. J. (2020). Exploring
spillover effects of ecological lands: A spatial multilevel hedonic price model of the
housing market in wuhan, China. Ecol. Econ. 170, 106568. doi:10.1016/j.ecolecon.
2019.106568

Luo, X., Yue, B., Lin, A., and Chen, F. (2019). Impact of accessibility of public
service facilities on housing price in central district of wuhan city: Based on analysis
of tri-network transport system. Areal Res. Dev. 38 (02), 86–91+6.

McDonald, J. F., and Osuji, C. I. (1995). The effect of anticipated transportation
improvement on residential land values. Regional Sci. Urban Econ. 25 (3), 261–278.
doi:10.1016/0166-0462(94)02085-u

Peng, B., Shi, Y., Shan, Y., and Chen, D. (2015). The spatial impacts of class 3A
comprehensive hospitals on peripheral residential property prices in Shanghai. Sci.
Geogr. Sin. 35 (07), 860–866. doi:10.13249/j.cnki.sgs.2015.07.860

Peng, T-C., and Chiang, Y-H. (2015). The non-linearity of hospitals’ proximity on
property prices: Experiences from Taipei, Taiwan. J. Prop. Res. 32 (4), 341–361.
doi:10.1080/09599916.2015.1089923

Rohit, S., and Peter, N. (2018). Does urban rail increase land value in emerging
cities? Value uplift from Bangalore metro. Transp. Res. Part A Policy Pract. 117,
70–86. doi:10.1016/j.tra.2018.08.020

Tan, R., He, Q., Zhou, K., and Xie, P. (2019). The effect of new metro stations on
local land use and housing prices: The case of Wuhan, China. J. Transp. Geogr. 79,
102488. doi:10.1016/j.jtrangeo.2019.102488

Tan, th (2011). Neighborhood preferences of house buyers: The case of klang
valley, Malaysia. Int. J. Hous. Mark. Analysis 4 (4), 58–69. doi:10.1108/
17538271111111839

Tang, K., Li, Q., Lu, H., and Yu, P. (2020). Accessibility of public service facilities
and its impact on housing prices. Geospatial Inf. 18 (02), 90–93+8+8.

Teng, S., Yan, J., and Zhou, S. (2014). Research on impact of urban rail transit on
house price along the line: A case study on No. 1 line of Tianjin subway. Berlin
Heidelberg: Springer.

Waddell, P., and Hoch, B. I. (1993). Residential property values in a multinodal
urban area: New evidence on the implicit price of location. J. Real Estate
Finance&Economics 7 (2), 117–141. doi:10.1007/BF01258322

Wang, F., and Gao, X. (2014). The transitional spatial pattern of housing prices in
beijing: Factors and implications. IRSPSD. Int. 2 (3), 46–62. doi:10.14246/irspsd.
2.3_46

Wang, L., and Liu, G. (2013). “Spatial variation analysis of the housing price in
multi-center city: A case study in chongqing city, China,” in 2013 International
Conference on Computational and Information Sciences: IEEE Computer Society,
Shiyang, China, 21-23 June 2013, 450–453.

Wang, P-D., and Chen, M. (2019). The non-linear relationships of numeric
factors on housing prices by using gam. J. Data Sci. 17 (1), 131–144. doi:10.6339/jds.
201901_17(1).0006

Wu, W., Zhang, W., and Dong, G. (2013). Determinant of residential location
choice in a transitional housing market: Evidence based on micro survey from
Beijing. Habitat Int. 39, 16–24. doi:10.1016/j.habitatint.2012.10.008

Yang, L., Chau, K. W., Szeto, W. Y., Cui, X., and Wang, X. (2020). Accessibility to
transit, by transit, and property prices: Spatially varying relationships. Transp. Res.
Part D Transp. Environ. 85, 102387. doi:10.1016/j.trd.2020.102387

Yang, L., Chen, Y., Xu, N., Zhao, R., Chau, K. W., and Hong, S. (2020). Place-
varying impacts of urban rail transit on property prices in Shenzhen, China: Insights
for value capture. Sustain. Cities Soc. 58, 102140. doi:10.1016/j.scs.2020.102140

Yang, L., Liang, Y., He, B., Lu, Y., and Gou, Z. (2022). COVID-19 effects on
property markets: The pandemic decreases the implicit price of metro accessibility.
Tunn. Undergr. Space Technol. 125, 104528. doi:10.1016/j.tust.2022.104528

Yang, L., Wang, B., Zhou, J., and Wang, X. (2018). Walking accessibility and property
prices. Transp. Res. part D Transp. Environ. 62, 551–562. doi:10.1016/j.trd.2018.04.001

Yang, L., Zhang, X., Hong, S., Lin, H., and Cheng, G. (2016). The impact of walking
accessibility of public services on housing prices: Based on the cumulative opportunities
measure. South China J. Econ. (1), 14. doi:10.19592/j.cnki.scje.2016.01.005

Yang, L., Zhou, J., Shyr, O. F., and Huo, D. (2019). Does bus accessibility affect
property prices? Cities 84, 56–65. doi:10.1016/j.cities.2018.07.005

Zhang, X. (2014). An empirical study of the impact of metro station proximity on
property value in the case of nanjing, China. Asian Dev. Policy Rev. 2, 61–71. doi:10.
18488/journal.107.2014.24.61.71

Zhang, Z., Kong, F., Ni, H., Mo, Z., Wan, J. B., Hua, D., et al. (2016). Structural
characterization, α-glucosidase inhibitory and DPPH scavenging activities of
polysaccharides from guava. Carbohydr. Polym. 144 (21), 106–114. doi:10.1016/
j.carbpol.2016.02.030

Frontiers in Environmental Science frontiersin.org24

Chen et al. 10.3389/fenvs.2022.1044600

https://doi.org/10.3390/ijgi11010057
https://doi.org/10.1016/j.ecolecon.2019.106568
https://doi.org/10.1016/j.ecolecon.2019.106568
https://doi.org/10.1016/0166-0462(94)02085-u
https://doi.org/10.13249/j.cnki.sgs.2015.07.860
https://doi.org/10.1080/09599916.2015.1089923
https://doi.org/10.1016/j.tra.2018.08.020
https://doi.org/10.1016/j.jtrangeo.2019.102488
https://doi.org/10.1108/17538271111111839
https://doi.org/10.1108/17538271111111839
https://doi.org/10.1007/BF01258322
https://doi.org/10.14246/irspsd.2.3_46
https://doi.org/10.14246/irspsd.2.3_46
https://doi.org/10.6339/jds.201901_17(1).0006
https://doi.org/10.6339/jds.201901_17(1).0006
https://doi.org/10.1016/j.habitatint.2012.10.008
https://doi.org/10.1016/j.trd.2020.102387
https://doi.org/10.1016/j.scs.2020.102140
https://doi.org/10.1016/j.tust.2022.104528
https://doi.org/10.1016/j.trd.2018.04.001
https://doi.org/10.19592/j.cnki.scje.2016.01.005
https://doi.org/10.1016/j.cities.2018.07.005
https://doi.org/10.18488/journal.107.2014.24.61.71
https://doi.org/10.18488/journal.107.2014.24.61.71
https://doi.org/10.1016/j.carbpol.2016.02.030
https://doi.org/10.1016/j.carbpol.2016.02.030
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1044600

	Do hospital and rail accessibility have a consistent influence on housing prices? Empirical evidence from China
	1 Introduction
	1.1 Background

	2 Literature review
	2.1 Influence of hospitals on housing prices
	2.1.1 Perspectives of hospital accessibility
	2.1.2 Variability in the results of the influence of hospital accessibility

	2.2 Influence of rail station proximity on housing prices
	2.3 Interaction between hospital and rail accessibility

	3 Methods
	3.1 Research objective
	3.2 Research framework
	3.3 Statistics sources
	3.4 General variables
	3.5 Research and moderator variable

	4 Research methods
	4.1 Kernel density estimation
	4.2 Hedonic price model
	4.3 Interactive regression model
	4.4 Geographically weighted regression model

	5 Analysis results
	5.1 Linear regression model
	5.2 Linear interaction regression model
	5.3 Robustness test spot check
	5.4 Spatial interaction regression model

	6 Discussion and conclusion
	6.1 Discussion
	6.1.1 General and moderator variable
	6.1.2 Research variable
	6.1.3 Linear regression model
	6.1.3.1 Distance
	6.1.3.2 Quantity
	6.1.3.3 Density
	6.1.4 Spatial regression model


	7 Conclusion
	7.1 Implications
	7.2 Limitations

	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	References


