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ABSTRACT. The soaring property prices in many Chinese cities have recently attracted increasing
attention. This study uses the data on housing price indices from January 2005 to December 2014 in
10 large Chinese cities to analyze volatility spillover effects and to identify the determinants of price
co-movement across the China’s regional housing markets. This research proposes a novel dynamic
spatial panel data model that accounts for multivariate asymmetrical generalized autoregressive conditional heteroskedasticity components in disturbances to address these issues empirically. Results
reveal that housing prices in cities are significantly influenced by population, income, mortgage rates,
policy factors, and the national macroeconomic situation. The analysis further indicates that the housing returns of regions in China that are in close geographic and economic proximities exhibit strong
co-movement and volatility spillovers. Evidence of significantly positive leverage effects in regional
housing markets is also determined. This study’s findings have significant implications for academic
researchers, financial experts, and policy makers.
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1. INTRODUCTION
Housing is often considered a heterogeneous good
in finance and economics, and includes physical characteristics (e.g., construction conditions,
internal area, and age) and neighborhood characteristics (e.g., accessibility to central business
district, distance to subway stations, and behavior
of nearby residents). Although a considerable number of recent studies regarding the heterogeneity
of property submarkets have been made, the interaction among different regional housing markets
with different characteristics is another critical
point required to better understand the real estate market (Alkan 2015; Chiang 2016). Thus, one
issue that should be addressed is whether different regional housing markets are related to one
another because of the information linkages/spillovers across regional housing markets. The specific
questions that should be answered are as follows:
What is the essential feature of the correlations
among regional housing markets? How can the dy* Corresponding author. E-mail: gongpu@hust.edu.cn
Copyright © 2017 Vilnius Gediminas Technical University (VGTU) Press
http://www.tandfonline.com/tspm

namic co-movements of housing returns among different regions be modeled? Do any leverage effects,
that is, asymmetric responses to positive and negative shocks, exist in China’s housing markets? Because housing price variability is often considered
a reflection of consumer confidence and the performance of the entire financial market, the answers
to the aforementioned questions have theoretical
and actual operational implications for academic
researchers, financial experts, and policy makers
(Brunauer et al. 2013; Kallberg et al. 2014).
The present study aims to empirically analyze
volatility spillover effects and to identify the determinants of the co-movements of housing prices
across 10 regional housing markets in China from
January 2005 to December 2014. In general, the comovement and volatility spillovers in housing returns are often attributed to the change in demand
for properties because of information linkages
across regional housing markets and information
spillovers resulting from interregional trades. Many
factors such as migration, purchasing investment
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properties, and contagious reactions to information linkages across housing markets can result in
spatial interactions and volatility spillovers among
regional housing markets. For instance, Shiller
(1994) found that investors often focus on observing what is happening in other similar regions
instead of analyzing the overall macroeconomic
development situation when predicting their own
market performance. Moreover, the outbreak of
the global financial crisis in 2007–2009 once again
showed that global financial markets are more
interconnected among cities, states, regions, and
countries (Bauwens et al. 2006; Gong, Weng 2016;
Weng, Gong 2016).
Several studies have provided a few beneficial
methodologies in investigating volatility spillover
effects; these methodologies are mainly based on
multivariate time-series models, such as the multivariate generalized autoregressive conditional
heteroskedasticity (MGARCH) (Bollerslev 1986;
Engle 2002; Engle et al. 2012). However, two
main difficulties arise in the process of estimating the MGARCH models: one is that such models
contain a large number of unknown parameters,
and the other is that such models are based on
the assumption that the conditional covariance
matrix is positive definite. For example, Engle
and Kroner (1995) showed that the number of unknown parameters is proportional to the fourth
power of the number of dependent variables in
general MGARCH models. By contrast, dynamic
spatial panel (DSP) data models, which contain
fewer parameters than MGARCH models and can
capture the spatial dependencies among crosssectional units intuitively, are highly popular
among researchers (Anselin 1988; Elhorst 2014;
Gong, Weng 2016; Parent, LeSage 2011; Seya et al.
2013). Therefore, this study incorporates certain
spatial components into the MGARCH models and
then empirically investigates one-to-one spatial dependence between China’s regional housing markets using the proposed models.
Particularly, we adopt a DSP data model with
multivariate asymmetrical GARCH terms in disturbances, which is a combination of the DSP data
model and the multivariate Glosten–Jagannathan–
Runkle (GJR)–GARCH model (DSP–GJR–GARCH,
hereafter) suggested by Glosten et al. (1993). The
DSP–GJR–GARCH model is used to investigate
the spatial interactions in the housing returns and
time-variant conditional volatilities across China’s
regional housing markets. The advantages of the
DSP data models are that they can capture the
spatial dependencies and the serial correlations

simultaneously. In recent years, the specifications
and estimations of such models have been studied
by numerous researchers (Baltagi et al. 2014; Elhorst 2014). Spatial models are known to be characterized by spatial weight matrix (SWM), which
incorporates the spatial structures into the models
in advance. Thus, constructing a SWM appropriately plays a key role in estimating the spatial
dependence parameters of DSP data models. Indeed, experts and scholars have focused on investigating this subject for many years. For example,
to effectively demonstrate the effects of both the
geographic and economic indicators on the housing
markets, Case et al. (1993) used a compound SWM
that is a combination of the geographic distance
SWM and the economic distance SWM. Recently,
Kelejian and Piras (2014) proposed a new endogenous SWM specification method. As discussed, this
paper follows the works of Case et al. (1993) and
Zhu et al. (2013), and employs the Mahalanobis
distance to construct an economic distance SWM
using relevant economic indicators, such as regional gross domestic product (GDP), employment
rate, housing satisfaction, and housing expectations1. We believe that regions with similar economic development conditions will exhibit strong
co-movement because the Mahalanobis distance
considers the correlations of economic indicators.
The results have important implications for
portfolio managers, financial institutions, and policymakers in China. First, if the correlations of the
regional housing markets are driven not only by
geographic proximities but also by economic similarities, then formulating asset al.ocation strategies by considering only the geographic adjacency
factors regardless of the economic similarity factors
will lead to biases in investment decision making.
Second, because regional housing markets are an
integral part of the capital markets, the price comovement among these regional housing markets
should be understood adequately in the pricing of
securities in capital markets. For instance, ignoring correlations in the idiosyncratic risk and volatility spillovers between different regional housing
markets may result in underestimating the actual
risk of security prices. Generally, underpriced se1 Mahalanobis

distance is defined as a dissimilarity
measure between two random column vectors x and y
of the same distribution with the covariance matrix V:

d ( x , y ) = ( x − y ) V −1 ( x − y ) , where the superscript T
denotes the matrix transpose and the matrix V–1 represents the inverse of the matrix V. This dissimilarity
measure is extensively used in cluster analysis and
other classification techniques.
T
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curities are likely to result in an overactive market. Finally, the results show that China’s housing market is characterized by apparent volatility
spillover effects among 10 large cities, and only the
macro-control policy issued by the State Council
in May 2006 has a significant and positive effect
on regional housing returns and fluctuations. This
situation explains why China’s macro-control policies to promote the steady and sound development
of the housing market since 2005 have had a minimal impact on housing prices throughout the country. Since the price co-movement among regional
housing markets is clear, the authorities must
realize this point and take relevant and effective
measures to fight housing price appreciation.
This paper is organized as follows. Section 2
briefly reviews the relevant literature on spatial
econometric models and volatility spillover effects.
In Section 3, we introduce our DSP–GJR–GARCH
model, discuss the stationary conditions of parameters, and describe the maximum likelihood (ML)
estimation procedures. The empirical results are
reported and discussed in Section 4, and the conclusion is presented in Section 5.
2. LITERATURE REVIEW
Volatility is one of the most important research
objects in finance and economics. Estimating, modeling, and forecasting volatilities of security prices
play a key role in areas such as portfolio selection,
risk management, and asset pricing. In recent
years, related studies on how to model volatility
spillovers across asset types (e.g., among stock,
bond, and currency markets) or across regional
markets (e.g., among stock markets that are located in different regions) have become increasingly
thorough and popular. The seminal work by Engle
(1982) and the initial GARCH model proposed by
Bollerslev (1986) seem to be the frequently used
frameworks in modeling and forecasting volatilities of financial time series. Nevertheless, because
of the cross-sectional dependencies or cross-sectional heterogeneities across assets/markets, some
extended MGARCH models have been investigated in the past decades. Representative works
in this area include the vector error correction
(VEC)–GARCH model of Bollerslev et al. (1988),
the Baba–Engle–Kraft–Kroner (BEKK)–GARCH
model of Engle and Kroner (1995), the constant
conditional correlation (CCC)–GARCH model of
Bollerslev (1990), and the dynamic conditional
correlation (DCC)–GARCH model of Engle (2002).
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Housing markets are an integral part of the
capital markets; thus, studies on how to measure
the housing price variability and on how to investigate the volatility spillovers across regional housing markets are essential in risk management.
In summary, the relevant literature on volatility
spillover effects across housing markets can be
classified into two main categories.
One group of papers has explored the relationship between housing price variability and national macroeconomic development indicators like
GDP, population, unemployment rate, and income
(Apergis et al. 2015). Prominent examples of this
category include the study by Dolde and Tirtiroglu (2002), who examined the relationship between
housing price variability and the national macroeconomic conditions in the United States (US) from
1975 to 1993. They found significant correlations
between housing price variability and the national
macroeconomic development indicators such as national and regional income growth, inflation, and
interest rates. In a recent work, Kallberg et al.
(2014) investigated the co-movements of housing
prices among 14 metropolitan areas in the US using the Standard &Poor’s/Case–Shiller (S&P/CS)
seasonally adjusted home price indices from 1992
to 2008. The results show that the fundamental
factors such as population, disposable personal
income, and GDP are statistically significant determinants of housing prices and the strengths of
price co-movement among regional housing markets in the US increase after 2000. In addition,
Zhang et al. (2014) analyzed the home price variability from the perspective of national and local
forces using the S&P/CS seasonally adjusted home
price indices across 20 cities in the US from 1991
to 2012. They found that both national and local
factors play a key role in determining the variability of local housing prices based on simultaneous equations. However, the explanatory power of
national factors on local housing price changes is
slightly stronger than those of local factors. Apergis et al. (2015) employed a panel co-integration
approach to investigate the long- and short-term
dynamics of the US metropolitan area housing
prices in relation to personal income. They determined a long-term relationship between local
housing prices and per capita personal income. In
addition, Chiang (2016) used similar econometric approach to investigate interaction among the
residential, ofﬁce and retail markets in China but
found no evidence of long-run equilibrium among
them.
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Another set of studies has focused on the issue
of spatial contagion of shocks across asset/markets.
These studies concentrate on the spatial contagion
of the economic shocks to neighboring markets
or other markets with similarities. For instance,
using MGARCH models, Michayluk et al. (2006)
found significant leverage effects between US and
United Kingdom (UK, hereafter) real estate markets. Hui and Chan (2013) investigated the contagion across the stock and real estate markets of
four countries, namely, Greece, UK, US, and Hong
Kong, during the European sovereign debt crisis.
They obtained evidence of contagion across the
stock and real estate markets. However, the contagion patterns in these markets differed from one
another. Brady (2014) estimated the spatial diffusion of housing prices across the US states from
1975 to 2011 using a single-equation spatial model
and showed that the more pronounced persistence
of spatial diffusion occurred after 1999.
This paper aims to empirically investigate what
drive the co-movements in housing prices and
whether leverage effects and volatility spillover
effects exist among China’s regional housing markets. In fact, a series of studies have been conducted to answer similar questions on the US housing
markets using the S&P/CS seasonally adjusted
home price indices. For instance, Miao et al. (2011)
found significant spatial dependencies in housing
returns and conditional variances across 16 metropolitan areas from 1989 to 2006 using the S&P/
CS seasonally adjusted home price indices and a
VAR–GARCH model. However, stronger spatial
dependencies exist in the metropolitan areas located in the southern, western and eastern US.
Similarly, Zhu et al. (2013), whose work is closely
related to the present study, adopted a DSP model
with GARCH (DSP–GARCH) components in the
disturbances to explore the potential differences
in regional real estate prices in the US from 1995
to 2009. They showed that interconnections across
markets are affected by both geographic proximities and economic similarities. In addition, population, unemployment, lagged personal income
growth, and mortgage rates are significantly correlated with housing prices in regional housing
markets.
What these studies have in common are the
data sources. The studies mainly adopt the S&P/
CS seasonally adjusted home price indices and
examine the regional housing markets in the US
being subject to data availability. However, few
studies have focused on investigating whether
volatility spillover effects exist and what drive
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the co-movement in housing prices across China’s
regional housing markets. One main recent contribution is the study by Shih et al. (2014), who
addressed the questions of whether housing price
bubbles occur and whether the bubbles are spatially contagious among China’s 28 provinces. Using
quarterly housing price data from 2000 to 2012,
they found that most of the provinces have bubbles
and significant spillover effects exist among geographically adjacent regions. Another recent work
by Chiang (2014) detected ripple effects among
China’s six first-tier cities from 2003 to 2013 by
using the Toda-Yamamoto (TY) causality test. The
results show that the ripple effect is characterized by a lead-lag relationship and Beijing is the
main source of housing price appreciation, which
should be targeted as the regulatory object. Thus,
motivated by previous research, the present study
investigates the forms of price co-movement and
determines whether leverage effects and volatility
spillover effects exist among regional housing markets in China.
3. MODEL SPECIFICATIONS
We adopt a DSP–GJR–GARCH model to ascertain
whether volatility spillover effects exist and what
drive the co-movements in local housing prices
across China’s regional housing markets. MATLAB software is used to conduct our model estimations.
3.1. DSP–GJR–GARCH model
Studies on volatility spillover effects in previous
literature are mainly based on multivariate timeseries models such as MGARCH models. In contrast to the MGARCH models, the model used in
this paper is a DSP data model with a multivariate GJR–GARCH disturbance and contains fewer
unknown parameters because this model incorporates spatial correlation structures into models
beforehand by using a SWM. Thus, the current
model may be highly suitable for capturing the
spatial dependencies and serial correlations among
numerous cross-sectional units.
The model consists of three parts. The first part
is a DSP data model, which is used to measure the
spatial dependencies and serial correlations among
regional housing returns. Following the definitions
by Zhu et al. (2013), we define the interdependence
as the lagged spatial dependence and the co-movement as a contemporaneous spatial dependence
across housing markets. The second part is a spa-
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tial autoregressive model, which is used to measure
the co-movements among unexpected shocks. The
third part is a simple multivariate GJR–GARCH
(1,1) model, which is used to measure the timevarying conditional variances of housing returns.
Furthermore, this part examines whether leverage
effects and volatility spillover effects exist among
China’s regional housing markets. Following these
ideas, the proposed DSP–GJR–GARCH (1,1) model
is formulated as:
Ynt = ϕYn,t −1 + ρWYnt + λWYn,t −1 + X nt β + un +
(1)
vt + ent ,
ent = δWent + εnt ,

σ2nt = ω 0 + ω1 ε 2n,t −1 + γε 2n,t −1 I n,t −1 + ψWen2,t −1 +
ξD + ω 2 σ2n,t −1 ,

(2)

(3)

where: Ynt = ( y1t , y2t , , ynt )′ is an n × 1 vector that
represents housing returns in period t = 1,2, ,T ;
yit = ln ( pi ,t pi ,t −1 ) denotes the housing return of
region i(i = 1,2, , n.) in period t ; pit is the housing
price of region i in period t . X nt denotes an n × k
matrix of explanatory variables and β is a k × 1 coefficient vector. un is the individual-specific fixed
effect, vt is the time-specific fixed effect, and ent is
an n × 1 vector of disturbances. εnt is an n × 1 error
term and the elements of εnt are independent identically distributed. We suppose that the conditional variance of εnt is σ2nt under the given information
2 ).
set H n,t −1 in time t − 1 , i.e., εnt H n,t −1  N (0, σnt
I n,t −1 = ( I1,t −1 , I 2,t −1 , , I n,t −1 )′ denotes an n × 1 vector, where I i ,t −1 is the usual exception indicator

1 if εi ,t −1 < 0,
I i ,t −1 = 
0 if εi ,t −1 ≥ 0.

(4)

Note that εi ,t −1 < 0 represents bad news while
εi ,t −1 > 0 represents good news. Therefore, the impacts of these two factors on conditional variance
σ2nt are different. Particularly, the impact of good
news on conditional variance σ2nt is ω1 while that
of bad news on conditional variance σ2nt is ω1 + γ .
Thus, the significantly positive sign of γ suggests
the existence of leverage effects among the regional housing markets.
In addition, we are interested in whether the
key macro-control policies on the housing market
issued by the State Council over the years have
significant effects on the regional housing returns
and fluctuations. In fact, China’s central government, specifically the State Council, has adopted
various macro-control measures to stabilize the
development of housing market and to improve
people’s livelihoods in recent years (see Supple-

mentary Appendix 1). For this analysis, we add
a dummy variable D in Eqs. (1) and (3), which
represents the considered policy period2. The coefficient of the dummy variable D in Eq. (1) reflects
the effects of the key macro-control policy on the
housing returns while the coefficient ξ shows the
difference of volatilities between policy and nonpolicy periods.
3.2. Stationary conditions and ML
estimations
In this subsection, we first discuss the stationary
conditions of parameters in our proposed models
and then derive the corresponding ML estimators.
Let R = I n − ρW , S = ϕI n + λW , then Eq. (1) can
be transformed into the following form:
RYnt = SYn,t −1 + X nt β + un + vt + ent .

(5)

For Eq. (5), stationary conditions are satisfied
only if RS −1 < 1 , which requires:
ϕ + (ρ + λ )ηmax < 1,

if ρ + λ ≥ 0

ϕ − (ρ − λ )ηmax > −1,

if ρ − λ ≥ 0

ϕ + (ρ + λ )ηmin < 1,

ϕ − (ρ − λ )ηmin > −1,

if ρ + λ < 0

,

(6)

if ρ − λ < 0

where: ηmax and ηmin represent the max eigenvalue
and the min eigenvalue of W , respectively.
For Eq. (2), stationary condition is satisfied
only if δ < 1 .
For Eq. (3), the stationary conditions of unknown parameters in the multivariate GJR–
GARCH (1,1) model are as follows:
ω 0 > 0, ω1 > 0, ω 2 > 0, ψ > 0,

ω1 + γ > 0,

(7)

1
2

ω1 + γ + ω 2 > 0.

Once the stationary conditions are satisfied,
we can estimate the proposed model using the
unconditional ML estimation method proposed
by Elhorst (2005). We denote R = I n − ρW and
B = I n − δW , then the models in Eqs. (1), (2), and
(3) can be transformed into the following forms
Ynt = ϕR −1Yn,t −1 + λR −1WYn,t −1 + R −1 X nt β +
R −1 B −1 εnt ,
σ2nt = ω 0 + ω1 ε 2n,t −1 + γε 2n,t −1 I n,t −1 + ψWen2,t −1 +
ξD + ω 2 σ2n,t −1 .

2 The

(8)

(9)

dummy variable D takes the value of 1 if the national macro-control policy on the housing markets is
issued, and takes the value of 0 otherwise.
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Then, the log-likelihood
Y = (Yn′1 ,Yn′2 , ,YnT
′ ) ′ is
log L = −

nT
1
ln(2π ) −
2
2

1
T ln B −
2

T

n

∑∑
t =1 i =1

T

n

∑∑ ln(σ
t =1 i =1

function

2
it ) + T

εit2
,
σit2

of

ln R +
(10)

where: β, ϕ, ρ, λ, δ, ω 0 , ω1 , ω 2 , γ , ξ and ψ are unknown
parameters.
We obtain the estimates of the unknown parameters by maximizing Eq. (10). However, the accuracy of the estimates for unknown parameters
generally depends on the preferences for the initial values of the parameters when using the ML
estimation method. We believe that selecting the
precise initial values is important to our study because our sample only includes 118 months, which
is fairly small. A flexible initial condition can considerably reach convergence in the iteration for the
ML function because our model is also relatively
complex. Therefore, we prefer the unconditional
ML estimator and provide the initial values of
εn1 and σ2n1 by following the suggestions of Elhorst
(2005), Hsiao et al. (2002), and Zhu et al. (2013)3.
3.3. Specifications of spatial weight matrices
In spatial econometrics, the SWM is a core element to reflect the possible relations between spatial locations. In general, a SWM can be defined
as a spatial correlation function of geographic
distance, economic distance, or social distance
between cross-sectional units (Case et al. 1993;
Ma, Liu 2013). Since one aim of this study is to
choose the most appropriate SWM that can correctly capture the spatial interaction patterns
among China’s regional housing markets, a SWM
that can reflect both the geographic relations and
economic linkages between spatial units will be
a reasonable choice. Thus, we follow the work of
Case et al. (1993) and use the following compound
SWM, which is a combination of the geographic
SWM and the economic SWM.
W = aWG + (1 − a )WE , 0 ≤ a ≤ 1,

(11)

where: WG represents the geographic SWM and
WE denotes the economic SWM.
3

In fact, we suppose that εn1 = B( RYn1 − ϕY − λWY − X n1β ),
2
2
2
2
2
σ2
n1 = ω0 + ω1 ε + γε I n0 + ψWe + ξD + ω2σ , where σ
T
T
is the sample variance, Y = T −1 ∑ Ynt , ε = T −1 ∑ εnt ,
t =1
t =1
T
and e = T −1 ∑ ent .
t =1
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With respect to the geographic SWM, the longer the distance between the two regional housing
markets, the higher is the interaction cost such as
travel time. Thus, when constructing WG , we regard all spatial locations as the neighbor of each
other, but we believe that the interaction between
nearer neighbors are larger than that between farther neighbors. In this case, we use the following
popular bi-square kernel function form
[1 − (dij d )2 ]2 if dij ≤ d ,
(12)
wijG = 
if dij > d ,
0
where: wijG represents the geographic weight between
regions i and j ; dij is the straight line distance between regions i and j , and parameter d refers to the
kernel bandwidth. The function is continuous until
a distance threshold d is reached and then becomes
zero beyond the threshold. The kernel bandwidth is
the key controlling parameter and can be specified
either by a fixed or an adaptive bandwidth (Wheeler
2014). In our empirical illustration, we choose a fixed
bandwidth of d = 1591 kilometer (km), which is the
median quartile distance between two regions4. To
effectively reflect how spatial correlations vary with
the geographical distance, we change parameter d
from the first quartile distance to the maximum distance between any two regions5. The optimal threshold d is determined by the maximum log-likelihood
value and the significance of the regression coefficients, and the details for choosing d appropriately
are included in Supplementary Appendix 3.
Additionally, we support the view that stronger spatial dependencies exist among regions with
more similar economic development conditions.
Therefore, following the work of Zhu et al. (2013),
we adopt the Mahalanobis distance to construct
our economic SWM using the macro-economic relevant indicators. Particularly, the element in the
economic SWM WE is defined as follows:

e −[( Ei − E j )′V −1 ( Ei − E j )]0.5 i ≠ j,
wijE = 
(13)
i = j,
0
where: Ei represents the economic indicator vector
for region i(i = 1,2, , n.), and V denotes the sample
variance–covariance matrix.
In fact, the similar geographic SWM specification method has been adopted by Wang et al. (2015), who studied
the economic volatility co-movement across countries
using spatial models and confirmed that the strongest
spatial dependence, if any, should occur among countries that are closest to each other. However, differently from them, we adopt the bi-square kernel function instead of inverse distance kernel function based
on comparison of the goodness-of-fit.
5 The first and third quartile cutoff distances are 1125 km
and 2020 km, respectively. The maximum distance in our
sample is 2842 km between Hangzhou and Chengdu.
4
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The economically relevant indicators adopted in
this paper consist of regional GDP, per capita income of urban households, registered urban employment rate, residential satisfaction of city dwellers,
and indicators that can reflect the housing market
conditions such as the housing price expectations
and the standard deviations of the housing price expectations. However, differently from the definitions
of Zhu et al. (2013), these variables are the average
values covering the period from 2005 to 20146.
To avoid the singularity of matrix, we first rownormalize WG and WE such that each row sums to 1.
Then, we substitute W in Eq. (11) into Eqs (1), (2),
and (3), and we obtain the following equation
Ynt = ϕYn,t −1 + ρ aWG + (1 − a )WE  Ynt +
λ bWG + (1 − b)WE  Yn,t −1 + X nt β + un + vt + ent ,
ent = δ cWG + (1 − c )WE  ent + εnt ,

(14)

2 = ω + ω ε2
2
2
σnt
0
1 n ,t −1 + γε n ,t −1 I n ,t −1 + ψ GWG en ,t −1 +

ψ EWE en2,t −1 + ξD + ω 2 σn2 ,t −1 ,

where: a,b, and c represent the proportions of the
geographic SWM in the compound SWM for the contemporaneous spatial dependencies in the housing
returns, one-period lagged spatial dependencies in
the housing returns, and spatial dependencies in the
error terms, respectively; ψ G and ψ E denote the coefficients of geographic volatility interdependence and
economic volatility interdependence, respectively.
4. EMPIRICAL RESULTS
4.1. Data sources and description
Monthly regional housing price indices are obtained from China Real Estate Index System
(CREIS), which is compiled by SouFun Holdings
Limited, a company listed on the New York Stock
Exchange. Specifically, the housing price index
data are derived from an urban composite index
of new dwellings, which includes residential, office, and retail properties7. The index is a kind of
Laspeyres index with a base point of 1,000 in Beijing as of December 2000, calculated on the basis
of market investigations on selling prices of typical
new dwellings in different cities.
6 In

fact, the results using the SWM specifications proposed by Zhu et al. (2013) are almost the same as the
results presented in Table 4. The housing expectation
1 3
is calculated as EXPt = ∑ HRt − s , where EXPt represents
3 s =1
the housing expectation in period t , and HRt − s represents
the housing returns in period t − s .
7 According to CREIS, the urban composite index is calculated by a weighted average of 0.75 for residential, 0.15
for office, and 0.1 for retail properties, respectively.

Our motivation for collecting data from CREIS
is twofold. First, recent studies have mainly investigated the mean and volatility spillover effects
from mature housing markets and we intend to
continue in this direction while focusing on China’s
housing market, which represents emerging housing markets. Second, the reliability of the housing
price index significantly depends on the quality and
suitability of the data and a national uniform data
source from CREIS that can permit quality control
of the data. Indeed, Hui and Yue (2006) adopted the
residential price index data from CREIS to investigate whether a housing price bubble occurred in
Beijing and Shanghai in 2003. Using the same data
source, Chiang (2014) investigated whether ripple
effects exist among six first-tier Chinese cities.
We choose 10 national central cities or regional
central cities located in different regions to reflect
the differences in regional housing price development and to better understand China’s housing
market. Figure 1 demonstrates the locations of
the studied areas. Particularly, Beijing, Shanghai,
Guangzhou, Tianjin and Chongqing are the 5 national central cities that have strong economic power
and rapid economic development; Shenzhen, Nanjing, Wuhan, and Chengdu are the regional central
cities that lead the development of the regional cities, while Hangzhou is an eastern coastal city. In
terms of geographic locations, twin cities Beijing and
Tianjin are located in the north; Shanghai, Nanjing, and Hangzhou are in the east; Wuhan, Guangzhou, and Shenzhen are in south central China;
Chongqing and Chengdu are in west China. These
large cities have millions of resident populations
and great economic strength, as described in Supplementary Appendix 2. These cities are diversely
distributed in China, and therefore can be used to
represent the regional housing markets. Since the
monthly housing price indices have been released
by the China Index Academy (CIA) since January
2005, our sample period ranges from January 2005
to December 2014, which is equivalent to a total of
120 months. The housing returns are calculated as
Rt = 100 × ln( Pt Pt −1 ) , where Pt and Pt −1 are the
real regional housing price index, which is a nominal
regional housing price index from CREIS divided by
the consumer price index (CPI) to isolate the effect
of inflation in periods t and t − 1 , respectively8.
Table 1 presents the descriptive statistics and
stationary test results for the monthly returns for
8 The

regional CPI data adopted are obtained from National Bureau of Statistics and represent a monthly fixedbase index with December 2004=100 as base month.
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Fig. 1. Locations of the 10 cities

each of the 10 urban composite indices. As shown
in Table 1, all the average housing returns are
significantly positive, the kurtoses are larger than
3.98, and the Jarque-Bera (J-B) statistics are significantly different from zero. These results indi-

cate that the distribution of the housing returns
is characterized not by normal distribution but by
fat tails. In addition, the Augmented Dickey-Fuller
(ADF) statistics, which are significantly different
from zero, show that the series of housing returns
are stationary.
Table 2 presents the correlation matrix for the
time series of monthly housing returns for 10 urban composite indices. The results show that most
correlation coefficients between each two regional
housing markets are positive. In general, the correlation coefficients between two regional housing
markets with closer geographical distances are
larger than those between markets with farther geographical distances. However, the correlation coefficient between Beijing and Guangzhou is 0.636,
which is relatively high although these two cities
are geographically far (approximately 2267 km)
from each other. One reason for such a situation
may be that the economic development situation
in Beijing is similar to that in Guangzhou. For instance, they both are national central cities and

Table 1. Summary statistics and stationary test
Region

Mean

Median

Max.

Min.

St. dev.

Skew

Kurt

J-B
statistics

ADF
statistics

Beijing

0.800

0.597

8.204

–8.305

1.644

–0.468

12.653

462.491***

–7.432***

Tianjin

0.481

0.460

7.398

–4.254

1.566

0.768

6.283

64.603***

–9.457***

14.162

703.470***

–8.159***

8.566

184.278***

–9.510***
–4.840***

Shanghai
Nanjing

0.272
0.346

0.286
0.569

3.086
6.233

–7.707

1.323

–8.954

–2.150

1.933

–1.274

Hangzhou

0.217

0.266

3.832

–8.894

1.576

–1.987

13.173

586.418***

Wuhan

0.586

0.655

4.062

–4.387

1.408

–0.179

3.978

5.326***

–8.193***

13.785

618.950***

–8.568***

20.675

1545.970***

–6.613***
–9.105***
–8.756***

Guangzhou
Shenzhen

0.475
0.755

0.453
0.659

6.062
14.771

–11.019
–12.609

1.896

–1.547

2.389

0.712

Chongqing

0.329

0.423

12.192

–5.199

1.968

1.484

13.295

564.382***

Chengdu

0.256

0.324

6.673

–9.605

1.800

–0.914

10.757

312.223***

Notes: The units of variables mean, median, max, min and standard deviation are in percentage. The sign
significance at the 0.01 level.

***

denotes

Table 2. Correlation results for squared housing returns (volatility)
Region

Beijing

Beijing

1.000

Tianjin

0.102

1.000

Shanghai

0.624***

0.158*

1.000

Nanjing

0.242***

0.833***

0.355***

1.000

Hangzhou

0.318***

0.131

0.380***

0.232***

1.000

Wuhan

–0.027

0.164*

0.060

0.041

0.003

1.000

Guangzhou

0.636***

0.195**

0.870***

0.355***

0.366***

0.111

1.000

Shenzhen

0.914***

0.266***

0.537***

0.372***

0.291***

–0.036

0.552***

1.000

Chongqing

0.693***

0.131

0.087

0.118

0.118

0.031

0.085

0.821***

1.000

Chengdu

0.212**

0.451***

0.110

0.479***

0.076

0.120

0.217**

0.284***

0.166*

Notes: The signs

***, **,

Tianjin

*

Shanghai

Nanjing

Hangzhou

Wuhan

Guangzhou

Shenzhen

and denote significance at the 0.01, 0.05, and 0.1 levels, respectively.

Chongqing

Chengdu

1.000
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Table 3. Description of variables
Region

Population

Per capita disposable income

Unemployment
rate

Regional GDP

Number of practitioners

Mean

St. dev.

Mean

St. dev.

Mean

St. dev. Mean

St. dev.

Mean

St. dev.

Beijing

1256.33

45.08

29375.90

7993.08

1.57

0.30

13757.87

4471.62

673.91

106.48

Tianjin

1009.08

92.20

22913.60

6531.25

3.59

0.06

9138.03

3841.69

707.29

107.65

Shanghai

1401.88

23.81

31826.60

8980.84

4.26

0.08

16335.27

4379.03

1061.15

104.56

Nanjing

627.35

14.93

28076.30

8569.87

2.94

0.28

5178.42

2049.92

555.01

56.01

Hangzhou

686.79

16.3

29383.80

8439.76

2.58

0.70

5866.99

1946.53

565.11

114.78

Wuhan

825.22

9.31

20736.14

6868.65

3.95

0.33

5600.43

2505.75

473.32

32.68

Guangzhou

798.13

27.85

30168.80

8103.18

2.23

0.10

10454.12

3599.51

692.04

71.25

Shenzhen

253.43

41.70

31956.64

7573.80

2.37

0.10

9811.32

3416.01

239.65

48.65

Chongqing

3284.59

62.85

18023.60

5386.75

3.76

0.27

8069.28

3467.74

1559.58

95.20

Chengdu

1144.40

35.90

20919.30

6630.27

2.87

0.16

5655.94

2486.02

736.90

69.03

Notes: The data are annual and cover the period from 2005 to 2014. The units of population, per capita disposable
income, unemployment rate, regional GDP, and number of practitioners are in ten thousand, RMB, percentage,
RMB hundred million, and ten thousand, respectively.

both have a population of more than 10 million (see
Supplementary Appendix 2). This emphasizes that
estimation bias will occur when estimating spatial
econometric models by considering only the geographic SWM but not the economic SWM.
In this study, the main macroeconomic indicator variables contain the annual urban total population, number of practitioners, per capita disposable income of urban households, registered urban unemployment rate, fixed mortgage rate, and
monthly returns of the Shanghai Composite Index
(SCI, hereafter). We regard the loan rate with an
over five-year maturity as proxy for the fixed mortgage rate because the fixed mortgage rate is generally in accordance with the bank benchmark loan
rate with an over five-year maturity in China, and
this long-term interest loan rate is set by the People’s Bank of China (PBC). The selection of these
control variables is mainly based on insights from
well-established literature that evaluates the role
of macroeconomic fundamentals in housing markets (Kallberg et al. 2014; Moscone et al. 2014;
Zhang et al. 2014; Zhu et al. 2013). The data of
these variables are from the following sources.
The monthly returns of the SCI and the annual
urban total population data are obtained from the
Chinese Stock Market and Accounting Research (CSMAR) financial database. The annual per capita disposable income of urban households and the annual
registered urban unemployment rate data are taken
from China City Statistics Yearbook. The annual
fixed mortgage rate data are provided by the PBC.
In constructing the economic SWM, we use variables
including regional GDP, number of practitioners, per
capita disposable income of urban households, and

residential satisfaction of city dwellers. The reason
for using the residential satisfaction of city dwellers
is that we believe it is not only an important component of their quality of life but also determines the
way they respond to their own residential environment. The annual regional GDP and the number of
practitioners’ data are obtained from the CSMAR
database, while the data on the satisfaction level of
the city dwellers are taken from the CIA. Table 3
presents the summary statistics for our variables9.
4.2. Findings
First, we test whether the multivariate GJR–
GARCH (1,1) specification can successfully remove
the autocorrelation in the residuals. We adopt the
panel autocorrelation test to the squared standardized residuals of the following equation. The
standardized residuals are calculated as quotients
of the residuals and its conditional standard deviations. The F statistics of the Wooldridge test of autocorrelation in the panel data for the one-period
lagged squared standardized residuals in Eq. (15)
is 4.818. These results show that autocorrelation
exists in the residuals in Eq. (15).
Ynt = ϕYn,t −1 + ρ aWG + (1 − a )WE  Ynt +
λ bWG + (1 − b)WE  Yn,t −1 + X nt β + un + vt + ent , (15)

ent = δ cWG + (1 − c )WE  ent + εnt .
9	For

conciseness, Table 4 does not present the descriptive statistics of the fixed mortgage rates and the
monthly returns of SCI. Because we only have annual
data for the urban total population, the per capita disposable income of urban households, and the registered
urban unemployment rates, we transform them into
monthly data using quadratic-match sum/average conversion method through Eviews 8.
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Table 4 presents the regression results. In specifications 1 and 2, we allow for incorporating the
geographic SWM and the economic SWM into the
proposed model, respectively. The two specifications
are our benchmark models. Specification 3 shows
the results of the DSP–GARCH (1,1) model proposed by Zhu et al. (2013) and specification 4 presents the results of Eq. (14). The results show that
all the explanatory variables that are statistically
significant have reasonable signs. Particularly, the
contemporary growth rate of population, one-period
lagged growth rate of per capita disposable income
of urban households, and one-period lagged monthly returns of the SCI are significantly positively correlated with housing returns. Meanwhile, the oneperiod lagged growth rates of fixed mortgage rates
are significantly negatively correlated with housing
returns. However, only the macro-control policy issued by the State Council in May 2006 has a significantly positive impact on regional housing returns
and volatilities. The findings imply that regional
housing price variability is closely related to the
national macroeconomic development indicators.
For instance, the increase in per capita disposable
income of urban households will increase the purchasing power of urban households and thus result
in an increase in the demand for owner-occupied
homes, which leads to an increase in housing prices.
Compared with the DSP–GARCH (1,1) model of
Zhu et al. (2013), the DSP–GJR–GARCH (1,1) model is more suitable for capturing the price co-movement and volatility spillovers across China’s regional housing markets. The results in specifications 1
and 2 indicate that both the geographic SWM and
the economic SWM are essential in studying the
price co-movement and volatility spillovers across
regional housing markets. Notably, the coefficients
a,b, and c in specifications 4 and 5 have once more
emphasized the importance of these two factors.
To eliminate any potential multicollinearity between the explanatory variables, we first consider
a model specification that includes all the explanatory variables in both contemporaneous and oneperiod lagged forms. However, through correlation
analysis, we find that the contemporaneous and
one-period lagged growth rate of the population
as well as the contemporaneous and one-period
lagged growth rate of per-capita disposable income
of urban households is highly correlated. Thus, we
exclude some potential co-linear and insignificant
variables and present the results in Table 410.
10

Details are in Supplementary Appendix 4. Given space
limitations, we do not report the effects of other macrocontrol policies over the years on the housing returns and
volatilities. These results are available upon request.
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Results of both specifications 4 and 5 show that
serial autocorrelations exist in housing returns because the coefficient for serial correlation is significantly different from zero. This finding implies
that the housing returns for the previous period
have a strong impact on the housing returns for
the following period. Owing to low transaction
frequencies and high transaction costs, investors
often make real estate investment decisions on
the basis of previous transaction information in
housing markets. Furthermore, the coefficients
of spatial dependence parameters ρ, δ, and λ are
statistically significantly different from zero. The
absolute values of parameters ρ and δ are much
larger than that of parameter λ . This fact suggests
that the intensities of co-movements are stronger
than the intensities of spatial dependencies. With
respect to the contributions of the spatial weight
matrices, the proportions of the geographic SWM
in the compound SWMs for the contemporaneous, the one-period lagged spatial dependence in
returns, and the spatial dependence in the error
terms are 50.6%, 43.8%, and 52.1%, respectively.
The results again emphasize that both the geographic SWM and the economic SWM are essential
in studying the price co-movement and volatility
spillovers across regional housing markets.
Table 5 presents the intensity matrix of price
co-movement across 10 cities. As shown in Table 5,
strong price co-movement appear not only among
regions that are located close to each other such
as Beijing–Tianjin, but also among regions that
are located far apart but have similar economic
development conditions like Wuhan–Tianjin. This
finding indicates that both the geographic distance
and the similarity of economic development have
important effects on regional housing prices. However, the influence of the former seems to be much
stronger than that of the latter.
In terms of the conditional variances, all the
parameters of the multivariate GJR–GARCH (1,1)
model are statistically significant from zero. Compared with the values estimated from the stock
markets data, the larger coefficient of the ARCH
term ( ω1 + ψ G + ψ E = 0.334 ) indicates that investors react more quickly to innovations in housing
markets than to those in stock markets. The relatively large coefficient of the GARCH term shows
that volatility in housing markets persists for a
long time. These results are in accordance with
the findings of Zhu et al. (2013). The coefficient
γ = 0.484 shows that the leverage effects exist in
China’s regional housing markets. The existence of
leverage effects suggests that investors react more
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Table 4. Regression results
Parameter

Specification 1

Specification 2

Specification3

Specification 4

Specification 5

Estimate S.E.

Estimate S.E.

Estimate S.E.

Estimate S.E.

Estimate S.E.

0.122**

0.059

0.162*

0.086

0.060

0.105

0.165**

0.074

0.206*

0.081

βincome , t −1 0.137***

0.020

0.160***

0.030

0.029

0.036

0.145***

0.024

0.137***

0.024

βunemp, t −1 –0.007

0.024

–0.031

0.036

–0.029

0.040

–0.011

0.029

–0.053

0.028

β pop

βrate, t −1

–0.018**

0.007

–0.016

0.010

–0.013

0.013

–0.015*

0.009

–0.014*

0.008

βSZ ,t −1

0.004**

0.002

0.004

0.003

0.003

0.004

0.004*

0.002

0.004*

0.002

β policy

0.684**

0.333

0.757

0.472

0.977***

0.319

0.740***

0.400

–0.073

0.125

ρ

0.731***

0.022

0.700***

0.024

0.753***

0.038

0.726***

0.023

0.736***

0.019

δ

–0.600*** 0.042

–0.510*** 0.053

–0.430*** 0.124

–0.558*** 0.070

–0.568*** 0.037

ϕ

0.276***

0.351***

0.397***

0.347***

0.384***

λ

–0.074*** 0.015

–0.428*** 0.044

–0.266*** 0.048

–0.213*** 0.043

–0.253*** 0.041

ω0

0.177***

0.035

0.220***

0.043

0.406***

0.074

0.211***

0.036

0.122***

0.030

ω1

0.083***

0.032

0.082***

0.027

0.151***

0.033

0.076***

0.025

0.090***

0.028

ω2

0.201***

0.058

0.315***

0.051

0.238***

0.069

0.156***

0.056

0.231***

0.047

γ

0.489***

0.067

0.428***

0.050

─

─

0.484***

0.068

0.449***

0.043

ψG

0.063***

0.015

─

─

0.073***

0.018

0.031**

0.013

0.016

0.017

ψE

─

─

0.189***

0.050

0.401***

0.103

0.227***

0.054

0.465***

0.084

a

─

─

─

─

0.383*

0.210

0.506***

0.077

0.528***

0.065

b

─

─

─

─

0.635

0.504

0.438***

0.136

0.514***

0.130

c

─

─

─

─

0.421

0.343

0.521***

0.108

0.514***

0.067

ξ

4.714***

1.167

5.717***

0.606

─

─

5.538***

0.000

0.281**

0.136

R2

0.508

0.316

0.377

0.421

0.426

LL

–1768.1

–1766.6

–1997.0

–1745.6

–1787.8

RMSE

1.241

1.463

1.396

1.345

1.340

0.029

0.028

0.037

0.039

0.044

Notes: β pop , βincome ,t −1 , βunemp,t −1 , and βrate ,t −1 represent coefficients of the contemporaneous growth rate of urban
total population, one-period lagged growth rate of per capita disposable income of urban households, one-period
lagged registered urban unemployment rate, and one-period lagged fixed mortgage rate, respectively. βSZ ,t −1 is the
coefficient of the monthly returns of the SCI. β policy in specifications 4 and 5 are the coefficients for the dummy
variable D, which is used to reflect the effects of the national macro-control policy issued by the State Council in
May 2006 and by PBC in May 2014 on the regional housing returns, respectively. R2 is the goodness-of-fit. LL
stands for the maximum log-likelihood function value. RMSE represents the root-mean-square error. The signs
***, **, and*denote statistical significance at the 0.01, 0.05, and 0.1 levels, respectively.
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Table 5. Intensities of price co-movement across housing markets in 10 cities
Region

Beijing Tianjin Shanghai Nanjing Hangzhou Wuhan Guangzhou Shenzhen Chongqing Chengdu

Beijing
Tianjin

0.3708
0.3708

0.1727

Shanghai

0.3486

Nanjing

0.3486

Hangzhou

0.3613

Wuhan

0.0298

0.3613
0.3089

0.1264

0.3089

0.1727

Guangzhou

0.1264

0.3741

Shenzhen

0.0296

0.3741

Chongqing

0.3474

Chengdu

0.0298

0.0296

0.3474

Notes: Each element in the matrix is calculated as ρ  aWG + (1 − a )WE  and stands for the price co-movement between
two cities from March 2005 to December 2014. If the intensity is not statistically significantly different from zero at 0.1,
we do not report it.

Table 6. Intensities of volatility spillovers across housing markets in 10 cities
Region

Beijing

Beijing
Tianjin

Tianjin Shanghai Nanjing Hangzhou Wuhan Guangzhou Shenzhen Chongqing Chengdu
0.0358

0.0358

0.0885

Shanghai

0.0330

Nanjing

0.0330

Hangzhou

0.0333

Wuhan

0.0188

0.0333
0.0299

0.0798

0.0299

0.0885

Guangzhou

0.0798

Shenzhen

0.0384

0.0187

0.0384

Chongqing
Chengdu

0.0565
0.0188

0.0187

0.0565

Notes: Each element in the matrix is calculated as ψ GWG + ψ EWE and stands for the volatility spillover between two cities from March 2005 to December 2014. If neither geographic nor economic-based intensity is not statistically significantly
different from zero at 0.1, we do not report it.

strongly to bad news than to good news in housing
markets.
In addition, we have tested whether the autocorrelation in the residuals has been removed by
using our multivariate GJR–GARCH (1,1) specification. The F statistics of the Wooldridge test for
autocorrelation in panel data for the one-period
lagged squared standardized residuals in Eq. (14)
is 0.691. These results indicate that the autocorrelation in the residuals have been successfully
removed using our proposed model.
The significantly positive coefficients ψ G and
ψ E show that the volatility spillover effects exist among regions that are closely located to each
other or regions that have similar economic development conditions. However, the influences
of the latter seem to be much stronger than the
former. Table 6 presents the intensity matrix of
the volatility spillovers across 10 cities. These results are highly similar to those presented in Table 5, namely, strong volatility spillovers appear
not only among regions that are closely located to

each other but also among regions that are located
far apart but have similar economic development
conditions.
Figure 2 presents the time-series plots of the
urban composite indices of the 10 large cities
and their conditional variances estimated by our
proposed model. As shown in Figure 2, each city
composite index is slowly increasing. This result
indicates that the housing price of each city has
been on an uptrend since 2005. With regard to the
conditional variances, Figure 2 clearly shows that
sharp increases in volatility occurred in the period
approximately from April to July 2006. The most
obvious volatility occurred in Nanjing whose conditional variance rose to 59.04% in March 2006.
Furthermore, we are interested in the reasons that
drove such high volatility in this period. Through
close investigation, we found that the General Office of the State Council in China enacted the “Six
policies on housing market intervention in China”
on May 24, 2006. This policy aimed to adjust the
housing demand structure, rectify and standard-

252

Y. Weng, P. Gong

Fig. 2. Housing prices and volatilities of 10 large cities in China
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ize the real estate market order, and promote the
healthy development of China’s housing markets.
After the policy was announced, both banks and
investment institutions actively invested in real
estate, which led to an increase in housing prices.
Another sharp increase in volatility occurred approximately from April to July 2014. However,
only Beijing, Shanghai, Guangzhou, and Shenzhen
exhibited obvious fluctuation in housing prices at
the time. These results may imply the beginning
of China’s regional housing market differentiation.
One reason may be the implementation of the five
directives issued by PBC on May 12, 2014 to stabilize regional housing prices.
5. CONCLUSIONS
This study empirically investigated whether volatility spillover effects exist and what drove the comovements in housing returns across 10 regional
housing markets in China from 2005 to 2014. The
main findings are presented as follows:
First, the results show that the contemporaneous growth rates of population, the one-period
lagged growth rates of the per capita disposable
income of urban households, and the one-period
lagged returns of the SCI are significantly positively correlated with housing returns, which is in
accordance with the findings of Zhu et al. (2013).
Meanwhile, the one-period lagged growth rates of
fixed mortgage rates are significantly negatively
correlated with housing returns. These results
imply that regional housing price variability is
closely related to the national macroeconomic development indicators.
Second, the results indicate that the housing
returns of regions in China that are in close geographic proximities and economic similarities exhibit strong co-movement and volatility spillovers.
However, strong forms of the price co-movement
occur among regions which are located close to one
another. Evidence of the significantly positive leverage effects in China’s regional housing markets
suggests that investors react more strongly to bad
news than to good news in housing markets.
Third, the regional housing markets can mutually affect each other through housing returns, unexpected shocks, and conditional variances. Therefore, investors should be aware of the interactions
among regional housing markets. Considering only
the geographic adjacencies regardless of the similarities in economic development conditions may
lead to ineffectiveness of the portfolio strategy and
underpricing of real-estate-related assets.
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Finally, by employing a dummy variable method, we examined whether the key macro-control
policies on the housing markets issued by the
State Council over the years have significant effects on the regional housing returns and fluctuations. We found that only the macro-control policy
issued by the State Council in May 2006 had a
significant and positive effect on regional housing returns and volatilities. This result is a useful signal for policy makers and can explain why
China’s macro-control policies aimed at promoting
the steady and sound development of the housing
market since 2005 have had a minimal impact
on housing prices throughout the country. Since
the price co-movement among regional housing
markets is clear, the authorities must realize this
point and take relevant and effective measures to
fight housing price appreciation.
A useful extension of this study is to incorporate the time-varying SWM into the proposed
DSP–GJR–GARCH (1,1) model. The reasons are as
follows. First, Lee and Yu (2012) found that when
spatial weight matrices substantially vary over
time, a model misspecification of a time-invariant
spatial weight matrix may cause substantial bias
in the model estimation. Second, Seya et al. (2013)
and Cheng et al. (2014) emphasized the importance
of selecting of dynamic spatial weight matrices for
DSP data models and discussed certain rules for
various specification approaches of time-varying
spatial weight matrices.
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