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Abstract: In the age of rapid motorization, walking, as both a green travelling mode and the most
common form of daily physical activity, has been given increasing attention in Chinese metropolises.
Walkability describes the extent to which a neighborhood environment is walking-friendly and
recently has been regarded as a potential impetus for inflated housing prices. In this paper,
we develop a walkability measurement model considering residents’ usage characteristics of the
amenity, which incorporates three key factors: (1) amenity usage frequency; (2) amenity selection
diversity; (3) the distance decay effect. Accordingly, we employ the proposed method to the case
of Nanjing City and identify a clear spatial pattern of spatial heterogeneity in walkability among
the 4143 dwelling areas within it. The experimental results suggest that the distribution of the
residential walkability score varied greatly within Nanjing. It can be seen that dwelling areas with a
high walkability score were clustered in the urban central regions and most dwelling areas showed
a low walkability. Then, we utilized the hedonic price model to explore the correlation between
neighborhood walkability and housing prices. The results show that the effects of community
walkability on housing prices were statistically significant in Nanjing. Thus, we can infer that high
walkability communities generally have concentrated rich amenity resources, and consequently have
high property values.

Keywords: physical activity; walkability; neighborhood environment; usage characteristics; distance
decay; hedonic price model

1. Introduction

During the past few years, the housing market in Chinese metropolises has reached record levels.
For example, the average housing price for an apartment in the Nanjing center area was close to
$12,000 per square meter in 2017, which is clearly beyond affordability for most families. In addition
to rapid urbanization and massive population migration that have brought about the property bubble,
determinants that have resulted in the spatial variation of housing prices can be affected by the amenity
value in the proximity of neighborhoods, such as access to a metro station, shopping mall, hospital,
school and green space [1–3]. Accordingly, the benefits of convenience and accessibility will be priced
into nearby real estate and those that want to pursue a high-quality living environment will pay more
for comfortable accommodation. Though housing prices vary depending on proximity to convenience,
the values of such amenities cannot be easily quantified [4,5].

At present, many cities in China are facing two problems caused by increasing population growth,
one is a traffic jam and the other is air pollution. The implementation and development of the Green
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Travel Plan is an important way to address these problems; for it is a green and low carbon travel mode.
According to the latest survey, more than 60% of commuters in Nanjing city rely on public transit
options (bicycle, bus and subway), while only a limited percentage (10%) utilize private cars [6].
In such a public transit-oriented environment, as public transportation cannot provide door-to-door
services, walking plays an important role in supporting the system. In addition, walking as the
main form of physical activity also has multiple health benefits for residents of all ages. These health
outcomes include increased longevity, reduced major chronic diseases risk (i.e., diabetes, hypertension,
obesity and physical inactivity), and improved symptoms of depression. Therefore, walking can be
considered the most common form of daily physical activity, as well as regarded as a healthy and
active lifestyle [7].

2. Literature Review

2.1. Walkability

The term ‘walkability’ originated from the walking ability of a human being [8]. During the past
decades, several scholars and experts have put forward various definitions of walkability. Abley [9]
regarded walkability as the extent to which characteristics of the built environment is friendly to
residents in the area for living, enjoying, commuting or shopping. Gebel [10] claimed that walkability
refers to the extent to which the area helped pedestrians. Moura [11] proposed that the concept of
walkability is that people should be more active in walking in open urban environments.

Researchers in different fields have proved various methods to assess walkability. The developed
measurements and tools include the geographic information system (GIS), self-reported instruments
(e.g., social questionnaires and checklists), in-field surveys, indices and spatial cluster analysis. [12,13].
For example, urban planners develop walkability indices by combining the diversity of variables
that denote dwelling density, street connectivity, and land use mix and calculated corresponding
values for assessing walkability. Urban geographers classify walkability scales into three types:
community (point), street sections (line) and neighborhood (area) level. At the street level,
researchers emphasize the suitability aspect of walkability and focus on the pedestrian quality. At the
community and neighborhood level, scholars stress the accessibility and connectivity aspects of
walkability and measure the convenience in accessing daily amenities. These methods may differ in
their implementation; they generate two major types of outcome: One is the number of elements that
hinder or promote walking, the other is a value that indicates the high vs low suitability to which
the spatial analysis object (street or community) is conducive to walking [14,15]. Now, there have
been tools developed to solve different scales, from the community point to the neighborhood area
and street segments. The company Walk Score (https://www.walkscore.com, Seattle, WA, USA)
ranks cities and neighborhoods according to how walkable they are. The Walk Score system
offers scores for cities by calculating walkability at points and weighting these measurements by
population densities and the calculated scores are normalized between 0 and 100. The Walkability APP
(https://walkabilityasia.org/) allows users to divide the street level walkability through 38 types in
the Active Living Research inventory. The developed tools or methods have obtained great advances
in walkability assessment. However, one common issue with most methods is the unclear structuring
measurement indicators and the arbitrary selection of evaluation criteria [16]. How to effectively
quantify and compare the estimated values is another key problem because empirical studies are still
limited to provide the answer.

2.2. Walkability and Neighborhood Environment

The neighborhood environment is a key element in assessing neighborhood walkability. A wealth
of literature has reported that neighborhood environment indices such as street connectivity,
residential density, and community facilities are related to a walking activity. Jacobs [17] argued
that the ideal neighborhood is designed to facilitate walkability. Sun [7] emphasized that walkable
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neighborhood characteristics encourage people to increase their walking distances. These factors are
mainly related to safety features, regional structure, comfort and convenience, population density.
Ball [18] proposed that environment elements that correlate with walkability include the local
neighborhood such as the presence of the parks and green space, convenient facilities and pedestrian
amenities. Community facilities are the services or amenities utilized by local communities for
various purposes, which may include food retail, transport, education, recreation, social and cultural,
financial and health. Diyanah [17] suggested that the supply of community facilities is interrelated with
the walking behavior of the neighborhood. For example, the walking distance from a residential area to
school must be within 10 min. The neighborhood shops considered as a local convenience service and
amenity, which supply the daily needs of the adjacent residential population within the neighborhood
catchment area. The location of these shops should be situated on the average walking distance or near
major streets and road intersections, which makes it easily accessible by both pedestrians and vehicles.

2.3. Walkability and Housing Prices

Scholars in different fields (e.g., urban planning, real estate economics, geography, social science
and public health) have done empirical studies to examine the relationship between walkability and
housing prices. Leinberger and Alfonzo [19] conducted a study of walkability in Washington, D.C.;
the results indicate that home values in highly walkable neighborhoods in the D.C. area were more
expensive on average than housing in less walkable neighborhoods. It also means that buyers have
preferences for multi-value neighborhoods, in which various amenities could be accessed by walking.
Cortright [20] studied 15 large metropolitan areas and reported 12 cities with a positive relationship
between walkability and housing values at the neighborhood level. To understand the complexity of
the effect of residential walkability on real estate valuation, home scholars have sought to explore the
correlation between the amenity value and housing prices. Zheng [21,22] found that subway transit
stations can help increase housing prices in the range of impact is 400–600 m. Yan [23] argued that
total home values decreased by 0.5% on average if the distance from a convenience store increased
by 200 m and thus housing prices will reduce with the increasing distance from convenience stores.
As expected, life service facilities (e.g., commercial circles, primary and elementary schools, hospitals
and restaurants) can have a greater impact on housing prices. For example, Lin [24] analyzed the impact
of the key primary school regions on housing prices, finding that those home buyers would be affected
by their demand for better educational resources in different areas. Song and Knaap [25] pointed out
that frequent business activities of commercial circles can promote dwellers’ life convenience and
accordingly have a positive impact on neighboring real estate prices. Taede [26] used the accessibility
indicator to study the correlation between housing prices and regional accessibility and found that
public service accessibility plays an important role in the property transaction price. The above case
studies have proven that residents prefer to live in walkable neighborhoods and there is a significant
price gap in dwelling unit values between walkable and less walkable areas.

2.4. Current Study

Prior researchers have developed various methods and tools to measure walkability. However,
one general problem with most methods and tools is the arbitrary selection of evaluation indicators and
the unclear structuring of assessment criteria. An effective and reliable assessment approach needs to
consider the residents’ daily usage characteristics of amenities. In addition, in order to obtain objective
and fair evaluation results, it is necessary and important to collect the samples within a community,
route, block, or neighborhood. According to previous research, the neighborhood environment can
generate differential effects on the nearby real estate. However, few studies have investigated the
influence of neighborhood walkability on housing prices from the perspective of the metropolis
environment. Therefore, the purpose of this paper is twofold: To develop a neighborhood walkability
measurement incorporating usage frequency, selection diversity, and distance decay function, and to
explore the relationships between neighborhood walkability and housing prices using a hedonic price
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model. To be specific, we aimed to: (1) propose an integrated walkability assessment method based on
the usage characteristics of amenities; (2) employ the proposed method to the case of Nanjing City and
explore the spatial variations in dwelling area walkability; (3) utilize the hedonic price model (HPM)
to identify a correlation between community walkability and housing prices.

3. Methodology

3.1. Methodological Framework

Neighborhood walkability is affected by both spatial and non-spatial factors simultaneously.
In this paper, we propose an integrated walkability assessment method based on the usage
characteristics of amenities. More specifically, the model analyzed the walk travel characteristics
of residents from several perspectives, including usage frequency, selection diversity, and the distance
decay effect. Figure 1 presents the methodological framework for the walkability assessment applied
in this study.
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Figure 1. Methodological framework for walkability assessment.

With respect to the amenities selection, scholars have proposed a variety of indicators to measure
neighborhood walkability in previous literature. The Walk Score system selected nine categories
of amenities to assess the community level walkability and each of these amenities received a
weight value based on its frequency of utilization. In this paper, our study focused on the house
estate walkability in Nanjing and thus attempted to put forward an effective method based on the
usage characteristics of amenities. Considering the usage of public facilities in the daily life of
common Chinese inhabitants, the selected 24 amenity types (or destinations) were structured into
seven community resource domains: transport, education, retail, recreation and leisure, financial,
medical care, social and cultural. Particularly, the usage characteristics of each amenity were highly
sensitive to the walkability assessment. Thus, questionnaire surveys were conducted in Nanjing City
and 2000 local residents (across age, sex, education, occupation) were asked to fill in a questionnaire
on the utilization of amenities in their daily life. These interviewees reported which amenities were
necessary for their daily life. Moreover, the interviewees also reported their utilization frequency (high,
moderate and low) for each amenity, which was used for a weight assignment [8].

3.1.1. Amenity Usage Frequency

The amenities usage frequency reflected the demand for various amenities, different usage
frequencies also led to differences in the demand for amenities. Based on the amenities usage frequency,
amenities were classified into three categories: high frequency (everyday use), medium frequency
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(weekly use), and low frequency (rarely use). For example, some amenities (e.g., supermarket, bus stop
and school) are frequently visited in the daily life of inhabitants in Nanjing, while others (e.g., post
office, KTV—Karaoke television) are used less than once a month. In this study, in order to emphasize
the frequency-based demand characteristics, the weight values were calculated from the proportion
of the 2000 interviewees’ choices for each amenity. Weightings were in the range of 0 and 1, the final
selected amenities, as well as their weights, are shown in Table 1.

Table 1. Amenities for walkability assessment in Nanjing City.

Domains Amenity Type and Weight

Transport Metro station (1), Bus stop (1)
Recreation and leisure Cinema (0.25), KTV (0.15), Internet bar (0.35), Park (0.45), Square (0.65),

Medical care Hospital (0.5), Clinic (0.35), Pharmacy (0.2)
Financial Bank (0.5), Post office (0.2)

Social and cultural Barber shop (0.3), Laundry (0.25), Gym (0.15), Library (0.2), Telecommunication (0.5)
Retail Convenient store (0.8), Supermarket (0.75), Shopping mall (0.65), Restaurant (0.8)

Education Middle school (1), Primary school (1), Kindergarten (1)

3.1.2. Amenity Selection Diversity

Selection diversity is caused by the variety of amenities, which refers to the difference in the
services provided by different amenities of the same type, thus, leading to a variety of options for
certain types of amenities. For example, the product difference provided by diverse convenience stores
is small, so people will choose the nearest one, and its selection diversity is poor. While the services
offered by different restaurants vary greatly, including ingredients, taste, environment and price,
thereby its selection diversity is rich. Selection diversity represents the breadth of people’s demand
for amenities, the better the diversity of amenities, the greater the number of amenities required to
meet such needs and the more choices people have. Here we followed the methodology proposed
by Wang [27] to quantify the selection diversity. That is, proximity amenities are responsible for a
high demand proportion and as the distance increases, the proportion decreases gradually. Given that
amenities selection diversity mainly depends on individual subjective factors (e.g., personal preference
and habits), to get a quantitative value of amenity diversity, our study was based on the following
assumptions: (1) The same type of multiple amenities can be chosen with equal probability; (2) in the
case of the same satisfaction of demand, people prefer to choose a closer amenity. Considering the above
assumptions, each amenity of selection diversity value can be achieved by the online questionnaire
survey. According to the results from the statistical analysis of the questionnaire responses, we defined
that 90% is an optimal threshold for the allocation proportion to determine the selection diversity
value for amenities of the same kind.

Table 2 shows that there were significant differences in the selection diversity of different
amenities. For example, some amenities with high diversity like shopping malls, restaurants and
square, which require at least three amenities to cover most residents’ needs, while for other amenities
such as clinics, gyms, and pharmacies, one was sufficient to satisfy demand.
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Table 2. Allocation proportion of diversity demands of amenities.

ID Amenity Type
Amenity Number(Distance from Near to Far)

Diversity Value
1 2 3 4

1 Metro station 72.86 23.07 3.69 0.38 2
2 Bus stop 66.02 25.14 6.5 2.34 2

3 Convenient
store 74.58 24.17 1.25 2

4 Supermarket 71.71 19.36 6.73 2.2 2
5 Shopping mall 64.22 24.38 9.45 1.95 3
6 Restaurant 53.17 28.09 14.25 4.49 3
7 Cinema 68.73 27.52 3.75 2
8 KTV 67.19 24.28 7.08 1.45 2
9 Internet bar 84.72 14.08 1.2 2

10 Hospital 80.05 18.54 1.41 2
11 Clinic 90.46 13.47 2.07 1
12 Pharmacy 90.11 7.75 2.14 1
13 Bank 77.19 20.36 2.45 2
14 Barber shop 90.83 11.44 3.73 1
15 Laundry 85.42 12.39 2.19 2
16 Post office 72.37 19.92 6.14 1.57 2
17 Telecommunication 79.87 18.06 2.07 2
18 Park 66.96 27.11 4.53 1.4 2
19 Square 62.45 26.09 8.14 1.32 3
20 Gym 90.05 6.81 3.14 1
21 Library 79.70 15.31 3.82 1.17 2
22 Middle school 72.03 19.72 6.88 1.37 2
23 Primary school 84.11 12.05 2.23 1.61 2
24 Kindergarten 92.56 5.78 1.66 1

3.1.3. Distance Decay Effect

The distance decay effect revealed the rule that the satisfaction of amenities to walking travel
decreased with the increased walking distance. Specifically, the longer the distance to the destination,
the less likely people were to travel to it by walking. Usually, amenities with a high usage frequency
require shorter walking distance. The closer the amenity is, the better the walkability will be and as
the distance increased, the walkability reduced. When the walking distance reached an upper limit,
the walkability was close to zero and few people chose to walk to the amenity. The walking distance
was associated with environmental characteristics (physical or social), which include proximity to
destinations and social features like street attributes or different population groups. Over the past two
decades, a distance of 400 m (5 min walk) was often used as an acceptable walking distance in U.S.
research studies. However, some researchers suggested that walking trip distances between 800 m
(10 min) and 1200 m (15 min) may be common for different purposes. Inspired by the previous studies
on both the distance and duration of walking trips [28,29], we modeled the decay function (see Figure 2)
by establishing a distance piecewise function (range: within 400 m = no decay, 400–800 m = 0.6,
800–1200 m = 0.25, 1200–1600 m = 0.08, more than 1600 m = full distance decay).
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3.2. Measurement of Walkability

With regard to the walkability measurement, previous studies have proposed different alternatives.
The purpose of this study was to develop a walkability evaluation model based on the usage
characteristics of amenities. The proposed model incorporates three key issues for assessing walkability
within a Chinese context: (1) the usage frequency; (2) selection diversity; (3) the distance decay effect.
Details of the computational process were implemented in the following steps:

1. For each dwelling area, i, a search corresponding to the number of various amenities.
2. Calculate the road network distance, dij, between a residential location, i, and amenity, j, and

obtain the corresponding distance decay rate, g(dij).

3. Compute each category amenity value under both usage frequency and selection diversity
considerations:

wj = pj ×
3

∑
r=1

g(dij)vj (1)

where pj is the amenity weight value based on its usage frequency, vj is the assigned demand
ratio of amenity j, r is the selection diversity value (r = 1, 2, 3).

4. Count the walkability score of a dwelling area, l, by adding up various kinds of amenity values:

Wl =
24

∑
n=1

wn (2)

where Wl denotes the walkability score of the dwelling area and the calculated values were
normalized into an interval between 0 and 100; n is the amenity type.

To further illustrate the computational procedure of the proposed model, two sets of amenities
(restaurant and primary school) were used in the following case experiment. In addition, as shown
in Table 3, in order to generate more accurate distance measurements, we used the network distance
instead of the Euclidean distance.
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Table 3. The sample data for the calculation of neighborhood walkability.

Parameters
Restaurant Primary School

1 2 3 1 2

Walking
distance (m) 322 607 864 530 951

Distance decay
rate % 1 0.6 0.25 0.6 0.25

Amenity
weight value 0.8 1

Selection
diversity value 3 2

Demand
proportion % 53.17 28.09 14.25 84.11 12.05

The calculated outputs (restaurant and primary school) were:

wR = 0.8× (1× 53.17% + 0.6× 28.09% + 0.25× 14.25%) = 0.7359

wP = 1× (0.6× 84.11% + 0.25× 12.05%) = 0.5348.

3.3. Hedonic Price Model

The hedonic price model (HPM) has been widely used to study the relationship between
heterogeneous housing prices and their attributes [30,31]. Prior studies have used the HPM to
investigate housing prices traditionally to classify the influential variables into different categories,
such as structural variables, neighborhood characteristics, and market and environmental variables and
use them as independent variables [32,33]. For example, home-buyers often choose high cost-effective
real property because they expect to get shares and comfortableness from the house. For an apartment,
the construction area, the number or size of bedrooms, the greening rate and plot ratio are first
considered. Then, the location attributes of the house are crucial to dwellers; the distance to public
service facilities and the nearest school or transfer station, whether the region is located in the central
part of the city are also seriously considered. Besides, the surrounding social and environmental
characteristics are also taken into account. The above factors help to determine a home-buyers
satisfaction with the house and affect the price they are willing to pay for it. Based on the above
considerations, the hedonic regression model was used in this study. Generally, the model has three
main forms: linear models, semi-log models and double-log models. In this study, we used a typical
hedonic equation of housing prices in a semi-logarithmic form, as presented in Equation (3):

LnP = α + β1X1 + β2X2 + · · · βnXn + ε (3)

where P represents the market price of the housing, Xi represents the housing characteristic variable i
among all housing variables (e.g., structural attributes, location attributes and surrounding attributes),
βi is the coefficient to be estimated, and ε is the random error term. To reduce the scale of the dependent
variable, this paper utilized the semi-logarithm model instead of a linear model.

4. Data Sources and Processing

4.1. Study Area

Nanjing (31◦14′–32◦37′ N, 118◦22′–119◦14′ E) is the capital of the Jiangsu province in Eastern
China. It is located in the lower Yangtze River basin and the Yangtze River Delta economic zone.
Nanjing serves as one of China’s emerging cities and was rated as one of the most livable cities
in 2016. In this paper, our case study focused on the central part of the Nanjing metropolitan area,
which covers an area of about 1043 km2, with a total residential population of more than 5.23 million
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in 2016. As shown in Figure 3, these areas are socioeconomically developed and represent significant
residential population clusters in Nanjing.Sustainability 2018, 10, x FOR PEER REVIEW  9 of 17 
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4.2. Data and Processing

Most scholars have used census tract, residential area, postal code, community and block as the
geographic unit for defining a neighborhood [34]. In spatial analysis research, a smaller spatial unit is
preferable to a large unit due to the impact of the modifiable area unit problem (MAUP). As a result,
in this study we used dwelling area as the neighborhood geographic boundary, which is the smallest
geographic unit for residential management in China [35]. The datasets for this research mainly include
point data of dwelling area (4143 in total) and those of amenities nearby. Specifically, the amenity
and dwelling point data were web electronic navigation map data from Baidu Map, and data related
to distance were calculated based on the shortest road distance. Then, the basic geographical data
(e.g., road networks, rivers, lakes and administrative district polygon shape files) were provided by the
Nanjing Planning Bureau. In addition, housing transaction data for 4143 dwelling areas in 2017 were
collected by the web crawler tool and attributes regarding the residential name, transaction price,
housing size and building type.

Within a walkability research context, accessibility represents the travel distance via walking from
a residential location to a specific amenity. In prior studies, GIS (geographic information system) was
considered to be a valid and reliable technology to calculate the measures of amenities accessibility.
Some earlier studies based on the Euclidean distance, such methodologies were straightforward but
ignore the actual travel environment. To capture the walkability of each neighborhood accurately,
multiple walking zones within each catchment were acquired utilizing the Network Analyst models of
ArcGIS. Figure 4 indicates that a 1600 m buffer computed by the Euclidean and road network distance,
respectively, and the difference in service scope between the two methods.
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5. Results and Discussion

5.1. Spatial Patterns of Walkability and Housing Price

One of the most common and important tasks in Exploratory Spatial Data Analysis (ESDA) is
examining the spatial autocorrelation in the data. Therefore, to explore the spatial patterns of the
dwelling area walkability score, the Global Moran’s I and LISA (Local Indicators of Spatial Association
analysis) were employed to visualize the walkability score. In general, the Global Moran’s I indicates
the spatial autocorrelation and LISA identifies whether high or low scores cluster together across space.
Specifically, in this paper, we utilized the nearest neighbor distance matrix to conceptualize the spatial
relationships, which guaranteed each feature had at least one neighbor.

Spatial patterns of the walkability score are presented in Figure 5a. It can be observed that
dwelling areas with a higher walkability score (>60) were mainly located in the urban central regions
(e.g., Gulou, Xjiekou and Fuzimiao) and the majority of the dwelling areas show remarkably lower
walkability scores (0–21), which means that the walkability among the 4143 dwelling areas in Nanjing
varied greatly. Then, the value of global Moran’s I was found to be 0.884 (p < 0.01), which indicates that
high or low walkability scores should be clustered together. Further, we used the LISA index to identify
the local clusters of the walkability score (Figure 5b), presenting that the high–high clusters were
concentrated in the downtown areas, while the low–low clusters appeared in the dwelling areas within
the suburban districts. The above analysis results suggest that there were great spatial inequalities in
the walkability among the dwelling areas within Nanjing.
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Dwelling-level housing prices are depicted in Figure 6, which were in the range of 4000 to
70,403 Yuan/m2 with a mean of 26,921 Yuan/m2. It can be found that housing prices varied greatly
between the north Yangtze river areas and their southern counterparts and the average prices of the
central districts were significantly higher than those of the southern and northern districts. In particular,
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the high price dwelling areas clustered around the city core regions mentioned before. This was
consistent with the location of the high walkability score areas.Sustainability 2018, 10, x FOR PEER REVIEW  12 of 17 
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5.2. Neighborhood Walkability and Housing Prices

5.2.1. Spatial Unit of Analysis

The modifiable area unit problem (MAUP) has always been a key issue in spatial analysis.
Similarly, the reasonable choice of a spatial unit (scale) can significantly affect the result of the regression
analysis. A suitable spatial unit may help to decrease the effect of the MAUP and reveal micro-spatial
patterns. In general, socioeconomic characteristics vary greatly with geographic scales, and commonly
used urban geographic units can be divided into several levels: community, census tract, block,
and district [34,35]. Oberwittler [36] emphasized that a smaller census unit is preferable to a larger
unit because data can be less averaged and aggregated. In China, the community is the smallest
geographic boundary for defining a neighborhood. Consequently, in this paper community (N = 590)
was employed as the geographic neighborhood boundary in the spatial regression analysis. The spatial
patterns of walkability at the community scale are implemented in Figure 7.
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5.2.2. Variables

Based on previous research and in light of the difficulty in obtaining data, we used the dwelling
unit market price (yuan/m2) as the dependent variable P of the hedonic price model. Furthermore,
three residential characteristics: housing attributes, location characteristics, and walkability
attributes were variables relevant to our study focus and were chosen as independent variables.
Housing attributes, which were the internal attributes of the house structure. In this study, the age of
the house (AGE), population density (DENSITY) and property management fee (FEE) were selected
as housing attributes. Location characteristics include variables associated with the distance to
common facilities and neighboring infrastructures, such as the distance to the nearest CBD (D_CBD),
commercial circle (D_CC), 3A hospital (D_3AH), square (D_S) and nearby (in the range of 1 km) bus
stations (N_BS), subway stations (N_SS), primary schools (N_PS), public facilities (N_PF), commercial
services (N_CS) and administrative agencies (N_AA). To explore the contribution of the walkability
score to home prices, walkability indicators were divided based on different types of requirements
domains (see Table 4) [37]: education resource, transport site, life service, commercial facility and
leisure place to support the focus of this research. Table 5 offers a list of the 18 independent variables,
along with the description and definition for each variable.

Table 4. Walkability attributes categories.

Categories Amenity

Education resource Kindergarten, Primary school, Secondary school

Transport site Metro station, Bus stop

Life service Convenience store, Hospital, Clinic, Pharmacy, Bank, Barber shop, Laundry, Post
office, Telecommunication

Commercial facility Shopping mall, Supermarket, Restaurant

Leisure place Cinema, KTV, Internet bar, Park, Square, Gym, Library
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Table 5. Descriptions of the residential characteristic variables used in the Hedonic pricing model.

Type of Variables Variable Name Variable Definition and Measurement Method

Housing attributes
AGE The age of the building: 2018 minus the actual built years (year)

DENSITY Population density (number of people per square meter)
FEE Property management fees (RMB/m2 per month)

Location
characteristics
(road distance)

D_CBD Distance to the nearest CBD (km)
D_CC Distance to the nearest commercial circle (km)

D_3AH Distance to the nearest 3A hospital (km)
D_S Distance to the nearest square (km)

N_BS The number of bus stations within 1 km
N_SS The number of subway stations within 1 km
N_S The number of primary schools within 1 km

N_PF The number of public facilities within 1 km
N_CS The number of commercial services within 1 km
N_AA The number of administrative agencies within 1 km

Walkability
attributes (score)

W_ER Walkability of education resource
W_TS Walkability of transport site
W_LS Walkability of life service
W_CF Walkability of commercial facility
W_LP Walkability of leisure place

5.2.3. Effects of Neighborhood Walkability Based on HPM

Table 6 presents the HPM results estimated utilizing an ordinary least squares regression model.
The adjusted R-square in the OLS (Ordinary Least Square) model was 0.748 which indicated that the
explanatory variables accounted for 74.8% of the housing variance in the HPM. Notably, some key
indexes worthy of attention are presented in Table 6. Firstly, the coefficients of these independent
variables indicate the relationship between explanatory variables and housing prices. For example,
all location characteristic variables like D_CBD, D_CC and D_3AH show a negative correlation with
housing prices as expected because residents that live in the downtown areas take less time to obtain
more available facility resources and a great convenience than that in the suburbs. Besides, t-statistics
can assess the statistical significance of these independent variables and a low p-value can express that
these coefficients are not likely to be zero. Among these variables, all housing attribute variables were
statistically significant at the 1% level, D_CC and W_LS variables significantly affected the housing
prices at the 5% level, while N_PF and W_LP variables show no significance for housing prices.

As discussed in the previous section, the effects of neighborhood walkability on housing prices
were compared among different walkability attributes. As shown in Table 6, the education resource
attribute W_ER in walkability categories had a positive significant effect on the surrounding housing
prices at the 1% level, the regression coefficient shows that a dwelling unit price was higher by 11.2%
when it was near areas with educational resources. To some extent, education resources indeed can
enhance the housing prices. Houses near key primary schools in Nanjing are favored by families with
children of school age and most parents prefer to pay a high price for a “school district house” due
to its great accessibility and educational level. Furthermore, the distance to the transport site W_TS
was also an essential indicator of housing prices. The regression coefficient was 0.275, demonstrating
that with a one-degree increase in walkability of a transport site, the housing price increased by 27.5%.
This account for why young office workers tend to afford the high housing prices in downtown areas
and reside close to public transport where various public facilities concentrate and thus, the high
walkability of transport sites contributes to high housing prices in these regions. The W_LS and
W_CF variables were positively correlated because these amenities fulfil residents’ daily demands for
shopping, lodging and eating. Generally, major supermarkets, financial services and business centers
were clustered there. Compared with the suburbs, these areas were very convenient and the residents’
demands for housing were large; as a result, housing prices were relatively high. However, the W_LP
variable was identified as not significantly correlated with housing prices, we infer that W_LP did not
have a significant effect on housing prices based on our data.
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Table 6. Estimation results of the regression.

Variable Coefficient t-Statistic p-Value

CONSTANT 10.529 79.732 ***
AGE 0.019 4.092 ***

DENSITY 0.026 5.253 ***
FEE 0.035 19.514 ***

D_CBD −0.009 −1.267 *
D_CC −0.146 −9.510 **

D_3AH −0.155 −12.421 ***
D_S 0.028 7.449 ***

N_BS 0.037 9.216 ***
N_SS 0.103 7.024 ***
N_S 0.002 1.748 *

N_PF 0.0106 0.335 NS
N_CS 0.020 4.031 ***
N_AA 0.325 24.747 ***
W_ER 0.112 8.125 ***
W_TS 0.275 13.140 ***
W_LS 0.005 2.103 **
W_CF 0.006 1.452 *
W_LP 0.0014 0.341 NS

Adjusted R-squared: 0.748, F-statistic: 66.038

Note: *** significant at the 1% level; ** significant at the 5% level; * significant at the 10% level, NS: no significance.

6. Conclusions

This paper aimed to propose a neighborhood walkability assessment method within a Chinese
metropolis context. Unlike previous studies under the original Walk Score methodological framework,
we measured neighborhood walkability based on the usage characteristics of amenities of Chinese
residents. In particular, our advanced model focused on the following three key factors affecting
residents walking behavior: (1) Usage frequency (e.g., high, medium and low frequency) was employed
to determine the categories of amenities and their relative importance. Within a Chinese city context,
24 categories of amenities and their weights were selected in this paper. (2) Selection diversity was
designed to quantify the residents’ demand differences for the same type of amenities. Generally,
people preferred to choose the nearest one when such amenity needs can be satisfied simultaneously.
In such a conceptual framework, the concrete allocation proportion of diversity demands of amenities
and selection diversity values were captured through a questionnaire survey. (3) The distance decay
effect was developed for various amenities, which reflects that the neighborhood walkability varied
with walking distance. Under the decay function, we calculated the road path distance from the
residence to amenities instead of the traditional Euclidean distance. Then, we employed the proposed
method to the case of Nanjing and examined the great variations in walkability score among the
4143 dwelling areas with it.

The experimental results suggest that the distribution of the residential walkability score varied
greatly within Nanjing. More specifically, dwelling areas with a high walkability score were clustered
in the urban central regions and most dwelling areas showed low walkability.

Then, the article examined the effects of community walkability on housing prices using a hedonic
price analysis based on community units (N = 590) in Nanjing. Based on previous studies and the
conditions in Nanjing, 18 explanatory variables were selected. These variables were divided into three
categories: housing attributes, location attributes, and walkability variables. Walkability variables
were divided based on different types of requirement domains to support the focus of this study.
The regression results show that explanatory variables accounted for 74.8% of the housing variance
in the HPM. The effects of community walkability on the housing price were statistically significant
in Nanjing based on the results of the HPM. Among all the walkability attributes, W_ER, W_TS,
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W_LS and W_CF had positive effects on housing prices, while W_LP showed no significance for
housing prices.

The methodological framework developed in this study offers new insights into walkability
research and enhanced the understanding of walkability inequality within a Chinese city context.
The advantages of this paper include considering residents’ usage characteristics of amenities,
developing the indicator of amenity selection diversity, and incorporating a distance decay function
based on the urban road network environment. Considering the above strengths, the proposed
model can be applicable to walkability characterization in other cities or areas in China. However,
some limitations should be given priority for future study. Firstly, demographic statistics within
the neighborhood were not investigated. Residents of different age, gender, income, education,
and backgrounds have divergent preferences for various amenities. Secondly, the capacity of
each amenity was not considered or quantified; a larger amenity capacity can accommodate more
inhabitants’ demand. Thirdly, in order to provide objective and reasonable findings, the walkability
difference between downtown areas and suburbs should be added into the analysis.
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