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This paper investigates patterns in housing market networks using Australian and Chinese data and a 

novel econometric approach based on pairwise time-varying Granger causality tests. The focus is on four 

fundamental questions. (1) Have housing markets become increasingly connected over time? (2) Does 

housing market connectivity increase or decrease with house prices? (3) Are socio-economic and geo- 

graphic proximity important for housing market connections? (4) Do economic fundamentals or senti- 

ment drive connectivity? The results reveal interesting differences in these markets and suggest that one 

size is not likely to fit all in terms of housing market policy. 
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. Introduction 

It is now accepted that house prices in one area may influ- 

nce expectations of prices in another area ( Shiller, 1994 ). Since 

he housing market is a critical ingredient of a market economy, 

nderstanding both the patterns of connectivity and the driving 

orces behind these connections is a potentially important input 

nto maintaining economic stability and managing financial risk. 

 highly connected market will transmit shocks broadly, while 

entiment-driven (as opposed to fundamental-driven) connections 

ay amplify the effects of shocks. A large-scale fall in house prices 

an impact mortgage loans directly, leading to rapid deterioration 

f the quality of credit portfolios and creating a significant bur- 

en for financial institutions. Consequently, information on hous- 

ng networks is essential for stress testing ( Bangia et al., 2002; 

ont and Schaanning, 2017 ) and the design and risk assessment 

f housing-related derivatives such as residential mortgage-backed 

ecurities and real estate futures and options ( Case and Shiller, 

996; Caplin et al., 2009 ). On the one hand, in addition to the ge-

graphic concentration factor considered by credit rating agencies 
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or residential mortgage-backed securities ( Flammier et al., 2011 ), 

nformation on the interconnection of housing markets may lead 

o a more accurate assessment of risks and hence credit ratings. 

n the other hand, completely disregarding the network structure 

ay underestimate market risks and lead to the failure of portfolio 

iversification strategies. 

There is now a substantial body of literature documenting 

onnectivity in the housing market, both contemporaneously and 

nter-temporally ( Hirata et al., 2013; Zhu et al., 2013; Choi, 2019; 

upta and Miller, 2012; DeFusco et al., 2018; Zhang and Fan, 

019 ). These studies invariably find strong connectivity, which is 

ttributed, respectively, to financial (especially banking) market in- 

egration ( Cotter et al., 2015; Berrospide et al., 2016; Landier et al., 

017; Choi, 2019 ), macroeconomic fundamentals ( Cotter et al., 

015; Holmes and Grimes, 2008 ), information spillovers ( Shiller, 

994; Bailey et al., 2016 ) and geographic or economic proxim- 

ty ( Bailey et al., 2016; Zhu et al., 2013 ). Several different ap-

roaches have been proposed for the identification of connectiv- 

ty: Zhang and Fan (2019) apply the variance decomposition ap- 

roach of Diebold and Yilmaz (2009) to study spillovers in city- 

evel house prices in China; Gupta and Miller (2012) use tests 

f Granger causality ( Granger, 1969 ) to investigate the existence 

f the ripple effect in three U.S. regional housing markets; and 

eFusco et al. (2018) employ a structural break test coupled with 

egression analysis to study the role of price spillovers in the U.S. 

ousing boom. 
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This paper provides novel insights on inter-temporal connec- 

ions in the housing market by focussing on four fundamental 

uestions. 

1) Do housing markets exhibit increasing connectivity over time? 

2) Does housing market connectivity increase or decrease with the 

general level of house prices? 

3) Which is more important for housing market connections, 

socio-economic proximity or geographic proximity? 

4) Are economic fundamentals the main influence on connectivity 

or is this role played by housing market sentiment? 

These questions are explored using housing market networks 

hat are based on Australian and Chinese data. In Australia, 

onthly data at the local government area level for the period 

eptember 2005 to April 2016 for Sydney and Melbourne are used 

o build two independent networks and are therefore examples of 

ithin city networks. In the Chinese case, city level data for Tier 

 and Tier 2 cities for the period January 2003 to March 2013 are

sed to build a between cities network. 1 

Connectivity is identified in terms of the time-varying test of 

ranger causality proposed by Shi et al. (2018) . The testing proce- 

ure employs a recursive algorithm, which, at every time period 

n the sample, tests for Granger causality using every possible sub- 

ample subject only to the constraint of a minimum window size. 

he test is robust to structural breaks and allows for volatility clus- 

ering in the data. Importantly, the method provides a real-time 

etection capability that can provide timely information on the de- 

ree of connectivity of housing networks. Time-varying patterns 

f connectivity are constructed from all possible pairwise tests of 

ranger causality which are then summarized using three indices: 

 total connectivity index, a centrality index and a fragility index. 

s its name suggests the former is a measure of how total con- 

ectivity in the network changes over time. The centrality index 

rovides an indication of the importance of a given node in terms 

f propagating changes in house prices, while the fragility index 

easures the vulnerability of a given node to changes elsewhere 

n the market. 

One of the important innovations in the paper is that net- 

ork connectivity is examined using both the raw house price 

ata and also the transitory component of house prices once mar- 

et fundamentals have been accounted for. It is well known that 

oth economic fundamentals and psychological factors, or senti- 

ent, can potentially drive connections among housing markets 

 Shiller, 2015 ). The econometric method allows the investigation 

f the relative importance of these two influences by decompos- 

ng house prices into fundamental and transitory components us- 

ng the approach of Shi and Phillips (2021) . Both housing demand 

nd supply factors are included in order to capture the major fun- 

amental drivers of the housing market. The transitory component 

btained from this decomposition is then interpreted as housing 

arket sentiment and this measure may then be used to study 

onnectivity which is driven purely by sentiment. 2 

The main results may be summarized as follows. Inter-temporal 

onnectivity appears to become stronger over time, a result which 

einforces the need for a truly data-driven approach to network 

dentification and also highlights the need to take proper ac- 
1 Most of the existing evidence of connectivity in housing markets relates to the 

.S. market. Notable exceptions are Hirata et al. (2013) who examine the synchro- 

ization of housing cycles across eighteen advanced economies, and Zhang and 

an (2019) who investigate the spillover effect between city-level house prices in 

hina. 
2 This component is sometimes referred to as a bubble which could be rational 

r irrational. See, for example, ( Shiller, 2015; Shi, 2017; Shi and Phillips, 2021; Shi 

t al., 2020 ). It is quite possible however, to give alternative interpretations to this 

omponent. For example, one such alternative interpretation could be related to 

ime-varying risk aversion. 
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2 
ount of market connectivity in formulating public policy and fi- 

ancial risk management with respect to the housing market. 

he pattern of connectivity is a-cyclical in Sydney and China but 

ounter-cyclical in Melbourne. Interestingly, in Sydney and Mel- 

ourne housing markets with similar social economic status are 

ore likely to be connected, but the network pattern does not 

eem to bear any discernible relationship with geographic prox- 

mity. In contrast, the connectivity pattern in China is not related 

o either of these two factors. Finally, the importance of sentiment 

iffers in these three networks; it is not perhaps as strong in Syd- 

ey as it is in Melbourne, but it is definitely strongest in the Chi- 

ese network, possibly due to the fact that home ownership in 

hina has significant cultural importance. 

. House price data 

This section provides a brief overview of the time series prop- 

rties of the monthly house price series from both the Australian 

nd Chinese housing markets. 

.1. Australia 

Sydney and Melbourne are the two largest cities in Australia 

nd therefore represent two very important housing markets in 

he context of the Australian economy. The house price data are 

onthly observations at the local government area (LGA) level in 

he two cities for the period September 2005 to December 2017 

nd are obtained from the CoreLogic RP database. 3 

Local government is the third, and lowest tier, of government 

n Australia and LGAs cover areas smaller than a capital city but 

arger than a single suburb. Only LGAs that have a complete record 

ver the entire sample period are retained. This selection rule re- 

ults in the inclusion of 32 LGAs for Sydney and 31 for Melbourne. 

ouse prices are converted to real variables using the CPI (exclud- 

ng shelter) taken from the Australian Bureau of Statistics (ABS). 

able 1 lists all the LGAs which have been grouped into broad city 

istricts or regions for ease of reference. The mean house price 

ver the sample period is given merely to provide a broad distinc- 

ion between richer and poorer areas. In Sydney, for example, the 

icher LGAs are clearly in Eastern City and Northern Districts and 

he differences in mean house prices are quite large between these 

istricts and and the others. By contrast, apart from Melbourne’s 

nner South East Region where average prices are high, the rest of 

he city has fairly evenly distributed mean house prices over the 

ample period. 

Fig. 1 plots the LGA real house price data for both Sydney and 

elbourne. Each line in the figure represents a single LGA. Most 

GAs in Sydney experienced sluggish growth early in the sample 

nd some LGAs even saw a reduction in prices during the sub- 

rime and global financial crisis of 2008 and 2009. After 2013, 

owever, Sydney house prices started to increase sharply and all 

GAs experienced a substantial appreciation in real house prices 

etween 2013 and 2017. For Melbourne, house prices in most LGAs 

eclined visibly during the crisis period of 2008/9. Unlike the pat- 

ern in Sydney, the strong growth in house prices is slightly de- 

ayed and is only really apparent after 2014. In fact the housing 

oom of 2013/14 to 2017 in these two cities triggered concerns 

bout affordability. In the wake of mounting house prices, the Aus- 

ralian Prudential Regulation Authority demanded that the com- 

ercial banks in Australia cap the growth of investment property 

oans in late 2014. 
3 The sample period is constrained by the availability of rent data. This constraint 

s binding at a later stage in the analysis when the fundamental driving factors 

nderlying house prices are introduced into the modeling. 
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Table 1 

List of local government areas for Sydney and Melbourne grouped by city area. Numbers in the brackets represents 

the average house price (in $Amillion) over the sample period September 2005 to December 2017. 

Sydney Melbourne 

Western City Blue Mountains (0.43) Eastern Region Knox (0.50) 

Hawkesbury (0.48) Manningham (0.79) 

Penrith (0.44) Maroondah (0.52) 

Camden (0.50) Monash (0.74) 

Campbelltown (0.4) Whitehorse (0.71) 

Fairfield (0.50) Yarra Ranges (0.42) 

Liverpool (0.52) Inner Metro Region Melbourne (0.76) 

Wollondilly (0.48) Port Phillip (1.03) 

Central City Blacktown (0.47) Yarra (0.84) 

Cumberland (0.57) Inner South East Region Bayside (1.21) 

Parramatta (0.76) Boroondara (1.33) 

The Hills Shire (0.81) Glen Eira (0.92) 

Eastern City Burwood (1.04) Stonnington (1.28) 

Canada Bay (1.22) Northern Region Banyule (0.56) 

Inner West (0.96) Darebin (0.62) 

Randwick (1.38) Hume (0.35) 

Strathfield (1.32) Moreland (0.56) 

Woollahra (2.33) Nillumbik (0.57) 

Waverley (1.76) Whittlesea (0.39) 

Sydney (1.01) Southern Region Cardinia (0.34) 

North District Hornsby (0.84) Casey (0.37) 

Hunters Hill (1.73) Frankston (0.38) 

Kuringgai (1.36) Greater Dandenong (0.42) 

Lane Cove (1.54) Kingston (0.60) 

Northern Beaches (1.12) Mornington Peninsula (0.48) 

Mosman (2.50) Western Region Brimbank (0.38) 

Willoughby (1.50) Hobsons Bay (0.53) 

Ryde (1.02) Maribyrnong (0.58) 

North Sydney (1.58) Melton (0.34) 

South District Georges River (0.88) Moonee Valley (0.68) 

Canterbury-Bankstown (0.63) Wyndham (0.35) 

Sutherland (0.82) 

Fig. 1. The logarithm of real median house prices in Sydney and Melbourne for the period September 2005 to December 2017. Each line represents one LGA. 
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.2. China 

The monthly Chinese city-level house price indices were com- 

iled by Fang et al. (2016) and constructed from sequential sales 

f new homes within the same housing development. The longest 

vailable period contains 123 observations, running from January 

003 to March 2013. City-level urban consumer price indices were 

btained from the China Statistical Yearbook and then used to con- 
3 
ert the house price indices into real values. Table 2 lists the 4 Tier

 and 26 Tier 2 cities included in the analysis. Note that average 

ouse price figures are not given because the Chinese data are in 

ndex form. 

Fig. 2 displays the logarithm of real house price indices for all 

f the 30 cities. There was substantial growth in real house prices 

n all the cities between 2003 and 2013. The majority of cities ex- 

erienced an increase of more 50% and in a few cases this growth 
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Table 2 

List of Chinese Cities included in the analysis. 

Tier 1 Tier 2 

Beijing Changchun Changsha Chengdu 

Guangzhou Chongqing Dalian Haikou 

Shanghai Hangzhou Harbin Hefei 

Shenzhen Hohhot Jinan Nanchang 

Nanjing Nanning Ningbo 

Qingdao Shenyang Shijiazhuang 

Suzhou Tianjin Wenzhou 

Wuxi Xi’An Xiamen 

Xining Zhengzhou 

Fig. 2. The logarithm of real house price indices for Tier 1 and 2 Chinese cities. 
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4 Campbell et al. (2009) find that the risk premium, ϕ t , in the U.S. housing mar- 

ket is predictable and explains a significant part of variation in the house prices. 
as of the order of 150%. Three episodes of rapid price increases 

an be observed, namely around late 20 04, 20 07, and 20 09–2010. 

ousing policies were implemented to restrain housing demand 

nd increase housing supply over these periods. For example, in 

005 the General Office of the State Council introduced cooling 

easures like raising preferential mortgage rates, increasing down 

ayments and imposing a sales tax on houses sold within a 2 

ears of occupancy. In 2006, the government launched a round 

f supply-side regulations, requiring at least 70% of newly regis- 

ered or constructed units are to have floor areas no larger than 90 

quare meters and accelerating the construction of low cost rental 

ousing for low income families. Similarly in September of 2007 

he People’s Bank of China once again raised the minimum down 

ayment and increased interest rates, particularly with respect to 

econd loans. Finally, in April of 2010 along with further measures 

elating to down payments, commercial banks were instructed to 

uspend loads to customers for the purchase of third or subsequent 

esidences. 

. Theoretical background 

The dominant theory of house price determination is the 

resent value model. Let P t be the real house price, D t be the rental

ncome of houses, and R t+1 = (P t+1 + D t+1 ) /P t − 1 be the asset re-

urn over the period of [ t, t + 1] . The standard no arbitrage condi-

ion is 

 t = ρt E t ( P t+1 + D t+1 ) with ρt = 

1 

1 + E t ( R t+1 ) 
, (1) 

here ρt is often referred to as the time-varying discount factor. 
4 
The logarithmic gross return to housing r t = log (1 + R t ) can be

ritten as 

 t+1 = p t+1 − p t + log (1 + e d t+1 −p t+1 ) . (2) 

here p t = log ( P t ) and d t = log ( D t ) . Following Campbell and 

hiller (1988) and applying the Taylor series expansion of log (1 + 

 

d t+1 −p t+1 ) at the sample mean of p t − d t , denoted ( p − d ), gives 

 t+1 = κ + δp t+1 + (1 − δ) d t+1 − p t , (3) 

here δ = 1 / [1 + exp ( ̄d − p̄ )] and κ = −δ log δ − (1 − δ) log (1 − δ) .

he log linear approximation of log (1 + e d t+1 −p t+1 ) typically re- 

uires the sample mean p − d to converge to the population 

ean of p t − d t . When p t and d t are cointegrated, p t − d t 
s stationary and hence the requirement is satisfied. Lee and 

hillips (2016) show that the log linear approximation remains 

alid even when the asset prices is partially explosive and d t is 

ntegrated. 

The log of real house prices can be conveniently decomposed 

nto two components. By recursive substitution of (3) and taking 

onditional expectation, it follows that 

p t = f t + e t , (4) 

here 

f t = 

κ

1 − δ
+ d t + 

∞ ∑ 

k =0 

δk 
E t (�d t+1+ k − r t+1+ k ) , (5) 

 t = lim 

i →∞ 

δi 
E t (p t+ i ) . (6) 

n this model f t is referred to as the fundamental component and 

 t is the transitory component that captures market sentiment 

 Campbell and Shiller, 1988; Campbell et al., 2009; Sun and Tsang, 

013 ). The log gross return r t+1 is further assumed to the sum of 

 baseline return i t+1 (the mortgage interest rate) and a risk pre- 

ium ϕ t+1 as in Campbell and Shiller (1988) , such that 4 

 t+1 = i t+1 + ϕ t+1 . (7) 

n terms of this assumption, the fundamental component in (5) be- 

omes 

f t = 

κ

1 − δ
+ d t + 

∞ ∑ 

k =0 

δk 
E t (�d t+1+ k − i t+1+ k − ϕ t+1+ k ) . (8) 

here is abundant evidence in the literature which demonstrates 

hat housing markets are inefficient, invalidating the present 

alue model for house prices. For example, Pollakowski and 

ay (1997) find that U.S. regional housing markets are not informa- 

ion efficient in that publicly available information is not reflected 

ompletely in house prices. Consequently, house price changes in 

ne market cannot solely be predicted by the price history in 

hat particular market, but also by price changes of other markets. 

eese and Wallace (1994) reveal that short run dynamics of house 

rices are affected by information asymmetry, transaction costs, 

nd heterogeneous beliefs. Piazzesi and Schneider (2009) find the 

xistence of a small cluster of optimistic households in the mid- 

0 0 0 U.S. housing boom. Using a heterogeneous belief model, they 

how that this small proportion of optimistic households can have 

 significant impact on house price dynamics. 

The transitory component in (4) is also often labelled as a 

ubble in the literature. See, for example, Phillips et al. (2011) ; 

hillips et al. (2015a,b) ; Shi and Phillips (2021) ; Shi (2017) ; 

hi et al. (2020) . Evidence of cross market predictability through 

he transitory component has also been documented in the litera- 

ure. For example, Greenaway-McGrevy and Phillips (2016) show 
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5 The recursive evolving window approach of Shi et al. (2018) has been shown 

to outperform other algorithms that allow for changes in Granger causality over 

time such as the forward expanding window ( Thoma, 1994 ) and rolling window 

algorithms ( Swanson, 1998 ). 
6 The minimum window size is set to 36 (equivalently, 3 years) in our empirical 

applications with monthly data. 
vidence of housing bubble migration among the metropolitan 

entres in New Zealand, while Gomez-Gonzalez et al. (2018) show 

he transmission of housing bubbles among OECD countries. 

Notwithstanding its theoretical appeal, it is clear that several 

mportant weaknesses in the traditional present value approach to 

ouse pricing have been identified in the literature. These poten- 

ial sources of market inefficiency provide the motivation for the 

xploration of connectivity in the housing market and the search 

or alternative driving forces. 

. Measuring and summarizing connectivity 

Many statistical methods have been employed to mea- 

ure connectivity within and between markets. See, for ex- 

mple, Acharya et al. (2010) ; Billio et al. (2012) ; Engle and 

elly (2012) ; Diebold and Yılmaz (2014) ; Adrian and Brunner- 

eier (2016) ; Brownlees and Engle (2016) , and, for a recent survey, 

enoit et al. (2017) . The method adopted in this paper follows the 

ork of Billio et al. (2012) in the context of financial markets and 

ses Granger causality to identify the connections between net- 

ork nodes of a suitably defined housing market. This section out- 

ines the test for time-varying Granger causality that will allow the 

dentification of network connectivity in a completely data driven 

ashion. The metrics for summarising the results will also be intro- 

uced. 

.1. Time-varying Granger causality 

Consider the bivariate VAR( m ) model given by 

 it = φ(1) 
0 

+ 

m ∑ 

k =1 

φ(1) 
1 k 

y i t−k + 

m ∑ 

k =1 

φ(1) 
2 k 

y j t−k + ε it (9) 

 jt = φ(2) 
0 

+ 

m ∑ 

k =1 

φ(2) 
1 k 

y i t−k + 

m ∑ 

k =1 

φ(2) 
2 k 

y j t−k + ε jt , (10) 

here y it and y jt , respectively, represent the growth rates of real 

ouse prices (returns) at the nodes i and j of the market being 

onsidered in period t . Limiting the analysis to a bivariate VAR( m ) 

s justified because the empirical analysis will only focus on causal- 

ty between pairs of nodes. Node i is said to Granger cause node 

j, if the past returns of i have predictive power for the current re-

urn of j, conditional on the past returns of j. Formally, the null 

ypotheses of no Granger causality from i to j involves testing the 

oint significance of φ(2) 
1 k 

( k = 1 , · · · , m ). 

In matrix form the bivariate VAR( m ) may be written as 

 t = 	x t + ε t , (11) 

n which 

 t = [ y it y jt ] 
′ , x t = [ 1 y ′ t−1 y ′ t−2 · · · y ′ t−m 

] ′ , 

nd 

2 ×( 2 m +1 ) = [ 
0 
1 · · · 
m 

] , 

ith 
0 = [ φ(1) 
0 

φ(2) 
0 

] ′ and 

k = 

[
φ(1) 

1 k 
φ(1) 

2 k 

φ(2) 
1 k 

φ(2) 
2 k 

]
for k = 1 , . . . , m. 

he null hypothesis of no Granger causality from local market i to 

j is R i → j π = 0 , where R i → j is the coefficient restriction matrix and 

= vec(	) using row vectorization. 

A central feature of housing markets is that their characteris- 

ics change over time, not least because changes in institutional or 

olicy settings. To allow for time-variation in the identification of 
5 
onnectivity, the recursive evolving Granger causality test proposed 

y Shi et al. (2018) is employed. 5 

The testing procedure requires definition of the start and end 

oints of a sub-sample, denoted t 1 and t 2 , respectively. The end 

oint of the sub-sample t 2 is fixed on the observation of in- 

erest, while the start point varies from the first observation to 

 2 − t 0 + 1 , where t 0 is the minimum window required to initi-

te the regression. 6 The sub-sample window size is then given by 

 w 

= t 2 − t 1 . Let ˆ πt 1 ,t 2 ≡ vec 
(

ˆ 	t 1 ,t 2 

)
where ˆ 	t 1 ,t 2 is the ordinary 

east squares estimate of 	 using a sample running from t 1 to 

 2 . The heteroskedastic-consistent sub-sample Wald statistic is de- 

oted by W i → j ( t 1 , t 2 ) and defined as 

 i → j ( t 1 , t 2 ) = T w 
(
R i → j ̂  πt 1 ,t 2 

)′ [
R i → j 

(
ˆ V 

−1 
t 1 ,t 2 

ˆ �t 1 ,t 2 ̂
 V 

−1 
t 1 ,t 2 

)
R 

′ 
i → j 

]−1 (
R i → j ̂  πt 1 ,t 2 

)
, 

here ˆ V t 1 ,t 2 = I n � ˆ Q t 1 ,t 2 with identity matrix I n and 

ˆ Q t 1 ,t 2 = 

 

−1 
w 

∑ t 2 
t= t 1 x t x 

′ 
t and 

ˆ �t 1 ,t 2 = T −1 
w 

∑ t 2 
t= t 1 

ˆ ξt ̂
 ξ ′ 
t with 

ˆ ξt = ˆ ε t � x t and ˆ ε t = 

 t − ˆ 	t 1 ,t 2 x t . The Granger causality test statistic for period t is 

he maximum value of the Wald statistic sequence, denoted by 

W i → j ( t ) and defined as 

W i → j ( t ) = max 
t 1 ∈ [1 ,t−t 0 +1] ,t 2 = t 

W i → j ( t 1 , t 2 ) . 

he critical values are obtained from a bootstrapping procedure 

hich is designed to control for the family-wise size over a one- 

ear period. See Shi et al. (2018) for the details of the boot- 

trapping procedure. The binary Granger causality indicator G i → j (t) 

akes value one if the test statistic SW i → j ( t ) is greater than the 5% 

ootstrapped critical value. 

Let SW 

(b) 
i → j ( t ) , with b = 1 , · · · , B , be the bootstrapped test statis-

ic sequence for the Granger causality running from i to j at period 

. The corresponding p-value is computed as 

pv i → j ( t ) = 

B ∑ 

b=1 

1 

( SW 

(b) 
i → j ( t ) > SW i → j ( t ) ) 

, 

here 1 (. ) is an indicator function taking the value one when the 

ondition is satisfied and zero otherwise. 

.2. Connectivity indices 

The existence of Granger causal relationships may be tested be- 

ween all possible pairs of nodes within the housing network, in 

oth directions and for all observations of interest subject to the 

estriction of the minimum window size. The results of the bivari- 

te causality tests may be aggregated into a number of summary 

easures or indices which provide information about the network 

nd the role of each market in the network. 

otal connectivity index 

The density of the network is measured by a connectivity index. 

t any given point in time s , the connectivity index is defined as 

he ratio between the number of identified Granger causal links 

nd the total possible links among the nodes of the network at 

eriod t such that 

 I s = 

∑ τ
i =1 ,i � = j 

∑ τ
j=1 G i → j (s ) 

τ (τ − 1) 
, (12) 

here G i → j (s ) is a binary indicator for Granger causality running 

rom node i to j in period s . The binary indicator takes value 1 
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Fig. 3. The total connectivity indices and the median (3-year) rolling window correlation coefficients. 
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f the Granger causal relationship exists and 0 otherwise. The T I

anges from 0 to 1 and summarizes the general level of connectiv- 

ty in the housing network under consideration, with a value of 1 

ndicating that there is bi-directional Granger causality between all 

odes. A dense network may be more vulnerable to shocks than a 

parse one. A large increase in T I may arise from sharp increases in 

inks initiated from a few nodes, or from a mild increase in many 

odes. 

entrality index 

The importance of each local node is measured by a centrality 

ndex. The centrality index for node i at period s is denoted by CI i s 
nd defined as the percentage of nodes in the network that are led 

Granger caused) by i given by 

I i s = 

∑ τ
j =1 , j � = i G i → j (s ) 

τ − 1 

. (13) 

odes with a high CI are systemically important, as they can prop- 

gate price movements to many other nodes within the network. 

ragility index 

In contrast to the centrality measure, consider now the sensi- 

ivity of node i to changes in other nodes. The fragility index in 

eriod s , denoted F I i s , is defined as the percentage of nodes that

ead node i and is given by 

 I i s = 

∑ τ
j =1 , j � = i G j→ i (s ) 

τ − 1 

(14) 

arkets with a higher F I are expected to be more fragile in the 

vent of a global downturn. 

. Temporal patterns in connectivity 

Fig. 3 shows the total connectivity indices for the Sydney, Mel- 

ourne and Chinese housing markets, along with their median (3- 

ear) rolling window correlation coefficients. The total connectiv- 

ty index reveals lead-lag relationships, while the correlation co- 

fficient measures the contemporaneous correlations among local 

arkets. The correlation coefficient for the Sydney housing mar- 

et fluctuates around 0.3. For Melbourne, there is a substantial in- 

rease in the contemporaneous correlation from late 2009 to 2012 

which peaks at around 0.7). The coefficient has declined substan- 

ially since then to just below 0.2 at the end of the sample period.

 rising trend is observed in the correlation coefficient for the Chi- 

ese housing markets over the sample period, from 0.12 to around 

.5. 
6 
The dynamics of the total connectivity index differ from those 

f the correlation coefficient. It is apparent that all three mar- 

ets exhibit a substantial increase in total connectivity over the 

ample period, although the patterns of these increases are dif- 

erent. All indices grow quickly at first, but then Melbourne in- 

ex peaks in 2013 and decreases gently thereafter. Sydney by com- 

arison reaches the peak of connectivity much later in mid-2015 

efore falling very slightly towards the end of the sample pe- 

iod. For the Chinese housing markets, the peak level of around 

2% achieved in 2010 is nowhere near the levels shown in the 

ustralian case. The dynamics of the total connectivity index for 

hina based on housing returns are consistent with the findings of 

hang and Fan (2019) , although the magnitudes are slightly dif- 

erent. These differences in are probably attributable to the dif- 

ering econometric methods and data sources employed. What is 

bundantly clear however is that the within city networks esti- 

ated for Australia show substantially more connectivity than the 

etween cities network estimated for Chinese Tier 1 and Tier 2 

ities. 

Fig. 4 shows the distributions of the centrality indices that mea- 

ure the importance of each node of the network in influenc- 

ng housing prices at the other nodes (in the sense of Granger 

ausality). The distribution of the centrality index for the real re- 

urn in Sydney systematically shifts away from a primary mode 

t zero and the distribution is almost uniform by the end of 

he sample. Generally speaking, the uniform distribution of the 

entrality index in Sydney means that there are going to be 

s many LGAs with little centrality as there are with limited 

r large centrality. By contrast with the Sydney distribution, the 

elbourne distribution retains a sharp peak to the distribution. 

he peak the distribution of the centrality index in Melbourne 

lso moves significantly away from zero. For Chinese housing 

arkets, the distribution of the centrality index becomes signifi- 

antly more diffuse after 2007 but remains roughly the same after 

hat. 

Fig. 5 plots the distributions of the fragility indices that mea- 

ure the susceptibility of each node in the network to prices at 

ther nodes of the network. For Sydney, the probability mass of 

he fragility indices based on the real returns drifts sharply to- 

ards the right hand tail over the sample period. The distributions 

f the fragility index are similar to those of the centrality indices 

or Melbourne and China. In summary, the level of connectivity in 

erms both centrality and fragility has increased over time in all 

hree markets. 
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Fig. 4. The distributions of the centrality indices. 

Fig. 5. The distributions of the fragility indices. 
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Table 3 

Correlation coefficients between changes of housing 

connectivity ( �T I s or �CC s ) and changes of the first 

common factor of log real house prices � f t . 

Corr (�T I s , � f t ) Corr (�CC s , � f t ) 

Sydney 0.25 0.09 

Melbourne -0.29 ∗ 0.04 

China 0.15 -0.47 ∗∗
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. Cyclicality and housing market connectivity 

The cyclical properties of housing connectivity are defined as 

ollows. 

1) Housing connectivity is said to be pro-cyclical when the corre- 

lation between changes of the total connectivity index, �T I s , or 

the correlation coefficient, �CC s , and changes of the first com- 

mon factor of log real prices is positive. In other words, markets 

are more connected when real house prices increase. 

2) Housing connectivity is said to be counter-cyclical when the 

correlation between these two variables are negative. In other 

words, markets are more closely related to each other during 

market downturns. 

3) Housing connectivity is a-cyclical when the correlation between 

these two variables is not statistically significant. The strength 

of connection is not systematically related to house prices. 

The first step is to extract common components of log real 

rices using the principle component method for each market. Let 

 

X it } be the log real house prices, with i = 1 , . . . , N and t = 1 , . . . , T .

he common factors are denoted by w t and the corresponding fac- 

or loadings are l i . The objective function is 

in 

W,L 

1 

NT 

N ∑ 

i =1 

T ∑ 

t=1 

(
X it − l ′ i w t 

)2 
, (15) 

here W = ( w 1 , . . . , w T ) 
′ and L = ( l 1 , . . . , l N ) 

′ 
. The normalization 

ondition on the loadings is L ′ L/N = I with I being an identity 

atrix. Let ˆ L be 
√ 

N times the eigenvectors corresponding to the 

argest r eigenvalues of the N × N matrix X ′ X . The estimated r

actors are ˆ W = X ̂  L /N. It is sufficient to look at the first common

actor, which accounts for close to 100% of variations in all three 
7 
ousing markets. The estimated first common factor of log real 

ouse prices of the three markets are displayed in Fig. 6 , along 

ith the total connectivity index and correlation coefficients. 

The correlation coefficients are displayed in Table 3 . Both the 

otal connectivity index and correlation coefficient of the Syd- 

ey housing market are a-cyclical. The total connectivity index is 

ounter-cyclical in Melbourne, while the contemporaneous corre- 

ation is counter-cyclical in China. 

From a policy perspective, the counter-cyclicality of housing 

onnectivity is particularly concerning, as the risk of systemic fail- 

re then becomes more pronounced during a downturn in which 

ouse prices are falling. The marked difference between the Syd- 

ey and Melbourne networks, however, points to the problem of 

aking general housing market policy for markets that behave 

ery differently over the cycle. 

. Economic and geographic proximity 

In the Australian context, the socio-economic status of lo- 

al housing markets is measured by the index of relative socio- 

conomic advantage and disadvantage ( IRSAD ), which is con- 

tructed by ABS. A high IRSAD score implies that there are many 
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Fig. 6. The first common factor of log real house prices (left axis), the total connectivity indices (right axis), and the correlation coefficients (right axis). 

Fig. 7. Scatter plots of the average p-values of the GC test against the socio-economic gaps . 

Fig. 8. Scatter plots of the average p-value of the GC test against the geographical distances. 
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igh income households in the area or large proportion of peo- 

le in the area have skilled occupations, and there are few house- 

olds with low income or few people in unskilled occupations. 

he indices are based on information from the five-yearly Cen- 

us. The socio-economic proximity ( SEP ) of two areas is computed 

s the absolute difference between the two 2016 IRSAD scores. 

or the Chinese housing market, the economic proximity of two 

ities is measured as the absolute differences between their av- 

rage per capita urban disposable incomes ( UDI). That is, SEP i j = 

 I RSAD i − I RSAD j | for Australia and SEP i j = | U DI i − U DI j | for China.

he geographic distance between two local markets, dist i j , is cal- 

ulated using the longitude and latitude coordinates of their cen- 
F

8 
res. The coordinates for LGAs in Australia are sourced from the 

ustralian Statistical Geography Standard of ABS, while the coordi- 

ates for cities in China are extracted from Baidu Maps. 

The mean p-value of the pairwise time-varying Granger causal- 

ty tests 

p̄v i → j = 1 /T 

T ∑ 

t=1 

pv i → j (t) , 

s plotted against the socio-economic proximity in Fig. 7 and geo- 

raphic distance in Fig. 8 for each of the three networks. There is a 

isible concentration of observations at the bottom left corners of 

ig. 7 (a) and (b) for Sydney and Melbourne, respectively. This im- 
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Fig. 9. The fundamental and transitory components. 
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Fig. 10. The total connectivity indices and the sentiment component. 

Table 4 

Estimated coefficients for model (16) . 

ˆ α ˆ β ˆ γ

Sydney -1.34 ∗∗∗ 0.004 ∗∗∗ -0.001 

Melbourne -1.34 ∗∗∗ 0.005 ∗∗∗ 0.002 

China -0.68 ∗∗∗ 0.000 0.000 
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lies that local housing markets with similar socio-economic sta- 

us are more likely to have a Granger causal relationship. This pat- 

ern is not observed in Fig. 7 (c) for the Chinese housing market. 

o obvious relationship between p̄v i → j and geographical distances 

s found in Fig. 8 . 

A more formal regression analysis is conducted using the logis- 

ic regression specification given by 

pv i → j = 

exp (α + βSEP i j + γ dist i j ) 

1 + exp (α + βSEP i j + γ dist i j ) 
+ ε i j . (16) 

he estimated model coefficients are reported in Table 4 . The re- 

ults demonstrate that the Granger causal relationship is signifi- 

antly related to socio-economic proximity but not to geographic 

roximity for both cities in Australia. For the Sydney and Mel- 

ourne markets, keeping geographic distance unchanged, one unit 

ncrease in the IRSAD gap is expected to lead to 0.4% and 0.5% in-

rease in the log average odds of no Granger causality, respectively. 

he Granger causality test results are not related to either of these 

wo factors in China. 

These regression results support the informal visual evidence 

resented in Figs. 7 and 8 and confirm that for the within city Aus- 

ralia networks, similarity in socio-economic profile is more impor- 

ant to connectivity than geographic proximity. 

. The role of sentiment 

In theory, real house prices should be primarily a function 

f the fundamental driving factors relating to the economy. Real 

ouse prices, however, also contain a transitory component which 

ay be interpreted as housing market sentiment, as emphasized 

y the decomposition in equation (4) . The empirical framework 

or analyzing the role of sentiment in housing market connections 

onsists of two steps. In the first step, log real house prices are de- 

omposed into a fundamental and a transitory component. In the 

econd step, time-varying Granger causality tests are applied to the 

omputed transitory components to identify patterns of intercon- 

ections. 

This analysis is closely related to the empirical literature on 

ousing bubble migration. The two most popular tests for bubble 
10 
igration are proposed by Phillips and Yu (2011) and Greenaway- 

cGrevy and Phillips (2016) . Both tests are based on coefficients 

stimated from an autoregressive model fitted to either real house 

rices or price-to-rent ratios. They do not control the impact of 

arket fundamentals other than rents (such as real interest rate 

nd housing supply). The proposed framework therefore allows for 

etter control of fundamentals than the two existing methodolo- 

ies. 

The econometric method adopted to implement this decom- 

osition in practice is the reduced-form approach proposed by 

hi and Phillips (2021) . Both the model and the estimation details 

re outlined in Appendix A . Compared to the structural decompo- 

ition suggested by Campbell and Shiller (1988) and Shi (2017) , 

his reduced-form approach is easier to implement and may in 

act be more accurate in practice. Unlike the structural decompo- 

ition, it does not rely on the validity of the present value model 

8) which may be invalid for all the reasons discussed in Section 3 .

urthermore, the computation of transitory components using the 

tructural approach requires the availability of house prices and 

ents in dollar values which are not available for the Chinese hous- 

ng market. In contrast, the reduced-form approach of Shi and 

hillips (2021) can be applied to indices that are available for all 

he markets under consideration. 

In the reduced-form approach, a regression model is estimated 

ith the log of real house prices on the left-hand side and a set of

undamental factors on the right-hand side. Variations in the log 

f real prices that cannot be explained by the fundamental factors 

re attributed to sentiment. This idea is similar in spirit to the fi- 

ancial contagion literature, where contagion analysis is conducted 

n the residual component obtained from a factor model. See, for 

xample, Bekaert et al. (2005, 2014) . Like the contagion literature, 

he residual component includes a zero mean model estimation er- 

or that might contain factors that are related to prices but not in- 

luded in the regression analysis. 

The fundamental factors considered for the two Australian cities 

nclude the real interest rate, real rent, population, employment, 

eal personal income, and a 12-month moving average of building 

pprovals as a proxy for housing supply. For the Chinese housing 

arket, M2 is used a proxy for housing demand, in addition to the 

eal interest rate, income, population, and employment. Housing 

upply is measured by housing completions. These variables are 

ommonly believed to be either non-stationary or highly persistent 

 Nelson and Plosser, 1982; Rose, 1988 ). For the regression analy- 

is, levels (rather than changes of those variables) are included in 

rder to prevent information loss and the regressors are allowed 

o exhibit various forms of persistence including non-stationary. To 

ttenuate biases induced by potential endogeneity and highly per- 

istent and even non-stationary regressors, the regression model is 
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Fig. 11. Heat maps of the centrality indices. 
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Fig. 12. Heat maps of the fragility indices. 
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(

stimated using an instrumental variable approach (IVX). The esti- 

ation method also accounts for potential serial correlation and 

onditional heteroskedasticity in the error term. Unlike ordinary 

east squares, the IVX estimation method can provide accurate sta- 

istical inference on the relevance of fundamental factors under the 

urrent model setting. 

Fig. 9 shows these two components of house prices for Syd- 

ey, Melbourne and China. For the Sydney and Melbourne housing 

arkets, although the fundamentals of the housing market show 

onotonic growth from 2010 to the end of the sample period, 

here is a decline in the transitory component in both markets 

rom 2010 to 2012 indicating a sharp fall in housing market senti- 

ent. It is reasonable to assume, therefore, that the overall growth 

n prices between 2013 and 2017 was driven in part by the recov- 

ry in housing market sentiment. For the Tier 1 and Tier 2 cities 

n China, there is an overall upward trend in the estimated funda- 

ental component over the sample period, with a market down- 

urn in some cities around 20 07–20 08. Different degrees of co- 

ovements in the transitory components are observed during the 

hree expansion periods (late 2004, 2007, and 2009–2010). 

From Table A1 and A2 in Appendix A , the real interest rate plays

he most significant role of the five fundamental factors considered 

or the two Australian housing markets. In contrast, from Table A3 , 

one of the fundamental factors is universally important for the 

hinese housing market. This finding is consistent with the empir- 

cal facts documented in Yang et al. (2012) and Fang et al. (2016) .

ccording to Yang et al. (2012) , gross national savings accounts 

or more than 50% of GDP in the first decade of the twenty-first 

entury. The remarkably high saving rate comes from households, 

rms, and the government, while households and firms’ saving ac- 

ounts for approximately 20% of GDP. Despite these extremely high 

aving rates, there are very limited investment vehicles in China, 

he most common ones being bank deposits, stock markets, and 

ousing. Fang et al. (2016) show that housing is a very attractive 

nvestment vehicle in China with much higher returns and lower 

ariance, relative to bank deposits and equity investments. There 

s therefore an excellent incentive for both households and firms 

o invest in the housing market, irrespective of the mortgage inter- 

st rate or macroeconomic conditions more generally. 

To reveal the relative importance of these two components in 

etwork formation, time-varying Granger causality tests are imple- 

ented using housing sentiment (instead of real house price re- 

urns) in order to construct networks based solely on sentiment. 

hese networks may then be compared with those obtained using 

eal returns. 

Fig. 10 shows the total connectivity index for the three markets 

sing both real housing returns and after controlling for economic 

undamentals. It reveals an interesting difference in the network 

ehaviour of the two cities in Australia, namely that housing mar- 

et sentiment is slightly more important in driving connectivity in 

elbourne than in Sydney. One possible explanation for this re- 

ult may be gleaned from a close inspection of the plots of the 

ransitory components for the two cities in Fig. 9 . It is clear that

he transitory components of the Sydney LGAs do not behave as 

uch in concert as those for Melbourne. This disparate pattern 

ay mean that sentiment in the Sydney suburbs, which show a 

reater dispersion of wealth than Melbourne, is particular to in- 

ividuals areas and consequently does not influence network con- 

ectivity as much as the fundamental components do. Total con- 

ectivity for the transitory component of house prices in China be- 

aves very similar to that for real housing returns. This result con- 

rms what was alluded to earlier, that market fundamentals are 

ot particularly important in the Chinese context and that senti- 

ent plays a more important role. 

A further layer of detail on network connectivity may be ob- 

ained by using heat maps to identify the formation and destruc- 
13 
ion of systemically important (fragile) local markets in terms of 

he centrality (fragility) indices. Figs. 11 and 12 display, respec- 

ively, the CIs and F Is for all local housing markets (vertical axis) 

ver the sample period (horizontal axis). A darker colour indicates 

 lower reading of the index and a brighter colour indicates a 

igher reading. Note that the scale is changed for the Chinese mar- 

et to reflect the fact that overall connectivity in the Chinese data 

s much lower than for the Australian networks. This device avoids 

he darker colours being so dominant that no patterns can be ob- 

erved at all. 

The major difference in the three markets is immediately ap- 

arent: in Sydney the heat maps for the returns and sentiment are 

ery different in terms of both centrality and fragility, while for 

elbourne and China they are very similar. Despite being the two 

argest cities in Australia and the capital cities of New South Wales 

nd Victoria, respectively, this network analysis shows convincingly 

hat the housing markets in the two cities work very differently. 

The general message contained in these results is quite clear. 

entiment is more important in some markets than in others. This 

alls into question the housing market policy that relies solely on 

anipulating economic fundamentals (the nominal interest rate). 

ven in low inflation periods where nominal changes imply real 

hanges, the policy effectiveness really depends upon the degree 

o which sentiment can provide a countervailing influence. Specif- 

cally, it is highly likely that interest rate policy is relatively effec- 

ive in Sydney but less so in Melbourne and China. 

Indeed, examination of Chinese housing market policy suggests 

hat policymakers have already learnt the lesson that relying on 

arket solutions may not be sufficient. While market-based solu- 

ions to cooling the housing market by raising preferential mort- 

age rates have been used in China, there is also evidence of more 

irect intervention with measures such as systematic increases in 

own payments, increased sales tax and the suspension of loans to 

ustomers for the purchase of third or subsequent residences gain- 

ng some traction. 

. Conclusion 

In this paper a framework for measuring and analysing connec- 

ivity in the housing market is proposed and implemented using 

ata from the Australian and Chinese housing markets. In the Aus- 

ralian case, local government area data is used to build two inde- 

endent within city networks for Sydney and Melbourne, while in 

he case of China, data on Tier 1 and Tier 2 cities is used to build a

ingle between cities network. Network identification is based on 

ll possible pairwise, time-varying tests of Granger causality be- 

ween the nodes of the network. This strategy allows the struc- 

ure of causal relationships to change over the sample period and 

t does not require the arbitrary delimitation of sub-samples. The 

esults of the pairwise causality tests are summarized in terms of a 

umber of metrics, namely, a total connectivity index, a centrality 

ndex and a fragility index. Total connectivity measures the density 

f network, centrality captures how influential nodes are for prop- 

gating price movements to other nodes, while fragility measures 

he susceptibility of a given node to systemic failure. As these in- 

ices are constructed conditional only on past information, they 

an be used to monitor changes in housing market networks in 

eal time and therefore provide potentially useful information to 

ublic policymakers. 

The paper began by posing four fundamental questions about 

onnectivity in housing markets. It is perhaps apposite to summa- 

ize some the conclusions that this research has yielded. 

1) Do housing markets exhibit increasing connectivity over time? 

The pattern of connectivity has generally increased over time 

and appears to be a very dynamic process. This result serves to 
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7 We refer readers to Yang et al. (2020) for details of the IVX-AR estimation 

method and Wald tests for the model parameters. 
emphasize that a truly time-varying approach is necessary in 

order to capture changes in connectivity. A methodology based 

on the arbitrary delineation of sub-samples is likely to be sub- 

optimal. Importantly, a highly interconnected market is more 

susceptible to negative shocks, leading to large-scale falls in 

house prices. The increasing connectivity of housing markets 

highlights the need to take it into consideration in financial risk 

management and policy design. 

2) Does housing market connectivity increase or decrease with 

the general level of house prices? Both the total connectiv- 

ity index and correlation coefficient of the Sydney housing 

market are a-cyclical. The total connectivity index is counter- 

cyclical in Melbourne, while the contemporaneous correlation 

is counter-cyclical in China. As such, one would expect higher 

inter-temporal connectivity among the local housing markets in 

Melbourne and higher contemporaneous correlation among the 

Chinese housing markets during market downturns. 

3) Which is the more important driver of housing market con- 

nectivity: economic proximity or geographic proximity? The 

Granger causal relationship is significantly related to socio- 

economic proximity but not geographic proximity for both 

cities in Australia, although this effect does not appear to be 

particularly strong. Chinese network connectivity appears to be 

unrelated to both economic and geographic proximity. Taken at 

face value these results are suggestive that neither of these fac- 

tors are particularly important in driving housing market con- 

nectivity. 

4) Do economic fundamentals (especially the real interest rate) ex- 

plain connectivity or are housing networks primarily influenced 

by sentiment? It seems that despite being the two largest cities 

in Australia and the capital cities of New South Wales and Vic- 

toria, respectively, the housing markets in the two cities work 

differently. In Sydney the heat maps for the returns and senti- 

ment are very different in terms of both centrality and fragility, 

while for Melbourne they are very similar. This suggests that 

fundamentals play a larger role in Sydney than in Melbourne, 

with the latter being driven more by sentiment. In the Chinese 

network there appears to be a disconnect between fundamen- 

tals and the housing market a fact that is potentially related to 

the cultural significance of home ownership. Consequently sen- 

timent plays a relatively important role in the Chinese housing 

market. 

Perhaps the general lesson to be learnt is that policymakers 

eed to be agile in their thinking in relation to housing market 

olicy and recognise that one size may not fit all, particularly in 

he Australian context. 

ppendix A. Decomposing house prices 

The decomposition method of Shi and Phillips (2021) is out- 

ined below. Let y t be the growth rate of real house prices. The 

conometric model for the decomposition is 

 t = α + βx t + ε t , (A.1) 

here x t includes both housing demand and supply variables. Vari- 

tions in y t that cannot be explained by the market fundamental 

ariables are attributed to sentiment. Unlike forecasting, the aim 

ere is to decompose y t into fundamental and transitory compo- 

ents. It is important, therefore, not to include any variables in x t 
hat are contaminated with consumer sentiment. 

The fundamental variables are assumed to have the dynamic of 

 t = d x + ρx x t−1 + u xt with ρx = I k + 

C x 

T α
, (A.2) 

here α ∈ ( 0 , 1 ] , C x = diag (c x 1 , . . . , c xk ) , and c xi ≤ 0 and u xt ∼iid 

(0 , 1) . The dynamics of the regressors are quite flexible and they 
14 
an include I(1) (when c xi = 0 ), near integrated (when α = 1 ), or

ven mildly stationary (when 0 < α < 1 and c xi < 0 ) variables. 

The error term ε t in (A.1) is allowed to be serially correlated 

nd conditional heteroskedastic. Let ηt 
i.i.d ∼ (0 , 1) then the general 

pecification of ε t is given by 

 t = 

q ∑ 

i =1 

φi ε t−i + σt ηt , (A.3) 

2 
t = ω 0 + 

m ∑ 

j=1 

ω j v 2 t− j + 

n ∑ 

l=1 

γl σ
2 
t−l . (A.4) 

his specification includes the standard case (no serial correlation 

nd homoskedasticity) as a special case with φi = ω j = γl = 0 for 

ll (i, j, l) . 

The ordinary least squares estimator of the parameters of the 

odel in equations (A.1) suffers from finite sample bias and in- 

erence from the t and Wald tests are invalid in the presence of 

ighly persistent regressors. Additionally, there is potentially an 

ndogeneity issue due to omitted variables and the joint deter- 

ination of y t and x t . See Phillips and Magdalinos (2009) and 

ostakis et al. (2015) for detailed discussions. Accordingly, the re- 

ression model is estimated by the IVX-AR method proposed by 

ang et al. (2020) . 7 Denote the IVX-AR estimates of α and β by α̂
nd 

̂ β , respectively. It follows that 

 

 t = ̂

 α + ̂

 βx t . 

he estimated market fundamental and transitory components of 

og real house prices are denoted by ̂ f t and ̂

 e t and computed as 

̂ f t = 

̂ f 1 + 

t ∑ 

i =2 ̂

 y t with 

̂ f 1 = p 1 and 

̂ e t = p t − ̂ f t . (A.5) 

1. Empirical results: Sydney and Melbourne 

The main economic drivers of Australian house prices are taken 

o be the following variables: the logarithm of real rent, r t ; the 

eal interest rate i t ; the logarithm of housing supply, s t ; popu- 

ation, l t ; employment e t ; and real personal income g t . The real

nterest rate reflects the cost of ownership and hence demand of 

ousing, while the last three factors ( l t , e t , and g t ) can also poten-

ially affect housing demand. The real interest rate is defined as the 

ifference between the standard variable mortgage rate (obtained 

rom the Reserve Bank of Australia) and the median 10-year in- 

ation expectation (from DataStream), while the personal income 

s proxied by the state final demand. State final demand, employ- 

ent and population are all sourced from the Australian Bureau 

f Statistics. Note that state final demand and population are only 

bserved at a quarterly frequency but are converted to monthly 

y assuming constancy within the quarter. The remaining variables 

bserved monthly. The housing rent data for the LGAs are obtained 

rom the CoreLogic database. Real variables are constructed using 

he consumer price index (excluding shelter). Finally, a 12-month 

oving average of building approvals at the LGA level is used as a 

roxy for housing supply. The building approvals data are available 

rom the Australian Bureau of Statistics at the LGA level and at the 

onthly frequency. 

Tables A1 and A2 contain the IVX-AR estimated β parameters 

f equation (A.1) for Sydney and Melbourne, respectively. Surpris- 

ngly, in both Sydney and particularly Melbourne rental income is 

ot as strong a driver as the real interest rate. This result may be 

ue to the fact that interest rates were mainly falling over this 
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Table A1 

IVX-AR estimates of the β parameters of the decomposition given in equations (A.1) and (A.2) for the Sydney data. Note that ∗ , ∗∗ , and 
∗∗∗ represent significance at the 1%, 5%, and 10% level, respectively. 

Rent Interest Rate Housing Supply Population Employment Income 

r t i t s t l t e t g t 
Western City Blue Mountains 0.015 -0.003 ∗∗ 0.007 0.020 -0.131 ∗ 0.051 

Hawkesbury 0.025 -0.002 -0.009 ∗∗∗ 0.726 0.118 -0.372 

Penrith 0.029 ∗∗ -0.002 ∗∗ 0.008 ∗∗∗ -0.047 -0.183 ∗∗ 0.042 

Camden 0.000 -0.002 -0.001 0.313 -0.024 -0.093 

Campbelltown -0.002 -0.001 -0.005 0.877 -0.152 -0.258 

Fairfield 0.036 ∗∗∗ -0.001 -0.001 0.593 -0.006 -0.278 

Liverpool -0.004 -0.000 -0.004 0.632 ∗∗∗ -0.129 -0.156 ∗

Wollondilly 0.000 -0.000 -0.005 0.347 -0.260 0.030 

Central City Blacktown 0.030 ∗ -0.002 ∗∗ 0.007 0.301 -0.083 -0.135 

Cumberland 0.044 ∗∗∗ -0.005 ∗∗∗ -0.001 -0.016 -0.111 0.014 

Parramatta 0.048 -0.003 ∗ 0.004 0.219 -0.165 -0.058 

The Hills Shire 0.044 ∗∗ -0.006 ∗∗∗ 0.003 -0.014 -0.151 0.028 

Eastern City Burwood 0.085 ∗∗ -0.013 ∗∗∗ -0.001 -1.126 -0.045 0.399 

Canada Bay 0.022 -0.004 0.000 0.096 -0.038 -0.039 

Inner West 0.074 -0.007 ∗∗∗ 0.002 -1.090 -0.328 ∗∗ 0.550 

Randwick 0.011 -0.011 ∗∗∗ -0.001 -0.786 -0.158 0.406 

Strathfield 0.064 -0.004 0.001 -0.623 -0.575 ∗ 0.521 

Woollahra 0.040 -0.017 ∗∗∗ 0.004 -1.612 ∗∗ 0.421 ∗ 0.434 

Waverley 0.211 ∗∗ -0.014 ∗∗∗ 0.001 -4.408 ∗∗∗ -0.137 1.707 ∗∗∗

Sydney 0.047 -0.006 ∗∗ 0.000 -0.725 -0.077 0.309 

North District Hornsby -0.000 -0.004 ∗∗ -0.000 0.249 -0.040 -0.070 

Hunters Hill 0.027 -0.006 -0.001 -0.487 0.234 0.071 

Kuringgai -0.006 -0.004 ∗∗ 0.001 0.299 -0.236 ∗ 0.004 

Lane Cove -0.029 -0.002 0.002 0.254 -0.221 0.036 

Northern Beaches -0.014 -0.004 ∗∗∗ 0.001 0.018 -0.125 0.081 

Mosman -0.021 -0.008 0.001 -0.524 -0.191 0.364 

Willoughby 0.027 -0.007 ∗∗∗ 0.002 -0.708 -0.230 0.398 ∗

Ryde 0.034 -0.006 -0.004 -0.213 -0.066 0.128 

North Sydney -0.001 -0.003 -0.003 0.342 -0.066 -0.100 

South District Georges River 0.113 ∗∗∗ -0.008 ∗∗∗ 0.002 -0.927 -0.099 0.333 

Canterbury-Bankstown 0.037 ∗∗ -0.002 ∗ -0.001 0.241 -0.096 -0.078 

Sutherland Shire 0.073 -0.008 ∗∗∗ 0.004 -0.670 -0.180 0.301 ∗

Table A2 

IVX-AR estimates of the β parameters of the decomposition given in equations (A.1) and (A.2) for the Melbourne data. Note that ∗ , ∗∗ , and ∗∗∗

represent significance at the 1%, 5%, and 10% level, respectively. 

Rent Interest Rate Housing Supply Population Employment Income 

r t i t s t l t e t g t 
Eastern Region Knox 0.000 -0.006 ∗∗∗ 0.003 -0.246 -0.084 0.199 

Manningham -0.012 -0.006 ∗∗ 0.003 -0.084 0.189 -0.089 

Maroondah -0.005 -0.006 ∗∗∗ 0.004 -0.202 0.044 0.087 

Monash 0.010 -0.007 ∗∗∗ -0.000 -0.042 0.009 -0.016 

Whitehorse -0.029 -0.010 ∗∗∗ -0.005 -0.239 -0.006 0.179 

Yarra Ranges -0.028 ∗ -0.004 ∗∗∗ 0.013 ∗∗∗ -0.101 0.226 ∗∗∗ -0.069 

Inner Metro Region Melbourne -0.048 -0.013 ∗∗∗ -0.007 ∗ -0.475 ∗∗ 0.086 0.322 

Port Phillip -0.048 -0.007 ∗ 0.002 -0.254 -0.007 0.187 

Yarra 0.028 -0.005 ∗∗∗ -0.009 ∗∗∗ -0.132 0.177 -0.038 

Inner South East Region Bayside -0.036 -0.013 ∗∗∗ 0.002 -0.591 ∗∗ 0.062 0.318 

Boroondara 0.010 -0.016 ∗∗∗ 0.009 ∗ -0.598 ∗∗∗ 0.371 ∗∗ 0.026 

Glen Eira -0.037 -0.008 ∗∗∗ -0.010 -0.071 0.204 -0.057 

Stonnington 0.002 -0.010 ∗∗∗ -0.001 -0.152 0.435 ∗∗ -0.237 

Northern Region Banyule 0.034 -0.007 ∗∗∗ 0.011 ∗∗∗ -0.260 ∗ -0.072 0.153 

Darebin 0.008 -0.005 ∗∗ 0.002 -0.229 0.302 ∗∗ -0.083 

Hume -0.003 -0.002 0.000 -0.146 -0.009 0.119 

Moreland -0.003 -0.005 ∗∗ 0.007 -0.210 0.153 -0.000 

Nillumbik 0.016 -0.005 ∗∗∗ 0.018 ∗∗∗ -0.099 0.114 -0.021 

Whittlesea -0.022 -0.004 ∗∗ -0.004 -0.375 ∗∗ -0.008 0.286 ∗∗

Southern Region Cardinia -0.042 ∗∗∗ -0.002 ∗ 0.015 ∗∗∗ 0.013 -0.043 0.046 

Casey 0.019 -0.001 ∗ 0.030 ∗∗∗ -0.211 ∗∗∗ -0.030 0.099 

Frankston -0.064 ∗∗∗ -0.005 ∗∗∗ -0.004 -0.365 ∗∗∗ 0.131 0.206 ∗

Greater Dandenong -0.017 -0.004 ∗ -0.001 -0.241 -0.032 0.196 

Kingston -0.016 -0.006 ∗∗∗ 0.001 -0.202 0.129 0.042 

Mornington Peninsula -0.021 -0.006 ∗∗∗ 0.009 -0.334 ∗∗∗ 0.275 ∗∗∗ 0.039 

Western Region Brimbank -0.056 ∗∗∗ -0.000 0.028 ∗∗∗ 0.111 0.105 -0.039 

Hobsons Bay -0.010 -0.003 -0.011 -0.147 0.302 ∗ -0.067 

Maribyrnong 0.003 -0.004 ∗ 0.002 -0.068 0.299 ∗ -0.181 

Melton 0.031 0.000 0.013 ∗∗∗ 0.047 0.079 -0.089 

Moonee Valley -0.024 -0.006 ∗∗∗ 0.001 -0.447 ∗∗∗ 0.140 0.191 

Wyndham -0.026 -0.003 ∗∗∗ 0.012 ∗∗∗ 0.004 0.027 -0.008 

15 
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Table A3 

IVX-AR estimates of the β parameters of the decomposition given in equations (A.1) and (A.2) for the Chinese 

data. 

Interest Rate M2 Income Population Employment Supply 

i t m 2 t g t l t e t s t 
Tier 1 Beijing -0.001 -0.030 -0.076 1.076 -0.006 0.074 

Guangzhou 0.002 0.639 ∗∗ -0.061 -19.94 4.324 -0.429 ∗

Shanghai 0.000 0.461 -0.058 -12.95 0.337 0.010 

Shenzhen 0.002 0.134 -0.566 ∗∗∗ 0.022 0.523 0.102 

Tier 2 Changchun -0.002 -0.004 -0.185 3.021 0.597 -0.044 

Changsha -0.000 0.141 -0.221 1.205 -0.123 0.073 

Chengdu 0.000 0.217 ∗∗ -0.337 ∗∗∗ -1.229 ∗ 0.134 0.048 ∗∗

Chongqing -0.002 ∗∗ 0.441 -0.224 -4.541 -0.054 -0.069 

Dalian 0.000 0.083 0.068 -2.713 -0.316 0.015 

Haikou -0.001 0.059 -0.032 0.065 -0.175 ∗ 0.022 

Hangzhou 0.001 0.097 -0.068 -0.219 -0.123 -0.064 

Harbin -0.001 0.124 -0.223 2.063 0.171 -0.004 

Hefei -0.001 0.221 -0.146 -0.055 -0.105 -0.014 

Hohhot -0.000 0.090 -0.092 -0.361 -0.199 0.014 

Jinan -0.001 0.173 -0.299 2.042 -0.198 0.008 

Nanchang 0.001 0.175 ∗∗ -0.293 0.492 -0.065 0.052 ∗∗

Nanjing -0.001 0.238 ∗∗ -0.199 ∗∗∗ 0.467 -0.490 0.002 

Nanning 0.000 0.038 -0.065 ∗ 0.282 ∗ -0.061 -0.008 

Ningbo -0.001 0.025 -0.052 -0.686 -0.028 0.102 

Qingdao -0.001 -0.142 ∗ 0.434 ∗∗ -3.216 -0.117 -0.032 

Shenyang 0.000 0.036 -0.303 5.583 -0.129 -0.030 

Shijiazhuang -0.002 ∗∗ 0.309 ∗∗∗ 0.106 -5.216 ∗∗∗ -0.201 -0.016 

Suzhou -0.003 ∗∗ 0.048 0.019 2.479 -0.356 ∗∗∗ -0.074 

Tianjin -0.002 0.588 ∗∗ 0.066 -6.913 -0.781 ∗ -0.077 

Wenzhou -0.000 0.234 0.004 -3.738 -0.458 -0.008 

Wuxi 0.000 -0.011 -0.018 0.258 0.011 -0.004 

Xi’An -0.000 0.176 -0.089 -1.211 -0.128 -0.011 

Xiamen 0.000 -0.002 -0.017 -0.041 0.018 0.007 

Xining -0.000 0.111 -0.101 ∗∗ 0.170 -0.055 -0.011 

Zhengzhou -0.003 ∗∗ -0.081 -0.009 1.292 0.151 -0.057 
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eriod making borrowing for house ownership particularly attrac- 

ive. The negative sign on real interest rates substantiates this con- 

ecture. The housing supply, population, employment and income 

ariables are largely of secondary importance in Sydney. Two inter- 

sting exceptions are Waverly and Woollahra, both relatively rich 

ow density suburbs in inner eastern Sydney. Here, as expected, 

opulation density is negatively related to house prices is associ- 

ted with and income is positively related, although the coefficient 

s not significant in the case of Woollahra. In Melbourne hous- 

ng supply (generally negative coefficients) and population (gener- 

lly negative coefficients) play more of a role in the decomposition 

han in Sydney. Where significant the employment variable is gen- 

rally positive, also as expected. 

2. Empirical results: China 

For the decomposition of house prices in China into fundamen- 

als and housing market sentiment, M2 is used a proxy for hous- 

ng demand, in addition to real interest, income, population, and 

mployment. Unfortunately, housing rent data at the city level are 

ot available. This is not expected to affect the decomposition sub- 

tantially because home-ownership in China not only provides a 

ense of belonging but also represents social status, allows access 

o schools and can even improve prospects in the marriage mar- 

et ( Huang et al., 2015; Wei, 2011 ). As a consequence, rental prices

ear only a marginal relationship to Chinese house prices. Income 

s proxied by per capita GDP, while housing supply is measured by 

ousing completion. The real interest rate is the lending interest 

ate adjusted for inflation as measured by the GDP deflator. Both 

ata series are obtained from Datastream. The city-level consumer 

rice index, GDP per capita, population, employment, and hous- 

ng completion data are available at the annual frequency from the 

hina City Statistical Yearbook. The GDP per capita data are con- 

erted to real terms using the city-level CPI. The conversion of an- 
16 
ual frequency data to monthly is performed using linear interpo- 

ation. The money stock, M2, is taken from the FRED database and 

s observed monthly. 

Table A3 contains the IVX-AR estimated β parameters from 

quations (A.1) and (A.2) . The results of the regression indicate that 

he fundamental driving factors seem to play much less of a role 

n the Chinese market than they do in the Australian market. Only 

 very limited number of variables appear to be significant. Con- 

equently it is to be expected that there will be little difference 

etween a network estimated on the transitory component of this 

ecomposition and one estimated using the real house price re- 

urns. 
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