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Abstract: The ripple effect of housing price movements between cities has been extensively
investigated, but there are relatively few studies on this topic within a metropolitan context,
especially at the submarket level. This paper describes the use of ripple effect theory to examine the
diffusion process and convergence of intra-urban housing prices at the submarket level in Shanghai,
an emerging global city in China. The analysis is based on directed acyclic graphs, local indicators of
spatial association time-paths, and a recently developed convergence test. The empirical results of
grouping analysis identify 25 submarkets in Shanghai, and the diffusion of housing prices between
these submarkets is found to be caused by both geographical and economic proximities. There is also
a complex recursive process of price spillovers from high- to low-priced submarkets, and vice versa,
which contributes to the spiraling local housing prices. Housing prices diverge across all submarkets,
and the whole market can be divided into three convergence clubs. Finally, these convergence clubs
have a circular structure with a degree of continuity. This study broadens our knowledge of the price
interrelationship among housing submarkets at the intra-urban level. These findings have profound
implications for urban planners, policy makers, and local residents.

Keywords: housing price; housing submarket; ripple effect; spillover effect; convergence club;
Shanghai; China

1. Introduction

Given the rocketing housing prices in many areas of the world in recent decades, housing has
become a crucial focus in attempts to avoid the reproduction of social inequality, which represents a
major challenge in achieving sustainable urban development [1]. There is a rich body of literature on
decoding the determinants of housing prices by investigating a variety of demand- and/or supply-side
fundamentals at different scales [2–5], such as location, population, income, economic development,
and urban amenities [2,6–11]. In addition, recent studies suggest that differences in housing prices are
related to spatial heterogeneity and the dependence of housing (sub)markets [2,12–14], factors that are
partially independent of the demand- and supply-side factors. In this sense, exploring the spatiality of
housing prices can improve our understanding of the nature and inequality of property values and the
causes of housing affordability problems [15–17].
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At least three interrelated aspects of the spatiality of housing prices are worthy of further
investigation. First, existing studies have focused on the heterogeneous dimensions of the housing price
distribution, such as the segmentation of housing submarkets and coefficient heterogeneity [12,18–20].
Relatively little attention has been paid to the interrelationships among different observation units
of housing prices. Existing empirical studies, which mainly consider Western countries, note that an
increase or decrease in housing prices in prime locations can spill over in space and time, and this issue
is usually debated in terms of the ripple effect of regional housing prices [21]. Compared with Western
countries, there is much less evidence of the diffusion process and the convergence of the housing
market in China, albeit with some exceptions [22,23].

Second, although there is a growing body of literature on interregional interactions and the ripple
effect of housing prices, few studies have explored this phenomenon at the intra-urban level [15,24].
Indeed, little is known about the spatiotemporal process and spatial dependence of the intra-urban
housing market [25–29]. This is partially the result of using standard definitions of economic regions
when examining the ripple effect, and partially the result of limitations in data collection and econometric
techniques [24].

Finally, most existing studies adopt various administrative areas—such as a city in a regional
context or a district in a metropolitan context—as the analysis unit in attempting to detect the ripple
effect of the housing market. However, recent studies point out that both cities and districts can include
several heterogeneous submarkets, which may lead to different market equilibriums. Therefore, it has
been proposed that the study areas be delineated into disaggregated submarkets based on a finer
unit [19,27,30]. In this regard, using the theory of the ripple effect, this study focuses on the diffusion
process and the convergence of intra-urban housing prices at the submarket level in Shanghai, an
emerging global city in China. The remainder of this paper is organized as follows. Section 2 presents
a literature review, focusing on studies on the long-term convergence and short-term diffusion process
of housing prices. Section 3 describes the study area, data processing, and methods. Section 4 reports
the main findings from Shanghai, which are discussed in detail in Section 5. Finally, Section 5 presents
the conclusions to this study.

2. Literature Review

Empirical studies have observed that influential changes in housing prices in a given location can
spill over in space and time, with such issues usually debated in terms of similar concepts such as the
ripple effect [21,31,32], contagion effect [33], domino effect [34], and co-movement [35–37] of housing
prices. These concepts are based on a common judgment that housing prices in different locations
interact spatially, although several small differences explain the causes of the interactions [38,39].
Among these concepts, the ripple effect, which is the subject of this paper, has become widespread
and commonly accepted in the literature. In his seminal work, Meen [21] argues that if the ripple
effect exists, short-term variations in price differentials lead to the diffusion of housing prices and to
spatial price patterns that tend to converge in the long term. Subsequent studies have adopted various
econometric and spatial analysis tools to verify this statement at various scales. These studies form
two strands in the existing literature.

One strand of the literature is concerned with how regional housing prices interact with each
other in the short run through ripple effects. Many previous studies agree that the ripple effect
usually emanates from a dominant region, such as the central city in the national housing market
(e.g., London in the UK, New York in the US, and Beijing in China) and central business districts (CBDs)
in the local housing market (e.g., Gangnam-gu in Seoul, Korea), and then spills over to the remainder
of the housing market [22,29,40]. This has important policy implications, as attempts to resolve the
issues arising from housing bubbles should focus on controlling the housing price appreciation in
the dominant region, rather than in all regions [22]. However, how the housing price diffuses from a
dominant region to other regions and the extent and mechanism whereby the ripple effect decays with
time and distance remain unclear.
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It is much more difficult to explain the diffusion of housing prices between regions than it is to
explain the spatial pattern of housing values, which can be roughly interpreted in terms of regional
differences in socioeconomic fundamentals, such as location, urban hierarchy, incomes, population,
and quality of living [2,7,41–43]. Previous studies focus on the influence of geographical proximity on
the interaction of regional housing prices [44,45]. Empirical studies offer strong evidence of housing
price diffusion between cross-border or neighboring regions [46–49]. Other studies find that, in addition
to geographic proximity, economic proximity is an important influence, providing a good explanation
of how the spillover effect extends to markets characterized by similar regional economic attributes
and conditions [50].

The price relation between different regions is not unilateral, but rather bilateral and interactive.
Hudson et al. [51] suggest that there is a complex recursive process of price spillovers between different
regions, whereby an unexpected price increase in a dominant region impacts on prices in other regions,
and these in turn echo back to the dominant region. In recent years, several studies have attempted
to investigate the interaction of housing prices in both the spatial and the temporal dimensions [29].
Holly et al. [40] found that the diffusion of price changes decays more slowly along the geographical
dimension than along the time dimension.

Another strand of the literature seeks evidence for the long-term convergence of regional housing
prices implied by the ripple effect hypothesis, by applying a wide variety of techniques, such as
cointegration estimations, Granger causality tests, unit root tests, non-parametric tests, and threshold
autoregressive models [33,52]. To date, there is mixed evidence that long-run equilibrium relationships
actually exist in regional housing markets [24]. There is a wealth of evidence to support the view that
convergence is reestablished and that the so-called ripple effect occurs [52,53]. Meen [21] provides four
possible explanations for these effects: interregional migration, equity (ownership) transfer, spatial
arbitrage, and spatial patterns in the determinants. However, many existing studies conclude that
there is no evidence for the long-run convergence of regional housing prices [25,44].

Other researchers view the relationship between regional housing prices as involving neither a
constant state of convergence nor one of divergence; instead, the relationship can vary over time and
space [24,54–57]. Recent studies suggest that it is essential to take the potential asymmetry of housing
price cycles into account in analyzing ripple effects and the contagion process. Such asymmetry may be
caused by nonlinearity in the determinants and behavioral responses, particularly by equity constraints
and loss aversion [54,55]. André et al. [54] examine differences in the magnitude (deepness asymmetry)
and speed (steepness asymmetry) of price changes for upswings and downturns at the regional level
in the US, and find that housing prices are asymmetric in the majority of states and metropolitan
statistical areas. Some studies indicate that the co-movement of regional housing prices in the UK
and the US is stronger during upswings than during downswings [32,39,58]. Moreover, Cook’s [59]
study of the UK provides a range of evidence that regions in the southeast of the UK experience faster
convergence following downswings in prices, whereas other regions exhibit more rapid convergence
following price increases.

Given the importance of spatial heterogeneity and complexity in the housing market, some scholars
insist that regional housing prices cannot converge to a single steady group of prices. Drake [44] finds
clear regional differences in the pattern of UK house price movements. Subsequently, researchers
investigated this phenomenon under the framework of convergence clubs [56–66] and usually with the
help of the clustering procedure of Philips and Sul [67]. Most existing studies explored the convergence
clubs at the provincial/state or inter-urban scales. Apergis and Payne [56] found three convergence
clubs by state from 1975 to 2010 in the US, while Kim and Rous [57] found four convergence clubs by
state and metropolitan area from 1975 to 2008 in the US. Montagnoli and Nagayasu [58] show that
housing prices across the UK fall into four groups. Blanco et al. [59] demonstrate the existence of
convergence clubs in Spanish regions, and suggest that differences in population growth, the size of the
rental market, initial house supply, and geographical situation are crucial determinants of convergence
club membership. Tomal [60] discovered a U-shape pattern of convergence, and three convergence
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clubs on both primary and secondary markets in Poland. Apergis et al. [61] found that South Africa’s
housing market can be divided into two convergence clubs. Empirical evidence also supports the
existence of heterogeneous convergence clubs in China. For example, Meng et al. [62] found that 10 key
cities in China can be grouped into two clubs, and Lin et al. [63] found similar results for the new
housing market and second-hand housing market over 69 large and medium-sized cities.

In recent years, some scholars have attempted to investigate the long-run convergence of housing
prices within cities, albeit with mixed results [24,68,69]. Holmes et al. [70] provided evidence for the
existence of long-run property price convergence in London. However, in their most recent paper, they
pointed out that there are four housing price convergence clubs in London, rather than a single club,
which can be explained by differences in location, distance, income, population density, congestion,
education, and housing types [24]. However, there are few studies on the long-run housing price
convergence at the intra-urban scale.

3. Data and Methodology

3.1. Study Area and Data Processing

The area considered in this study is the Shanghai municipality, excluding the Chongming district
(Figure 1). Shanghai was chosen because it is the largest city in China and an emerging global
city, with a more developed housing market than other Chinese cities [71,72]. Over the past four
decades, Shanghai has undergone a profound restructuring of its economy and infrastructure, as well
as its housing market [67,73–75]. Similar to other cities in China, the housing market in Shanghai
has been booming since 1998, when the central government launched market-oriented housing
reforms and completely abolished the traditional housing allocation system, which operated through
a work unit–employee linkage [76]. According to Shanghai Statistical Yearbooks, the average sales
price for new-builds in Shanghai soared from 1421.1 yuan/m2 in 2000 to 24,865.6 yuan/m2 in 2017,
creating serious wealth inequality and housing affordability problems [77]. According to Numbeo
(https://www.numbeo.com/), in 2020, the housing price-to-income ratio of 41.5 was the seventh highest
in the world and the fourth highest in China (after Hong Kong, Shenzhen, and Beijing). In addition,
the distribution of housing prices in Shanghai is spatially uneven, with high-priced areas mainly located
in the inner city and prices decreasing steadily with distance to the CBD (the People’s Square) [71].

In 2003, Shanghai was one of the first cities in China to implement real estate registration,
and has since accumulated a long-term series of housing transaction data, an essential requirement in
examining the ripple effect. The housing transaction data were provided by the local land and housing
registration department in Shanghai. The database includes information on the house ID, transaction
date, transaction method, sale price, house size, type, age, address, and township (xiangzheng or
jiedao), for both primary and secondary transaction records, collected from transaction contracts,
from 2004–2018. Given that real estate developers often reported an artificially low transaction price to
reduce or avoid taxes in the early years of the housing market, and that the primary market data have
a smaller geographic coverage than the secondary market data [72], our analysis excludes the primary
market data and focuses on the secondary market data.

Using the information on townships, we can calculate the total sales price and housing size,
and then average the housing prices for every quarter, subdistrict by subdistrict (town or jiedao).
To remove some of the inaccurate information in the database (the fake prices reported by real estate
agents), we neglected the 1% of transaction records at the top (highest prices) and bottom (lowest prices)
of the average price range for every quarter, subdistrict by subdistrict [78].

https://www.numbeo.com/
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3.2. Methodology

3.2.1. Grouping Analysis and Space–Time Analysis

Considering that 194, too many, subdistrict units in the study area may lead to difficulties in
identifying the price relationship between different units, we merged subdistricts into several housing
submarkets. There is no widely accepted method of identifying housing submarkets [19,20,27,79].
In this study, we conducted a grouping analysis with the assistance of a spatial statistics tool in ArcMap
10.2 to identify housing submarkets in Shanghai. This tool can classify data into several natural groups
based on one or more analysis fields. Specifically, the tool uses unsupervised machine-learning to seek
a solution, such that all features within each group are as similar as possible and all groups are as
different as possible. In this study, the housing submarkets were classified at the subdistrict level using
the average housing prices, specifically prices for both the first quarter (Q1) of 2004 and the fourth
quarter (Q4) of 2018, as the analysis field. The spatial constraint that subdistricts in the same housing
submarket should share borders was also applied.

We used a local indicators of spatial association (LISA) time-path and a directed acyclic graph
(DAG) to investigate the interaction relationship and spillover effect of housing prices across submarkets.
The LISA time-path can be regarded as a continuous representation of the Markov transfer matrix [80],
and plotting this path extends Luc Anselin’s LISA into the dynamic context, illustrating the pairwise
movement of a unit’s observation value (average housing price) and its spatial lag over time [80].
The path of submarket i can be described as [(yi,1, yli,1), (yi, 2, yli, 2),..., (yi,T, yli,T)], where yi,t is the
average housing price of submarket i at time t and yli,t is its corresponding spatial lag term. The path
of submarket i can then be drawn by connecting all the coordinates in temporal order on the Moran
scatter plot. The length of the time-path, used to estimate the dynamics of the local spatial structure of
the housing market, can be calculated as follows:

Γi =
N

∑T−1
i=1 d(Li,t, Li,t+1)∑N

i=1
∑T−1

i=1 d(Li,t, Li,t+1)
(1)
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where Li,t denotes the location of observation unit (housing submarket) i on the Moran scatter plot at
time t, d(Li,t, Li,t+1) denotes the distance between submarket i at times t and t + 1, and N is the number
of housing markets.

The DAG is applied to represent conditional independence, as implied by the recursive product
decomposition [81], which can be defined by the following formula:

prob(v1, v2, . . . , vn) =
n∏

i=1

pr
(

vi
πi

)
(2)

where prob represents the probability of variables v1, v2,..., vn. The symbol Π refers to the multiplication
operator, and πi is the realization of a subset of variables that precede (come before in a causal sense) vi
in order (i = 1, 2,..., n).

In this study, the DAG graphically represents the causality and direction between housing
submarkets. The DAG takes the whole city as an integrated system, identifies the causal relationship
within a period, and obtains the transmission path, direction, and network structure of the housing
prices. In practice, we use lines and arrows to indicate the causal relationship and its directivity
between two submarkets; otherwise, the two are independent of each other.

3.2.2. The Convergence Test and Convergence Club Identification

The convergence test developed by Phillips and Sul is used to analyze the price convergence of
the Shanghai housing market [82,83]. This test can detect the formation of convergence clubs among
housing prices simultaneously [24]. In the framework, panel data on housing prices (HPit) contain
both permanent common components that bring about cross-sectional dependence (git) and transitory
components (ait). Thus, we have:

HPit = git + ait (3)

where i = 1, . . . , N is the number of observation units (housing submarkets) in the panel and t = 1, . . . ,
T is the observation time. To separate these two components, Equation (3) is rewritten as:

HPit =
git + ait

µt
µt = δitµt (4)

where µt denotes a time-varying component that is common to all housing submarkets and δit denotes
a time-varying idiosyncratic component.

The relative transition parameter hit describes the transition path for submarket i over time,
by removing the common component µt:

hit =
HPit

1
N

∑N
i=1 HPit

=
δitµit

1
N

∑N
i=1 δitµit

=
δit

1
N

∑N
i=1 δit

(5)

which depicts the convergence process and measures δit in relation to the panel. Then, the cross-sectional
variation Ht of hit is constructed as

Ht =
1
N

N∑
i=1

(hit − 1) (6)

In Equations (5) and (6), the convergence for HPit implies that hit → 1 , and thus Ht → 0 as
t→ ∞ .

Then, the semi-parametric form of δit is:

δit = δi +
σiξit

L(t)tα
(7)
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where δi a fixed term,ξit ∼iid(0, 1) across i but is weakly dependent over t, and L(t) is a slowly varying
function and L(t) → ∞ with t→ ∞ , such as log(t). Therefore, δit → δi for all α ≥ 0.

In this context, the null hypothesis of convergence for all i can be represented as:

H0 : δit = δ and α ≥ 0 (8)

while the divergence hypothesis is:

HA : δit , δ : ∀I or α < 0 (9)

According to Phillips and Sul [82], the log(t) regression can be described as:

log(H1/Ht) − 2logL(t) = c + blogt + ut, t = [rT], . . . .T (10)

where L(t) = log(t + 1) and the estimated coefficient of log t is b = 2α. Note that the parameter b
is related to the rate of convergence under the null hypothesis, so that the higher the value of b,
the faster the rate of convergence. Convergence is identified using a one-sided t-test when tb > −1.65,
and the type of convergence is judged by the value of b, namely, if 0 < b < 2, convergence belongs to
conditional convergence; if b > = 2, convergence is absolute convergence. Then, the test estimators
adopt heteroskedasticity and an autocorrelation-consistent standard error. In particular, a fraction
(1-r) of the observations are utilized in the log(t) regression. Based on Monte Carlo simulations,
the trimming parameter r ∈ (0.2,0.3) is recommended by Phillips and Sul [67]. In general, setting r = 0.3
is for the small or moderate T (< =5 0) sample and setting r = 0.2 is for the large T (> = 100) sample.

Based on the log(t) test, Phillips and Sul’s clustering and merging procedure can be used to
identify the potential convergence clubs of housing prices and their members. This study adopts the
method with the help of the code in Stata and the four steps suggested by Holmes et al. [24,84]

4. Empirical Results

4.1. Spatiotemporal Distribution and Diffusion of Housing Prices across Submarkets in Shanghai

Using the grouping analysis tool, we delineated the housing submarkets in Shanghai city at the
subdistrict level based on the average housing prices from 2004 (Q1) to 2018 (Q4). Initially, we detected
45 housing submarkets, which were then merged into the final 25 housing submarkets, based on the
boundaries of the districts in Shanghai (see Figure 2).

Figure 3 illustrates the spatial distribution of average housing prices in the submarkets. In general,
the distribution of housing prices is in line with the classical core–periphery structure, with the areas
of highest prices agglomerated around the CBD (the People’s Square), and prices decreasing with
distance from the CBD, which is consistent with existing studies [71,85]. Although housing prices
have skyrocketed in recent decades, the overall spatial pattern of prices has not changed significantly.
In 2006 (Q4), the high-priced submarkets with unit prices above 10,000 yuan/m2—SM1, SM2, SM3,
SM4, SM6, and SM11—were concentrated in the inner-city area of Shanghai. By the fourth quarter of
2018, the areas with the highest prices (more than 50,000 yuan/m2) still include these six submarkets,
but have expanded to surrounding areas, including SM9 and SM12. The low-priced submarkets are
located in the outer ring of the city.

Figure 4 shows the overall coefficient of variation (CV) and Gini coefficient of housing prices across
different submarkets in Shanghai. These metrics are used to estimate the inequality of intra-urban
housing prices in this study. Overall, the inequality of house prices in Shanghai did not alter
significantly from 2004 (Q1) to 2018 (Q4), with CVs ranging from 0.52–0.63 and Gini coefficients ranging
from 0.29–0.35. This is because the spatial distribution of housing prices remained stable, with the
highest-price areas located in the urban core from 2004–2018, although the average prices rose sharply.
The remarkable fluctuations of these coefficients, such as from 2004 (Q1) to 2006 (Q1) and from 2015
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(Q2) to 2017 (Q2), can be explained by the influence of housing policies, the development of a new
urban district, and the layout of public facilities [15].
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As shown in the LISA time-path plot (Figure 5), we can find similar upward movements over
time among different submarkets, indicating the trend of ever-rising prices in all submarkets. We can
also identify the existence of co-movement in housing prices, and the whole market can be roughly
divided into four interrelated subgroups: (1) SM1, SM2, SM3, SM4, SM5, SM6, SM9, SM11, and SM13;
(2) SM7, SM10, SM12, and SM21; (3) SM8, SM15, SM20, SM22, and SM24; and (4) SM12, SM18, SM19,
SM23, and SM25. Moreover, the submarkets with longer LISA time-paths are mainly concentrated in
the inner city, surrounding area of outer ring, and some border areas (see Figure 6). This indicates that
housing prices in these areas have a more dynamic local spatial structure, whereas housing prices in
the other areas have a more stable structure.
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In this study, a DAG was introduced to investigate the diffusion network of housing prices among
different submarkets (Figure 7). Generally, the DAG shows that the whole network has good connectivity,
with each submarket connected to at least one other submarket. In other words, different submarkets
interact with each other through the diffusion of housing prices [21]. Specifically, both geographic and
economic proximity can be detected in the spillovers of housing prices. A spillover effect frequently
occurs between adjacent submarkets (e.g., SM4 and SM5), although price diffusion also occurs between
submarkets with similar regional economic attributes and conditions [50], such as spillovers among
high-priced submarkets and among low-priced submarkets. In addition, the recursive processes of
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price spillovers are observed between different submarkets. For example, an unexpected price increase
in a dominant region impacts prices in other regions, which in turn echo back to the dominant region.
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4.2. Convergence Club Formation among Different Submarkets in Shanghai

To analyze the convergence of housing prices, we begin by applying the log(t) test to the
25 submarkets in Shanghai. In this process, the housing prices are considered in logarithmic terms,
and the Hodrick–Prescott filter is used to smooth out the cyclical effects [86], and the first 30% of
the sample period is discarded, that is, the first 18 time observations for each housing price series.
An ordinary least-squares estimation of the log(t) regression yields an estimated slope coefficient of
−0.14 and a t-statistic of −13.2, indicating no convergence of housing prices across the whole city.

Next, we examine the possibility of convergence clubs, using a clustering and merging procedure
based on the log(t) test. The merging algorithm further identifies whether any larger clubs from the
initial classification should be merged, in case of the over determination of clubs’ number [83]. Table 1
presents the initial classification of convergence clubs and the statistical tests of potential club merging.
The results of the clustering algorithm show that five convergence clubs can be identified in the initial
classification. After merging produce, three convergence clubs finally are identified (see Figure 8),
and are all conditional convergence based on the estimated coefficients of b (0 < b < 2).

Table 1. Classification of convergence clubs in Shanghai.

Initial Classification Tests of Club Merging Final Classification
Club β coeff. t-stat. Club β coeff. t-stat. Club β coeff. t-stat.

1 0.508 8.603 1 + 2 0.275 19.021 1 0.275 19.021
2 0.080 3.683 2 + 3 −0.014 −2.594 2 0.091 1.649
3 0.010 0.198 3 + 4 0.091 1.649 3 0.224 3.464
4 0.008 0.058 4 + 5 0.064 1.825
5 0.026 0.717
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The spatial pattern of convergence clubs in Shanghai exhibits, to some extent, a circular structure
with continuity, which is consistent with existing studies [24,25]. Club 1 consists of seven submarkets
that are mostly located in the urban areas of Shanghai with the highest average housing prices,
in contrast to the other two clubs. Club 2 mainly covers the Pudong, Baoshan, Yangpu, Hongkou,
Minhang, Qingpu, and Songjiang districts, which are further from the CBD than Club 1 and have
medium housing prices. It is hard to explain why SM18, located in the northwest of the city, belongs to
Club 2. It may be because there was a large amount of interregional migration between SM18 and
the other submarkets in Club 2. Club 3 is located in the outermost part of the city, with the lowest
housing prices.

5. Conclusions and Discussion

In this study, we disaggregated the Shanghai municipality into 25 submarkets and explored the
price diffusion and convergence among these submarkets, using integrated quarterly house price
transaction data from 2004 (Q1) to 2018 (Q4). This study provides a number of interesting empirical
findings. First, although there were similar upward movement paths for all submarkets over time in
Shanghai, the diffusion path of housing prices is diversified, affected by both geographical and economic
proximities. Different from empirical evidence at the regional scale, the distribution of housing prices
and the relative length of LISA time-paths show an obvious circular spatial structure, with high-priced
areas located around the urban core. Second, we found a complex recursive process of price spillovers
among different submarkets, rather than price diffusion from high-priced to low-priced submarkets,
which partially explains the spiraling housing prices in Shanghai. Third, we did not find any
convergence of housing prices in the market as a whole from 2004 (Q1) to 2018 (Q4), but some evidence
of housing-submarket-level segmentation in Shanghai was detected. Specifically, three convergence
clubs were identified, a result that is consistent with a large number of empirical studies at the regional
scale, and is also consistent with the evidence observed in London [24,25]. Moreover, it is interesting
to note that the spatial distribution of these three convergence clubs has a circular structure with
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continuity, similar to the spatial distribution of housing prices. Overall, this study broadens our
knowledge of the price interrelationship of housing submarkets at the intra-urban level.

One of the contributions of this paper was to provide a more comprehensive understanding of the
ripple effect at the intra-urban scale, by investigating both the short-run price diffusion process and the
long-run convergence process [24,29]. In contrast to most previous studies, this paper investigates
short-run price diffusion through exploratory space–time data analysis, including LISA time-path
plots and a DAG, which not only offer novel scientific visualizations of the relationships between
segmented housing markets, but also integrate the spatial effects of dependence and heterogeneity
into empirical analysis [80]. Moreover, unlike earlier studies of long-run price convergence based on
variations in panel unit root testing and cointegration estimations [33,52], this study has used the newly
developed Phillips and Sul convergence test, which enables the detection of asymptotic co-movement
between two time series, that would be erroneously missed by stationary time series methods [24,83].
In addition, this new method allows us to identify convergence clubs more conveniently and accurately.
However, future studies should consider the relationship between the diffusion process and convergence
club formation in more detail through sophisticated econometric techniques, as the long-run spatial
distribution of housing prices could be caused by the short-run housing diffusion process.

Although the previous literature has advanced our understanding of the spatiotemporal interaction
of housing prices among different cities [21,35,48,51,87,88], there has been less research on the spatial
features of the ripple effect within a metropolitan area. This paper provides more detail on the
long-term housing market dynamics in a metropolitan context than previous studies on China [88],
thanks to the use of high-quality and long-term accumulated housing registration data from 2004
(Q1) to 2018 (Q4). It is difficult to directly compare the empirical results of this study with earlier
literature on intra-urban housing price convergence in China, as there are very few studies, to our
knowledge, that investigate the ripple effect at this scale. However, the results of this study agree
with recent studies in Western cities such as London and Greater Sydney in terms of indicating the
presence of multiple long-run convergence clubs rather than just a single club in a metropolitan
area [24,25,27]. That is, there is no strong evidence confirming the convergence of the housing market
at the intra-urban level, which may further imply that such convergence cannot be expected at the
interurban level either [26]. Even so, short-run price diffusion frequently occurs between different
submarkets, affected by both geographical and economic proximities, which is similar to what has
been observed at the regional scale [50]. In addition to the lead–lag relationship that diffuses from
high-priced to low-priced submarkets, we also found the existence of a complex recursive process
of price spillovers among different submarkets [51], which is, to some extent, neglected in previous
studies focusing on London and Greater Sydney.

There is an urgent need to establish a clearly conceived and cogent theoretical framework to explain
the price relationship and diffusion process among different submarkets with different socioeconomic
and spatial–physical attributes in a metropolitan area. The proposed reasons for price spillover at
the intra-urban scale from Western case studies include migration, spatial arbitrage, quality of life,
and spatial differences in housing price determinants [70]. Nevertheless, price diffusion and the
formation of convergence clubs in Chinese cities may differ from that in Western cities. In a Chinese
context, housing values are heavily influenced by the amenity effects of urban facilities, such as
high-quality schools and metro stations, because of the lack of urban facilities and competition for public
goods through housing choices and purchases [89]. Shanghai’s residential market still has a monocentric
structure, because of the centralized distribution of public transport facilities and amenities [71],
and similarly, the distribution of convergence clubs has a core-peripheral structure. Thus, further studies
considering more comprehensive variables in the regression model should be undertaken.

The findings of this study have some profound implications. First, given that the spillover of housing
prices is usually caused by high-priced submarkets, such as the CBD in Shanghai, enforcing policies
to control housing price increases, in combination with controlling residential land leasing prices in
these dominant regions, is likely to be more effective than adopting a “one size fits all” approach.
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Second, given that a lack of high-quality urban facilities in peripheral regions is an important reason for
the divergence within the housing market, governments should seek a more balanced distribution of
high-quality urban facilities and public services in urban planning, to make housing more affordable.
Finally, for local residents and housing investors, purchasing housing properties in low-price submarkets
that belong to the same convergence clubs as high-price submarkets is a sensible investment choice.
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