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Abstract

This thesis is concerned with modelling the regional sub-markets of the Melbourne

metropolitan area using a spatial vector auto-regression model (SpVAR). The ob-

jective is to find evidence as to whether these sub-markets’ prices depend on their

neighbours’ by means of spatial proximity through the use of a spatial lag. Param-

eter estimates are obtained and used to simulate impulse response functions (IRFs)

to see whether a price shock to an individual region creates a ‘Ripple Effect’ across

the metropolitan area, where other sub-markets’ price respond to eliminate any

price differential between regions. Two models are estimated using data on house

and unit prices. In each case a Ripple Effect pattern is generated by the IRFs,

supporting evidence for an equilibrium relationship between regional sub-markets

that depends on spatial contiguity.
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1 Introduction

Is there an equilibrium relationship between house prices in the regional sub-markets of

Melbourne City? That is to say, if we disaggregate the housing market of the Melbourne

metropolitan area into distinct regions such that they represent a subset of the market for

dwellings with unique characteristics, do the prices of these sub-markets react to changes

in the prices of neighbouring regions?

The idea that housing markets somehow interact with one another and determine each

other’s prices has been the subject of much study in recent years, so much so that this

phenomenon has been titled the ‘Ripple Effect’. It is argued in the housing market

literature that a market often comprises various sub-markets for a given geographical

area (Meen 1996). Many studies identify sub-markets of an entire nation as major cities.

Typically, these sub-markets are quite distinct, with variation in the desirability and value

of land obtainable in those regions. Therefore, the features that make these regional sub-

markets unique are naturally embodied into the rental values of the land and hence the

price. In Australia, for example, it is often observed that Sydney experiences the highest

average house prices, closely followed by Melbourne.

Studies thus far have observed that price changes in a major city seem to drive house

prices in all other major cities. For example, in the UK it is often found that a rise in

house prices in the south-east eventually drive the rest of the market. That changes in

house prices in one region or sub-market lead to changes in other markets is what is known

as the Ripple Effect. In the context of an equilibrium relationship, any price differential

between regional sub-markets following a change in one of them will be eliminated (Meen

1999). The Ripple Effect preserves a long run price ratio between all sub-markets, and

this manifests in the data as cyclical variation about a time invariant mean for that ratio,

with some delay between when one market moves and the eventual impact on another

region. This delay is what is attributed to the cyclical pattern we expect in the data since,

following change, the price ratio is driven up for some time before being brought down as

the other region responds in like. The ripple effect pattern has been repeatedly verified as

an existing statistical phenomenon in the UK housing market, with some recent studies

focusing on Australia such as Ma and Liu (2013).
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Why we would expect such a pattern in the first place has also been up for debate.

The economics driving these dynamics have been formalised by Meen (1999), with a key

explanation for why the ripple effect occurs as being attributed to migration patterns

often cited by the literature. In short, a price change in one area forces market entrants

with a lower willingness to pay to substitute to another regional sub-market, thereby

bidding up the price in that region and causing successive waves of crowding out until all

‘next best’ regions are impacted by the shock from the original market. This is perhaps

the most intuitive explanation, although others also exist and include for instance no

arbitrage conditions between prices in different markets.

Whilst the dynamics of a ripple effect have been consistently verified between cities, the

main question this thesis seeks to answer is whether the same dynamics observe between

cities also occur within cities. Whilst it is observed that price changes in a given city

leads to economic agents substituting to next best locations, thereby driving up the

price, it is entirely plausible that economic actors substitute between different regions

of an individual city. This thesis therefore empirically investigates evidence for a ripple

effect pattern occurring at the city level, using data on median yearly dwelling prices by

Local Government Area (LGA) for the Melbourne metropolitan area.

The reason for city level analysis is motivated by Urban Economic Theory, which informs

us of the fact that there exists heterogeneity across different geographic locations of a

city. If there exists heterogeneity across geographic regions in Melbourne, then we may

expect a ripple effect to occur as market participants are crowded out from one particular

preferred location to the next when prices in one geographic location of Melbourne change.

If these effects are present and occur how we expect then we would also expect a statistical

relationship between the prices of various regional sub-markets of Melbourne to reflect

the economic theory of what drives the ripple effect. To begin our search of evidence for

a relationship between the prices of various parts of Melbourne we need to first identify

and define the regional sub-markets that we plan to model.
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Identifying regional sub-markets is once again motivated by urban theory which provides

a candidate model for testing how regions might interact. A simple rationale for thinking

about how the value of land (and housing) is determined is given by ‘The Central Place

Theory’ first advocated by Walter Christaller in 1933. The Central Place Theory (CPT)

argues that the value of land is a function of its distance from the centre of the city. We can

think of the centre of as being the most desirable place to live given that in most cities the

Central Business District (CBD) is characterised of higher amenity values such as reduced

travel time and more transport options, as well as more employment opportunities and

commercial activity. Using this simple heuristic, the Central Place model of a city can

be represented as concentric circles that expand from the centre outwards, with the only

determinant of heterogeneity between dwellings in different regions being that of distance

from the centre.

With this simple structure of a city in mind, we may expect that the price patterns

of various locations within a city would be consistent with a simple linear relationship

between the level of the price and the distance from the centre. We may not expect

any sharp discontinuities or trending departures in the growth rate of prices between

sub-markets, assuming that the environmental features and distance between locations

do not change over time. A property that makes cities unique however, is the fact that

they themselves grow outwards over time, redefining regions (and characteristics such

as distance from the centre) along the way. The central place theory offers a useful

benchmark model to identify and represent regional sub-markets, which we can use as a

starting point for estimating and simulating the price dynamics between regions.

This paper uses a Spatial Econometric model for estimation purposes, specifically a Spa-

tial Vector Auto-Regression (SpVAR). Spatial Econometrics offers a useful way to char-

acterize an additional layer of interaction between variables that we think may not only

vary over time but also over space. If we think about the nature of the ripple effect, the

migration patterns of economic agents are what we expect to drive which sub-markets

experience price change. Naturally agents participating in the housing market aim to

buy in their most preferred location relative to their budget constraint, and if they are

bid out of the market following some price shock then they would move to their next

best alternative. We expect the next best alternative to be a closer substitute location

to the one originally preferred, with the next best set of characteristics. These substi-

tute regions are therefore ‘close’ in some sense, whether in terms of price or in terms of

geography when thinking about the Central Place Model of a city. By construction, this

closeness or contiguity is the driver of the ripple effect and we aim to represent how these

dynamics play out econometrically. This is where Spatial Econometrics comes into play,

as its primary feature is adding another layer of interaction which comes in the form of
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proximity between variables or in this case prices of regions.

Through the Spatial VAR we can estimate whether different regions respond to price

changes in their contiguous neighbours (those regions closer to them in terms of charac-

teristics such as distance or price) and by what magnitude. If these effects are detected

to be significant then this is the first step in having some evidence for a ripple effect,

given that the sub-markets we identify actually respond in some pattern rather than in

isolation. The next step is using what parameter estimates we obtain and simulating

through Impulse Response Functions how these regions would respond exactly following

a shock to prices in one of the sub-markets.

The remainder of this paper is structured as follows: Section 2 will review the existing

literature on modelling the ripple effect. Section 3 will look at the data for various

regions and their price ratios for evidence of the ripple effect. Section 4 will cover the

Methodology, specifically how we work in a spatial framework, define regions and specify a

model. Section 5 presents the results which include parameter estimates and the Impulse

Response functions for both datasets and two models (the Central Place model and

disaggregated model). Finally, Section 6 concludes the paper followed by a discussion on

possible extensions and the appendices.
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2 Literature Review

As mentioned previously, the concept that different housing sub-markets experiencing

change following variation in price from another has been a widely accepted statistical

phenomenon across housing market studies, particularly for the UK and bears the name

of the ‘Ripple Effect’. So far the literature has primarily focused on the statistical features

of the ripple effect with various methodological approaches. There also exist a subset of

studies that focus on explaining the economic reasons for why such an effect exists with

a most notable paper by Meen (1999) who develops a regional house price model that

attempts to account for the proposed features that lead to the ripple effect.

2.1 The Ripple Effect Phenomenon

It was observed by Holmans (1990) that a distinct spatial pattern existed in the house

price cycles from 1960 onwards. What was observed was an initial departure in house

prices between the north and south-east regions of England during the 1980s and a

narrowing by the 1990s. It appeared that the south-east regions led the house price

cycle, with movements in the south-east greater in magnitude than all others. Holmans

(1990) proposed that there exists a set of long run house price relativities between the

prices of various regions across the country. In the long run any differential between

regions is eliminated. This is then shown in the house price cycle as short run departures

in house price between regions followed by an eventual convergence.

Since Holman’s observations, various studies have followed in attempt to verify this ripple

effect pattern. Alexander and Barrow (1994) as well as Ashworth and Parker (1997) use

cointegration methods and Granger causality tests. Cointegration methods are concerned

with the long run equilibrium relationship between multiple variables, which in this case

are the house prices of regional sub-markets across the UK. These studies sought to

identify whether long run movements in the Midlands were related in some equilibrium

fashion to those regions in the south. Both studies appear to confirm through these

methods a long run relationship between regional sub-markets, and additionally Granger

causality tests employed by Alexander and Barrow (1994) indicate that indeed the south-

east regions lead the rest of the market and Granger-cause movements in the rest of the

nation.
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The ripple effect phenomenon also extends beyond appearing in the UK alone as has

been shown in a recent Australian study by Ma and Liu (2013). This study approaches

modelling the ripple effect in a similar fashion to those focused on the UK, by modelling

Australian cities as a series of sub-markets that depend on one another in terms of

price. The authors use a spatial Vector Auto-regression SpVAR which is also what this

thesis employs as the primary technique in modelling the ripple effect which will later

be described in more detail in section 4. The authors model a system of equations,

one for each city (Adelaide, Hobart, Darwin, Cairns, Brisbane, Melbourne, Perth and

Sydney) where each city is a function of a lag of its own price and a weighted average

of its contiguous neighbours (where neighbours are cities most like a given city) and

this is referred to in the spatial econometrics literature as the ‘spatial lag’ (Beenstock

& Felsenstein 2007). In their results all cities except for Darwin and Perth are affected

by price changes in neighbouring cities, suggesting a large degree of interconnectivity

between the sub-markets of Australia supporting the possibility for a ripple effect. Their

simulated Impulse Response Functions (IRFs) show that a one standard deviation shock

to Sydney prices spreads to all cities, affecting Canberra and Melbourne with greater

magnitude and Darwin and Perth the least, and argue that the impulse responses of

regions depends on contiguity or likeness.
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2.2 Theoretical Explanations for the Ripple Effect

Various economic theories have been proposed by the literature in attempts to explain

the economic behaviour that would lead to a ripple effect pattern as observed in the data.

These theories are summarized by Meen (1999) as the following:

1) Migration:

The argument that migration is responsible for the ripple effect pattern is perhaps the

most intuitive explanation. As was mentioned earlier, a simple way to envisage why one

regional sub-market would experience change as the result of change in another is due to

the behaviour of economic agents in response to the increase in price in that other region.

We can think of potential buyers as utility maximizing individuals, who gain the greatest

payoff obtaining land in the most desirable part of the market. Whether this part of

the market includes living in a particular city, or as in our sub-city approach, living in a

desirable geographic location such as the CBD or a waterfront, market entrants can be

outbid in their willingness to pay for these location premia following a change in price.

In response to this, market entrants naturally substitute to the next best alternative, a

comparable location that is an imperfect substitute for the original. What results is that

this next best alternative (sub-market) will face a series of upward bidding on prices until

the willingness to pay in that region is surpassed leading to another wave of crowding out

by market entrants. The process repeats until every ‘next best’ market has responded

(with some delay depending on their position in the tiers of preferred locations) to the

initial change and thus leading to a ripple effect pattern in the prices of the entire market.

2) Spatial Arbitrage:

A similar argument can also be made that the patterns of agents decisions leads to the

ripple effect, except rather than agents physically migrating, we can think of the same

patterns occurring with the flows of funds across space. Initial changes in the price of

a certain region would lead to a disparity in the returns available across different sub-

markets initially. A completely efficient market would imply that arbitrage opportunities

across space would be eliminated, that is house prices in a given region would not be able

to predict house price changes in another region. In this case, all movements would be

relatively contemporaneous and all sub-markets would move together.
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Generally information takes time to travel, especially in a market for relatively illiquid

assets, in which case there is most likely a lagged response for price changes after the

initial region moved according to Meen (1999). In either case, the explanations for why

other regions experience change is due to the interaction opportunities of agents’ financial

decisions across space, leading to a ripple effect in much the same way as the migration

argument, providing the effects can be detected at whatever time frequency they occur.

3) Equity Transfer:

A third explanation for the ripple effect pattern is closely related to migration and spatial

arbitrage and concerns the purchasing power of agents who own housing stock in certain

sub-markets. Individuals taking part in economic life in other geographic areas take

into account lagged values of house prices in neighbouring areas as a measure of their

own wealth, which impacts their current time period decisions. This mainly concerns

those individuals who are ‘moving up the ladder’ in the housing market as Meen (1999)

argues and so increases in prices of neighbouring regions translate into other markets as

purchasing opportunities. Increases in price in neighbouring markets therefore lead to a

ripple effect, whereby one region responds with delay to the original change.

4) Spatial Patterns in the Determinants of House Prices:

The forth argument presented by Meen (1999) states that a ripple effect pattern can occur

even without spatial links between regional sub-markets. He argues that it may well be

possible that the ripple effect pattern is a result of individual differences in sub-market

growth rates that are due to different states of each local economy. In this view, each

sub-market (city) responds differently to the overall state of the macro-economy, and

so changes in macro variables lead to differing local impacts on each sub-market with

possible delays on the eventual change in house prices.

The main contribution of Meen’s 1999 paper was modelling the determinants of house

prices within each city, and testing for coefficient heterogeneity in macro influences (such

as interest rates and unemployment). The main finding was that there are different

response rates to changes in macro conditions and that the reason for the apparent

south-east moving first was that growth in the overall economy takes place in the south

first, with other regions responding with some delay. Meen (1999) found that interest

rates and unemployment have a larger impact in the south-east regions relative to the rest

of the market and less so in the northern markets. The ripple effect pattern is therefore

attributed to heterogeneous responses of individual markets to macro conditions, leading

to different growth rates and adjustment periods rather than the behaviour of agents
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between markets.

2.3 Urban Theory and City Level Sub-Markets

Whilst great attention has been focused on explaining ripple effect patterns across na-

tional sub-markets, investigation into whether the same patterns apply within a city is

uncharted territory in the literature. Whilst this thesis does not offer a formal economic

model for the determinants of a ripple effect at a city level, we can infer from earlier dis-

cussion the possible drivers of such an effect once we consider more closely the diversity

that exists within the space of a city.

A city level analysis of the ripple effect is by nature a more disaggregated focus compared

to earlier approaches that look at national sub-markets, where each sub-market was

an entire city. When thinking about what constitutes the definition of a sub-market,

the literature concerned with modelling sub-markets states that sub-markets exhibit a

degree of heterogeneity and are therefore imperfect substitutes for one another (Watkins

2001). In the case of earlier studies then, each city as a sub-market would be imperfectly

substitutable as a desired location to buy into. It can also be argued that different

locations across a city space are not perfect substitutes (waterfront versus inland for

instance) and this naturally would manifest in terms of price differences accounting for

different characteristics. By this definition then, it is possible to identify sub-markets

within a city, and a useful framework for why heterogeneity exists within a city is offered

by urban economic theory.

Urban theory recognises that the value attached to land obtainable within a city is not

symmetric. It is generally common knowledge that various locations within a given

city experience differences in terms of price. The reasons for these differences is that

various geographical locations exhibit a variety of amenities attached to them, and these

amenities if perceived valuable will place a premium on the price of land obtainable in

those regions. A more systematic model of heterogeneity across space is given by the

Central Place Theory (CPT) pioneered by Walter Christaller (1933) which we may use

as a benchmark for identifying and modelling sub-markets in the Melbourne metropolitan

area.
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A ‘Central Place’ according to CPT is defined as a region or settlement that provides

services to residents within its proximity. What leads to a central place is its ability to

exhibit sustained demand over time and this is because it offers the provision and distri-

bution of ‘high order services’ such as the essentials that sustain economic life (a market

place, employment etc. . . ), whilst fringe settlements that are not central provide ‘lower

order services’, things that are of secondary value. In the context of a city, development

builds around the central place in which economic actors agglomerate, commonly known

as the Central Business District (CBD) and spreads outwards as the city expands.

The fact that higher order services are provided from the central place means there is a

reason to travel there. The longer the travel time to access the valuable services offered

in the centre imply a location premium involved in living in the central place. In reality

we often observe higher house prices in the CBD and so distance from the centre offers a

benchmark measure of regional heterogeneity. The CPT allows us to define sub-markets

as regions with a common distance from the centre, where distance is reflected in the value

of that location (the CBD being the most expensive and the fringe the least expensive).

Whilst in principle there are many other amenities than just distance from the centre

that determine a region’s value (something we will explore later on), empirically there

appears to be a relationship between value and distance from the centre.

The reason a premium exists on land towards the centre is due to transportation costs.

The feature of land prices as a function from distance from the centre of the city was shown

to hold empirically in an Australian study by Kullish, Richards and Gillitzer (2011), who

calibrate a modified Alonso-Muth-Mills model to represent a large city. Their model finds

that transport infrastructure is an important determinant in the demand for housing, with

better infrastructure making it less costly to live further than the centre (highlighting

the importance of distance from the centre in the determinants of housing demand and

prices).
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Figure 1: House Prices and Distance from the CBD

Source: Calculations from Kullish, Richards and Gillitzer (2011)

The authors’ calculations show that value as a function of distance from the CBD is a

feature in all Australian cities and notably Melbourne which is the city chosen to study

in this paper. As can be seen, urban theory provides a rich framework for identifying

heterogeneity within a city and this is what motivates the study of the ripple effect at a

more disaggregated level.

The theoretical arguments made for the determinants of a ripple effect may plausibly

hold for an individual city and, if so, possibly more convincingly. Being outbid in price

of a given region in a city following a price change and substituting to a next best region

is perhaps less far-fetched than traversing the country after supposedly being outbid

from an entire city for example. With respect to spatial patterns in the determinants

of house prices as per Meen (1999), it may be possible that individual regions within a

city experience different local economic conditions (leading to different growth rates in

sub-city markets) but it becomes difficult to test for coefficient heterogeneity given that

the rich set of variables used by Meen (1999) lack data at the LGA level with a sufficient

time period.
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3 Evidence from the Data

The data used include median house prices and unit prices recorded on a calendar year

basis at the Local Government Area (LGA) level. The dataset is available from the

Department of Transport, Planning and Local Infrastructure in Victoria. The data are

compiled every time a property sale is recorded. Alongside median dwelling prices is

the number of dwellings transacted in a given year, which is the number of dwellings

changing ownership not including transfers of titles or gifts. The dataset contains yearly

observations dating from 1985 to 2013.

Figure 2: Real Dwelling Prices of the Melbourne metropolitan Area

The above plots show a weighted average of real house and unit prices for the entire

Melbourne metropolitan area. The data were deflated using the Consumer Price Index

(CPI) with the base year at 2010. Both series are clearly positively trended and integrated

of order 1 with Augmented Dickey Fuller (ADF) test statistics of -1.56 for House prices

and -2.06 for Unit prices, signalling that further analysis will need to be conducted in

first differences to preserve stationarity.
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3.1 Prices by Region

Figure 3: Real Dwelling Prices of the Melbourne Metropolitan Area by Region

The main emphasis of this study is taking a disaggregated approach to modelling dwelling

prices for Melbourne city. The interest of the study is to see whether there is some long

run equilibrium relationship that exists between possibly heterogeneous regional sub-

markets that depends on spatial contiguity. Before developing an econometric model, it

makes sense to first examine the data of some of the sub-markets that we have identified

using the Central Place model of a city.

As we recall, Central Place Theory states that the most desirable place to live is in the

centre of the city and the centre will therefore exhibit higher rental values and hence

higher prices. In defining regions, the central business district is what I have classified

as the centre of the city followed by concentric rings around the centre denoted Inner,

Mid and Outer. As CPT would suggest, the value of land and the associated dwellings

is a function of distance from the centre. This is indeed reflected in the data, and is

particularly pronounced in the real unit price data for the Melbourne metropolitan area.
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Table 1: Descriptive Statistics: Yearly House Prices 1985-2013

Region CBD Inner Mid Outer

Mean 425485.8 433813.1 374830.3 244038.3
Median 372883.4 383284.6 301978.8 202968.7
Std. Dev 183227.8 203464.2 165504.9 84354.67

Table 2: Descriptive Statistics: Yearly Unit Prices 1985-2013

Region CBD Inner Mid Outer

Mean 342503.8 289564.7 272619.7 202825.5
Median 325834.1 283952.3 226257.4 168755.0
Std. Dev 87455.70 121061.7 105475.3 66076.62

We can clearly identify in each case the outer and mid regions as the lowest priced regions

and the CBD and inner as higher priced regions. The CBD tracks the inner region more

closely for house prices, whilst there is a greater disparity in unit prices, with the CBD

experiencing higher mean prices as seen from the descriptive statistics. There also appears

to be a degree of convergence for CBD, Inner and Mid prices for units which if becomes

a trending feature, might imply that the equilibrium price ratios between those regions

would be closer to 1.

A possible explanation for higher mean values of house prices in the inner region compared

to the CBD may be due to the differences in land size associated with the dwellings sold.

The CBD is a far more densely populated region (Victorian Environmental Assessments

Council Metropolitan Melbourne Investigation 2009) and this is observed in the number

of dwellings sold each year. The CBD experiences the greatest number of units transacted

but much few houses. With a dense population and sparse land, the relative value of a

house sold in the CBD may not be truly comparable to other regions given that the size

of a block of land in the CBD may be smaller than other regions. A true comparison

would require equally sized blocks of land being traded, and this is perhaps why the

differences in price is more apparent in unit prices. Units are more comparable as there is

less fluctuation in the land size associated with the structure being traded, and the price

difference between equally sized plots of land in the CBD compared to the inner regions

becomes clearer.
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Figure 4: Dwelling Prices By Geography

Source: Victorian Environmental Assessments Council Metropolitan Melbourne Investigation 2009

Empirical observations on the apparent higher value in the CBD and inner regions is

attributed to greater transport options, of which waking, cycling and public transport

were found to be greater in occurrence in the inner regions in the 2009 report by the

Victorian Environmental Assessments Council. Regions such as Port Phillip also have

higher prices and this is attributed to higher environmental amenity values of the regions

(such as being close to the waterfront). These observations are what motivates taking a

disaggregated approach to modelling the regional sub-markets of Melbourne even beyond

the Central Place model, which just associates value with distance from the centre as we

will explore later. Better representations of possibly heterogeneous regions would involve

accounting for the fact that different regions have different amenity values, and this is

arguably reflected in the median price of those regions. An alternate model therefore can

define regions not just by distance from the centre, but by similarity in characteristics,

the value of which is reflected in price.
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3.2 Price Ratios

As Meen (1999) has argued, if we expect an equilibrium relationship to exist between

regions that depends on spatial proximity (caused by interaction opportunities between

borders such as migration), and if this equilibrium relationship manifests as a ripple effect,

then there should exist a set of regional house price relativities. These regional house price

relativities imply that a long run price ratio should exist between regions, with short run

variation about that mean as the prices of regions experience change at different times.

The plots of the price ratios between regions is therefore an attempt to visually gauge

the ripple effect phenomenon from the data prior to any formal econometric analysis to

motivate further study.

Figure 5: Price Ratios of the CBD and Outer Regions
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It is interesting to compare the price ratios of the centre of the city (the CBD) with the

closest neighbour (the Inner region) and the furthest region that is the Outer region.

What we see is considerably more volatility for the price ratios between the CBD and the

inner region compared to the CBD to Outer ratio which experiences more pronounced

cycles. Evidence for a ripple effect would suggest a long run time invariant mean for the

ratios, that is, some long run price differential between regions where deviations are mean

reverting. These properties are what characterises a stationary series, and so a formal

test to identify the phenomenon would involve a unit root test (Meen 1999). The results

of the Augmented Dickey Fuller (ADF) test are what follows:

Table 3: Augmented Dickey Fuller Test

Ratio CBD:Inner (H) CBD:Inner (U) CBD:Outer (H) CBD:Outer (U)

P-Value 0.1607 0.6901 0.1577 0.2729

(H) refers to House Prices and (U) refers to Unit Prices

The ADF test results would suggest that the price differentials between regions are in

fact trending, which goes against the requirement of a long run time invariant mean price

differential between regions (although this discounts the quantity effects involved as a

city expands over time). Whilst we do indeed see cyclical behaviour, suggesting a time

lag between price changes in the CBD and subsequent increases in the Inner and Outer

regions, the increases are not enough to maintain a time invariant price ratio. Failure to

detect stationarity in price ratios seems to be a common result amongst the literature,

particularly those studies examining the long run relationship between the north and

south of the UK housing markets. Meen (1999) fails to detect stationarity in the price

ratios between regions in the UK as well as Holmans (1990).

A paper by Cook (2003) has examined this widespread failure of the ADF test to find

stationarity in the price ratios which seem to contradict otherwise found evidence for the

ripple effect in the UK. Cook argues that the ADF test suffers from weak power if there

are possible asymmetries in the adjustment frequencies between each series in the price

ratios. In this case there may be asymmetries in the rate of change between regions, and

each price series may exhibit asymmetric unit roots. Cook (2003) finds that Momentum

Threshold Autoregressive (MTAR) Asymmetric Unit Root tests perform better in finding

stationarity in the price ratios, although implementing this method is beyond the aim of

this thesis. In either case, what we may observe in the price ratios is for motivational

purposes only. Cyclical behaviour in the ratios could simply be attributed to each series

growing at different rates, and not necessarily be due to spatial dependence. A formal

econometric model will be required in order to gauge any significant effects of changes in

neighbouring regions’ prices on that of another region.
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4 Methodology

4.1 An Introduction to Spatial VARs

There are two broad categories of spatial models. When deciding on the type of spatial

model one must decide whether the spatial interactions between the variables of interest

should be treated as a nuisance component of the model, where spatial interactions create

noise we seek to eliminate, or as a substance component. Spatial interactions are a classed

as substance if it is the spatial interactions themselves that we aim to model because they

are thought to be what explains a variable of interest. This thesis is concerned directly

with modelling the spatial dependencies between regions and therefore treats such spatial

interactions as a substantive part of the model because the spatial interactions are thought

to explain the ripple effect. For our purposes then, the spatially lagged dependent variable

class of spatial model is employed, or more specifically, a Spatial Vector Auto-Regression

(SpVAR) model.

The nature of a spatial VAR model involves both spatial as well as temporal dynamics.

In a standard time series VAR we are interested in how a dynamic system evolves over

time as functions of their own lags as well as lags of related variables. In this setting one

includes an appropriate lag selection in order to account for the autocorrelation structure

of the variables. In a spatial setting, however, this only isolates the time component of the

dynamics. As such we call lags of the dependent variable ‘temporal lags’ to signify this

is but one domain in which autocorrelation takes place. In a spatial setting we are also

interested in the correlation between various cross sectional units of the system. What

makes a spatial model unique in this setting is how it explicitly represents the spatial

interaction between each variable in the system through the use of a spatial weight matrix

W .
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If we recall, we hypothesize that the drivers of the ripple effect seem to depend on how

close regions are to one another based on some criteria such as geography or characteristics

like price. When one region experiences a change in price, we expect agents to substitute

to a region most like the one they are now unable to afford. If this is the case the

next region to experience price changes would be a region in proximity to the last region

that changed, however we choose to define proximity in this case. Thinking about the

benchmark model inspired by Central Place Theory, proximity or likeness is defined by

distance from the centre, and so agents that shift regions would enter the next region (or

ring) closest to the CBD if the CBD experienced a change in price. Given this setting, we

expect the prices of certain regions to respond to changes in prices in their neighbouring

regions (those regions most like them or closest to them). In representing this structure in

a spatial model, the spatial weight matrix W indicates whether regions are in proximity

and weights the effects between various neighbours.
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4.2 Defining Regions

To begin specifying a spatial model of any type one must first specify which of the cross

sectional units (or in our case regional sub-markets) are spatially linked. A concrete ex-

ample is thinking about spatial links in the form of geographic proximity. In the model I

define spatial links by a shared boarder between each region of the Melbourne metropoli-

tan area. The Melbourne metropolitan area contains 31 local government areas (LGAs).

LGAs are defined as the administrative subdivisions of a state and provide a useful and

convenient way to characterise information of a state at a relatively disaggregated level.

In an SpVAR setting however, treating each individual LGA as its own region would lead

to a system of 31 equations and a very large number of parameters to estimate.

A sensible way to go about specifying regions is to group together LGAs that have similar

mean values of their price (or other characteristics like distance from the centre) series

and treat them as one region by making a weighted average of their individual price

series (Ward & Gleditsch 2007). Doing so not only leads to a more parsimonious model

but also prevents a form of double counting in our regions by preventing homogeneous

regions from entering the model more than once (such as perfect substitutes). If the

regions specified share mean values of price that are too similar then any significance

of the parameter estimates may be also the result of a high degree of colinearity. It is

therefore important when dealing at a disaggregated level that we account for enough of

the variation between regions without being so fine grained as to have series which are near

identical due to the nature of spatial proximity. Another warning to note about making

inference about the significance of spatial connections is similarly given: ‘Values in close

spatial proximity may be similar not because of spatial autocorrelation but because the

values are independent realisations from distributions with similar means’ (Schabenberger

and Gotway 2005, p. 22).

26



To fix ideas below is an example of a specification of regions that was motivated by the

Central Place Model discussed earlier:

Figure 6: Melbourne Metropolitan Areas by LGA

This map can be obtained from the Department of Transport Planning and Local Infrustructure. Colour

codes for LGAs were added by the author.

Here we see a geographical map of the Melbourne metropolitan area as classified by its

LGAs. Using the rationale of distance from the CBD from Central Place Theory we

can define rings around the city and aggregate LGAs who share a similar distance and

treat it as one region. This is plausible under the assumptions of CPT because the only

factor determining heterogeneity is distance from the CBD and so under the assumptions

we are still aggregating regions with similar features (in this case distance). Using the

CPT approach will act as a useful benchmark model to compare more detailed spatial

specifications later on. It will also be interesting to test whether this theory of the city

can explain price formation for Melbourne.
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4.3 Measuring Spatial Proximity

To represent this structure econometrically, we define a spatial weight matrix W which

is an n by n matrix where n is the number of regions in the model (in this case 4

regions: CBD, Inner, Mid and Outer). The W matrix contains elements which in-

dicate spatial proximity based on any given rationale chosen. As stated previously,

I define spatial proximity for the regions of Melbourne as based on regions having a

shared border. Given that the underlying theory associated with living in a certain

location is concerned with distance from the centre and the costs of travel, it is plau-

sible to assume that the travelling and migration patterns involve cross border activ-

ity with neighbours. Using shared borders as the criteria for being spatially linked is

also a simple and intuitive measure of interaction opportunities between adjacent re-

gions. With respect to the W matrix then, the diagonal elements will be zero as a

region cannot be a neighbour with itself (the distance between a region and itself is

zero). All other entries will then consist of either ones or zeros depending on whether

that pair shares a border or not. A simple example for four regions can be shown below:

CBD Inner MID Outer

CBD 0 1 0 0

Inner 1 0 1 0

Mid 0 1 0 1

Outer 0 0 1 0

While the first step in constructing the W matrix involves indicating whether regions

are spatially connected or not, the second step involves specifying the extent or relative

importance of the connection between neighbours. Spatial Weight matrices are typically

row standardized, meaning the sum of the elements of each row are unity. A simple way

to do this would be to divide each row’s entries by the number of connections. This

treats each connection as having equal importance however. In a housing market setting,

regions exhibit different scales of market activity. We observe large differences in the

degree of market transactions in the CBD and less towards the fringe.
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When considering spatial interactions it is likely that a region connected to an inner

part of the city and an outer part of the city would be influenced more heavily by the

inner neighbour given the likely possibility its market is more active and larger in value.

In creating spatial weights we can weight each neighbour by the number of dwellings

transacted compared to all other neighbours. By doing this we ensure that the spatial

weights more accurately reflect the varying importance each neighbour has for a given

region in the W matrix.

Given that the number of dwellings transacted on a yearly basis can change from year

to year, it is possible to allow our W matrix to be time-varying. An examination of

the data, however, shows a relatively stable and non-trending behaviour for the differ-

ences in the number of dwellings series between regions. Since the year on year change

in the number of dwellings leads to negligible differences in the spatial weights over

time, I simply use the historical average of the number of dwellings and treat the W

matrix as constant. This assumption will later prove to be quite important in overcom-

ing the incidental parameter problem that arises in spatial models that involve panel data.

The spatially weighted W Matrix based on the number of dwellings becomes:

CBD Inner MID Outer

CBD 0 1 0 0

Inner 0.47 0 0.53 0

Mid 0 0.30 0 0.70

Outer 0 0 1 0

We can see that the middle and outer regions actually comprise of the majority of the

weights in this version of the model. This is the result of aggregating a large amount of

areas that share the common distance from the centre. This is a possible limitation of

the CPT model which may impact the estimated sensitivity of the Mid region’s price to

that of the Inner and Outer region price changes. For robustness purposes I also estimate

a version of this model with alternate weights to test the sensitivity in the coefficients

later on.
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4.4 Model Specification

With the Spatial Weight matrix defined we can now specify a general spatial VAR model:

pi,t = αi + βipi,t−1 + γi

n∑
i 6=j

wi,jpi,t−1 + δi,t (1)

Where pi,t is the difference of the log of price for region i in period t, αi is the individual

effect of a region, pi,t−1 is a temporal lag of the dependent variable,
∑n

i 6=j wi,jpi,t−1 is the

‘lagged spatial lag’ and δi,t is the residual.

The first thing to notice in the spatial VAR is what is known as the spatial lag. The spatial

lag is constructed be pre-multiplying the spatial weight matrix W by the vector of prices

for each region. What results is a linear combination of each neighbour’s price weighted

by the row elements (which are the spatial weights based on number of dwellings). In

scalar form, wi,j is one of the row elements we specified in the W matrix which was the

number of dwellings for neighbour j divided by the total number of dwellings between

all connected neighbours to region i. A key thing to notice was how the spatial lag was

referred to as a ‘lagged spatial lag’. In the spatial econometrics literature the spatial lag

is actually a time t variable, and the lagged spatial lag is the t− 1 counterpart. Like in

a time series VAR, we choose appropriate lag lengths of our temporal as well as spatial

lags to remove temporal autocorrelation as well as spatial autocorrelation.

In this model the spatial lag enters in t-1 as opposed to time t for several reasons.

The first reason for using a lagged spatial lag means there will be no contemporaneous

dependencies between dependent variables of the system, eliminating the identification

problem inherent in structural VARs. The second reason for the omission of the time t

spatial lag is theoretically justified. Information takes time to travel in markets and the

housing market is no exception. Dwellings are relatively illiquid assets, also, the housing

market need not be perfectly efficient and so we may expect lagged values of neighbours’

prices to have some predictive power (Meen 1999). For this reason we can assume that

the response time for changes in price will be slower and occur with a one time period

lag.

The second feature to be noted about the spatial VAR is the residual term δi,t. The form

of the residuals is described as:

δi,t = ρδi,t−1 + θ
n∑

i 6=j

wi,jδi,t−1 + εi,t (2)

30



Where ρ is the temporal autocorrelation coefficient, θ is the spatial autocorrelation coeffi-

cient, and εi,t is a white noise process. An appropriate temporal and spatial lag selection

will ensure that ρ = θ = 0 and hence: δi,t = εi,t in addition to ensuring that the regressors

are weakly exogenous with the dependent variable as required.

The scalar representation of our model is an informative representation and helps build

intuition by drawing similarities to the traditional VAR framework. When dealing in

a spatial setting, however, the story regarding the residuals and more specifically the

variance covariance matrix of the entire system becomes quite important and one which

requires us to go into detail about our model. To do this we must represent the system

in matrix form. The first step is realising that for a given region we have a separate

equation with variables that run through time:

Pi = Ai +BiP−1,i + EiSi +Di (3)

Pj = Aj +BiP−1,j + EjSj +Dj (4)

Po = Ao +BoP−1,o + EoSo +Do (5)

Where Pi is a t by 1 vector of prices for region i through time, Ai is the vector of the

region specific fixed effects, Bi is the temporal lag coefficient for region i, P−1,i is the

vector of temporal lags of price for region i, Ei is the spatial lag coefficient, Si is a t by

1 vector of spatial lags, that is the linear combination of neighbours prices in all time

periods, and finally Di is a t by 1 vector of residuals. In this illustration I have used 3

regions simply to conserve space, in principle there is n equations for n regions.

We have individual equations that as they stand may be estimated independently as their

own OLS regressions. As I will describe later on it is optimal to estimate these jointly for

reasons obvious once we consider the system in matrix form. The Variance-Covariance

Matrix for any individual region is spherical providing an appropriate lag selection is

chosen and the variance is non time-varying, which can be achieved by log transforming

the data. The Variance covariance matrices are then simply:

E(DiD
′
i) =


σi,t σi,t,t−1 · · · σi,t,t−n
...

. . . · · · ...
... · · · . . .

...

σi,t−n,t · · · · · · σi,t−n

 = σiIn
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With spherical disturbances for each individual region, each regression appears to be un-

related to the other given that δi,t = εi,t and cov(εi,t, εi,t−n) = 0. Whilst estimating each

equation individually via OLS yields consistent and unbiased estimates of the parame-

ters, spherical disturbances for an individual region only isolates one dimension of the

variability in the model. The second step in motivating a joint estimation is stacking the

equations for regions in a given time period and realizing that there exist contemporane-

ous dependencies between the residuals.

The model in stacked form:pi,tpj,t

po,t

 =

αi

αj

αo

+

Bi 0 0

0 Bj 0

0 0 Bo


pi,t−1pj,t−1

po,t−1

+

Ei 0 0

0 Ej 0

0 0 Eo


 0 wi,j wi,o

wj,i 0 wj,o

wo,i wo,j 0


pi,t−1pj,t−1

po,t−1

+

δi,tδj,t

δo,t



Or more neatly as:

Pt = A+BPt−1 + EWPt−1 +Dt (6)

In stacked form we are able to factor out the W matrix and see how it is pre-multiplied

by the vector of lagged dependent variables for each region. This is a convenient repre-

sentation when we later discuss the relevance of W on the form of the impulse response

functions. In this form we can now discuss some important features about the variance

covariance matrix of the model as a whole which will provide crucial information that

will inform our estimation procedure.
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4.5 Estimation by Seemingly Unrelated Regression (SUR)

With the model stacked by regions we can similarly compute the Variance-Covariance

matrix:

E(DtD
′
t) = E

δiδi δiδj δiδo

δjδi δjδj δjδo

δoδi δoδj δoδo

 =

 σi σi,j σi,o

σj,i σj σj,o

σo,i σo,j σo



Where δi is the residual term for region i in time t and E[δiδi] = E[pi −E[pi]]
2 = σi and

so on for the other elements.

What we see from the Variance-Covariance matrix of the model represented in this form is

insightful. Firstly, the variance of each region need not be equal, a fact which is important

to consider when testing cross equation restrictions given that traditional F-tests will not

be valid (Hill, Griffiths & Lim 2011). Secondly and more importantly is the fact that the

off diagonal elements need not be zero. One important distinction between estimating a

system jointly using SUR and other panel models is that the cross sectional units need not

be independent from one another. In this case the error terms may be spatially correlated

beyond any clear spatial pattern that was embodied in our specification of neighbours

(Beenstock & Felsenstein 2007).

The intuition behind why the residuals may be correlated is due to the spatial structure of

the regions of interest. In the case for regions of Melbourne, it is likely that certain factors

that affect one region that are omitted from the model (and are therefore collected in

the error term) are also features that would influence its neighbours due to regions being

similar. Both equations for each region will have error terms that are capturing the same

influences omitted from their separate specifications and will therefore be correlated. By

jointly estimating the system using the Zellner’s SUR (1969) we are essentially introducing

this information into the model indirectly, leading to efficiency gains that are not realised

using OLS.

To see how a system of Seemingly Unrelated Regressions is estimated we will have to

stack the system across space as well as time leading to matrices that are conformable to
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the estimator. Stacking in this fashion leads the model to look like:

Pi

Pj

Po

 =

Ai

Aj

Ao

 +

P−1,i S−1,i 0t 0t 0t 0t

0t 0t P−1,j S−1,j 0t 0t

0t 0t 0t 0t P−1,o S−1,o





Bi

Ei

Bj

Ej

Bo

Eo


+

Di

Dj

Do



Which can be written as:

P = A+Xβ +D (7)

Each element in the matrices represents the time stacked variables for each region. In this

case, Pi is a t by 1 vector of the house prices for region i through time. For the model as

a whole then, the dependent variable is an nt by 1 vector of each regions’ prices through

time where n is the number of regions (in this example 3). X is an nt by kn matrix

of explanatory variables, where k is the number of explanatory variables per region (in

this case there are 2, the temporal lag and the lagged spatial lag). β is the vector of

coefficients for each variable, which have dimensions that are proportional to the number

of explanatory variables and the number of regions, that is an nk by 1 vector. Lastly is

the vector of residuals for each region, an nt by 1 vector.

4.5.1 Fixed Effects Specification and the Incidental Parameter Problem

Given that panel data are being used, we also have to overcome the Incidental Parameter

Problem involved in specifying spatial specific fixed effects for each region. The region

specific effects cannot be consistently estimated with a finite number of observations for

each parameter (Mutl 2009,p.3). The choice of a fixed effects specification over a random

effects specification is made for two reasons. Firstly, the data are not a random sample of

the population (for each region) and therefore the specific effects are fixed since each cross

sectional unit represents itself (Beenstock & Felsenstein 2007,p.178). The second reason

relates to the specification of the weight matrix W . De-meaning the data to eliminate

the time-invariant effect for each region does not eliminate the incidental parameter

problem unless W is assumed to also be time-invariant(Mutl 2009,p.3). As Mutl explains,

the choice between fixed effects and random effects will depend on whether it is more

plausible that the weight matrices are constant over time (leading to fixed effects) or

that the individual effects arise from a well behaved distribution (random effects). As

stated earlier, the time series patterns for the number of dwellings do not change much
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between regions, leading to negligible changes in the weights over time and so the former

assumption is more plausible than the latter.

4.5.2 The SUR Estimation Process

With the individual fixed effects eliminated using the within transformation, the model

is now in a form in which it may be estimated as SUR:

P = Xβ +D (8)

As stated earlier, the presence of contemporaneous dependencies between the residuals

of each region, which is known as spatial correlation, meaning OLS is not the optimal

estimator. Seemingly Unrelated Regression (SUR) was proposed by Zellner (1962) in

which it was found that applying a Generalized Least Squares estimator in jointly esti-

mating a system such as this was more efficient than estimating each equation separately

by OLS. The SUR estimation method is a two-stage process. First, OLS is performed to

obtain an estimate of the variance covariance matrix, and second, the coefficient estima-

tor is weighted by the estimate of the matrix using Feasible Generalized Least Squares

(FGLS).

We have seen that the Variance-Covariance matrix for the system stacked across space for

a given time period has non-zero off diagonal elements. Now that the system is stacked

in both dimensions, the Variance-Covariance matrix becomes:

E(DD′) =

 σiIn σi,jIn σi,oIn

σj,iIn σjIn σj,oIn

σo,iIn σo,jIn σoIn

 = Σ ⊗ In (9)

With an estimate of Σ in hand using OLS, the estimator for the SUR as a whole becomes:

βFGLS = (X ′Σ−1X)−1X ′Σ−1P (10)

Which weights the least squares estimates by the covariance between regions. The FGLS

estimator standardizes the scale of the residuals effectively ‘de-correlating’ them. This

returns us to an environment with spherical disturbances meaning that βFGLS is the best

linear unbiased estimator as it satisfies the Gauss-Markov Theorem assumptions (Hill,

Griffiths & Lim 2011).
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4.6 Impulse Response Functions and the Spatial Weight Matrix

Another example of how SpVARs incorporate spatial dynamics can be seen in the deriva-

tion of the impulse response functions as performed in Ma and Liu (2013). Using the

stacked form of the system we can see that the impulse responses following an orthogo-

nalised shock to one region has feedback effects through space as well as time.

Pt = BPt−1 + EWPt−1 +Dt

Factoring out the lag operator and collecting like terms this becomes:

Pt = BLPt + EWLPt +Dt

let Z = B + EW such that:

(I − ZL)Pt = Dt

Pt = (I − ZL)−1Dt

It is clear here that an innovation in D will affect the own region in which it occurred

over time through its own lag, as well as that region’s neighbours through the spatial lag

defined by W .
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5 Results

As stated earlier, the main objective of the study is to model the regional sub-markets of

the Melbourne metropolitan area in order to see whether neighbouring regions through

the means of spatial proximity influence the prices of one another. This feature was

represented as a spatial lag, which itself entered with a one time period lag because we

expect regions to respond to their neighbours with a delay. Once we obtain parameter

estimates for each region, the next step is to interpret whether these results indicate

evidence for the ripple effect through the simulation of Impulse Response Functions,

which is the goal of the study.

As a reminder, the following series of regressions was taken to the data:

pi,t = βipi,t−1 + γi

n∑
i 6=j

wi,jpj,t−1 + ψiRt + δi,t

Here we are regressing the first differenced data for the log of real dwelling prices. The

data are also demeaned given that we are estimating a fixed effects model on panel data,

for which there is a system of these regressions jointly estimated by SUR. The model

taken to the data also includes interest rates, specifically the 10-year inflation-indexed

bond rate as a measure of long run real interest rates. As an asset we think of house prices

as representing the present discounted value of the future rent stream and so changes in

interest rates affect this quantity in the current time period.

For the purposes of robustness the system is estimated twice using different data. The

model was estimated using house prices as well as unit prices. Using both house price

data and unit data separately also allow a form of sensitivity analyses and this is because

different spatial weights are specified in the W matrix each time. Each data set includes

information on the number of dwellings transacted every year and as stated earlier this

was used to measure the relative importance or influence of neighbours in the spatial

weight matrix W . The benefit of using 2 different types of data is then two-fold. First

we can model the ripple effect in two types of markets to see if the patterns we observe

are consistent. Secondly in each case the defined regions can be modelled with different

spatial weights since the number of dwellings is different for the market for units and

houses.
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5.1 The Benchmark model: Central Place Theory

In this model we treat regional heterogeneity as being determined only as a function of its

distance from the centre of the city. The first step was to identify and define the regions

in the model that are potentially different from one another and this involves grouping

together the LGAs deemed similar. Given this model assumes one criteria for similarity,

that is distance from the centre, we can group together LGAs as rings around the centre

forming 4 regions in total: the CBD, Inner, Mid, and Outer regions.

The goal here is to see whether spatial dependences can be modelled using distance as a

simple benchmark, where variation in the market is driven by the centre or CBD as the

most desirable place to live as per the Central Place Theory (CPT). Again we would like

to see whether we can detect a ripple effect when representing a city in such a way, and

with data on units and houses.

For the sake of brevity I will report a table of the coefficient estimates and their corre-

sponding standard errors and significance levels. Additional statistical output for each

individual equation in the system can be referred to in the appendix.

Table 4: House Price Data

Variable Coefficient Std Error T-stat P-value

CBD
Temporal Price Lag -0.484118180 0.153847991 -3.14673 0.00165107
Lagged Spatial Lag 0.736434864 0.240581725 3.06106 0.00220556
Rate -0.021940927 0.014578570 -1.50501 0.13232092

Inner
Temporal Price lag 0.234047007 0.230854545 1.01383 0.31066441
Lagged Spatial Lag 0.066487672 0.255774598 0.25995 0.79490516
Rate -0.017888286 0.011998909 -1.49083 0.13600717

Mid
Temporal Price Lag 0.187602641 0.283575981 0.66156 0.50825299
Lagged Spatial Lag 0.200345885 0.303247526 0.66067 0.50882536
Rate -0.013849855 0.011800004 -1.17372 0.24050874

Outer
Temporal Price Lag 0.342270334 0.185626765 1.84386 0.06520310
Lagged Spatial Lag 0.255658011 0.167273024 1.52839 0.12641634
Rate -0.007158955 0.008064114 -0.88775 0.37467275
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Table 5: Unit Data

Variable Coefficient Std Error T-stat P-value

CBD
Temporal Price lag -0.229918408 0.167302396 -1.37427 0.16935835
Lagged Spatial Lag 0.458147145 0.201646425 2.27203 0.02308457
Rate -0.005800812 0.012391712 -0.46812 0.63969854

Inner
Temporal Price lag 0.074401853 0.216302959 0.34397 0.73086842
Lagged Spatial Lag 0.163293744 0.248477754 0.65718 0.51106742
Rate -0.001214252 0.012080915 -0.10051 0.91993950

Mid
Temporal Price lag 0.441333987 0.227448652 1.94037 0.05233504
Lagged Spatial Lag -0.016386667 0.216903279 -0.07555 0.93977850
Rate -0.008135837 0.009993392 -0.81412 0.41557524

Outer
Temporal Price lag 0.242292376 0.133336351 1.81715 0.06919389
Lagged Spatial Lag 0.493749650 0.161250346 3.06201 0.00219858
Rate -0.007586332 0.007417802 -1.02272 0.30644043

From the results we see a number of things. Firstly the CBD sub-market for units as well

as houses are positively influenced by their neighbours which in this case is the entire

inner region. The spatial lag coefficient in both the market for houses and units are 0.74

and 0.46 respectively and these are statistically significant at the 5% level. Given the

model is in terms of log variables, these coefficients represent the elasticites and so a 1%

increase in the price of the inner region leads to 0.74% and 0.46% increase in prices of the

CBD after a year has passed. The only other statistically significant spatial lag coefficient

is that of the Outer region for the unit data, with an elasticity of 0.49.

With respect to the CBD, the temporal price lag coefficient is negative for both datasets,

although statistically significant only for house prices at -0.48. This would suggest that

the CBD is negatively influenced by its own price history. We would generally expect a

positive sign for an AR(1) coefficient as house prices are quite persistent, however, the

negative sign could be due to the long run cyclical nature of the region. If the CBD

as a high demand area is more sensitive to factors that influence the price, then this

volatility could lead to a level of overshooting in terms of price on a month to month

or even quarterly basis. Given this model uses yearly data, a one year lag could be

negatively related to next year’s house prices following some degree of market correction.

The reverse would appear to be the case for the other regions, with positive temporal

lags borderline significant at the 5% level for the Mid and Outer regions.
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The 10-year inflation indexed bond rate as a measure of long run real interest rates (Rate)

exhibits a negative sign, which is in line with what we expect from theory. Increases in

the rate should lower the present discounted value of the future rent stream, and hence

decrease the price. Given this is a long term rate, we might expect that it influences long

run borrowing decisions which impact current time period demand. The variables have

no coefficient estimates statistically significant from zero in all regions however. This may

be due to the fact that any changes in long run interest rates were absorbed in higher

frequency price changes such as monthly or quarterly levels and not at the yearly level.

The Inner and Mid regions are perhaps the least explained sub-markets in the model.

The spatial lag coefficients are not significantly different from zero, perhaps signalling

they are relatively detached from the rest of the market. The temporal lag coefficient

on unit prices for the mid region is borderline significant at the 5% level which could

be interpreted as a sub-market that depends on its own historical characteristics and

none of those from its neighbours. A result like this may lead us to believe that there

does not exist any spatially dependent equilibrium relationship for dwelling prices in the

Melbourne market. This might be due to a lack of identification on what explains these

sub-markets due to the high degree of aggregation when defining regions using the CPT

structure of a city.

The LGAs aggregated in the Inner and Mid regions are demographically those with

higher than average house prices. High in-demand areas such as these are, like the

CBD, more volatile with higher structure to land ratios. By aggregating large clumps of

regions together it is possible that information is lost on the individual dynamics between

regions and it is unsurprising therefore that what best explains the weighted average of

these LGAs prices is little more than an AR(1) coefficient in the case for the unit data.

A possible short-coming of the CPT inspired model is a loss of information on possibly

heterogeneous local government areas. Any idiosyncrasies in price could be averaged

out, particularly for the outer region which aggregates 10 LGAs. This could feed into

the effects of the spatial lags as disproportionate weights apply to the outer region as

it comprises a large number of dwellings transacted in total. This is particularly severe

for the market for houses, where the CBD has a 2% weight attached as a neighbour of

the Inner region. Given we expect the centre to be a more desirable and more expensive

place to live, it is these regions that would be thought to shape the market.
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For robustness purposes, the model was estimated again except with an alternate spatial

weight matrix. Given that disproportionate spatial weights may apply due to a high

degree of aggregation, we may test the model at the other extreme to see if the spatial

lags change. In this case, all of the weight for each region was placed on the interior

neighbours, where the Mid region only depends on the Inner, and the Inner region only

depends on the CBD. The aim is to eliminate any disproportionate effects caused by

the large weight attached to the Outer region. The Outer region previously comprised

72% of the number of dwellings transacted in the case for house prices, and this could be

dominating any signal coming from the centre. The results show nothing new for the Inner

and Mid spatial lags however, suggesting that failure to detect spatial dependencies for

these regions is unlikely due to the spatial weights. The quest to better explain possible

spatial interactions in these regions is what motivates a more disaggregated model later

on, to see if we can capture spatial interactions by defining sub-markets at a finer level.

41



5.1.1 Simulating The Ripple Effect 1

The theory of whether an equilibrium relationship between the prices of individual regions

exists hinges on how an idiosyncratic shock would propagate through the market over

time as well as space. As we recall, Meen (1999) formally described such a relationship

to involve an elimination of any price differentials between regions following a shock to

one of them, implying all regions must be affected given enough time. With parameter

estimates obtained it is possible to simulate the spatial dynamics by using Impulse Re-

sponse Functions (IRFs) to see if following a shock we observe a pattern that describes a

ripple effect.

Using a Choleksy Decomposition of the Variance-Covariance matrix the ordering of the

regions matters. For the CPT model the Cholesky ordering is simple, the CBD is the

most influential, followed by the Inner, Mid and Outer regions. When generating an

IRF then, we will propose a one standard deviation shock to the prices of the CBD and

observe the pattern.

As a visual aid, the spatial structure being simulated is represented geographically by the

defined regions:

Figure 7: CPT Model of Melbourne
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Figure 8: House Price Data IRF

Figure 9: Unit Price Data IRF
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What we see here are the two impulse response functions for both house prices and unit

prices. In a spatial setting these read differently to what is normally expected. Generally

in an IRF each curve represents the evolution of a variable across time. In the above

plots each curve represents the shock across space in a given time period with a new

curve showing how those regions evolve over time.

What we see in both markets is a clear ripple effect following a one standard deviation

shock to CBD house prices and unit prices. In both datasets we observe a consistent

pattern. Following the shock in the centre of the city (the CBD) the impulse responses

of the successive tiers (Inner, Mid and Outer) appear to be a function of their distance

from the origin of the shock in the current time period (time 1). The magnitude of the

impulse responses differs across unit and house prices. Following a house price shock, the

Inner and Mid regions respond closely with a near one standard deviation shock to their

own prices, with the Outer region responding the least. A one standard deviation shock

in CBD unit prices does not lead to the same magnitude of change in the Inner and Mid

regions (about half of the standard deviation in those regions). This could be explained

due to a greater concentration of units in the CBD as a location with a higher density of

population over the available living space than other regions, leading to a muted impact

following a shock.

In both house and unit prices, the shock travels across regions in a pattern that depends on

distance from the centre of the city. Regions further away from the CBD take more time

to adjust back to their steady state price levels, particularly the Mid and Outer regions.

This describes the predicted ripple effect phenomenon, where the shock reverberates

through space. We can see the centre being displaced first and adjusting the fastest, with

regions further away being affected less and experiencing more persistence in the shock,

indicating that the effect is not contemporaneous but cumulative. One of the explanations

for such a ripple effect was displaced market participants being crowded out towards the

fringe of the city. Displaced market participants migrating outwards following a shock

to prices seems represented by the fact the outer regions respond late in reaching their

steady state price level.

44



Whilst earlier we may have been ambivalent about the coefficient estimates of the spatial

lags in the regression output, the simulation provides a convincing pattern that mirrors

exactly what a ripple effect would describe. Keeping in mind that only the CBD had

a significant spatial lag in the case of the house price data, and only the CBD and

Outer regions for unit data, this provides motivation for a new model which further

disaggregates regions. The aim is to see whether disaggregating the market further,

captures the idiosyncrasies in price and the resulting dynamics between heterogeneous

regions that is lost through broad definitions of regions that are highly aggregated in the

LGAs.
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5.2 A More Disaggregated Model

In this model there is a greater effort to represent heterogeneous regions in order to see

whether different sub-markets influence each other through means of spatial proximity.

The regions are defined by grouping together LGAs with similar characteristics (in this

case represented by similar mean values of price) and treating those groups each as a

region. The result is 8 regions distributed across the following map of Melbourne:

Figure 10: Disaggregated Model of Melbourne

As before the same series of regressions is run except now there are 8 regressions in the

system (one for every region), with an 8 by 8 spatial weight matrix determining the

spatial connectivities between each of them. The following tables represents the results

of the model for both house price data and unit price data.
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Table 6: House Price Data

Variable Coefficient Std Error T-stat P-value

Region 1

Temporal Price lag 0.383048496 0.170005595 2.25315 0.02424955

Lagged Spatial Lag -0.475033298 0.211338552 -2.24774 0.02459302

Rate -0.010115266 0.011653660 -0.86799 0.38539955

Region 2

Temporal Price lag 0.054750034 0.303919396 0.18015 0.85703751

Lagged Spatial Lag -0.032801274 0.377995199 -0.08678 0.93084880

Rate -0.006528718 0.012520225 -0.52145 0.60205074

Region 3

Temporal Price lag 0.018746398 0.205246597 0.09134 0.92722563

Lagged Spatial Lag 0.227695787 0.222832707 1.02182 0.30686425

Rate -0.007069174 0.010441365 -0.67704 0.49838348

Region 4

Temporal Price lag 0.642312975 0.421278903 1.52467 0.12734044

Lagged Spatial Lag -0.436469968 0.435387883 -1.00249 0.31610925

Rate -0.008622924 0.009780329 -0.88166 0.37796078

Region 5

Temporal Price lag 0.187934542 0.098714826 1.90381 0.05693458

Lagged Spatial Lag 0.253875304 0.082485417 3.07782 0.00208521

Rate -0.004950976 0.008250427 -0.60009 0.54844808

Region 6

Temporal Price lag 0.010024705 0.143052685 0.07008 0.94413236

Lagged Spatial Lag 0.362438012 0.154086726 2.35217 0.01866430

Rate -0.002145939 0.007949798 -0.26994 0.78720924

Region 7

Temporal Price lag -0.068069481 0.113993100 -0.59714 0.55041601

Lagged Spatial Lag 0.486796198 0.123875505 3.92972 0.00008504

Rate -0.000587601 0.007659595 -0.07671 0.93885074

Region 8

Temporal Price lag -0.143594234 0.259159902 -0.55408 0.57952696

Lagged Spatial Lag 0.536182828 0.274082488 1.95628 0.05043186

Rate -0.006067400 0.008158671 -0.74367 0.23857196
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Table 7: Unit Price Data

Variable Coefficient Std Error T-stat P-value

Region 1

Temporal Price lag 0.236454838 0.171941702 1.37520 0.16906835

Lagged Spatial Lag -0.309999079 0.258474585 -1.19934 0.23039551

Rate -0.014384121 0.015183402 -0.94736 0.34345627

Region 2

Temporal Price lag -0.011990647 0.150410782 -0.07972 0.93646048

Lagged Spatial Lag 0.168579650 0.115780129 1.45603 0.14538359

Rate -0.011284985 0.010673297 -1.05731 0.29037010

Region 3

Temporal Price lag 0.1869381695 0.1332823519 1.40257 0.16074434

Lagged Spatial Lag 0.1285974274 0.0979344314 1.31310 0.18915020

Rate 0.0017898267 0.0097819515 0.18297 0.85481971

Region 4

Temporal Price lag -0.203661359 0.191705292 -1.06237 0.28806915

Lagged Spatial Lag 0.449919201 0.235736025 1.90857 0.05631731

Rate -0.010650880 0.010626449 -1.00230 0.31619917

Region 5

Temporal Price lag 0.346017781 0.095852272 3.60991 0.00030631

Lagged Spatial Lag 0.219587233 0.080365168 2.73237 0.00628808

Rate -0.006705806 0.008476263 -0.79113 0.42886951

Region 6

Temporal Price lag 0.059730316 0.128727987 0.46400 0.64264480

Lagged Spatial Lag 0.405912349 0.119215832 3.40485 0.00066200

Rate -0.008568958 0.006841422 -1.25251 0.21038364

Region 7

Temporal Price lag -0.068478885 0.150416635 -0.45526 0.64892121

Lagged Spatial Lag 0.511222974 0.188991161 2.70501 0.00683023

Rate -0.002691609 0.009250072 -0.29098 0.77106466

Region 8

Temporal Price lag -0.322250452 0.151585038 -2.12587 0.03351388

Lagged Spatial Lag 0.831865530 0.207743571 4.00429 0.00006220

Rate -0.012621056 0.010708845 -1.17856 0.23857196
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The results from the disaggregated model are informative in several respects. Firstly,

defining regions based on similarity in price and working at a more disaggregated level

has some explanatory power in terms of the spatial lag coefficients. What is consistent

between both datasets is the significance of the spatial lags for region 5 through to 8.

These regions comprise the Outer ring if we compare to the more aggregated model

earlier (CPT model). In the first model the Outer spatial lag coefficient was significantly

different from zero when estimated on unit data. When disaggregating the outer tier

into 4 regions, each with their own (and different) neighbours and spatial lags, there is

evidence for spatial dependence for all regions in both data sets.

Like the CPT model, the drawback of the disaggregated model is in explaining whether

spatial dependence exists for the inner regions. The regions classed Inner and Mid in

the CPT model are here broken down into 4 regions in the disaggregated model. The

discrepancies between the two datasets for the disaggregated model appear in the spatial

lags for Region 1 and Region 4. Region 1 has a significant and negative coefficient for

the spatial lag in the house price data at -0.48 which again is the elasticity following a

1% increase in the price of neighbouring regions. The unit data also yields a negative

estimate although it is not significantly different from zero. The next difference is with

Region 4 with the house price data yielding a negative but non-significant estimate for the

spatial lag, and the unit data estimating an elasticity of 0.45 with borderline significance

at a p-value of 0.056. The remaining inner regions have insignificant spatial lags.

There appears to be a pattern across both models and both datasets when it comes to

estimating the effect of neighbouring price changes on a given region. The further away

from the centre the region, the more instances we obtain a significant spatial lag. With

the regions towards the inner part of the city, both the models struggle to detect any

significance for the spatial lags that are consistent across models and across datasets.

What may be driving this could be a symptom of the nature of spatial interactions and

the fact that the models rely on yearly data. If we recall from the price ratios discussed

earlier, and the Impulse response functions for the CPT model, both describe some level

of delay between the adjustment of the outer regions following variation coming from

the centre. This was observed in the price ratios of the CBD to the Outer region, which

showed more of a cyclical pattern. In contrast, the CBD to Inner region ratio was

far more volatile and showed less pronounced cycles. The failure to estimate significant

spatial lags for the Inner and Mid regions in the first model, as well as their disaggregated

counterparts (regions 1 to 4) in the second model, could be due to regions towards the

centre adjusting to variation in one another at higher frequency time periods. If we recall

from the spatial arbitrage explanation, more efficient markets would imply a shorter

interval between equalising the returns available in different sub-markets. Regions close
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to the centre may be more efficient and respond faster, whereas the outer regions respond

with a sufficient time delay allowing the model to detect interaction one year on.

5.2.1 Simulating The Ripple Effect 2

With new parameter estimates and twice the number of regions, there are more oppor-

tunities for spatial interaction. Whether this system generates a visible ripple effect like

the CPT model earlier will be clear in the Impulse Response Functions (IRFs). With

a larger number of regions, the Cholesky decomposition is not as straight forward as it

was in the CPT model. A starting point is to recognise that we still expect those regions

which are in high demand to drive the rest of the market and these regions are in the

centre as they have the highest price (consistent with the CPT interpretation earlier).

The color coded regions were labelled conveniently as they also follow the Cholesky

ordering that is used here. Region 1 (black region) exhibits the highest average dwelling

prices compared to the rest of the market. In the case of the unit data, it also comprises a

large number of dwellings and consequently has more spatial weight attached to it. Region

1 also embodies the CBD and so it makes sense that this region should be ordered as that

which has the greatest influence if we are to be consistent with the CPT inspired model

earlier. Regions which follow are chosen based on the mean price as well as whether the

region shares a border with the previous region specified in the ordering. Region 2 (yellow

region) follows from Region 1 since it is connected and is the next most expensive, followed

by 3 through to 8. The disaggregated model still embodies a CPT style framework like

the first model did given that closeness to the CBD is positively associated with price,

making the models easy to compare.
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Figure 11: House Price Data IRF

Figure 12: Unit Price Data IRF
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The Impulse Response Functions once again show a clear ripple effect across regions fol-

lowing a shock to a centre region (Region 1). The ripple effect is particularly pronounced

in shape for house price data, with regions closest to the shock experiencing the great-

est impulse response and regions further away such as those in the outer tier (regions

5 through to 8) experiencing weaker responses described by a ripple effect. The time

lag for the adjustment back to equilibrium is not as pronounced in the disaggregated

model, with the outer regions adjusting back to steady state by the third time period.

Interestingly Region 1 and Region 4 are particularly persistent with Region 4 still above

its steady state 5 years following a house price shock. Unit data on the other hand is less

persistent in the shocks with all regions close to steady state by the third time period.
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6 Conclusion

The objective of this study was to examine whether the regional sub-markets of the

Melbourne metropolitan area depend on their neighbouring regions through the means of

spatial proximity. The literature has shown that a price shock in a given city can spread

to neighbouring cities creating a ripple effect. This study has provided evidence for the

existence of a ripple effect at the city level by disaggregating the Melbourne metropolitan

area into identifiable sub-markets.

By disaggregating at a city level, and explicitly accounting for regional heterogeneity and

spatial contiguity, there is evidence of a relationship between the regional sub-markets’

prices. Working at a city level has allowed us to glean insight into some interesting

dynamics that occur. We have seen from the price ratios of regional sub-markets further

apart, more pronounced departures and cycles in price, whilst we have observed more

volatility for regions closer together. For regions further apart (CBD and Outer) these

cycles drifted up during the 1990s to 2000s following growth in the CBD sub-market, and

then later converged from 2005 onwards. These patterns are strongly mirrored in Meen’s

(1999) study of the UK national sub-markets, which saw a large departure between the

south-east markets and those in the north. The south-east markets moved first followed

by eventual convergence after a catch up of the midlands and the north.

Whilst these ratios were not stationary as the literature suggests they should be, it is

possible that this is a feature of observing a limited number of housing market cycles with

the number of observations only being from 1985 to 2013. It is important to note that

cities themselves, however, are dynamic and expand over time. One important point to

put fourth on future ripple effect studies at the city level, is that as cities expand, so do

their boundaries. As prices grow in the centre of a city, we not only obtain price effects

on other regions but also quantity effects as the fringe expands outward. In this case

there could be a case for a trending departure between CBD prices and the ‘true’ outer

region.

In spite of this, what this thesis has also shown is that the Central Place Model, whilst

static in its representation of a city, has good explanatory power for identifying sub-

markets and analysing the ripple effect. The CPT model identified significant spatial

lags for the Outer region in both datasets and generated a clear ripple effect pattern

in the simulations. The impulse responses of regions were positively associated with

their proximity to the CBD, with the outer region experiencing limited impacts in the

same time period of the shock and cumulative impacts over time. We have also shown
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that a further breakdown of regions in the second and more disaggregated model also has

explanatory power, with a ripple effect pattern predicted consistent with the earlier model.

In the disaggregated model the impulse response functions were smoother, showing a more

granular spread of the price shock across the space of 8 regions compared to 4 regions in

the original model.

Whilst this study has provided empirical evidence for the ripple effect, what it has not

provided is firm evidence for the underlying cause. The transmission mechanism itself

is still left to speculation from the results and would prove an interesting endeavour

for future work. Other limitations involve the use of yearly data which as discussed

earlier place constraints on the dynamics that can be observed, dynamics which would

more convincingly occur at higher frequency time periods such as months or quarters.

Secondly, the spatial interactions modelled have not proven to be causal relationships,

that is, whether a given region’s price is actually caused by a neighbour. Extensions on

this could involve Granger causality tests to reinforce our understanding of the ripple

effect at the city level.

From the results we also saw the outer regions perform better in terms of detecting

spatial dependencies between neighbours. Another possible extension therefore could

include expanding the analysis to regional Victoria to see whether the patterns detected

extend even further than the Melbourne metropolitan area.
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7 Appendix

7.1 Companion Statistical Output

7.1.1 CPT Model: House Prices

Linear Systems - Estimation by Seemingly Unrelated Regressions

Iterations Taken 2

Annual Data From 1987:01 To 2013:01

Usable Observations 27

Log Likelihood 289.4316

Table 8: CBD Regression

Dependent Variable CBD

Mean of Dependent Variable 0.0193848963

Std Error of Dependent Variable 0.0427133224

Standard Error of Estimate 0.0409722130

Sum of Squared Residuals 0.0453255003

Durbin-Watson Statistic 2.0183

Variable Coeff Std Error T-Stat Signif

Temporal Lag -0.484118180 0.153847991 -3.14673 0.00165107

Spatial Lag 0.736434864 0.240581725 3.06106 0.00220556

Rate -0.021940927 0.014578570 -1.50501 0.13232092

Table 9: Inner Regression

Dependent Variable INNER
Mean of Dependent Variable 0.0217685506
Std Error of Dependent Variable 0.0331199765
Standard Error of Estimate 0.0343589907
Sum of Squared Residuals 0.0318745866
Durbin-Watson Statistic 1.9536

Variable Coeff Std Error T-Stat Signif
Temporal Lag 0.234047007 0.230854545 1.01383 0.31066441
Spatial Lag 0.066487672 0.255774598 0.25995 0.79490516
Rate -0.017888286 0.011998909 -1.49083 0.13600717
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Table 10: Mid Regression

Dependent Variable MID

Mean of Dependent Variable 0.0188363902

Std Error of Dependent Variable 0.0328549896

Standard Error of Estimate 0.0331361213

Sum of Squared Residuals 0.0296460685

Durbin-Watson Statistic 1.9182

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.187602641 0.283575981 0.66156 0.50825299

Spatial Lag 0.200345885 0.303247526 0.66067 0.50882536

Rate -0.013849855 0.011800004 -1.17372 0.24050874

Table 11: Outer Regression

Dependent Variable OUTER

Mean of Dependent Variable 0.0129464498

Std Error of Dependent Variable 0.0277456506

Standard Error of Estimate 0.0227568039

Sum of Squared Residuals 0.0139825473

Durbin-Watson Statistic 2.0740

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.342270334 0.185626765 1.84386 0.06520310

Spatial Lag 0.255658011 0.167273024 1.52839 0.12641634

Rate -0.007158955 0.008064114 -0.88775 0.37467275
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7.1.2 CPT Model: Unit Prices

Linear Systems - Estimation by Seemingly Unrelated Regressions

Iterations Taken 2

Annual Data From 1987:01 To 2013:01

Usable Observations 27

Log Likelihood 274.6768

Table 12: CBD Regression

Dependent Variable CBD

Mean of Dependent Variable 0.0009219051

Std Error of Dependent Variable 0.0384651378

Standard Error of Estimate 0.0344105530

Sum of Squared Residuals 0.0319703263

Durbin-Watson Statistic 1.7835

Variable Coeff Std Error T-Stat Signif

Temporal Lag -0.229918408 0.167302396 -1.37427 0.16935835

Spatial Lag 0.458147145 0.201646425 2.27203 0.02308457

Rate -0.005800812 0.012391712 -0.46812 0.63969854

Table 13: Inner Regression

Dependent Variable INNER

Mean of Dependent Variable 0.0004912538

Std Error of Dependent Variable 0.0345139284

Standard Error of Estimate 0.0332732183

Sum of Squared Residuals 0.0298918906

Durbin-Watson Statistic 1.9609

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.074401853 0.216302959 0.34397 0.73086842

Spatial Lag 0.163293744 0.248477754 0.65718 0.51106742

Rate -0.001214252 0.012080915 -0.10051 0.91993950
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Table 14: Mid Regression

Dependent Variable MID

Mean of Dependent Variable 0.0005495190

Std Error of Dependent Variable 0.0305614062

Standard Error of Estimate 0.0278334596

Sum of Squared Residuals 0.0209169398

Durbin-Watson Statistic 2.0248

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.441333987 0.227448652 1.94037 0.05233504

Spatial Lag -0.016386667 0.216903279 -0.07555 0.93977850

Rate -0.008135837 0.009993392 -0.81412 0.41557524

Table 15: Outer Regression

Dependent Variable OUTER

Mean of Dependent Variable 0.0004785039

Std Error of Dependent Variable 0.0287074311

Standard Error of Estimate 0.0207850931

Sum of Squared Residuals 0.0116645425

Durbin-Watson Statistic 2.1051

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.242292376 0.133336351 1.81715 0.06919389

Spatial Lag 0.493749650 0.161250346 3.06201 0.00219858

Rate -0.007586332 0.007417802 -1.02272 0.30644043
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7.1.3 Interior Weights CPT Model: House Prices

Table 16: CBD Regression

Dependent Variable CBD

Mean of Dependent Variable 0.019385

Std Error of Dependent Variable 0.042713

Standard Error of Estimate 0.043313

Sum of Squared Residuals 0.045024

Durbin-Watson Statistic 2.056377

Variable Coeff Std Error T-Stat Signif

Temporal Lag -0.530413 0.168954 -3.139400 0.0022

Spatial Lag 0.830267 0.261047 3.180523 0.0020

Rate -0.021599 0.014595 -1.479849 0.1422

Table 17: Inner Regression

Dependent Variable Inner

Mean of Dependent Variable 0.021769

Std Error of Dependent Variable 0.033120

Standard Error of Estimate 0.036179

Sum of Squared Residuals 0.031415

Durbin-Watson Statistic 2.042348

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.449305 0.189877 2.366289 0.0200

Spatial Lag -0.117250 0.098271 -1.193137 0.2358

Rate -0.017595 0.012174 -1.445351 0.1516
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Table 18: Mid Regression

Dependent Variable Mid

Mean of Dependent Variable 0.018836

Std Error of Dependent Variable 0.032855

Standard Error of Estimate 0.034088

Sum of Squared Residuals 0.027887

Durbin-Watson Statistic 2.004373

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.110876 0.169892 0.652626 0.5156

Spatial Lag 0.274244 0.191349 1.433215 0.1550

Rate -0.011976 0.011247 -1.064815 0.2896

Table 19: Outer Regression

Dependent Variable Outer

Mean of Dependent Variable 0.012946

Std Error of Dependent Variable 0.027746

Standard Error of Estimate 0.023842

Sum of Squared Residuals 0.013643

Durbin-Watson Statistic 2.004373

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.206801 0.177723 1.163613 0.2475

Spatial Lag 0.368155 0.176699 2.083513 0.0399

Rate -0.006248 0.008070 -0.774185 0.4407
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7.1.4 Interior Weights CPT Model: Unit Prices

Table 20: CBD Regression

Dependent Variable CBD

Mean of Dependent Variable 0.000922

Std Error of Dependent Variable 0.038465

Standard Error of Estimate 0.036525

Sum of Squared Residuals 0.032019

Durbin-Watson Statistic 2.004373

Variable Coeff Std Error T-Stat Signif

Temporal Lag -0.218363 0.169764 -1.286273 0.2014

Spatial Lag 0.422054 0.202551 2.083697 0.0398

Rate -0.005973 0.012396 -0.481848 0.6310

Table 21: Inner Regression

Dependent Variable Inner

Mean of Dependent Variable 0.000491

Std Error of Dependent Variable 0.034514

Standard Error of Estimate 0.035247

Sum of Squared Residuals 0.029817

Durbin-Watson Statistic 1.873994

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.109083 0.177352 0.615067 0.5400

Spatial Lag 0.041217 0.091400 0.450953 0.6530

Rate -0.000150 0.011840 -0.012636 0.9899
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Table 22: Mid Regression

Dependent Variable Mid

Mean of Dependent Variable 0.000550

Std Error of Dependent Variable 0.030561

Standard Error of Estimate 0.029511

Sum of Squared Residuals 0.020902

Durbin-Watson Statistic 1.916647

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.383574 0.154592 2.481207 0.0148

Spatial Lag -0.022733 0.148780 -0.152797 0.8789

Rate -0.007731 0.009900 -0.780942 0.4368

Table 23: Outer Regression

Dependent Variable Outer

Mean of Dependent Variable 0.000922

Std Error of Dependent Variable 0.038465

Standard Error of Estimate 0.036525

Sum of Squared Residuals 0.032019

Durbin-Watson Statistic 1.793708

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.283633 0.147390 1.924371 0.0573

Spatial Lag 0.426493 0.174773 2.440262 0.0165

Rate -0.007431 0.007411 -1.002794 0.3185

7.1.5 Disaggregated Model: House Prices

Linear Systems - Estimation by Seemingly Unrelated Regressions

Iterations Taken 2

Annual Data From 1987:01 To 2013:01

Usable Observations 27

Log Likelihood 697.1639
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Table 24: Region 1 Regression

Dependent Variable Region 1

Mean of Dependent Variable 0.0001264498

Std Error of Dependent Variable 0.0386369924

Standard Error of Estimate 0.0342351139

Sum of Squared Residuals 0.0316451616

Durbin-Watson Statistic 1.6347

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.384395082 0.172712291 2.22564 0.02603842

Spatial Lag -0.501969592 0.215598220 -2.32826 0.01989809

Rate -0.009235226 0.011708214 -0.78878 0.43023956

Table 25: Region 2 Regression

Dependent Variable Region 2

Mean of Dependent Variable 0.0007749723

Std Error of Dependent Variable 0.0366332751

Standard Error of Estimate 0.0357347968

Sum of Squared Residuals 0.0344783439

Durbin-Watson Statistic 1.6731

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.046798745 0.296768243 0.15769 0.87469747

Spatial Lag -0.043403361 0.371760318 -0.11675 0.90705743

Rate -0.006471525 0.012534329 -0.51630 0.60564204

Table 26: Region 3 Regression

Dependent Variable Region 3

Mean of Dependent Variable 0.0005939826

Std Error of Dependent Variable 0.0332989359

Standard Error of Estimate 0.0306317872

Sum of Squared Residuals 0.0253342725

Durbin-Watson Statistic 1.7200

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.028768955 0.237481886 0.12114 0.90357881

Spatial Lag 0.178456178 0.255127237 0.69948 0.48425265

Rate -0.006950912 0.010486160 -0.66287 0.50741683
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Table 27: Region 4 Regression

Dependent Variable Region 4

Mean of Dependent Variable 0.0006883639

Std Error of Dependent Variable 0.0316314386

Standard Error of Estimate 0.0286887893

Sum of Squared Residuals 0.0222222590

Durbin-Watson Statistic 1.6619

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.608521805 0.417544631 1.45738 0.14501111

Spatial Lag -0.416577517 0.432796614 -0.96252 0.33578600

Rate -0.008618761 0.009805745 -0.87895 0.37942834

Table 28: Region 5 Regression

Dependent Variable Region 5

Mean of Dependent Variable 0.0004877496

Std Error of Dependent Variable 0.0301070747

Standard Error of Estimate 0.0240480457

Sum of Squared Residuals 0.0156143295

Durbin-Watson Statistic 1.7416

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.175624607 0.099123349 1.77178 0.07643135

Spatial Lag 0.248641621 0.084599931 2.93903 0.00329243

Rate -0.004763205 0.008255466 -0.57698 0.56395571

Table 29: Region 6 Regression

Dependent Variable Region 6

Mean of Dependent Variable 0.0004110775

Std Error of Dependent Variable 0.0270309966

Standard Error of Estimate 0.0227554125

Sum of Squared Residuals 0.0139808376

Durbin-Watson Statistic 1.7607

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.021043623 0.139404171 0.15095 0.88001197

Spatial Lag 0.333210874 0.151374478 2.20124 0.02771936

Rate -0.001817805 0.007979350 -0.22781 0.81979105
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Table 30: Region 7 Regression

Dependent Variable Region 7

Mean of Dependent Variable 0.0003409342

Std Error of Dependent Variable 0.0278943581

Standard Error of Estimate 0.0221534951

Sum of Squared Residuals 0.0132509883

Durbin-Watson Statistic 1.8092

Variable Coeff Std Error T-Stat Signif

Temporal Lag -0.031959386 0.112241334 -0.28474 0.77584479

Spatial Lag 0.436295838 0.124558856 3.50273 0.00046052

Rate 0.000050936 0.007733609 0.00659 0.99474487

Table 31: Region 8 Regression

Dependent Variable Region 8

Mean of Dependent Variable 0.0007351508

Std Error of Dependent Variable 0.0278248618

Standard Error of Estimate 0.0232584369

Sum of Squared Residuals 0.0146057820

Durbin-Watson Statistic 1.7457

Variable Coeff Std Error T-Stat Signif

Temporal Lag -0.153177555 0.259470403 -0.59035 0.55495808

Spatial Lag 0.528308336 0.275977908 1.91431 0.05558006

Rate -0.005898610 0.008160871 -0.72279 0.46980789
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7.1.6 Disaggregated Model: Unit Prices

Linear Systems - Estimation by Seemingly Unrelated Regressions

Iterations Taken 2

Annual Data From 1987:01 To 2013:01

Usable Observations 27

Log Likelihood 600.0033

Table 32: Region 1 Regression

Dependent Variable Region 1

Mean of Dependent Variable 0.0006964377

Std Error of Dependent Variable 0.0347231914

Standard Error of Estimate 0.0336087448

Sum of Squared Residuals 0.0304977886

Durbin-Watson Statistic 1.7389

Variable Coeff Std Error T-Stat Signif

Temporal Lag -0.043626515 0.141425703 -0.30848 0.75771973

Spatial Lag 0.209963025 0.208288399 1.00804 0.31343529

Rate -0.006200770 0.011972085 -0.51794 0.60450317

Table 33: Region 2 Regression

Dependent Variable Region 2

Mean of Dependent Variable 0.0004341785

Std Error of Dependent Variable 0.0334002770

Standard Error of Estimate 0.0298683508

Sum of Squared Residuals 0.0240871962

Durbin-Watson Statistic 1.8373

Variable Coeff Std Error T-Stat Signif

Temporal Lag -0.234047489 0.171492779 -1.36477 0.17232665

Spatial Lag 0.561531020 0.207938089 2.70047 0.00692411

Rate -0.011123685 0.010608495 -1.04856 0.29437888
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Table 34: Region 3 Regression

Dependent Variable Region 3

Mean of Dependent Variable 0.0003907260

Std Error of Dependent Variable 0.0316393437

Standard Error of Estimate 0.0288427321

Sum of Squared Residuals 0.0224613863

Durbin-Watson Statistic 1.8942

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.332063108 0.184191833 1.80281 0.07141786

Spatial Lag 0.028172859 0.181644353 0.15510 0.87674326

Rate -0.009706668 0.010283836 -0.94388 0.34523292

Table 35: Region 4 Regression

Dependent Variable Region 4

Mean of Dependent Variable 0.0010385408

Std Error of Dependent Variable 0.0327277587

Standard Error of Estimate 0.0298748577

Sum of Squared Residuals 0.0240976923

Durbin-Watson Statistic 1.7994

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.003817834 0.117079493 0.03261 0.97398647

Spatial Lag 0.308195722 0.153610428 2.00635 0.04481931

Rate -0.010803487 0.010610736 -1.01817 0.30859922

Table 36: Region 5 Regression

Dependent Variable Region 5

Mean of Dependent Variable 0.0001501771

Std Error of Dependent Variable 0.0321448365

Standard Error of Estimate 0.0236333052

Sum of Squared Residuals 0.0150803941

Durbin-Watson Statistic 1.7458

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.128312347 0.098849927 1.29805 0.19426946

Spatial Lag 0.440512965 0.110655289 3.98095 0.00006864

Rate -0.004010305 0.008357904 -0.47982 0.63135409
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Table 37: Region 6 Regression

Dependent Variable Region 6

Mean of Dependent Variable 0.0007039230

Std Error of Dependent Variable 0.0258988870

Standard Error of Estimate 0.0196074029

Sum of Squared Residuals 0.0103801567

Durbin-Watson Statistic 1.5992

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.196270818 0.106066317 1.85045 0.06424817

Spatial Lag 0.353334499 0.097894213 3.60935 0.00030696

Rate -0.009123337 0.006921525 -1.31811 0.18746657

Table 38: Region 7 Regression

Dependent Variable Region 7

Mean of Dependent Variable -0.000802158

Std Error of Dependent Variable 0.032064515

Standard Error of Estimate 0.027328249

Sum of Squared Residuals 0.0201644967

Durbin-Watson Statistic 2.2150

Variable Coeff Std Error T-Stat Signif

Temporal Lag 0.119570887 0.139590287 0.85658 0.39167451

Spatial Lag 0.410142154 0.159370036 2.57352 0.01006695

Rate -0.003731487 0.009885375 -0.37748 0.70582021

Table 39: Region 8 Regression

Dependent Variable Region 8

Mean of Dependent Variable 0.0015421553

Std Error of Dependent Variable 0.0352410155

Standard Error of Estimate 0.0300518825

Sum of Squared Residuals 0.0243841224

Durbin-Watson Statistic 2.0014

Variable Coeff Std Error T-Stat Signif

Temporal Lag -0.361565547 0.150440497 -2.40338 0.01624434

Spatial Lag 0.880465255 0.205229383 4.29015 0.00001786

Rate -0.012998715 0.010704998 -1.21427 0.22464613
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7.2 Spatial Weight Matrices

Table 40: CPT Model Weight Matrix: Units

CBD Inner Mid Outer

CBD 0.00 1.00 0.00 0.00

Inner 0.21 0.00 0.79 0.00

Mid 0.00 0.69 0.00 0.31

Outer 0.00 0.00 1.00 0.00

Table 41: CPT Model Weight Matrix: Houses

CBD Inner Mid Outer

CBD 0.00 1.00 0.00 0.00

Inner 0.02 0.00 0.98 0.00

Mid 0.00 0.28 0.00 0.72

Outer 0.00 0.00 1.00 0.00

Table 42: CPT Model Interior Weight Matrix: Units and Houses

CBD Inner Mid Outer

CBD 0.00 1.00 0.00 0.00

Inner 1.00 0.00 0.00 0.00

Mid 0.00 1.00 0.00 0.00

Outer 0.00 0.00 1.00 0.00

Table 43: Disaggregated Model Weight Matrix: Units

Region 3 Region 1 Region 2 Region 4 Region 5 Region 8 Region 7 Region 6

Region 3 0.00 0.56 0.25 0.10 0.00 0.00 0.04 0.04

Region 1 0.38 0.00 0.39 0.00 0.23 0.00 0.00 0.00

Region 2 0.23 0.53 0.00 0.10 0.14 0.00 0.00 0.00

Region 4 0.34 0.00 0.36 0.00 0.21 0.03 0.00 0.06

Region 5 0.00 0.60 0.27 0.11 0.00 0.02 0.00 0.00

Region 8 0.00 0.00 0.00 0.35 0.50 0.00 0.00 0.15

Region 7 0.85 0.00 0.00 0.00 0.00 0.00 0.00 0.15

Region 6 0.59 0.00 0.00 0.25 0.00 0.05 0.11 0.00
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Table 44: Disaggregated Model Weight Matrix: Houses

Region 3 Region 1 Region 2 Region 4 Region 5 Region 8 Region 7 Region 6

Region 3 0.00 0.22 0.28 0.18 0.00 0.00 0.16 0.15

Region 1 0.31 0.00 0.29 0.00 0.39 0.00 0.00 0.00

Region 2 0.28 0.21 0.00 0.17 0.35 0.00 0.00 0.00

Region 4 0.24 0.00 0.23 0.00 0.31 0.10 0.00 0.13

Region 5 0.00 0.28 0.35 0.23 0.00 0.15 0.00 0.00

Region 8 0.00 0.00 0.00 0.26 0.53 0.00 0.00 0.22

Region 7 0.66 0.00 0.00 0.00 0.00 0.00 0.00 0.34

Region 6 0.39 0.00 0.00 0.24 0.00 0.16 0.22 0.00
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7.3 Number of Dwellings Series

Figure 13: CPT Model Number of Dwellings 1985-2013
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Figure 14: Disaggregated Model Number of Dwellings 1985-2013
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