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With the unprecedented pace of urbanization in recent decades, urban vacant residences have increased dramatically. The problem of numerous vacant residences has been severely criticized. The lack of comprehensive
data obstructs revealing the spatiotemporal dynamics and the contributing factors of the vacant residences at a
ﬁne scale. This study proposes a feasible and general-purpose framework to analyze the vacant residences using
municipal water consumption data. First, a residential vacancy identiﬁcation method is proposed to identify the
vacant residences, and the spatiotemporal characteristics of the vacant residences are analyzed using the spatial
analysis methods. Second, the relationships between the residential vacancies and the service environments of
the neighborhoods are examined using the random forest method. The framework was applied in Changshu city,
China, and the results revealed a concentric circular spatial structure for residences. The results also indicated
that the diversity of the facilities and services (FASs) has the highest impact on residential vacancies. As the
degree of enrichment of the FASs approximates 1 or the percentage/diversity of the FASs increase, the residential
vacancy length decreases. This study not only draws a detailed picture of vacant residences but also sheds light
on policy implications for mitigating residential vacancies.

1. Introduction
Drastic urbanization has taken place in China since the implementation of the reform and opening-up policy in 1978 (Bai, Shi, &
Liu, 2014; He, Chen, Mao, & Zhou, 2016; Jiang, Mohabir, Ma, & Zhu,
2017). Real estate development in China has been rising at an unprecedented pace. According to the Urban Construction Statistical
Yearbook (2002–2017), the residential area in China has increased by
4.64% year on year, greatly faster than the growth of urban population
(1.06% year on year) over the last two decades. Such imbalance between the real estate development and the residential demand has been
one of the most important driving forces of the increasing number of
vacant residences in China (Jin et al., 2017; Zheng, Wang, & Cao,
2014). The residential vacancy in China is one of the side eﬀects of fast
economic growth (Lu, Zhang, Liu, Ye, & Miao, 2018; Shepard, 2015).
Shepard (2015) stated that “China is the world's most populated
country without a doubt has the world's largest number of empty
homes.” The emergence of a large number of vacant residences is

problematic, as they (1) decrease the quality of landscapes (Konomi,
Sasao, Hosio, & Sezaki, 2017), (2) decrease the vitality of community
life (Konomi et al., 2017; Molloy, 2016), (3) increase the risk of ﬁre
(Konomi et al., 2017; Kumagai, Matsuda, & Ono, 2016), (4) decrease
property values (Morckel, 2014; Nam, Han, & Lee, 2016), and (5) increase the crime rate (Konomi et al., 2017; Molloy, 2016; Morckel,
2014; Nam et al., 2016). Therefore, identifying and analyzing urban
vacant residences can contribute to urban planning, urban management
and community security.
Up to now, the Chinese government has not published any oﬃcial
statistics or alternative information concerning vacant residences (Chi,
Liu, Wu, & Wu, 2015; Zheng et al., 2017). Even in some countries (e.g.,
USA), the residential vacancy data is periodically collected via ﬁeld
survey, considerable time, labor and capital are required, and the
coverage of such survey can hardly be thorough and comprehensive
(Chen et al., 2015; Konomi et al., 2017; Kumagai et al., 2016). Hence
the available data are employed in giving us new insights into residential vacancy.
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municipal infrastructure and service data present new opportunities to
objectively measure and model the nature and likely causes for the
activity patterns of residents (Lansley, Li, & Longley, 2017; Lansley &
Longley, 2016). In this study, we focus on analyzing vacant residences
at a ﬁne scale via the municipal water consumption data. First, we
explicitly delineate the spatiotemporal dynamics of vacant residences in
Changshu, a rapidly developing county-level city in China, thereby
revealing the spatial expansion and internal transformation of vacant
residences in various periods within the city. Second, we quantitatively
examine the relationships between the residential vacancies and the
residential neighborhood service factors (NSFs) to explore the inﬂuence
of the FASs in the residential environment on the residential vacancies
at a ﬁne scale. This study attempts not only to ﬁll some gaps in the
explicit description of residential vacancies by sketching spatiotemporal dynamics and exploring contributing factors at a ﬁne scale but
also to provide the spatiotemporal characteristics of the vacant residences within the city as well as recommendations for mitigating the
residential vacancies.

Remote sensing has been widely applied for monitoring urbanization due to its capability of gathering land surface information with
wide and consistent coverage (Deng, Wang, Hong, & Qi, 2009; Xie &
Weng, 2016). Nighttime light (NTL) remote sensing images can eﬀectively represent human socioeconomic activity through nighttime luminosity (Fan, Ma, Zhou, Zhou, & Xu, 2014; Zhang & Su, 2016; Zhou,
Hubacek, & Roberts, 2015). Thus, based on NTL data, many studies
(Chen et al., 2015; Ge, Yang, Zhu, Ma, & Yang, 2018; Ma, Tong, Liu, Li,
& Ma, 2018; Zheng et al., 2017; Zheng, Zeng, et al., 2017) extracted the
built-up area and proposed a ghost city index to estimate the degree of
urban vacancy. Ge et al. (2018) further explored the correlation between the ghost city index and economic indicators at the provincial
scale.
The emergence of spatial big data brings opportunities to understand urban space at the microscopic scale (Gao, Janowicz, & Couclelis,
2017; Kang, Liu, Ma, & Wu, 2012; Liu, Wang, Xiao, & Gao, 2012).
Widely used location-aware devices (LAD) and location-based services
(LBS), such as mobile phones and social media, can generate a tremendous amount of individual trajectory data characterizing human
socioeconomic activities. Chi et al. (2015) counted the vacant housing
area of each county in China using Baidu positioning data and points of
interest (POIs) and found vacant housing for tourist sites in nontourist
seasons. Jin et al. (2017) evaluated the vacancy possibilities of various
cities in China through urban vitality measured by road junctions, POIs
and LBS data.
Although previous studies bring insights into the vacant residences
of urban areas based on NTL data or LBS data, there are still limitations
on both data: (1) Coarse spatial resolutions. For example, the NTL data
have a low spatial resolution (generally 1000 m or 500 m). (2) Low
accuracy due to biased representation and indirect inference. In the
aspect of biased representation, the NTL data cannot guarantee accurate identiﬁcation of residential areas owing to urban lighting systems.
LBS data are overreliant on how the LAD and positioning applications
are used and who uses them. Additionally, indirect relationships between the NTL/LBS data and vacant residences are used to estimate
residential vacancies. (3) Limited time span and coarse temporal resolution. The NPP-VIIRS NTL data have been released monthly or annually since 2012. Starting in 1992, DMSP-OLS NTL data were produced every calendar year. The rise of LBS data is completely
dependent on the development of location-aware devices and location
technologies in recent years. The temporal resolution may vary over
time, depending on how the devices and/or services are used.
Due to the above limitations of the data, two issues remain insuﬃciently studied. First, the long-term spatiotemporal dynamics of
vacant residences at ﬁne scales are diﬃcult to describe. Recently, cities
in China have experienced both spatial expansion and internal transformation (i.e., urban redevelopment and urban renewal). The smallscale urban redevelopment is increasing dramatically (Long, Mao, Mao,
Shen, & Zhang, 2014). However, achieving eﬀective spatiotemporal
dynamic analysis at a ﬁne scale is diﬃcult using remote sensing data
and commonly used spatial big data. Second, the contributing factors of
residential vacancies at ﬁne scales are rarely explained. The factors and
their mechanism of inﬂuencing residential vacancies are quite complicated with signiﬁcant spatial heterogeneity. Previous studies only
suggest that some economic and social factors aﬀect residential vacancies at urban and even provincial scales. The facilities and services
(FASs) that the residents interact with, as the key components of the
residential neighborhood service environment (Chaix et al., 2014),
must be considered in residential issues (He, Mol, & Lu, 2016; Niu,
Dong, Niu, & Deng, 2017; Ströbele & Hunziker, 2017). However, few
studies to our knowledge exist that examine the relationships between
residential vacancies and the facilities and services.
Compared with the NTL data and LBS data, municipal infrastructure
and service data (e.g., consumption of water) have the advantages of
ﬁne-grained spatiotemporal resolution, comprehensive coverage of the
population and socioeconomic activities, and long temporal span. The

2. Study area and data
2.1. Study area
Changshu, in the hinterland of the Yangtze River Delta, is a countylevel city located in the southeast of Jiangsu Province, China (Fig. 1).
The spatial coverage of Changshu ranges from 31°31′N to 31°50′N,
120°33′E to 121°03′E. Changshu has been sharply urbanized and industrialized with a booming economy (Li, Long, & Liu, 2010; Zhou,
Zhang, Ye, Wang, & Su, 2016). According to the Urban Construction
Statistical Yearbook (2004–2013), Changshu had a total administrative
area of 1264 km2 at the end of 2013, and the residential area of
Changshu expanded from 15.88 km2 in 2004 to 34.87 km2 in 2013. The
urban population increased from 630,000 in 2004 to 768,800 in 2012,
and the urbanization rate of the population increased from 60.4% in
2004 to 72.0% in 2012, but the population density decreased from
2131 person/km2 in 2004 to 1197 person/km2 in 2013. The Changshu
Statistical Yearbook (2004–2013) and the China Statistical Yearbook
(2004–2013) show that the gross domestic product (GDP) per capita in
Changshu increased from 54,314 yuan (RMB) in 2004 to 131,338 yuan
in 2013, which is almost 4 times as much as the GDP per capita in
China. The proportions of the primary, secondary and tertiary sectors in
Changshu are approximately 2%, 57%, and 41%, respectively, of its
total GDP each year. The disposable income of urban households
(DIUH) per capita and the net income of rural residents (NIRR) per
capita in Changshu increased from 15,039 yuan in 2004 to 43,161 yuan
in 2013 and from 7517 yuan in 2004 to 21,691 yuan in 2013, respectively. These income levels are almost 1.6 times and 2.4 times the national average. Such intense residential expansion, low population
density and prosperous economy make it possible to emerge residential
vacancies. Changshu has been recognized in previous studies as a city
with a large amount of vacant residences (Chi et al., 2015; Su, 2014).
2.2. Data
This study was conducted using the municipal water consumption
data in Changshu from January 2004 to December 2013 provided by
the Municipal Water Company of Changshu for research purposes. Each
record of the data represents the water consumption history of a particular customer during the study period, including the customer ID
(account), customer category, spatial coordinates, and monthly water
consumption time series. The data also include the cancelation times of
customer accounts but no registration times. Therefore, it is only possible to determine when the water supply service was terminated for a
particular customer, but it is impossible to determine when the service
started.
It is also worth noting that the water consumption time series were
2
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Fig. 1. Case study area: Changshu, Jiangsu, China.

residential water consumption data to recognize the occupied/vacant
state of each residence at any time. Spatial analysis methods were
employed to understand the spatial distributions of vacant residences at
various times. Meanwhile, multisized NSFs representing various characteristics of the FASs within the residential environment were extracted for each residence based on the nonresidential water consumption data. The relationships between residential vacancies and
NSFs were examined by an ensemble of classiﬁcation and regression
trees (CART) - random forest.

irregular in terms of time span, as the water supply services for customers started and ended at various times. Blanks with various lengths
were also found in the time series, some of which were identiﬁed as
vacancies in this study (the details of the vacancy identiﬁcation are
described in Section 3).
According to the customer category as “resident” or “nonresident”,
the data were divided into residential water consumption data and
nonresidential water consumption data. In total, the residential water
consumption data include 286,365 households, growing from 154,248
in 2004 to 276,772 in 2013. The nonresidential water consumption
data include a total of 29,096 customers, increasing from 9891 in 2004
to 23,280 in 2013.
For nonresidential water consumption data, the “nonresident” customer category was subdivided into 14 categories of FASs, including
government and public service (GOV), industry (IND), business (BUS),
ﬁnancial service (FIN), education facility (EDU), medical service
(MED), restaurant (RES), hotel (HOT), shopping (SHP), recreation
(REC), life service (LIF), tourist attractions (TOU), automobile service
(AUT), and other (OTH). It should be noted though that the nonresidential water consumption data are similar to POIs extracted from
various Internet platforms, such as Yahoo! Local, AutoNavi Map and
Facebook Places, but without urban-rural biases (Sparks, Thakur,
Pasarkar, & Urban, 2019; Zhang, Li, Zhang, Liu, & Du, 2018), as well as
spatial and thematic inaccuracy (Bakillah, Liang, Mobasheri, Jokar
Arsanjani, & Zipf, 2014; Bordogna, Carrara, Criscuolo, Pepe, &
Rampini, 2014).

3.2. Delineating spatiotemporal dynamics of vacant residences
3.2.1. Residential vacancy identiﬁcation method
To identify whether a residence is vacant or occupied at a certain
time, this study developed a residential vacancy identiﬁcation method
(RVIM), which includes two key steps: (1) deﬁning a residential vacancy and (2) establishing a residential state time series.
To our knowledge, currently there is no widely recognized deﬁnition of a vacant residence. The deﬁnition of vacant residence diﬀers in
diﬀerent countries and studies depending on the standards of usage. As
water is a necessity for residential activities, water consumption can be
seen as a key indicator for residential vacancy and thus provides a
feasible and eﬀective measure of residential vacancy. Based on previous
studies (Ami & George, 2014; Haramati & Hananel, 2016; Nam et al.,
2016), this study deﬁned a vacant residence as a household with no
record of water consumption for several consecutive months or a very
small amount of water consumption for each three-month period. This
deﬁnition involves two variable parameters: the minimum number of
months minMhs with no water consumption and the minimum water
consumption minWC for each three-month period. The parameters vary
across countries and/or cities. For Changshu, we set minMhs as
6 months and minWC as 3.6 m3/month (in nonsummer) or 5.5 m3/
month (in summer) (as the minimum amount of water required by a
single-person residence), by referring to the national standards and
policies, including the standard of water quantity for the city's residential use (GB/T 50331–2002) and the security law of low-rent

3. Methodology
3.1. Overview
The residential vacancy analysis framework proposed in this study
consists of two main parts: (1) delineating the spatiotemporal dynamics
of the vacant residences and (2) exploring the relationships between
residential vacancies and neighborhood service factors (NSFs) (Fig. 2).
A residential vacancy identiﬁcation method is proposed using
3
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Fig. 2. The methodological framework of residential vacancy analysis.

housing in China. Moreover, a constant parameter in the deﬁnition,
each three-month period, is noteworthy. If the period of time is too
short (e.g., one month), an erroneous judgment is generated owing to
abnormal water consumption. If the period of time is too long (e.g., six
months), short-term vacancies cannot be detected. The period of time
was set to three months to reduce the negative impact of abnormal
water consumption and to identify short-term vacancies.
Rule-based systems (RBSs) were employed in this study to establish
the residential state time series using the residential water consumption
time series. RBSs are a special type of expert system for codifying the
problem-solving know-how of human experts (Hayes-Roth, 1985). RBSs
are able to directly reproduce deductive reasoning mechanisms as well
as to explain how their outcomes have been achieved by a set of condition-action (if-then) rules (Hayes-Roth, 1985; Minutolo, Esposito, &
De Pietro, 2017). Hence, RBSs can be used to solve a wide range of
possibly complex problems in many application areas, such as healthcare, transportation and security (Hayes-Roth, 1985; Liu, Gegov, &
Stahl, 2014). In this study, a collection of conditions was generated
from the residential water consumption time series, and a series of
actions representing the residential state were achieved.
As shown in Fig. 3(a), TFirst and TEnd represent the start time and end
time during the period of study. For a residential water consumption
time series composed of m subsequences (with blanks in between),
TCancel represents the cancellation time of the residential customer account, and tj, First and tj, End represent the start and end times of the j-th
(1 ≤ j ≤ m) sequence. WCt′ represents the adjusted water consumption
at time point t (excluding blanks), which is the mean of the water
consumption at three time points t − 1, t and t + 1. Mhsj represents the
number of months between the j-th sequence and the (j + 1)-th sequence (i.e., the length of a blank). The following six rules were set to
determine RSt, the residential state at a particular time point t1

(Fig. 3(a)):
(1) When t is between TFirst and t1, First, RSt is set as a nominal value
Unknown, indicating that the blank may be caused by any of the
following reasons: (a) the residence has not been built yet at this
point; (b) the customer account has not been registered yet at this
point; or (c) the account has been registered and the residence is
vacant;
(2) When t is between tj, First and tj, End, if WCt′ is less than minWC, RSt is
set as Vacant, indicating that the residence is unoccupied at time
point t; otherwise, RSt is set as Occupied;
(3) When t is between tj, End and tj+1, First, if Mhsj is more than minMhs,
RSt is set as Vacant; otherwise, RSt is set as Occupied;
(4) When t is between tm, End and TCancel, if Mhsm is more than minMhs,
RSt is set as Vacant; otherwise, RSt is set as Unknown, indicating that
the blank may be caused by either of the following reasons: (a) the
delay of document processing for cancelation at the water supply
agency; or (b) the customer account has not been canceled and the
residence is vacant.
(5) When t is between TCancel and TEnd, RSt is set as Absent, indicating
that the customer account has been canceled.
(6) When TCancel does not exist in the time series and t is between Tm, End
and TEnd, if Mhsm is more than minMhs, RSt is set as Vacant; otherwise, RSt is set as Unknown, similar to rule (4).
Two examples are shown in Fig. 3(b). The ﬁrst residential state time
series, including Occupied and Vacant, is obtained by executing rules (2)
and (3) on its water consumption time series. The second residential
state time series, including Unknown, Vacant and Absent, is gained by
executing rules (1), (2) and (5) on its water consumption time series.
Through such RVIM, the numeric residential water consumption
time series with blanks and varied lengths were converted into the

1
A time point can be a particular month, week, day, or hour, depending on
the frequency of the time series. For Changshu city in this study, a time point
was a month, as the original water consumption time series was collected with a

(footnote continued)
monthly interval.
4
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(a) Schematic diagram of determining the residential state at any time point t

(b) Examples of the water consumption time series and the residential state time
series. The first residential customer account lasted from 2004 to 2013, while the
second was canceled in July 2012.
Fig. 3. Schematic diagram (a) and examples (b) of the conversion from the water consumption time series to the residential state time series (i.e., Absent, Vacant,
Occupied and Unknown).

nominal residential state time series without blanks and with a uniﬁed
length. Each residential state time series includes several of the four
states, i.e., Absent, Vacant, Occupied and Unknown.

3.2.2. Spatiotemporal dynamics of vacant residences
To better understand the characteristics of the vacant residences in
space and time, spatiotemporal distribution analysis methods, including
the local indicators of spatial association (or autocorrelation) (LISA)
and kernel density estimation (KDE), were applied based on the spatial
5
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within-district percentage (WDP) (Yan et al., 2013) and (3) areal percentage (AP) (Yan et al., 2013). Suppose a study area includes M types
of FASs (M = 14 in this study), and N neighborhoods are generated for
each residence (N = 4 in this study), the proportion of NSFs are calculated as:

distribution of customers and their residential state time series.
LISA are statistics that help identify the presence of signiﬁcant
clusters in a spatial dataset by quantifying variations in the local spatial
autocorrelation of certain observations relative to the surrounding areas
(Anselin, 1995). The Getis-Ord Gi∗ statistic (Getis & Ord, 2010), as a
typical LISA, was employed in this study to identify three residential
clustering patterns: a relatively long-term (e.g., 11 months) vacant residence surrounded by other relatively long-term vacant residences
(i.e., intense concentration of relatively long-term vacant residences,
corresponding to the notion of a “hot spot”), an occupied residence
surrounded by other occupied residences or a relatively short-term
(e.g., 2 months) vacant residence surrounded by other relatively shortterm vacant residences (intense concentration of occupied residences or
relatively short-term vacant residences, i.e., a “cold spot”), or a lack of a
statistically signiﬁcant contribution to spatial autocorrelation.
Contrary to the Getis-Ord Gi∗, the KDE does not provide a measure
of statistical signiﬁcance. However, when used in combination with the
Getis-Ord Gi∗, it oﬀers a medium to visualize the spatial trends by
converting discrete information (observation points) into a smoothed
and continuous surface of outcome density (Silverman, 2018). In this
study, the KDE was used for spatial representation of the quantity of
vacant residences. A high kernel density indicates a large number of
long-term vacant residences concentrated in space, and vice versa.
The Getis-Ord Gi∗ and KDE were applied for every year of the study
period, such that the characteristics of the spatiotemporal dynamics of
the vacant residences could be delineated and analyzed.

EFij =

Fij / FNj

Fij

WDPij =

APij =

(1)

FCi / FC

FNj

(2)

Fij
(3)

FCi

where EFij, WDPij and APij represent the EF, WDP and AP of the i-th
(1 ≤ i ≤ M) type of the FASs within the j-th (1 ≤ j ≤ N) neighborhood,
respectively. Fij is the number of the i-th type of the FASs within the j-th
neighborhood. FNj is the number of all the FASs within the j-th
neighborhood. FCi is the number of the i-th type of the FASs in the city.
FC is the number of all the FASs in the city.
Eight diversity measures were used in this study for their extensive
adoption in a variety of geospatial applications (McGarigal, 2014): (1)
Shannon's diversity index (SHDI) (Gorelick, 2010; Rajaram et al.,
2017), (2) Simpson's diversity index (SIDI) (Jaeger, 2000; Mclaughlin
et al., 2016), (3) modiﬁed Simpson's diversity index (MSIDI) (Gorelick,
2010), (4) Shannon's evenness index (SHEI) (Kvålseth, 2015; Pielou,
1966b), (5) Simpson's evenness index (SIEI) (Kvålseth, 2015; Smith &
Wilson, 1996), (6) modiﬁed Simpson's evenness index (MSIEI)
(Kvålseth, 2015; Smith & Wilson, 1996), (7) splitting index (SPLIT)
(Jaeger, 2000), and (8) species richness index (SRI) (Luo, Zhang, Yang,
Song, & Cui, 2014; Pielou, 1966a). These factors are denoted with
SHDIj, SIDIj, MSIDIj, SHEIj, SIEIj, MSIEIj, SPLITj and SRIj, respectively,
reﬂecting the diversity of the FASs within the j-th neighborhood of a
residence, and they are calculated as follows:

3.3. Exploring neighborhood service factors of residential vacancy
3.3.1. Multisized neighborhood service factors
To advance our understanding of the impacts of the FASs on residential vacancies, the relationships between the FASs in the neighborhoods of residences and residential vacancies were examined in this
study. To do so, multisized neighborhood service factors (NSFs), which
represent a variety of characteristics of the FASs within the residential
environment, were extracted for each residence, which consists of two
key steps: (1) deﬁning the multisized neighborhoods and (2) numerically measuring the NSFs.
In this study, the neighborhood of a residence (referred to as residential neighborhood in the following text) is deﬁned as the area that
can be accessed from the residence via walking through the street
network within a certain period of time. Such a residential neighborhood represents a behavioral space formed by the resident to carry out
various home-centered daily activities, including shopping, entertainment, work/study, medical treatment, and others (Xiao, Chai, & Zhang,
2014). To capture the eﬀects of the FASs at diﬀerent distances, four
residential neighborhoods with diﬀerent sizes were generated in this
study, using 10-min, 20-min, 30-min, and 40-min walking distances
over the street network (Fig. 4). The ﬁrst neighborhood describes the
area where the residents hardly notice the cost of time. The second and
third represent the areas where strongly concentrated activities occur.
The last neighborhood, as the pedestrian limit tolerated by residents,
covers almost all daily residence-related activities (Chai, Shen, & Weng,
2008). As suggested by Anderson and Pandy (2001), the average
walking speed of a person is 81 m/min, which was used in this study to
generate the neighborhoods.
With the four neighborhoods deﬁned by the typical walking distances of each residence, four sets of the NSFs were extracted to represent the characteristics of the FASs within the residential environment that may inﬂuence residential vacancy. The NSFs include two
major categories: the proportion of each type of the FASs within a
neighborhood and the diversity of all the types of FASs within a
neighborhood. The descriptions of the NSFs are shown in Table 1.
The proportion the NSFs oﬀer information related to the intensity of
a particular type of FASs within a neighborhood (Yan et al., 2013). We
used (1) enrichment factor (EF) (Zhang, Lu, Shi, & Pan, 2018), (2)

M

SHDIj = − ∑

WDPij ln WDPij

i=1

SIDIj = 1 −

M

WDPij2

∑i =1
M

MSIDIj = −ln ∑

i=1

WDPij2

(4)
(5)
(6)

M

SHEIj = −

∑i = 1 WDPij ln WDPij
ln M

(7)

M

SIEIj =

1 − ∑i = 1 WDPij2
1−

1
M

(8)

M

MSIEIj = −

SPLITj = −

SRIj = −

ln ∑i = 1 WDPij2
ln M

(9)

FNj2
M

∑i = 1 Fij2

M−1
ln FNj

(10)

(11)

Eventually, four sets of the NSFs for each residence were extracted,
corresponding to the 10-min, 20-min, 30-min, and 40-min residential
neighborhoods. Each set of factors consists of 42 proportion measures
(3 × 14) and 8 diversity measures. In total, 200 NSFs were obtained for
each residence.
3.3.2. Relationships between residential vacancy and NSFs
In this study, the random forest (RF)-derived CART (Breiman, 2001)
was employed to quantitatively examine the relationships between the
residential vacancies and NSFs. A forest is an ensemble of trees, and the
6
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Fig. 4. Examples of multisized residential neighborhoods with the FASs for a residence.

stochastic mechanism of the RF, slightly diﬀerent results might be obtained in each trial (Lu, Im, Rhee, & Hodgson, 2014; Walton, 2015). It
has been reported that the RF is not prone to overﬁtting, with stable
performance on multidimensional and highly nonlinearly correlated

RF has two random processes: (1) each tree is based on a random subset
of the observations (e.g. residences in our case), and (2) each split
within each tree is determined from a random subset of the candidate
variables (e.g. NSFs in our case) (Breiman, 2001). Owing to the
Table 1
Description of NSFs.
Factors
Proportion

Diversity

Description
Enrichment Factor
(Zhang, Lu, Shi, & Pan, 2018)
Within-district Percentage
(Yan, Merlin, & Rodriguez, 2013)
Areal Percentage
(Yan et al., 2013)
Shannon's Diversity Index
(Gorelick, 2010; Rajaram, Castellani, & Wilson,
2017)
Simpson's Diversity Index
(Jaeger, 2000; Mclaughlin, Mclaughlin,
Mclaughlin, & White, 2016)
Modiﬁed Simpson's Diversity Index
(Gorelick, 2010)
Shannon's Evenness Index
(Kvålseth, 2015; Pielou, 1966b)
Simpson's Evenness Index
(Kvålseth, 2015; Smith & Wilson, 1996)
Modiﬁed Simpson's Evenness Index
(Kvålseth, 2015; Smith & Wilson, 1996)
Splitting Index
(Jaeger, 2000)
Species Richness Index
(Luo et al., 2014; Pielou, 1966a)

The ratio between the percentage of a certain type of FASs within a certain neighborhood and the percentage of
this type of FASs in the entire city
The percentage of a certain type of FASs within a certain neighborhood relative to the number of all FASs within
the neighborhood (Yan et al., 2013)
The percentage of a certain type of FASs within a certain neighborhood relative to the number of this type of FASs
in the entire city (Yan et al., 2013)
The abundance (probability) distributions of each type of FASs within a certain neighborhood (Gorelick, 2010;
Rajaram et al., 2017), based on the notion of information (Rajaram et al., 2017)
The abundance (probability) distributions of each type of FASs within a certain neighborhood, reﬂecting the
dispersion in multiple types of FASs (Mclaughlin et al., 2016)
Analogy with SIDI, and more sensitive to slight changes in the FASs richness (Gorelick, 2010)
The typical function of Shannon's diversity measure and the number of FASs categories (Kvålseth, 2015)
The typical function of Simpson's diversity measure and the number of the FASs categories (Kvålseth, 2015)
The typical function of the modiﬁed Simpson's diversity measure and the number of the FASs categories
(Kvålseth, 2015), and more sensitive to slight changes in the FASs evenness (Gorelick, 2010)
The ‘eﬀective mesh number’ of the FASs within a certain neighborhood based on the cumulative amount
distribution of the FASs (Jaeger, 2000; McGarigal, 2014)
The percentage of the number of the FASs categories relative to the amount of all the FASs within a certain
neighborhood
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center, prospering inner city, near suburb, and far suburb. The ﬁrst
observation was the rise of hot spots (please see the details of “hot
spots” in Section 3.2.2) in the city center, indicating that the number of
relatively long-term vacant residences is increasing as their concentration becomes more intense over the years. In contrast, massive
cold spots (please see the details of “cold spots” in Section 3.2.2) could
be observed in the inner city outside the declining city center and
gradually expanding outward. This implies that numerous occupied
residences or relatively short-term vacant residences are concentrated
there and progressively expanded to the near suburb. These state that
residences in Changshu have been developing with both stagnant recession and prosperous expansion.
We observed that new residential forms had changed mostly by
replacement or accretion since 2004 (Fig. 6(b)). The city center gradually declined by replacing statistically insigniﬁcant residences with
hot spots (Fig. 6(b)A). In particular, the number of relatively long-term
vacant residences was not much diﬀerent from the number of occupied
residences or relatively short-term vacant residences in 2004. Then, an
increasing number of residents moved away, and increasing residences
became vacant. Ultimately, in 2012, large numbers of relatively longterm vacant residences were concentrated in the city center. Based on
the pattern, we considered that the declining city center mostly corresponds to an urban village or shanty town. Meanwhile, the Bixi new
district as an urban subcenter gradually increased by replacing statistically insigniﬁcant residences or hot spots with cold spots (Fig. 6(b)B).
Contrary to the city center, an increasing number of residents moved
there, and occupied residences increased progressively. In addition, in
some areas, hot spots were increasing with increasing residences, such
as Shanghu town (Fig. 6(b)C). In this case, we considered that an increasing number of vacant residences might result from the demand or
desire of residents to own a home, even if they rarely live there.
We created 10 maps using the kernel density by estimating the
density of the vacant residences with diﬀerent vacancy lengths in the
neighborhood of each raster cell (100 m × 100 m raster cell size)
within a search radius (or bandwidth) of 500 m. The kernel density
scores from 2004 through 2013 are shown in Fig. 7.
The binary structure of vacant residential density, center and periphery can be found from 2004 through 2013 (Fig. 7). This reﬂects the
imbalance in the development of vacant residences with diﬀerent vacancy lengths in various regions of Changshu. Plainly, almost the entire
central area of Yushan is covered with the higher kernel density scores
(speciﬁcally, the kernel density scores more than 9550). This indicates
that most long-term vacant residences in Changshu are gathered in the
central area of Yushan. Interestingly, the combination of Fig. 7 and

data, which is scarce, imbalanced, or noisy (Sarica, Cerasa, &
Quattrone, 2017). Such properties make RF well-suited for the 200dimensional NSFs in this study, and to handle the imbalance problem of
residences with diﬀerent vacancy lengths as well as the multiple correlative problem among multisized NSFs. Additionally, RF has been
successfully applied in many geographic studies (Acheson, Volpi, &
Purves, 2019; Liao, Dong, Huang, Gartner, & Liu, 2019), and demonstrated highly competitive, if not better, performance compared with
other commonly used machine learning techniques (e.g., support vector
machines and boosting methods) (Fernandez-Delgado, Cernadas, Barro,
& Amorim, 2014) with less costs of computational intensity and parameter tuning (Hof & Wolf, 2014).
The RF also presents an important characteristic - the variable importance (VI). The VI measurement has been extensively exploited in
diﬀerent scenarios, for example, to identify the most relevant factors
and to identify the most suitable reason to distinguish particular target
classes (Belgiu & Drăguţ, 2016). In this study, after adopting the out-ofbag (OOB) error, mean squared error (MSE) and median absolute error
(MedAE) as a global measure and spatial absolute error as a local
measure to quantify the accuracy between the predicted residential
vacancy length and the actual residential vacancy length (i.e., residential state), we examined the contributions of the NSFs to residential vacancies and assessed their role in inﬂuencing disparities in
residential vacancies.
4. Results
4.1. Spatiotemporal characteristics of vacant residences
Our analysis was performed in yearly time intervals for a total of
10 years. We identiﬁed vacant residences in Changshu by the proposed
RVIM and then counted the vacancy length of each residence. Fig. 5
shows that the number of vacant residences grows linearly over the
years. Among vacant residences, the residences with vacancy lengths of
12 months represent the largest number, followed by the residences
with vacancy lengths of 1 month, 3 months and 2 months. It should also
be noted that vacant residences with vacancy lengths greater than
6 months exceed half of the vacant residences.
The results of the hot spot analysis, which implemented the GetisOrd Gi* statistic, are presented in Fig. 6. The distance band (or
threshold distance) of the analysis was set to be 500 m, given that the
average edge length of a residential area is between 300 m and 500 m.
As shown in Fig. 6(a), the residences in Changshu had sustained a
concentric ring structure from 2004 through 2013: the declining city

Fig. 5. The number of vacant residences from 2004 through 2013 in Changshu.
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(a) The concentric ring structure of residences. The yearly red ellipses represent the
declining city center, prospering inner city, near suburb and far suburb from the inside
out.

(b) Details of change in three typical residential forms.
Fig. 6. The hot/cold distributions of residences in 2004, 2008, and 2012, in Changshu.
9
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Fig. 7. The kernel density of vacant residences from 2004 to 2013 in Changshu. The kernel density level was graded by natural breaks. The higher the kernel density
scores are, the higher the kernel density level.

residences in Changshu since 2004. Long-term vacant residences gradually grew in number and then the dense areas steadily expanded.
Furthermore, the expansion of the dense areas directly brought about a
yearly increase linearly and rapidly in the dense areas.

Table 2
Accuracy assessment results of the relationships analysis.
Year

2004
2005
2006
2007
2008
2009
2010
2011
2012
2013

OOB error

0.153
0.140
0.122
0.099
0.084
0.071
0.074
0.056
0.033
0.025

MSE

MedAE

Training

Test

Overall

Training

Test

Overall

0.081
0.087
0.089
0.091
0.093
0.094
0.093
0.095
0.096
0.085

0.127
0.155
0.162
0.165
0.170
0.171
0.170
0.167
0.169
0.132

0.104
0.121
0.126
0.128
0.132
0.133
0.132
0.131
0.133
0.109

0.190
0.189
0.194
0.195
0.201
0.201
0.198
0.201
0.200
0.206

0.256
0.282
0.29
0.292
0.303
0.298
0.294
0.290
0.290
0.270

0.223
0.236
0.242
0.244
0.252
0.250
0.246
0.246
0.245
0.238

4.2. Vacancy modeling
This study randomly selected 70% of the residential data as training
samples to build the RF model and used the remaining 30% of the residential data to test the model. In particular, considering the imbalance
among the residences with diﬀerent vacancy lengths (see Fig. 5), the
proportion of residences with diﬀerent vacancy lengths in yearly
training data and yearly test data is almost identical to that in yearly
data. In addition, two parameters need to be speciﬁed for the RF: the
number of trees in the forest (ntree) and the number of variables randomly sampled at each split (mtry). In this study, ntree and mtry were
set to 100 and the square root of the number of input variables, respectively.
Table 2 summarizes the accuracy assessment results of the relationship analysis between the residential vacancies and NSFs. On
average, the OOB error is 0.086. The overall MSE and MedAE are 0.125
and 0.242, respectively, with MSE and MedAE of 0.090 and 0.198 on
the training data set and 0.159 and 0.287 on the test data set. Fig. 8
exhibits the spatial absolute error between the predicted residential
vacancy length and the actual residential vacancy length. Approximately 70% of the residential diﬀerences are less than 2 months. That
is, most of the diﬀerences are slight. In 2012, for instance, we selected
three typical areas with predicted residential vacancy lengths of less
than 3 months (Fig. 9A), between 5 months and 7 months (Fig. 9B), and

Fig. 6(a) shows that the area is just the declining city center and the
prospering inner city. The long-term vacant residences in the declining
city center are not only large in number but also concentrated. This
conﬁrms our inference about the declining city center as an urban
village or shanty town. Although there are quite a few long-term vacant
residences in the prospering inner city, occupied residences or shortterm vacant residences are concentrated there much more than the
long-term vacant residences. This supports that residences for investing
instead of living might exist in the prospering inner city.
Our study deﬁned the dense area of vacant residences with diﬀerent
vacancy lengths as a region with kernel density scores in the top 2 ranks
(i.e., kernel density scores greater than 9550) and area greater than
250,000 m2. Fig. 7 shows the dynamics of the dense areas of vacant
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Fig. 8. The spatial distributions of predicted vacancy length (a), actual vacancy length (b) and their diﬀerences (c) at 100 m*100 m resolution in 2004, 2008 and
2012 in Changshu.

vacancy lengths of most residences are relatively high, with excessively
abundant long-term vacant residences concentrated in area C. In area B,
the proportion of long-term vacant residences and occupied residences
or short-term vacant residences were almost ﬁfty-ﬁfty, and these

greater than 10 months (Fig. 9C). In area A, the predicted vacancy
length of most residences is relatively short as the number of concentrated occupied residences or short-term vacant residences far exceeded long-term vacant residences. In contrast to area A, the predicted

Fig. 9. Details of predicted vacancy length at 100 m*100 m resolution (#1) and actual vacancy length of each residence (#2) in three typical areas in 2012 in
Changshu: (A) vacancy length less than 3 months, (B) vacancy length between 5 months and 7 months, and (C) vacancy length greater than 10 months.
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Fig. 10. Importance ranking of factors for residential vacancy within 10-min, 20-min, 30-min and 40-min neighborhoods from 2004 to 2013 (a) and details of 2012
(b) in Changshu. In illustration (a), every importance curve consists of 200 NSFs. In illustration (b), bars with four colors exhibit the importance of the enrichment
factor, within-district percentage, areal percentage and diversity, respectively. The ﬁrst three are the proportion of the 13 FASs (excluding OTH) within these
neighborhoods. The last is the 8 kinds of diversities of all the FASs within these neighborhoods.

vacancy lengths greater than 10 months (i.e., three quarters), which
represent residences with low, medium and high vacancy extents, respectively. And then we compared the factors of the three categories of
residences. This study attempts to examine the impacts of the diﬀerences in factors and neighborhood changes on residential vacancies.
Just as before, taking 2012 for instance, we extracted the three kinds of
representative residences. The averaged factor disparities of the three
types of residences are illustrated in Fig. 11. Some interesting conclusions can be drawn from this ﬁgure.
As the enrichment factor is closer to 1, the residential vacancy
length is lower. Enrichment factor has nothing to do with the size of
neighborhood. If a neighborhood at any distance is richer or poorer in
the FASs than the entire city, there will be more long-term vacant residences within the neighborhood. For example, there are 5000 FASs,
including 90 EDU and 45 IND in a city, and there are 500 FASs within a
residential neighborhood. According to Eq. (1), we can infer that within
the neighborhood, the residential vacancy length is higher and then the
vacant residences are more if the number of EDU is much less than 9 or
if the IND is much more than 5.
With the increase of the areal percentage and the diversity, the residential vacancy length decreases. As the size of the neighborhood
increases, the role that areal percentage plays is more signiﬁcant, but
diversity is more insigniﬁcant. If the FAS species diversity is great or
most of a certain FAS is concentrated in a neighborhood, there will be
few long-term vacant residences within the neighborhood. That seems
contradictory, but it is not. First, diversity is a neighborhood summary
measure that does not take into account the uniqueness of the individual species, while areal percentage focuses on the homogeneity
and even the uniqueness of the neighborhood. A neighborhood may
have high diversity yet be comprised largely of common species.
Conversely, a neighborhood may have low diversity yet be comprised of
especially unique or highly desired species, for instance, a technology
park. Second, the areal percentage and the diversity play major roles in
diﬀerent neighborhoods. Diversity works mainly for small-sized
neighborhoods, while areal percentage is chieﬂy aimed at large-sized
neighborhoods.
Within a neighborhood at any distance, residences with low vacancy
length have virtually the same within-district percentage as residences
with high vacancy length. In other words, the proportion of any FAS
within any neighborhood has little impact on residential vacancies. For

residences were completely mixed together. The predicted vacancy
length of most residences is approximately half a year. These results
prove that the predicted results are consistent with the actual situation.
In general, the RF model shows satisfying results in the relationship
analysis between the residential vacancies and NSFs.
4.3. Eﬀects of factors on residential vacancy
In this study, to understand the contribution of each factor, the VI
was measured with the MSE criterion index and can be seen in Fig. 10.
A high value of VI suggests that the factor is important to the change of
the residential vacancy compared with the other factors. The importance curves are virtually identical from 2004 through 2013
(Fig. 10(a)). This clearly indicates that the contribution of each factor to
residential vacancies varies little during this decade.
Taking 2012 as an example, we carried out a detailed analysis of
important factors (Fig. 10(b)). As shown, diversity is the most important factor for residential vacancies. That is, the diversity of the
surrounding FASs largely determines residential vacancy length. The
enrichment factor and within-district percentage play almost the same
role. Areal percentage is obviously not very signiﬁcant. We also noticed
the importance of the FASs from the comprehensive perspective of the
three kinds of proportions. The three most important FASs are BUS, IND
and LIF within the 10-min, 20-min and 30-min neighborhoods and BUS,
IND and GOV within the 40-min neighborhood. It is interesting to note
that within any neighborhood, BUS and IND are always in the top three.
This, we believe, results from the outstanding achievements of
Changshu in business and industry (China Communications Institute,
2017; People's Daily, 2017). Also of interest, LIF as the third most important FAS is replaced by GOV within the 40-min neighborhood. Because residents pay attention to short-distance life services, they do not
care about long-distance life services. In addition, the two least important FASs are TOU and AUT within any neighborhood. In other
words, regardless of distance, tourist attractions and automobile service
play negligible roles in residential vacancies.
To further compare the eﬀect of each factor, we extracted three
distinct categories of residences according to the residential vacancy
length: residences with vacancy lengths less than 3 months (i.e.,
0–3 months; one quarter), residences with vacancy lengths between
5 months and 7 months (i.e., almost half a year), and residences with
12
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Fig. 11. The dissimilarities of factors and changes in neighborhoods inﬂuencing disparities in residential vacancies.

declining city center and the rising subcenter. In addition, the measures
(OOB error of 0.086, overall MSE and MedAE of 0.125 and 0.242, respectively, 70% of residential spatial absolute error less than 2 months)
demonstrate the eﬀectiveness of the relationship analysis between residential vacancies and the NSFs. On the basis of that, the importance
and impact of the NSFs were clearly revealed. Diversity has the highest
importance, followed by enrichment factor and within-district percentage. BUS, IND, and LIF (or GOV) are the three most important FASs,
while TOU and AUT are the two least important. Interestingly, the residential vacancy length becomes lower as the enrichment factor is
closer to 1 or the areal percentage or the diversity is larger. The contributions of areal percentage and diversity have signiﬁcant scale
(speciﬁcally size of the neighborhood) dependence.
As an intensive ﬁne-scale study for detecting and analyzing vacant
residences, the contributions of our study mainly lie in three aspects.
First, the study focuses on the spatial expansion and internal transformation of vacant residences within a city and pays attention to contributing factors for mitigating residential vacancies rather than estimating the vacancy degree or area of the entire city. Compared with
understanding the degree/area of vacancy of the entire city, we are
ﬁrmly convinced, grasping the spatial expansion, that internal transformation and the contributing factors of the vacant residences within a
city are more useful and urgent for decision makers to mitigate residential vacancies.
Second, we propose a feasible and general-purpose vacant residence
analysis framework using municipal water consumption data. The

example, there are 100 FASs, including 2 IND and 80 LIF, within a
residential neighborhood. Although 0.02 is very small and 0.8 is quite
large, they could reﬂect neither the similarity between the neighborhood and the entire city nor the diversity and uniqueness of the
neighborhood. Brieﬂy, within-district percentage could not eﬀectively
describe the neighborhood. Hence, the within-district percentage is not
signiﬁcant in residential vacancies at all.
5. Discussion and conclusions
The aim of the present research is to reveal the long-term spatial
expansion and internal transformation of vacant residences and to explain the contributing factors of residential vacancies. In addition to
delineating the spatiotemporal dynamics of vacant residences at a ﬁne
scale via municipal water consumption data, we examined the relationships between residential vacancies and multisized NSFs at a ﬁne
scale. First, the RVIM proposed in this study was applied to identify
vacant residences. Then, the combination of the LISA and KDE was used
to map the spatial distribution of vacant residences and to understand
the spatiotemporal characteristics. Second, novel multisized NSFs were
extracted for residence, and their relationship analysis with residential
vacancies was conducted using the RF.
The hot/cold and kernel density maps show that in 2004 through
2013 in Changshu, residences had a concentric ring structure and dual
characteristics, and vacant residences had a binary structure. New residential forms were shaped by replacement or accretion, such as the
13
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framework is not only simple but also eﬀective. Municipal water consumption data can be obtained with ease, especially for decision makers. The methods adopted in this study, including the RVIM, LISA, KDE
and RF, are also uncomplicated. Thus, the framework can be implemented eﬀortlessly in terms of both the data and technology.
Although less challenging, the framework is highly eﬀective in light of
our results. In addition, the framework is general-purpose. Water is
consumed by residents throughout China and around the world, so
municipal water consumption data could be obtained by local decision
makers throughout China and even around the world. Just adjusting
minMhs and minWC based on diﬀerent national standards and policies,
the framework will work eﬀectively across the country and around the
world, especially in cities with comprehensive coverage of municipal
water service.
Third, this study can contribute to policy making for urban management and planning. Our results provide local decision makers with
recommendations for mitigating residential vacancies in the problematic areas by optimizing the arrangement of facilities and services.
These hot/cold and kernel density maps send a strong signal to decision
makers regarding areas in need of improvement, such as the declining
city center, the areas with higher kernel density scores of residential
vacancy, and the areas with fast expanding vacant residences. For these
problematic areas, considering comprehensively the importance and
impact of the NSFs, several recommendations are made. One of the key
measures that can be taken is to enhance the FAS diversity within the
small-sized neighborhoods of residences (e.g., 10-min street network
buﬀer). It is also important is to ensure that residential neighborhoods
are not excessively rich or poor in FASs compared to the entire city. Last
but not least, it is recommended to allocate speciﬁc functional areas
(e.g., a technology park) within large-sized neighborhoods of residences
(e.g., 40-min street network buﬀer). It must be noted that, for other
cities in China and the world, the recommendations for mitigating residential vacancies derived from the analysis of our study are likely to
be diﬀerent from the ones for Changshu. Nevertheless, that does not
erase the vital contribution of our study, which by adopting this study's
framework decision makers are able to identify problematic areas and
make appropriate recommendations based on local conditions.
The present study gains insight into vacant residences and their
NSFs as well as contributes to academic research and practical application. However, we also admit that there are some potential biases.
Municipal water consumption data, for instance, may be amiss due to
the damage or insensitivity of water meters. Likewise, we recognize
several limitations that still exist in this study, which will be highlighted in our future research. On the one hand, the value of some of the
impacts of residential vacancies has yet to be quantiﬁed, such as physical environmental characteristics and socioenvironmental context.
Further research into how they contribute to residential vacancies is
critical for mitigating residential vacancies. On the other hand, some
residents, especially in rural areas, may use more mineral water or well
water rather than tap water. Further research of integrating multisource
municipal infrastructure and service data to analyze residential vacancies is needed, especially for rural areas or the suburbs.
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