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Abstract

This thesis contributes to the study of long-run relationships between financial assets. We

develop a methodology for testing the hypothesis of co-bubbling behaviour in two series, em-

ploying a variant of the stationarity test of Kwiatkowski et al. (1992) which uses a conditional

’wild’ bootsrap scheme to control size. We subsequently use our method to test for the pres-

ence of co-bubbles in a series of different markets. We look at commodities such as gold and

silver and the housing market. There is a plethora of research on the efficacy of unit root tests

for detecting explosive rational asset price bubbles. However, the migration of these bubbles

and the possibility of co-bubbling behaviour of two series have seldom been researched. In

the second chapter of this thesis we apply our model to the commodities market and find

that the prices of gold and silver co-bubble in the period following the financial crisis. In the

third chapter we investigate the migration of speculative housing bubbles between UK geo-

graphic regions. In the third chapter we analyse the co-bubbling relationship between rental

and housing prices. We find that an explosive bubble behaviour in rental prices will lead to

a bubble behaviour in house prices. The two series co-bubble over a period of time of around

two years.
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Chapter 1

Introduction

Following the 2007-2009 financial crisis a number of econometrics models have emerged that

aim at modelling the behaviour of speculative financial bubbles. Speculative bubbles, espe-

cially in financial and housing markets, were blamed for the financial crisis to various degrees.

Most prominently Phillips, Wu and Yu (2011) and Homm and Breitung (2012) use recursive

right tailed Dickey-Fuller tests to test the null of a series being I(1) against the alternative of

an explosive autoregression. More recently, Harvey et al. (2014) [HLS] suggest using Bayesian

Information Criterion (BIC) model selection procedure to identify bubble behaviour. The ad-

vantage of their method is that it allows for the consistent estimation of the start and end date

of a bubble as well as providing for a number of different bubble processes. The HLS model

has a significant influence on this entire thesis as we use it across our chapters to identify the

start dates of bubbles in individual series.

In the second chapter, building on the HLS model, we explore the possibility of co-bubbling,

where the two explosive series differ only by a stationary I(0) component. As the null critical

values of our test depend on the form of the bubble process of each series we adopt a condi-

tional ’wild bootstrap’ to generate the critical values. Monte Carlo simulations offer promising

levels of size control and power. We apply our model to the prices of gold and silver. The

long run relationship of the two commodities has been the subject of numerous papers in the

financial literature. Historically, they are seen as very close substitutes in terms of risk profile

and investment returns. Economic theory suggests that following a financial crisis, due to the

uncertainty in financial markets, investors would shift their portfolio towards commodities
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such as gold and silver. Our chapter is able to confirm this hypothesis as the prices of the two

commodities bubble following the recent financial crisis. Furthermore, typically, the price of

gold is found to be leading the price of silver but we do not find evidence to support this. Our

results show that the silver prices lead gold prices. We attribute this change to the diversified

use of silver for industrial purposes over the past few years thus making it more sensitive to

changes in the economic environment.

In the third chapter, we focus our attention on the migration of housing bubbles between

UK geographic regions. Theories have been proposed that suggest that there might be a

long run relationship between the prices of houses in neighbouring regions. A large amount

of empirical research has showed that bubbles occur relatively frequently and with a high

intensity on housing markets in large cities (for example, Abraham and Hendershott, 1996,

for the US; Ayuso and Restoy, 2003, for the UK and Spain; and Chan et al., 2001, for Hong

Kong). However, the migration of these bubbles from one geographic region to the other has

been less well documented. Furthermore, the time it takes for a bubble to migrate from one

geographic region to another has not been explored yet, as far as we know. It is these two key

aspects of the geography of housing bubbles that we aim to better understand in our third

chapter.

It has also been proposed that fluctuations in the average income of two geographic regions

can also explain fluctuations in house prices. Income is seen as a ’fundamental’ variable in

determining the prices of housing. Other fundamentals in determining house prices include

the interest rates and the rental rate. Case et al., (2005) and Benjamin et al. (2004) find

that the effect of wealth is far greater on housing markets than on financial markets. On the

other hand, Himmelberg (2005) writes a comprehensive review of the fundamentals that de-

termine house prices and to some extent housing bubbles. He finds that income has a limited

explanatory power in explaining the emergence of any housing bubbles.

In our third chapter we look at this hypothesis from a co-bubbling lens. We test to see if

changes in income levels between two geographic regions can affect the time it takes for a

bubble to migrate. We also test to see the effect of distance on the migration time lag. Using

the co-bubbling model developed in the second chapter we find that the distance between two

geographic regions can be used to predict whether a housing bubble in one area will migrate

2



to a neighbouring area. We do not find evidence that the average income in the various UK

regions can predict bubble migration.

The fourth chapter examines the migration of bubbles from the prices of rental property to

the prices of housing property within UK geographic regions. A number of theories have

been proposed within the financial econometrics literature suggesting that the two types of

investment are very close substitutes. As a result, researchers have settled on the proposition

that there must exist a long run (co-integrating) relationship between the two assets.

In the literature, rents are usually considered an important part of fundamentals for house

prices, see Meese and Wallace (1994), Hamilton and Schwab (1985), Himmelberg et al. (2005),

Gallin (2008), Ghysels et al. (2013), Brunnermeier and Julliard (2008), Campbell et al. (2009),

Plazzi et al. (2010), Cochrane (2011), Engsted and Pedersen (2014, 2015), and Gelain and

Lansing (2014). The reason for considering rent as a fundamental factor follows the same logic

as dividends being seen as fundamentals for determining the price of a share. Put simply,

the owner of a house who also lives in the house, derives a certain utility from the service

provided by the house itself. An appropriate proxy for this unobservable housing service are

rents. Rents are the equivalent to the dividends that an owner of a share obtains in the equity

market.

This relationship has been found and shown using a series of robust statistical methods in

recent literature. However, the question of which asset leads the price and the explosive

behaviour, if any, of the other asset has yet to be asked. In this chapter we examine the

relationship between rental and housing prices using the co-bubbling model developed earlier

in the thesis. We are able to confirm both of our hypotheses: a) that there is a strong co-

bubbling relationship between rental and housing prices across the UK and b) that a bubble

in rental prices will typically precede a bubble in housing prices by about nine quarters.

3



Chapter 2

Testing for Co-bubble Behaviour in

Economic and Financial Time Series

Abstract

The efficacy of unit root tests for detecting explosive rational asset price bubbles is well doc-

umented. The possibility of co-bubbling behaviour of two series is, however, less understood.

We develop a methodology for testing the hypothesis of co-bubbling behaviour in two series,

employing a variant of the stationarity test of Kwiatkowski et al. (1992) which uses a condi-

tional ‘wild’ bootsrap scheme to control size. Monte Carlo simulations offer promising levels

size control and power. Combining this test with a recently proposed Bayesian Information

Criterion model selection procedure to identify bubble episodes in individual series allows

us to determine the presence of any relationship between two explosive series. An empirical

application involving world silver and gold prices is discussed.

2.1 Introduction

Methods that aim to model speculative financial bubbles have gained high prominence follow-

ing the 2008-2009 financial turmoil. This has resulted in a new area of literature that discusses

the efficacy of unit root tests for detecting explosive rational asset price bubbles. See, for ex-

ample, Phillips, Wu and Yu (2011) and Homm and Breitung (2012) who use recursive right
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tailed Dickey-Fuller tests to test the null of a series being I(1) against the alternative of an

explosive autoregression. More recently, Harvey et al. (2014) [HLS] suggest using Bayesian

Information Criterion (BIC) model selection procedure to identify bubble behaviour. This

procedure also allows for consistent estimation of the start and end dates of the bubble and

can distinguish between different types of bubble processes, for instance, identifying a bubble

that does or does not end in a collapse, or a bubble that continues to the end of the sample.

For the purposes of this thesis, we define bubbles as substantial deviations of a time series from

its fundamental values. By this we mean that if a series begins deviating from its established

behaviour (random walk) by an explosive component, then we can conclude that a bubble is

present. When this additional term equals zero, then no bubble is present in the observed

data. Of course, practically, in order to determine the presence of a bubble, one must first be

aware of the fundamentals and be in a position to quantify and define them.

However, the possibility of co-bubbling, whereby two explosive series differ only by an I(0)

component has not been explored. It is this concept we introduce and develop a testing

methodology for in this paper. Our concept of co-bubbling also naturally leads into the notion

of testing for bubble migration, whereby a bubble episode in one series leads (or lags) that

in another by a number of time periods. Attempts have been made to empirically document

bubble migration (see, for example, Kivedal, 2012) however these approaches lack a robust

statistical foundation.

Specifically, we consider testing the null hypothesis of co-bubbling between two series using a

variant of the stationarity test of Kwiatkowski et al. (1992) [KPSS]. The null critical value of

this test depends on the form of the bubble processes involved, making it difficult to control

size. To get round this problem, we adopt a simple conditional ‘wild’ bootstrap. Extensive

Monte Carlo simulation exercises show that procedure appears to control size well, even in

the presence of heteroscedasticity - a relevant consideration when any application involves

financial data. The power of our test to reject a false null of co-bubbling is also investigated

via simulation, and shown to be decent, as its ability to identify the timing of bubble migration.

Combining this test with the bubble identification and dating procedure of HLS gives a robust

empirical methodology for detecting the presence of co-bubbling. We demonstrate this via an

application involving world silver and gold prices.
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2.2 The Bubble Model

We consider the following model for a generic series x
t

, t = 1, ..., T , which is similar to that

used in HLS,

x
t

= µ
x

+ u
x,t

(2.1)

u
x,t

=

8
>>>>>>><

>>>>>>>:

u
x,t�1 + ✏

x,t

, t = 2, ..., b⌧
x,1T c,

(1 + �
x,1)ux,t�1 + ✏

x,t

, t = b⌧
x,1T c+ 1, ..., b⌧

x,2T c,

(1� �
x,2)uxt�1 + ✏

x,t

, t = b⌧
x,2T c+ 1, ..., b⌧

x,3T c,

u
x,t�1 + ✏

x,t

, t = b⌧
x,3T c+ 1, ..., T

where µ
x

is a constant term, ⌧
x,1, ⌧x,2 and ⌧

x,3 are sample fractions, and �
x,1 > 0 and �

x,2 > 0.

Here b·c denotes the integer value. We assume that ✏
x,t

is an innovation process with zero

mean and is integrated of order zero, I(0). The model (2.1) imposes a unit root, or I(1)

behaviour, on x
t

up to time b⌧
x,1T c, after which x

t

is explosive until time b⌧
x,2T c. This is

followed by a stationary (mean-reverting) regime until time b⌧
x,3T c. The series then returns

to unit root behaviour for the final regime.

In terms of modelling bubble behaviour, (2.1) allows for a number of different specifications

(models) simply by changing ⌧
x,1, ⌧x,2 and ⌧

x,3. If ⌧
x,1 = 1, then x

t

is unit root throughout

(which we shall refer to as Model 0). If 0 < ⌧
x,1 < ⌧

x,2 = 1 the bubble emerges at (sample

proportion) ⌧
x,1 and runs up to the sample end (Model 1); while if 0 < ⌧

x,1 < ⌧
x,2 = ⌧

x,3 < 1

the bubble terminates at ⌧
x,2 and is unit root to the sample end (Model 2). If 0 < ⌧

x,1 <

⌧
x,2 < ⌧

x,3 = 1 the bubble terminates with an offsetting stationary collapse regime that

continues to the sample end (Model 3); while if 0 < ⌧
x,1 < ⌧

x,2 < ⌧
x,3 < 1, the collapse is

followed by a unit root period to the sample end (Model 4). Here �
x,1 and ⌧

x,2� ⌧
x,1 together

control the magnitude and duration of the explosive bubble period, while �
x,2 and ⌧

x,3 � ⌧
x,2

determine the speed and duration of the bubble’s collapse (should one occur as in Model 3

and 4).
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2.3 A Model of Co-bubbling Behaviour

Suppose a y
t

and x
t

are two observed series, with x
t

a bubble process, i.e. it is generated

from one of Model 1-4. then we may consider a relationship of the following form:

y
t

= µ
y

+ �
x

x
t�i

+ �
z

z
t�j

+ e
y,t

(2.2)

where z
t

is some latent, unobserved bubble process which is generated from one of Model 1-4

(where x is replaced by z in (2.1)), with I(0) mean zero innovation term ✏
z,t

independent

of ✏
x,t

, and e
y,t

is a mean zero I(0) innovation term, independent of ✏
x,t

and ✏
z,t

. In (2.2),

if �
z

= 0, and �
x

> 0, we can then consider that y
t

and x
t

co-bubble, in the sense that

they "differ" by an I(0) term. The co-bubbling is contemporaneous if i = 0. If i > 0, they

co-bubble with a delay of i time periods; the bubble in x
t

preceding that in y
t

. We can

therefore think of the bubble in x
t

migrating into y
t

after i time periods. We do not consider

the concept of co-bubbling to be meaningful for �
x

< 0 as this implies that the bubbles in

y
t

and x
t

will be moving in opposite directions. If �
z

> 0, and �
x

= 0, then y
t

and z
t

are

co-bubbling with a delay of j time periods if the latent process z
t

is generated from one of

Model 1-4, and they are co-integrating if z
t

is generated from Model 0. The observed bubble

process x
t

is then irrelevant as a co-bubble variate for y
t

. Our final possibility is the case

where �
x

> 0 and �
z

> 0. We exclude this possibility because x
t

alone is not sufficient to

explain the bubble behaviour observed in y
t

since it depends on the additional unobserved

component z
t

. If i < 0, the co-bubble delay turns into a lead.

In terms of testing for co-bubbling behaviour between the observed series, the hypotheses of

interest may be stated as

H0 : �
x

> 0, �
z

= 0

H1 : �
x

= 0, �
z

> 0

Under H0, which forms the null hypothesis, y
t

and x
t

co-bubble; the alternative hypothesis,

H1, simply implies they do not co-bubble.
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2.4 Testing for Co-bubbling

Our aim is to employ a statistic to test H0 against H1. The statistic we consider to test

H0 against H1 is motivated by the literature on testing the null of I(0) stationarity against

the alternative of I(1) integration. Specifically we consider a variant of the test of KPSS,

as extended by Leybourne and McCabe (1994) and Shin (1994) to allow for the presence of

an additional exogenous stochastic regressor. In (2.2), supposing that z
t

is an I(1) random

walk (i.e. it follows Model 0) with an IID Normal innovation process ✏
z,t

and e
y,t

is itself IID

Normal, then, conditioning on x
t

, the locally most powerful invariant test of �
z

= 0 against

�
z

> 0 is the KPSS-type statistic

S = �̂�2
y

T�2
TX

t=i+1

(
tX

s=i+1

ê
y,s

)2

where �̂2
y

= T�1PT

t=i+1 ê2
y,t

is an estimator of V (e
y,t

), with ê
y,t

= y
t

� µ̂
y

� �̂
x

x
t�i

denoting

the OLS residual from a regression of y
t

on a constant and x
t�i

. Here S is invariant to µ
y

, �
x

and V (e
y,t

). Under the Normality conditions, this form of statistic is essentially a one-sided

Lagrange Multiplier test statistic of the null of whether the V (e
z,t

) = 0 against the alternative

that V (e
z,t

) > 0. This is observationally equivalent to fixing V (e
z,t

) > 0 and testing �
z

= 0

against �
z

> 0. The IID and Normality assumptions are only used to justify the form of the

statistic - they are used in its likelihood-based derivation - but they are not intended to hold

in practice.

Although, formally S is designed for testing to distinguish whether y
t

�µ
y

� �
x

x
t�i

= z
t�j

+

e
y,t

is an I(0) process or an I(1) process, we would expect it to have reasonable power to

distinguish between H0 and H1, where, under H1, zt�j

+ e
y,t

is a bubble process rather than

an I(1) process. The reason for this is that in a Taylor series expansion of a local bubble

process, the first term behaves like a random walk.

An obvious question is why not just perform a standard t-test of the null hypothesis �
x

= 0

and infer co-bubbling from a rejection of this null ? It is because this test will tend to reject

when H1 is true, along the same lines as the classical spurious regression phenomenon of

Granger and Newbold (1974). This results in wrongly concluding co-bubbling between y
t

and

8



observed x
t

when it is actually occurring between y
t

and the unobserved variable z
t

.

A problem with implementing S as a test of H0 against H1 is that its distribution under

H0, and hence the critical values to applied, depend on x
t

, even in large samples. This is a

familiar problem that arises because x
t

is not a stationary stochastic process, indeed it is far

from it. The distribution of S will change according which of Model 1-4 is in place for x
t

, and

even within a given Model, it will further depend on the locations of regime change points,

and bubble parameters values. This makes it essentially impossible to calculate the critical

values needed to control the size of the test S when it is used in practice. Our solution is to

employ a very straightforward conditional wild bootstrap procedure to overcome this serious

drawback.

2.5 A Conditional Wild Bootstrap Test for Co-bubbling

A standard unconditional on x
t

bootstrap scheme to empirically simulate the unconditional

distribution of S under H0 would involve re-simulating the properties of x
t

in each bootstrap

replication. This would be very slow to implement, and, quite feasibly, would not be valid

as the re-simulated x
t

would always be based on estimated, rather than known parameters

arising in the model of x
t

. At the very least it would be expected to perform poorly in finite

samples. A much easier solution is to conduct a bootstrap procedure that conditions on x
t

. In

other words to use the bootstrap to empirically simulate the conditional on x
t

distribution of

S under H0. Specifically, the bootstrap algorithm we employ, is a conditional ’wild’ bootstrap

scheme (see, for example, Liu, 1988, and Mammen, 1993) is as follows:

Algorithm 1. Step 1. Generate T bootstrap samples y
tb

= w
t

ê
y,t

, t = 1, ..., T , where w
t

denotes an independent N(0, 1) sequence.

Step 2. Calculate the conditional on x bootstrap KPSS test S
b

| x using residuals ê
tb

| x

obtained from the regression of y
tb

on a constant and x
t�i

.

Step 3. Repeat for b = 1, 2, .., B and calculate the bootstrap (upper tail) ↵-level critical value,

c
aB

| x, of the empirical CDF of S
b

| x.

Step 4. Reject H0 in favour of H1 if S > c
aB

| x.
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By construction, this conditional bootstrap procedure will be correctly sized under H0, at

least in large samples, irrespective of how x
t

is generated. It works essentially because S,

being based on ê
y,t

, is invariant to �
x

, so without loss of generality, we can set �
x

to zero

when generating the bootstrap samples.

The bootstrap could actually be implemented simply using y
tb

= w
t

instead of y
tb

= w
t

ê
y,t

.

The advantage of using the second specification is that it is (asymptotically) robust to any het-

eroscedasticity in e
y,t

; for example, volatility shifts or trending volatility since multiplication

by ê
y,t

effectively replicates the pattern of heteroscedasticity present in e
y,t

. Any heteroscedas-

ticity present in ✏
x,t

is implicitly handled in the wild bootstrap via the conditioning on x
t

.

This robustness property may be pertinent for applications using financial data, where het-

eroscedastic errors are considered very plausible. In the next section we investigate the size

and power performance of our bootstrap procedure via Monte Carlo simulation techniques.

2.6 Monte Carlo Simulations

In this section we examine the finite sample properties of our wild bootstrap procedure based

on S for Models 1-4. We implement the the bootstrap at the nominal 0.05-level (i.e. ↵ = 0.05)

and use B = 500 bootstrap replications. We consider a sample size of T = 200. In the

simulations , we generate ✏
x,t

and e
y,t

as IIDN (0,1) series. Since the regression for ê
y,t

includes a constant as well as x
t�i

, we can simply set µ
x

= 0 and µ
y

= 0. We also set

the co-bubbling parameter �
x

= 1. At this stage, we assume that the delay parameter i is

known. Our results are based on 2000 Monte Carlo replications. All the programs to run the

simulation experiments were written in GAUSS 9.0.

2.6.1 Size

Our first set of simulations involving quantifying the size of the bootstrap procedure under

H0. We begin with the simplest co-bubble model, which uses Model 1 for x
t

, where a bubble

emerges within the sample and then lasts to the sample end. Here the choice parameters in

(2.1) reduce to ⌧
x,1, the timing of the bubble onset as a fraction of T , and �

x,1 the magnitude

of the bubble parameter. Since we are operating under H0, �z = 0 and so there is no need
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to simulate a model for z
t

at this stage. The simulation results are given in Table 2.1 in the

Appendix, and represent the empirical rejection probabilities of the bootstrap procedure at

the nominal 0.05 level.

We see that the bootstrap procedure controls empirical size well over all parameter settings for

i, ⌧
x,1 and �

x,1; throughout these sizes are close to the nominal 0.05 value. Table 2.2 repeats

simulation exercise but under Model 2 for x
t

, with bubble termination at ⌧
x,2 = 0.80. Again,

the sizes are always close to the nominal level. For Model 3, which adds a collapse period

with parameter �
x,2 = 0.20 at ⌧

x,2 = 0.80, Table 2.3 shows that size remains well controlled.

The same is also true in Table 2.4, which adds a final random walk regime at ⌧
x,3 = 0.90.

In general then, we can conclude that the size of the bootstrap procedure is well behaved

across the different bubble models we allow for x
t

. That is, where a co-bubbling relationship

between y
t

and x
t

exists, the bootstrap test will only reject the presence of such a relationship

with probability close to the nominal size.

To also check size robustness to heteroscedasticity, we consider Model 1, just for i = 0,

⌧
x,1 = 0.50 and �

x,1 = 0.05. But we now change the variance of e
y,t

from 1 to 0.1 at sample

fraction ⌧
h

, so that we introduce a downwards shift in variance. The results are shown in

Table 2.5. Our test again appears well-sized, irrespective of when the variance break occurs.

For comparison, the numbers in brackets are those that we would get if we ran the bootstrap

simply using y⇤
tb

= w
t

instead of y
tb

= w
t

ê
y,t

, which would be valid under homoscedasticity

but not heteroscedasticity. Here, the sizes are seen to be inflated, particularly for the early

variance shift (⌧
h

= 0.25). This highlights the benefit of using the heteroscedasticity-robust

bootstrap samples y
tb

= w
t

ê
y,t

.

2.6.2 Power

We now examine the power of the bootstrap procedure to differentiate H0 from H1. Here, for

a given model for x
t

we generate z
t

in a similar way, but generate the two series independently

and allow ⌧
z,1, the timing of the bubble onset in z

t

, to change. The strength of the alternative

is controlled by the magnitude of �
z

> 0.

Results for Model 1 are shown in Table 2.6. We see that for a given value of ⌧
z,1, the empirical

power of the test increases with �
z

, which is as we would expect, since increasing �
z

moves
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us further away from the null. On the other hand, for a given value of �
z

, power decreases

with ⌧
z,1. Again we would expect this as increasing ⌧

z,1 reduces the duration of the explosive

behaviour in z
t

. In Table 2.7, under Model 2. we terminate the bubbles in x
t

and z
t

at

⌧
x,2 = ⌧

z,2 = 0.80. The pattern of results is quite similar to that seen in Table 2.6. The same

is true in Table 2.8, where Model 3 adds a collapse regime to x
t

and z
t

, and also in Table 2.9,

where Model 4 follows the collapse regime with a final random walk regime. So, we conclude

that the power properties of our bootstrap procedure are very decent across a range of bubble

specifications that represent the alternative hypothesis.

2.6.3 Choosing the delay parameter

One important issue is that, in practice, the true value of the delay parameter i in the co-

bubbling model (2.2) is unknown. We now investigate the size of the bootstrap procedure

under H0, but for different choices of the delay parameter, that is, when both correct and

incorrect choices are made. Let i⇤ denote the value of the delay parameter used in the

regression to produce the residuals i.e. ê
y,t

= y
t

� µ̂
y

� �̂
x

x
t�i

⇤ . It is only when i⇤ = i that

the appropriate delay is employed, and when i⇤ 6= i these residuals are no longer invariant to

�
x

(= 1).

We first consider Model 1, with (⌧
x,1 and �

x,1 taking the same values as in Table 1.1). In

Table 2.10 the true delay is i = 0, while candidate values from which the ê
y,t

are constructed

are i⇤ = 0, 2, 4, 6. So for i⇤ > 0 we are imposing too long a delay in the fitted co-bubbling

regression. We see that as i⇤ increases, and the delay becomes more and more inappropriate,

the test rapidly starts to reject H0 . Table 2.11 sets the true delay at i = 6, so now for

i⇤ < 6 we are imposing too short a delay. Again we see increasing levels of over-rejection as

the assumed delay is made shorter and shorter. Tables 2.12 and 2.13 repeat the analysis for

Model 2. Here we see the price for incorrect delay choice appears even more dramatic than

for Model 1 when ⌧
x,1 = 0.25 and ⌧

x,1 = 0.50. Similar patterns are found under Model 3, in

Tables 2.14 and 2.15, and for Model 4, in Tables 2.16 and 2.17.

In practice then, the test will not be able to distinguish between H1 being true, and H0 being

true but with incorrect choice of delay parameter, since both will cause a rejection of H0.

We therefore suggest that different values of the delay parameter be experimented with when
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applying our procedure.

2.7 Empirical Implementation

In practice, a necessary initial step is to establish whether a model of the form (2.2) even

represents a feasible relationship between the observed series y
t

and x
t

. For this to be the

case, we need to ensure that both y
t

and x
t

have the same form of model; that is, they are

both generated by the same member of Model 1-4. To put it another way, if y
t

is generated

by Model 1 and x
t

is generated by Model 4, then it is not meaningful to consider that H0

can ever hold (H1 could still be true, obviously). We also need to exclude the possibility that

both series are generated by Model 0, since neither contains a bubble in this situation. It

is important to note that in this initial step we do not impose common parameter values in

(2.1) applied to both y
t

and x
t

, just that the same set of model regimes occur (at possibly

different locations etc.) for both series.

We conduct this preliminary analysis using the BIC-based model selection approach of HLS.

Taking the generic model in (2.1), for Model j, we estimate the regime change point(s) on

the basis of minimising the residual sum of squares across all candidate dates, using the fitted

OLS regressions corresponding to Model j below:

Model 1: �x
t

= µ̂1Dt

(⌧1, 1) + �̂1Dt

(⌧1, 1)xt�1 + ✏̂1t

Model 2: �x
t

= µ̂1Dt

(⌧1, ⌧2) + �̂1Dt

(⌧1, ⌧2)xt�1 + ✏̂2t

Model 3: �x
t

= µ̂1Dt

(⌧1, ⌧2) + µ̂1Dt

(⌧2, 1) + �̂1Dt

(⌧1, ⌧2)xt�1 + �̂2Dt

(⌧2, 1)xt�1 + ✏̂3t

Model 4: �x
t

= µ̂1Dt

(⌧1, ⌧2) + µ̂2Dt

(⌧2, ⌧3) + �̂1Dt

(⌧1, ⌧2)xt�1 + �̂2Dt

(⌧2, ⌧3)xt�1 + ✏̂4t.

Here, the dummy variables are defined by D
t

(a, b) = 1(baT c < t  bbT c). Break fraction

estimators are then calculated according to

Model 1: ⌧̂1 = argmin0<⌧1<1 SSR1(⌧1)

Model 2: (⌧̂1, ⌧̂2) = argmin0<⌧1<⌧2 <1 SSR2(⌧1, ⌧2)

Model 3: (⌧̂1, ⌧̂2) = argmin0<⌧1<⌧2 <1 SSR3(⌧1, ⌧2)

Model 4: (⌧̂1, ⌧̂2, ⌧̂3) = argmin0<⌧1<⌧2<⌧3<1 SSR4(⌧1, ⌧2, ⌧3)
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where SSR
j

(.) =
P

T

t=2 ✏̂
2
jt

, j = 1, ..., 4. We then choose Model j
opt

according to

j
opt

= arg min
j2{0,1,2,3,4}

BIC
j

where

BIC0 = T ln{T�1SSR0}

BIC1 = T ln{T�1SSR1(⌧̂1, 1)}+ 3 ln(T ),

BIC2 = T ln{T�1SSR2(⌧̂1, ⌧̂2)}+ 4 ln(T ),

BIC3 = T ln{T�1SSR3(⌧̂1, ⌧̂2, 1)}+ 6 ln(T ),

BIC4 = T ln{T�1SSR4(⌧̂1, ⌧̂2, ⌧̂3)}+ 7 ln(T ).

Here SSR0 =
P

T

t=2(�x
t

)2 corresponds to the no-bubble I(1) model, Model 0. HLS show that

this algorithm, referred to as BIC
opt

, results in correct asymptotic selection between Models

0-4. We therefore require that when applied separately to y
t

and x
t

, BIC
opt

selects the same

member of Model 1-4 for both series. Assuming this be be established, we can, subsequently,

validly consider testing H0 against H1 in the context of the model (2.2) using our bootstrap

procedure.

Finally, to allow for the possibility of weak serial correlation in e
y,t

we can simply replace

the short-run variance estimator �̂2
y

in S with any standard long run-variance estimator.

The bootstrap statistics S
b

| x require no adjustment and can be computed using short-run

variance estimator (note that ✏
x,t

can be serially correlated, but no further adjustment to S

is required).

2.8 An Empirical Application: Silver and Gold Prices

The long run relationship between the price of silver and gold has been a topic of much interest

to academics over the past decade. They have historically been seen as close substitutes for

one another, both being precious metals that can be used to back currency and both having

been used as currency. There is significant evidence from Faff and Hillier (2003) and Adrangi
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et al. (2003) that these metals can play a useful role in diversifying risk, as well as being an

attractive investment in their own right, thus, one might expect that their prices share similar

dynamics.

Common opinion suggests that prices of gold lead the prices of silver. In other words, one

would expect that any bubble in silver prices will follow after a bubble in gold prices (see,

for example, Ciner, 2010, and Baur and Tran, 2014). Moreover, there is strong evidence

that the two series are co-integrated. Baur and Tran (2014), closely following the work of

Escribano and Granger (1998) use a 40-year sample period from 1970-2010 and examine the

existence and stability of a long-run relationship between silver and gold prices. They focus

their attention on the role of bubbles and financial crises for the relationship between silver

and gold. The results indicate that extreme price changes in certain periods create long-run

(co-integration) relationships since gold and silver are not co-integrated in "normal" periods.

Furthermore, Figuerola-Ferretti and Gonzalo (2010) use the period from 1990 to 2009 and find

that silver and gold are co-integrated only in an environment of weak US dollar together with

increased volatility. Lucey and Tully (2005) use the period from 1978 to 2002 and find that

a stable long-run relationship exists. Liu and Chou (2003) use daily data from 1983 to 1995

and Adrangi et al. (2000) use intra-day data between 1993 and 1995 with a focus on price

discovery. All these studies use various forms of Vector Error Correction Models for the full

sample and derived Granger causality tests to show that gold drives the long-run relationship

despite its lower volatility relative to silver. To our knowledge, no study has investigated the

possibility of explosive behaviour in these two price indices.

We note that our empirical application does not take into consideration the actual fundamen-

tals of gold and silver. We assume that these fundamentals have already been incorporated

into the observed prices of the two precious metals. Moreover, the model of co-bubbling that

we have developed does not necessitate the inclusion of fundamental values into its analysis.

We also note that in the case of gold, the literature accepts that there are no fundamentals

underpinning the evolution of the prices of the series. For silver prices, the demand for the

metal for industrial purposes suggests that there are fundamentals that could be explored.

For instance, if solar panels (constructed using silver) begin to be seen as a growth industry

by investors, that could lead to a significant shift in the expected prices for silver. In turn,
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Figure 2.1: Gold and silver co-bubbling application.

this may lead to an explosive bubble behaviour in the price of silver. For the purposes of this

chapter, we do not investigate the implications of the prices of the fundamentals of the prices

of silver on its actual price, but we do consider that there is scope for further examination in

future research.

For our empirical example, we use monthly data of the prices of silver and gold over the

period 2000M1-2014M10, which is T = 185. The data is taken from the World Bank (GEM

Commodities) database. Silver and gold prices are expressed as nominal U.S.$/troy oz. No

standardisation or conversion of the data from nominal to real is required as both series are

expressed in the same normalised currency. Figure 2.1 plots the two series and visual evidence

of co-movement in prices is clearly evident.

When we apply the HLS procedure to each price series, we find both select Model 4 and,

interestingly, with the same regime dates: a random walk from the sample start point at

2000M1 until 2009M01, followed by a bubble period to 2012M03, then a collapse period to

observation 2013M10, followed by a return to a random walk up to the sample end-point,

2014M10. This reveals that the bubble began some time after the Black Monday event in

worldwide stock markets (21st, 2008M1) when FTSE 100 had its biggest ever one-day points

fall and European stocks closed with their worst result since 9/11, and Asian stocks dropped

as much as 15 basis points. This event could indicate a significant shift in investor’s strategy

away from financial markets and towards commodity markets. It is generally believed that

these events had a significant impact on global commodity markets, and especially the ones
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for precious metals. Historically, it is considered that shocks in financial markets lead to

speculative bubbles in commodity markets.

Given these results, we can now check whether these price series co-bubble. We set y
t

and x
t

to be the silver price and gold price, respectively, and apply the KPSS test S, using a range

of lead/delay values i⇤ = {�12,�11, ...� 1, 0, 1, , , , 11, 12}, so permitting an unknown lead or

delay of up to one year. To account for serial correlation, for �̂2
y

, we use a simple Bartlett

long-run variance estimator with 6 lags included. Table 2.18 gives the value of S, together

with the 0.05-level bootstrap critical value, based on B = 500 bootstrap replications. The

italic entries represent those cases where co-bubbling is not rejected. So we deduce that silver

and gold co-bubble, with the bubble in silver preceding that in gold by 3-5 months.

Our empirical application therefore offers further confirmation that silver and gold prices

are indeed strongly linked, even during an explosive period following a financial recession.

Interestingly, our analysis does not confirm the previous literature consensus that gold prices

lead silver prices. On the contrary, we find that silver prices are the ones leading gold prices

during the explosive episode. Since most of the literature on this topic is quite dated we believe

that it is not unreasonable to consider that the dynamics between the two commodities have

undergone a change, and that silver has now taken the lead position. This would suggest

that gold prices have recently become relatively inert to global financial and political events,

leaving silver to be the first commodity to react to such events.

Demand for both gold and silver is driven by changes in investors appetite. On the other hand,

demand for silver is also very highly affected by retail demand. For the final consumer, silver

is a much more accessible precious metal due to its lower price relative to gold. Additionally,

silver is increasingly being used for industrial purposes (nearly half of the demand for silver in

2011 was for industrial projects, including the use of silver in new solar panel technology). It

is therefore not unreasonable to suggest that silver has recently replaced gold as the "go-to"

speculative commodity for investors.
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2.9 Summary

In this chapter we have proposed a test procedure for the detection of a co-bubbling relation-

ship between two explosive series. Our statistic is built on a variation of the stationarity test

of Kwiatkowski et al. (1992), extended to include explosive exogenous regressors. Because

the null distribution of test is dependent on the nature of the explosive regressor, we employ

a conditional wild bootstrap procedure to control the size of the test. Monte Carlo simula-

tions provide encouraging results with respect to both the size and power properties of our

test. An empirical application was used to understand the value of the test from a practical

perspective. We examine silver and gold and prices as the relationship between the two has

been widely documented by the literature before now. We find that silver and gold prices

exhibited co-bubbling behaviour, following on from the financial recession surrounding the

Black Monday event. However, our test does not confirm the literature consensus that gold

prices lead silver prices. In contrast, our evidence shows that in the following bubble period,

silver prices were the ones leading gold prices, with a time lead of around 4 months.
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Appendix

Table 2.1: Finite sample size of bootstrap S, Model 1.

�
x,1 0.025 0.05 0.10

i i i
⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 0.049 0.050 0.049 0.046 0.053 0.048 0.048 0.047 0.050 0.045 0.048 0.046
0.50 0.049 0.050 0.047 0.049 0.052 0.048 0.050 0.048 0.050 0.047 0.049 0.048
0.75 0.050 0.051 0.051 0.052 0.050 0.047 0.052 0.050 0.048 0.052 0.048 0.045

Table 2.2: Finite sample size of bootstrap S, Model 2, ⌧
x,2 = 0.80.

�
x,1 0.025 0.05 0.10

i i i
⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 0.050 0.051 0.049 0.053 0.050 0.051 0.051 0.053 0.053 0.052 0.048 0.054
0.50 0.051 0.051 0.047 0.052 0.052 0.049 0.048 0.052 0.052 0.053 0.051 0.052
0.75 0.049 0.052 0.053 0.049 0.053 0.048 0.049 0.053 0.052 0.055 0.055 0.054

Table 2.3: Finite sample size of bootstrap S, Model 3, ⌧
x,2 = 0.80, �

x,2 = 0.20.

�
x,1 0.025 0.05 0.10

i i i
⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 0.054 0.053 0.053 0.056 0.054 0.052 0.050 0.047 0.055 0.055 0.053 0.056
0.50 0.048 0.048 0.048 0.051 0.051 0.047 0.047 0.053 0.053 0.052 0.049 0.053
0.75 0.053 0.050 0.052 0.049 0.053 0.046 0.047 0.052 0.054 0.052 0.053 0.056

Table 2.4: Finite sample size of bootstrap S, Model 4, ⌧
x,2 = 0.80, �

x,2 = 0.20, ⌧
x,3 = 0.90.

�
x,1 0.025 0.05 0.10

i i i
⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 0.053 0.050 0.053 0.056 0.046 0.048 0.053 0.047 0.052 0.048 0.049 0.050
0.50 0.051 0.047 0.046 0.051 0.050 0.051 0.049 0.053 0.055 0.049 0.051 0.048
0.75 0.053 0.050 0.053 0.049 0.050 0.051 0.046 0.052 0.055 0.050 0.052 0.051
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Table 2.5: Finite sample size of bootstrap S under heteroscedasticity, Model 1, i = 0, ⌧
x,1 =

0.50, �
x,1 = 0.05.

⌧
h

0.25 0.50 0.75
0.054 0.055 0.053

(0.133) (0.074) (0.062)

Table 2.6: Finite sample power of bootstrap S, Model 1, i = 0, ⌧
x,1 = 0.50, �

x,1 = 0.05, j = 0,
�
z,1 = 0.05.

�
z

0.025 0.05 0.10 0.20
⌧
z,1

0.25 0.774 0.873 0.944 0.997
0.50 0.300 0.461 0.653 0.926
0.75 0.153 0.337 0.622 0.885

Table 2.7: Finite sample power of bootstrap S, Model 2, i = 0, ⌧
x,1 = 0.5, �

x,1 = 0.05,
⌧
x,2 = 0.80, j = 0, ⌧

z,2 = 0.80, �
z,1 = 0.05.

�
z

0.025 0.05 0.10 0.20
⌧
z,1

0.25 0.764 0.871 0.973 0.995
0.50 0.279 0.424 0.712 0.932
0.75 0.166 0.375 0.689 0.898

Table 2.8: Finite sample power of bootstrap S, Model 3, i = 0, ⌧
x,1 = 0.5, �

x,1 = 0.05,
⌧
x,2 = 0.80, �

x,2 = 0.20, j = 0, ⌧
z,2 = 0.80, �

z,1 = 0.05, �
z,2 = 0.20.

�
z

0.025 0.05 0.10 0.20
⌧
z,1

0.25 0.743 0.862 0.975 0.988
0.50 0.226 0.387 0.662 0.900
0.75 0.151 0.374 0.655 0.891

Table 2.9: Finite sample power of bootstrap S, Model 4, i = 0, ⌧
x,1 = 0.5, �

x,1 = 0.05,
⌧
x,2 = 0.80, �

x,2 = 0.20, ⌧
x,3 = 0.90, j = 0, ⌧

z,2 = 0.80, �
z,1 = 0.05, �

z,2 = 0.20, ⌧
z,3 = 0.90.

�
z

0.025 0.05 0.10 0.20
⌧
z,1

0.25 0.760 0.855 0.955 0.990
0.50 0.233 0.405 0.655 0.896
0.75 0.133 0.355 0.701 0.890
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Table 2.10: Finite sample size of bootstrap S, Model 1, i = 0.

�
x,1 0.025 0.05 0.10

i⇤ i⇤ i⇤

⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 0.049 0.177 0.555 0.787 0.048 0.220 0.605 0.833 0.050 0.345 0.669 0.853
0.50 0.048 0.350 0.802 0.928 0.050 0.363 0.808 0.933 0.051 0.667 0.900 0.946
0.75 0.050 0.481 0.933 0.951 0.050 0.566 0.902 0.970 0.048 0.772 0.935 0.966

Table 2.11: Finite sample size of bootstrap S, Model 1, i = 6.

�
x,1 0.025 0.05 0.10

i⇤ i⇤ i⇤

⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 0.763 0.505 0.203 0.048 0.805 0.557 0.235 0.049 0.818 0.635 0.301 0.046
0.50 0.888 0.695 0.267 0.048 0.890 0.716 0.288 0.047 0.929 0.845 0.663 0.047
0.75 0.920 0.780 0.372 0.052 0.945 0.800 0.516 0.047 0.982 0.933 0.776 0.050

Table 2.12: Finite sample size of bootstrap S, Model 2, i = 0, ⌧
x,2 = 0.80.

�
x,1 0.025 0.05 0.10

i⇤ i⇤ i⇤

⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 0.048 0.953 0.999 1.000 0.047 0.993 1.000 1.000 0.051 1.000 1.000 1.000
0.50 0.047 0.863 0.982 1.000 0.051 0.975 0.997 0.999 0.053 0.998 1.000 1.000
0.75 0.046 0.483 0.903 0.977 0.051 0.525 0.933 0.988 0.049 0.662 0.954 0.986

Table 2.13: Finite sample size of bootstrap S, Model 2, i = 6, ⌧
x,2 = 0.80.

�
x,1 0.025 0.05 0.10

i⇤ i⇤ i⇤

⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 1.000 0.975 0.862 0.047 1.000 0.995 0.988 0.049 1.000 1.000 0.998 0.047
0.50 0.993 0.965 0.622 0.048 0.996 0.986 0.928 0.050 1.000 1.000 0.993 0.050
0.75 0.980 0.880 0.452 0.051 0.974 0.870 0.418 0.049 0.989 0.903 0.474 0.052
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Table 2.14: Finite sample size of bootstrap S, Model 3, i = 0, ⌧
x,2 = 0.80, �

x,2 = 0.20.

�
x,1 0.025 0.05 0.10

i⇤ i⇤ i⇤

⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 0.046 0.906 0.964 1.000 0.047 0.992 0.997 1.000 0.050 0.998 1.000 1.000
0.50 0.049 0.688 0.934 0.997 0.051 0.918 0.975 0.990 0.050 0.987 0.997 1.000
0.75 0.052 0.501 0.863 0.977 0.050 0.533 0.903 0.982 0.049 0.410 0.815 0.991

Table 2.15: Finite sample size of bootstrap S, Model 3, i = 6, ⌧
x,2 = 0.80, �

x,2 = 0.20,
⌧
x,3 = 0.90.

�
x,1 0.025 0.05 0.10

i⇤ i⇤ i⇤

⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 0.999 0990 0.967 0.050 1.000 1.000 0.994 0.051 1.000 1.000 0.995 0.050
0.50 0.990 0.933 0.801 0.053 0.993 0.966 0.953 0.051 1.000 0.996 0.992 0.050
0.75 0.964 0.864 0.527 0.049 0.975 0.878 0.546 0.049 0.962 0.838 0.559 0.049

Table 2.16: Finite sample size of bootstrap S, Model 4, i = 0, ⌧
x,2 = 0.80, �

x,2 = 0.20,
⌧
x,3 = 0.90.

�
x,1 0.025 0.05 0.10

i⇤ i⇤ i⇤

⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 0.048 0.956 1.000 1.000 0.050 0.994 1.000 1.000 0.048 1.000 1.000 1.000
0.50 0.048 0.783 0.976 1.000 0.049 0.978 0.995 0.997 0.052 0.997 1.000 1.000
0.75 0.051 0.500 0.908 0.987 0.051 0.529 0.940 0.991 0.051 0.674 0.955 0.992

Table 2.17: Finite sample size of bootstrap S, Model 4, i = 6, ⌧
x,2 = 0.80, �

x,2 = 0.20,
⌧
x,3 = 0.90.

�
x,1 0.025 0.05 0.10

i⇤ i⇤ i⇤

⌧
x,1 0 2 4 6 0 2 4 6 0 2 4 6

0.25 1.000 0980 0.866 0.052 1.000 0.997 0.992 0.049 1.000 1.000 1.000 0.050
0.50 0.994 0.966 0.633 0.050 0.997 0.986 0.922 0.051 1.000 1.000 0.994 0.050
0.75 0.987 0.878 0.452 0.049 0.975 0.880 0.422 0.051 0.984 0.888 0.445 0.051
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Table 2.18: Empirical example using 0.05-level bootstrap.

i⇤ S c
aB

-12 0.273 0.139
-11 0.250 0.140
-10 0.226 0.132
-9 0.203 0.137
-8 0.184 0.142
-7 0.168 0.148
-6 0.153 0.147
-5 0.141 0.147
-4 0.132 0.147
-3 0.127 0.145
-2 0.145 0.141
-1 0.167 0.156
0 0.212 0.171
1 0.173 0.149
2 0.160 0.137
3 0.158 0.140
4 0.162 0.141
5 0.168 0.136
6 0.178 0.132
7 0.189 0.140
8 0.201 0.132
9 0.218 0.125
10 0.236 0.127
11 0.253 0.132
12 0.270 0.127
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Chapter 3

Examining the determinants of

housing bubble migration in the UK

Abstract

This chapter focuses on the migration of housing bubbles between UK geographic regions.

Theories have been proposed that suggest that there might be a long run relationship the

housing prices of two neighbouring geographic regions and the distance between these regions

may affect the time that it takes for a bubble to migrate from one geographic region to another.

It has also been proposed that fluctuations in the average income of two geographic regions

can also explain fluctuations in house prices. Our attention is restricted on the variables that

can cause a housing bubble rather than simply explaining house price fluctuations. Using the

co-bubbling model developed in the previous chapter we find that the distance between two

geographic regions can be used to predict whether a housing bubble in one area will migrate

to a neighbouring area. We do not find evidence that the average income in the various UK

regions can predict bubble migration.

3.1 Introduction

The UK housing market has attracted a lot of attention over the past five years, both from

academics and policy makers. It is well established that the location of a property significantly
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Figure 3.1: Average house prices in England and Wales since 1995

affects its price. However, it is not yet clear whether neighbouring geographic regions can

affect each other’s housing prices to the extent of causing a ’bubble’. In this chapter we aim

to shed some light on this relationship by focusing on ’bubbles’ in housing markets across

the UK and tracing the key drivers of such explosive behaviours. More specifically, we apply

the co-bubbling test developed in a previous chapter to try and identify whether a long-run

co-bubbling relationship exists between housing prices across a series of UK regions.

The methodology employed for testing the hypothesis of co-bubbling behaviour in two series

is based on a variant of the stationarity test of Kwiatkowski et al. (1992). This uses a

conditional ’wild’ bootstrap scheme to control size. As we have shown in chapter 2, the Monte

Carlo simulations offer convincing levels of size control and power to suggest that this would

be an appropriate methodology to be used for the purposes of this chapter as well. Combining

this test with a Bayesian Information Criterion model selection procedure to identify bubble

episodes in individual series allows us to determine the presence of any relationship between

two explosive series robustly - in this case house prices between UK geographical regions.

Figure 3.1 shows the general trend of average house prices in the UK since 1995. As we can

see in Figure 3.1, average house prices in England and Wales have varied considerably over

the past five years and now exhibit exponential growth with no signs that this trend is about

to collapse.
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3.2 Background to the housing bubble and geography literature

A large amount of empirical research has showed that bubbles occur quite frequently and

with a high intensity on housing markets in large cities (see Abraham and Hendershott, 1996,

for the US; Ayuso and Restoy, 2003, for the UK and Spain; and Chan et al., 2001, for Hong

Kong). Nonetheless, in some developed countries the evidence shows that housing bubbles can

be more modest (see Bourassa and Hendershott, 1995, for Australia; Hort, 1998, for Sweden;

and Bourassa et al., 2001, for New Zealand). In countries where country-wide bubbles were

not detected, evidence was found of regional speculative behaviour (Levin and Wright, 1997,

for London; Roehner, 1999, for Paris; and Roche, 2001, for Dublin).

Based on the discussion presented in Section 3 of this chapter, we take that a housing market

bubble occurs when the current house prices deviate significantly from their ’fundamental’

price.

There are two categories of papers which considered deviations in the relationship between

house price and fundamentals. The first strand of this empirical literature analyses this issue

by employing aggregate data. For example, McCarthy and Peach (2004) suggested that in the

U.S. housing market, there was no speculative housing bubble according to their evidence and

that changes in house prices reflected movements in personal income and nominal mortgage

rates. Another example of this approach is Shiller (2005) or Gallin (2006) who used aggre-

gate data on home prices, building costs, personal income, population, and interest rates.

They showed that the rapid growth of U.S. house prices after 2000 could not be explained by

changes in the fundamentals.

The second stream of this literature relies on regional or micro data in order to gain a more

informative insight into the drivers of housing market prices. For example, Himmelberg et

al. (2005) focus their attention on 46 Metropolitan Statistical Areas and developed a novel

methodology for calculating the cost of owning a house. They used that methodology to

prove that the high price-to-rent ratios and value-to-income observed in recent years can be

sufficiently explained by changes in long term interest rates. They concluded that there is not

sufficient evidence to infer the presence of a speculative bubble in the U.S. housing market.

Himmelberg, Mayer and Sinai (2005) focus on the New York and London housing markets.
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Using micro data they aim to understand the main drivers of housing bubbles. The conclusion

of their paper is that housing markets are not as susceptible as suggested by the literature to

an explosive bubble behaviour. They suggest that a rise in house prices is more likely to be

due to changes in fundamentals instead of a bubbling behaviour. Their conclusion rests on

three lines of reasoning: first, the annual cost of owning a house is not equivalent to the price

of the house itself. Consequently, changes in the prices or values of a property do not translate

to increased costs of owning the place (which may in turn lead to a bubble burst). Second,

exponential growth in the price of a property should not always be taken as evidence that

the price of the house has deviated from its fundamentals (i.e. existence of a bubble). The

authors argue that it is not uncommon for house prices to rise and exceed the national average

rate of appreciation for a few years before they return to their trend. Third, the price-to rent

ratio is not solely defined by the price of the house. Changes in taxes or other macroeconomic

variables can lead to significant variability in the price-to-rent ratio across markets. Finally,

the authors conduct a sensitivity analysis of house prices to shifts in fundamentals. They find

that house prices are more susceptible to speculative bubbles when real, long-term interest

rates have been kept low for some time while at the same time the expected appreciation of

the real estate market is high. However, they note that accelerating house prices should not

always be taken as evidence of a bubble.

Smith and Smith (2006) use a sample of matched single-family homes in their research on the

impact of fundamentals on house prices. Interestingly, compared to the rest of the literature

that found evidence of speculative house bubbles in the US, these authors conclude that house

prices were below their fundamental value. To reach this conclusion they use the prices of

rents and find that for those given rent values, the price of the property could have been much

higher.

Case and Shiller (2003), using regional data and the results of a survey of consumers’ atti-

tudes towards housing find some evidence in favour of the emergence of a speculative bubble

in some regional U.S. housing markets. Their results, however, are only applicable to the US

regions that they analyse and the external validity of their findings is somewhat imited.

Furthermore, Gallin (2006) and Mikhed and ZemcÃŋk (2007) aim at understanding house

price dynamics using panel data for the US Metropolitan Statistical Areas. Gallin (2006)
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uses income as the fundamental factor in his analysis. Mikhed and ZemcÃŋk (2007) use rent

as the only fundamental factor in their study. Panel data stationarity tests are used for both

studies. Both studies were unable to find evidence that house prices can be explained by

shifts in either of the two fundamental variables. They therefore conclude that price changes

must be explained by something different to fundamental values. We consider that the lack of

explaining power of their tests arises, probably, as a result of failing to take into consideration

elements of the demand and supply side in the housing market.

Mikhed and Zemcik (2009) continued on this strand of research and incorporated more vari-

ables in their analysis to test again if fundamental values could be used to explain shifts in

house prices and speculative housing bubbles. To do so, they employed a panel dataset that

included other fundamental variables such as construction costs, income, population, stock

index, mortgage rates and rents. All the variables were deflated using a regional Consumer

Price Index to get their real value. The authors recognised the possibility of some correlation

between the individual time series that they use for their analysis. This is because close re-

gional house markets in terms of geographical proximity tend to be synchronized to a certain

degree. This study partially influences our research in this chapter as it is one of the first

studies to provide some evidence towards our hypothesis: regional housing markets co-bubble

and the shorter the distance between them, the shorter the amount of time it would take for

the bubble to migrate from one region to the other.

Cross-sectional dependence is confirmed in Mikhed and Zemcik’s (2009) dataset by employing

a test from Pesaran (2004). The authors subsequently test for unit roots in all of the involved

time series. The authors use an updated version of Im et al.’s (2003) panel unit root test

based on an average of t-statistics for autoregressive coefficients in individual Dickey-Fuller

regressions. The test they choose to use was developed by Pesaran (2007), and is robust to

cross-sectional dependence. The hypothesis that the authors are aiming to test is the fol-

lowing: if house price changes reflect changes in the fundamentals then non-stationary house

prices should be co-integrated with other variables. When applying this method to their panel

data, they find that their house price series contains a unit root only prior to 2006.

Aggregate data unit root tests cannot reject the unit root in any sub-sample of their dataset.

This is in line with the econometric literature that suggests that that panel data unit root
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tests have greater power as compared with univariate econometric methodologies. Their study

also shows that house prices are not co-integrated with any variables of the same order of in-

tegration. To test the robustness of their specification, the authors also split their sample into

two periods: before and after 1996. They observe similar statistical characteristics and pat-

terns of behaviour in both sub-samples. Therefore, the authors conclude that is a deviation

of house prices from their fundamental value before 2006. Furthermore, the overall outcome

of their panel data tests is consistent with the results generated using the aggregate data.

Their conclusion is that house prices can move away from their fundamentals for considerable

periods of time.

Finally, another way of splitting the housing bubble literature (instead of interregional v ag-

gregate house price shifts, as we have done so far) would be by drawing on lessons from the

financial literature. A large amount of academic literature on bubbles is based on financial

markets models. The dominant theory of asset pricing is that stock prices are equal to the

sum of expected discounted dividends and when market prices deviate from such fundamental

value then a ’bubble’ may exist. Typically, the financial literature splits the types of specula-

tive bubbles into three key categories according to their characteristics: momentum, explosive

and intrinsic. We consider all these types of bubbles in our discussion of the results of this

chapter. Momentum investor behaviour that leads to momentum type bubbles, is driven by

price alone. Investors buy stock/houses following price increases and sell stock/bubbles after

price decreases (DeLong et al., 1990; and Barberis et al., 1998). Such momentum is observed

when a price rise (fall) is expected to continue to rise (fall). This is the only type of bubble

that the literature typically takes as evidence against investor rationality in the marketplace.

By contrast, the two other types of bubbles are usually seen as providing evidence that in-

vestors do make rational decisions. In the instance of explosive rational bubbles, prices deviate

from their fundamentals as a result of factors extraneous to the value of the asset itself. This

means that an exogenous shock can make the price of an asset to deviate from its fundamen-

tal value as a result of investors reacting swiftly to the updated expectations. Such bubbles

diverge continuously without returning to their fundamental value. These bubbles are also

never negative because this would imply a negative asset value (Diba and Grossman, 1988).

Intrinsic rational bubbles derive all of their variability from exogenous fundamentals rather
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than from extraneous factors (Froot and Obstfeld, 1991). Unlike explosive bubbles, intrinsic

bubbles do not continuously diverge but periodically revert back to their fundamental value.

3.3 Definition of a housing bubble

Consensus has not yet been reached on the definition of a housing bubble despite numerous

papers that attempted to provide some clarity on the issue. More specifically, researchers

are yet to provide a convincing model that distinguishes a significant increase in house prices

due to fundamental factors of supply and demand from one caused by speculative behaviour.

This section discusses a number of proposed definitions for what would constitute a (housing)

bubble and subsequently introduce the definition that we will be using throughout this paper

for our analysis.

Kindleberg (1987) was one of the first academic papers that tried to provide a definition of

what might constitute a bubble in housing prices. He claimed that a bubble is ’a sharp rise in

price of an asset or a range of assets in a continuous process, with the initial rise generating

expectations of further rises and attracting new buyers generally speculators interested in

profits from trading asset rather than its use or earning capacity. The rise is usually followed

a reversal of expectations and a sharp decline in price often resulting financial crisis.’ Stiglitz

(1990) provided a general definition of asset bubbles as follows: ’if the reason that the price

is high today is only because investors believe that the selling price is high tomorrow – when

’fundamental’ factors do not seem to justify such a price – then a bubble exists. At least in

the short run, the high price of the asset is merited, because it yields a return (capital gain

plus dividend) equal to that on alternative assets.’ Smith et. Al (1996) define a bubble as a

situation in which the market prices assets (such as stocks or real estate) rise far above the

present anticipated cash flow from the asset (what Kindleberger use or earning capacity).

Since then, research on this topic stagnated and not much effort has been put in understand-

ing explosive bubble behaviour better.

Following the 2008-2009 financial turmoil a number of theoretical methods that aim to model

speculative financial bubbles have been developed. This has resulted in a new area of litera-

ture that discusses the efficacy of unit root tests for detecting explosive rational asset price
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bubbles. See, for example, Phillips, Wu and Yu (2011) and Homm and Breitung (2012) who

use recursive right tailed Dickey-Fuller tests to test the null of a series being I(1) against the

alternative of an explosive autoregression. More recently, Harvey et al. (2014) [HLS] suggest

using Bayesian Information Criterion (BIC) model selection procedure to identify bubble be-

haviour. This procedure also allows for estimation of the start and end dates of the bubble

and can distinguish between various different types of bubble processes, for instance, identi-

fying a bubble that does or does not end in a collapse, or a bubble that continues to the end

of the sample. However, the possibility of co-bubbling, where two explosive series differ only

by a stationary I(0) component had not been explored yet.

It is this concept we introduced and developed a testing methodology for in the second chapter

of this thesis because we believed that it would offer a more insightful view on the long run

relationship between two variables. Our concept of co-bubbling also naturally led into the

notion of testing for bubble migration, where one bubbling series leads (or lags) another. At-

tempts have been made to empirically document bubble migration (see, for example, Kivedal,

2012) however these approaches lacked a robust statistical foundation.

Specifically, we considered testing the null hypothesis of co-bubbling between two series using

a version of the stationarity test of Kwiatkowski et al. (1992) [KPSS]. Controlling size for

our test was a key challenge in chapter 2 as the null critical value of this test depends on

the form of the bubble processes involved. To get round this problem, we adopted a simple

conditional ’wild’ bootstrap. Extensive Monte Carlo simulation exercises showed that the

procedure controlled size well, even in the presence of heteroscedasticity. The power of our

test to reject a false null of co-bubbling was also investigated via simulation, and shown to be

very encouraging. Combining this test with the bubble identification and dating procedure

of HLS gave a robust empirical methodology for detecting the presence of co-bubbling. We

demonstrated this via an application involving world silver and gold prices.

3.4 The long run relationship between house prices and income

In this chapter we also test the hypothesis that bubbles in incomes may lead to bubbles in

house prices (or vice versa).
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Income can be used as an indicator for a household’s wealth. An increase in wealth increases a

household’s ability to buy. Cash constrained households tend to be more severely affected by

fluctuations in wealth. This is because these fluctuations would affect their ability to borrow

as the maximum borrowing amount is usually a multiple of one’s total income. In combina-

tion with the low interest rates that we have experienced over the past few years, increased

incomes are likely to have led to bubbles in housing prices through an increased demand for

housing.

There are many measures of income. Oikarinen (2009) in his study on the housing market

uses the total economy’s GDP because it captures the general economic environment. Another

way of measuring wealth is using the Office for Budget Responsibility’s approach that uses

GDP per capita in their economic analyses as it reflects the average person’s income, and

hence ability to pay. Finally the NHPAU (2008) study used the household disposable income

because it controls for changes in population. For the purposes of this chapter we choose to

follow the Office’s for Budget Responsibility and employ Average Gross Domestic Product per

head as the explanatory variable.

Figure 3.2 describe both the fundamentals (GDP per capita, interest rate and real lending)

as well as housing prices. If we were to superimpose the graph showing the prices of houses in

the UK and the graph with the trend in GDP per capita, we may have concluded that there

is a long run co-bubbling relationship between house prices and GDP per capita.

The plots in Figure 3.2 describe real lending (LN_LENDING_REAL), real GDP per capita

(LN_GDP_CAPITA_REAL), the real interest rate (LN_IR), and the real house prices

(LN_PH_REAL). Recent research argues that the exceptionally high house prices relatively

to income should be seen as evidence that house prices have significantly deviated from their

fundamental and therefore a speculative bubble must be emerging. Some researchers have

even gone as far as to say that due to this unsustainable house price increase, there comes

a period when the bubble will burst.at house prices must stagnate or fall to allow income to

catch up.

The literature would typically examine this concept by assuming a co-integrating relation-

ship between house prices and income, or other fundamentals. Researchers would then esti-
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Figure 3.2: The movement of housing prices and fundamentals since 2000

mate an error-correction specification to identify the correct values of the relevant parameters

(Malpezzi, 1999; Capozza et al., 2002; Meen, 2002). This means that income and house prices

are taken to be interlinked through a stable long-run relationship. However, this relationship

is allowed to deviate from time to time as long as it returns to its long run equilibrium.

The justification provided for this theory (i.e. co-integrating relationship between house prices

and incomes) is the following: The supply of housing, at least in the short-run, would have a

positive slope. This is because it is not easy to build new houses in the short run and there

are also zoning restrictions to be taken into account (Glaeser and Gyourko, 2002). Because

demand-side shocks such as population and income are not stationary, then it is reasonable

to expect house prices to be non-stationary as well. However, if other shocks to the demand

curve and all shocks to the supply curve are stationary, then population, income, and price

will be related in a way that depends on the elasticities of supply and demand.

3.5 Bubbles between regions

In this chapter we explore how housing bubbles migrate between geographical regions. As

we will subsequently demonstrate, changes in wealth do not effect or contribute to housing

bubbles. However, distance between regions plays a considerable role in determining the
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Figure 3.3: Quarterly Regional House Prices in the UK since 1973

duration of bubble migration. Therefore, for the remaining of this chapter our attention will

be focused on the relationship between geography and house prices. A closer look at Figure

3.3 shows that house prices in the UK appear to be strongly correlated and changes in house

prices across UK regions appear to happen almost contemporaneously.

Further, the heatmap of the UK in Figure 3.4, taken from the Office of National Statistics

website, provides stronger indication that a co-bubbling relationship or at least a strong

correlation in housing prices between regions is plausible. Figure 3.4 shows the monthly price

change in housing for 2016. We note that areas with close proximity tend to have similar

growth rates in housing prices. Similarly coloured regions are located close to each other,

whereas the further a region becomes from another, the higher the likelihood that the housing

price changes experienced in those areas will be different.

I

3.6 Inter-regional bubbles empirical application

Housing markets have gained high prominence over the past few years - especially in London

where investors speculate that the bubble is about to burst. The financial regulation liberal-
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Figure 3.4: Rent price heatmap of the UK

isation and development in complex mortgage products further amplified the importance of

the housing market and speculation on this market.

In this chapter we are interested in finding out whether there is some form of bubble migra-

tion between UK regions and place special attention on the case of London and its peripheral

areas.

We are also interested in finding out how long it takes between the onset of a housing bubble

in one geographical area and the onset of another housing bubble in another area - as well as

the variables that may determine this time lag.

As a result, we choose to focus on testing the following three hypotheses:

• Within the UK there are strong co-bubbling relationships of house prices between dif-

ferent regions.

• Distance between geographical areas has an effect in determining the intensity of the

bubbles that are predicted to occur.

• Wealth differentials within geographical regions have an effect in determining the in-

tensity of the bubbles that are predicted to occur. Our theory is that positive and

significant changes in incomes within regions may lead to housing bubbles. There is a

series of theoretical and empirical papers that support the view that house prices and
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income are co-integrated, thus they could possibly co-bubble.

3.7 Data

We choose to use data from well-recognised and trusted sources to estimate the validity of

our hypotheses. The Nationwide dataset provides the richest source of data on housing prices

across the UK. They provide the longest unbroken run of house price data, stretching back

to 1952 on a quarterly basis and 1991 on a monthly basis. House prices are mix adjusted.

This means that they are tracked using a representative house price over time rather than

the simple average price. The reason for doing so is because the average price can be easily

influenced by a change in the mix (such as the proportion of different property types and

their locations) of houses. Sample size is based on the number of new loans that Nationwide

writes; that is the amount of gross lending for house purchase. Buy-to-let purchases are not

included in the data sample. We consider this to be a considerable benefit to our data set

because house purchases for the sole purpose of renting the property would skew the results

in a way that houses are purely seen as an investment asset. The Nationwide Building Society

is currently the second largest mortgage lender in the UK. This allows us to be confident that

the series based on Nationwide mortgage data is representative of the whole house market.

All the data is in real terms.

We note that the Nationwide definition of regions differs from the ONS definition. The

Nationwide definition excludes Cumbria which is added to the North East to comprise the

North. The London region comprises the boroughs of London. The Outer Metropolitan

region surrounds London and includes among others, South Essex, Reading, St Albans, and

Medway. The Outer South East includes North Essex, Oxfordshire, Brighton, Southampton

and Sussex. The map of definitions of regions is taken from the Nationwide website and is

provided in Figure 3.5.

Data on the wealth/income across UK geographic regions is sourced from the Office of National

Statistics. We use quarterly GDP per capita on a constant price basis. The national accounts

are drawn together using data from many different sources. This ensures that the national

accounts are comprehensive.
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Figure 3.5: Geographic regions of the UK

In order to measure the distance between regions we looked at the population in each county

that is included in the relevant regions. We use the highest population density city as a proxy

for the centre of the region from which we want to measure the distance. We consider that

using population to determine the centre of a geographical region is an appropriate approach

as higher population would naturally also indicate a higher density of houses. This in turn,

makes it more likely that the average house (as we are looking at average house prices) is

likely to be found in the city with the highest population. Data on the population of each city

was also sourced from the ONS. We used the population declared at the end of 2016. Table

3.6 in the Appendix shows the cities which we have used as proxies for each geographical

region and their relevant population.

Once we have determined the city which we would use as a proxy for the geographical region,

we map the distance between the regions using google maps. The distance is reported in miles.

We use driving distance instead of flying or other methods of commuting. We consider this

to be the most accurate way of incorporating the ease of travel in our analysis. Table 3.7 in

the Appendix shows the distance between the geographical regions analysed in this chapter.

3.8 Method

To test the hypotheses that we presented in section 5, we employ the co-bubbling test that

was developed in the previous chapter. Our hypotheses were (a) that within the UK there are
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strong co-bubbling relationships of house prices between different regions, (b) that distance

between geographical areas has an effect in determining the intensity of the bubbles that are

predicted to occur and (c) that wealth differentials within geographical regions have an effect

in determining the intensity of the bubbles that are predicted to occur. Our theory is that

positive and significant changes in incomes within regions may lead to housing bubbles. There

is a series of theoretical and empirical papers that support the view that house prices and

income are co-integrated.

The test developed in Chapter 2 looks for the presence of a co-bubbling relationship between

two series. It only finds co-bubbling relationships if the bubbles in the two series are of the

same type. The bubble types admitted by the model are the ones developed by HLS. These

are: Model one: random walk and then bubble until the end of the sample, Model 2: random

walk then bubble and then random walk again to the end of the sample, Model 3: random

walk, then bubble, then stationary regime (collapse) until the end of the sample and Model

4: random walk, then bubble, then stationary regime, then random walk until the end of the

sample. The advantage of the co-bubbling model that was developed in Chapter 2 is that it

allows us to time the duration of the co-bubbling relationship and to some extend infer the

migration of a bubble from one series to another.

The first step to understanding the interplay between housing prices and fundamentals is to

establish whether a long run co-bubbling relationship exists. The fundamentals of interest for

this chapter are income (GDP per capita) and the prices of the houses in the neighbouring

regions. Firstly, using the HLS bubble model we check for the existence and types of bubbles

in each series. We find a number of bubbles of different types in the housing markets of the

different regions. The types of bubbles that we find and their timing is presented in Table 3.1.

Conversely, the model does not identify any income bubbles. This is not surpising as incomes

have been relatively steady over the past years. Consequently, we do not continue to run our

co-bubbling model on the income series. As no significant results were found with regards to

income, we do not present those results in this chapter.

However, because we identified explosive bubble behaviour in the house prices of different

regions we proceed to use our co-bubbling model on those regions. The HLS model identified
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bubble behaviour in all 13 series. We only apply our co-bubbling test on the regions that have

presented the same type of bubble. Once we have identified the set of regions whose housing

markets co-bubble we measure the distance in miles between the main counties of each region

that were identified as having a co-bubbling relationship. As previously discussed, the main

counties are chosen according to their population. We use as proxy for each region the county

with the highest population.

To understand whether distance plays a role in determining the time it takes between two

regions to co-bubble, we run a standard OLS regression. Our initial specification uses the

distance between two regions and the wealth differential between the same regions as the in-

dependent variables. The outcome variable is the time lag between the two regional bubbles,

as identified by our co-bubbling model.

The exact regression specification is below:

lag
i

= ↵+ �dist
i

+ �wagedif
i

+ ✏

Where lag
i

is the absolute average value of the lag/lead between the two bubbles.

dist
i

is the distance in miles between the two cities.

wagedif
i

is the wealth differential between the two regions (as measured as the difference

between GDP per capita in the two regions).

✏ is the error term

The reason that we have re-introduced the wealth variable in our specification is to ensure

that we rule out any impact that wealth may be having on housing prices (eventhough as we

mentioned before, wealth does not follow any bubble type as described by the HLS model).

Including wealth in the OLS regression gives us an indication on whether income might have

a short run effect on the co-bubbling relationship between regions. We find 71 co-bubbling

pairs of regions. We then only select those pairs of regions leads(lags) where the leads(lags)

times for which co-bubbling is found all have the same sign: all positives or all negatives.

This reduces the number of pairs to 34. Subsequently, we take the average of those positives
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or negatives leads(lags). This is used as the dependent variable in the regression.

3.9 Results

The results generated by the HLS bubble model are presented in Table 3.1. The table shows

that the first housing bubble occured in Northern Ireland. The last region to experience a

housing bubble is York and the Humbers. The type of bubble model that formed in each

region is also provided in Table 3.1. The most common type that we observe is Model 2, that

is Random walk, then bubble and then Random walk again.

Table 3.1: HLS Bubble model selection for rental and housing prices across regions

Random
walk to

Bubble
to

Stationary
to

Collapse
to

HLS bubble
type

North Q3 1995 Q3 2004 N/A end of sample 2
York and Hside Q1 2002 end of sample N/A 1
North West Q4 1995 Q3 2004 N/A end of sample 2
East Midlands Q1 1996 Q3 2004 N/A end of sample 2
West Midlands Q4 1995 Q3 2004 N/A end of sample 2
East Anglia Q2 1999 Q1 2008 Q4 2009 end of sample 4
Outer S East Q2 1999 Q4 2007 Q4 2009 end of sample 4
Outer Met Q2 1996 end of sample N/A 1
Greater London Q1 1996 end of sample N/A 1
South West Q1 1999 Q4 2007 Q4 2009 end of sample 4
Wales Q1 1996 Q3 2004 N/A end of sample 2
Scotland Q1 1997 Q3 2007 end of sample 3
Northern Ireland Q4 1991 Q4 2007 end of sample 3

We have found a total of 71 co-bubbles in our data set. Figures 3.6 to 3.8 provide three exam-

ples of six UK geographical regions that this chapter has identified as having a co-bubbling

behaviour. We first choose the example of North and North West (Figure 3.6) as the distance

between the two regions is relatively small and, as we expected, the time lag between the two

bubbles is also short (about three quarters). The HLS model that was fitted to these two

regions is the second one, i.e. the series is firstly defined by a random walk and subsequently

by a bubble behaviour and finally by a random walk behaviour to the end of the sample.

The vertical lines show the beginning of each regime (random walk and then bubble and then

random walk). This can be seen in Figure 3.6. Table 3.2 provides the timing of the bubble,
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i.e when the random walk finished and when the bubble started.

The second graph (Figure 3.7) shows the co-bubbling behaviour between two geographical re-

gions that are further apart - Northern Ireland and Wales (distance between the two regions

is 372 miles). Despite the fact that our test shows that the two regions have a strong long-run

co-bubbling relationship, the bubble migration takes around four years.The HLS model that

was fitted to these two regions is the second one, i.e. the series is firstly defined by a random

walk and subsequently by a bubble behaviour and finally by a random walk to the end of the

sample. The vertical lines show the beginning of each regime (random walk and then bubble

and then random walk). This can be seen in Figure 3.7. Table 3.3 provides the timing of the

bubble, i.e when the random walk finished and when the bubble started.

The third graph (Figure 3.8) shows the co-bubbling behaviour between two geographical re-

gions that are 163 miles apart - East Anglia and Outer South East. Despite the fact that the

two regions as almost as far away from each other as the North and North West, the bubble

behaviours begin almost contemporaneously. The HLS model that was fitted to these two

regions is the fourth one, i.e. the series is firstly defined by a random walk and subsequently

by a bubble behaviour, then stationary and then collapses to the end of the sample. The

vertical lines show the beginning of each regime (random walk, then bubble,then stationary,

then random walk ). This can be seen in Figure 3.8. Table 3.4 provides the timing of the

bubble, i.e when the random walk finished and when the bubble started.

The remaining co-bubbling relationships are provided in the Annex to this paper.

The estimates of our co-bubbling test for the first pair of geographic regions (North and North

West) can be found in Appendix 1.

Once we have identified the set of regions that co-bubble, we run the regression specification

that we discussed in the Method section. We use average leads(lags) as the dependent vari-

able, and distance and wealth as the independent variables. We find that wealth has no effect

in determining a co-bubbling relationship between two regions. Before we drop the variable

we run a Redundant Variable Likelihood Ratio test to confirm that the wealth differentials are
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Figure 3.6: Example of North and North West (distance 145 miles)

Blue vertical lines indicate bubble start/end in the North; red vertical lines indicate bubble
start/end in North West

Table 3.2: Bubble timing North and North West

Region Random walk to: Bubble to:
North Q3 1995 Q4 2004
North West Q2 1996 Q2 2005
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Figure 3.7: Example of Wales and Northern Ireland (distance 372 miles)

Blue vertical lines indicate bubble start/end in N Ireland; red vertical lines indicate bubble
start/end in Wales

Table 3.3: Bubble timing Wales and Northern Ireland

Region Random walk to: Bubble to:
N Ireland Q4 1991 Q4 2007
Wales Q1 1996 Q3 2004
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Figure 3.8: Example of East Anglia and Outer South East (distance 163 miles)

Blue vertical lines indicate bubble start/end in East Anglia; red vertical lines indicate bubble
start/end in Outer S East

Table 3.4: Bubble timing East Anglia and Outer South East

Region Random walk to: Bubble to: Stationary to: Collapse to:
East Anglia Q2 1991 Q1 2008 Q4 2009 End of sample
Outer South East Q2 1991 Q4 2007 Q4 2009 End of sample
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unable to explain co-bubbling lags/intensity. The test confirms our hypothesis. We proceed

with our analysis and drop the wealth variable.

We subsequently run the regression:

lag
i

= ↵+ �dist
i

+ ✏

The new regression provides the following results:

lag
i

= 1.901dist
i

+ ✏̂

• R-squared = 0.260

• st. error: 0.177145

• t-ratio: 10.7323

We note that, for clarity purposes, distance has been divided by 100. Table 3.9 in the Appendix

provides the full statistics of our new regression specification.

Our best fitting model allows us to conclude that the distance between two regions can have

a significant impact on the average lead(lag) of the two bubbles.

We note that our regression, unsurprisingly, indicated an insignificant constant. This is be-

cause if two houses are built on exactly the same space then it would be meaningless to assume

that their price trends will differ over time. We also note that the relatively high R-squared

value gives us confidence that distance explains relatively well the time length between co-

bubbles.

We appreciate that we have made a number of assumptions in developing our methodology.

Therefore, to ensure that our specification is correct and robust as much as possible we run a

series of robustness checks. We suspect that there might be heteroskedasticity present in the

regression residuals. A White heteroskedasticity test confirms our suspicion. To improve our
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regression output we need to use heteroskedasticity consistent standard errors.

Our results are not affected significantly; the only effect that we observe is the standard er-

ror is changing to 7.85 from 10.73. The results from the regression using heteroskedasticity

consistent standard errors are presented in Table 3.11 in the Appendix.

Due to the particularly restricted form of our specification (we only test for one variable), it

is reasonable to expect that the explanatory power of the specification is low and that there

might be a high probability that we have misspecified our model. The consequences of model

misspecification in our regression can be severe in terms of the adverse effects on the sampling

properties of both the estimators and tests. To ensure that our results are correct and robust

we run a Ramsey Reset test. This test checks whether non-linear combinations of the fitted

values help explain the outcome variable. We have also run a goodness-of-fit Jarque-Bera test

for normality of errors. The test did not reject the hypothesis of normal errors. The output

from the Ramsey Reset test is provided in Table 3.12 of the Appendix.

In light of the results generated from the diagnostics test, we are satisfied that our specification

is correct and proceed to analyse the mechanism of effect between the distance between

geographic regions and the likelihood of a co-bubbling relationship.

We believe that the most suitable explanation for our results comes from the area of spatial

economics. According to this area of research, the closer two geographical regions are to

each other, the stronger the trade links between them and the more integrated their labour

markets become. Hamilton and Owyang (2012) refer to these effects as clusters of cities

that experience simultaneous idiosyncratic housing cycles. Clusters of cities that are highly

susceptible to bubble migration have often been identified in the literature (Davis, Morris A

et al. (2005), Del Negro (2007), Iacoviello et al. (2010)).

It is not unreasonable to expect that when a geographical region (area A) begins experiencing

exceptionally high house prices, the workers living in that area will seek to purchase a property

in a nearby area (area B) (assuming that transport links are convenient enough to allow for

an easy commute). The surge in demand for real estate in the neighbouring area is likely to

lead in turn to another housing bubble in area B.

Workers are less likely to migrate to areas that are much further from the region where they
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are employed and if they do so this would only happen once the prices in area B become

prohibiting high. We can therefore conclude, that a housing bubble in area A will migrate

much faster to area B than to area C.

3.10 The London housing market

Since the financial crisis, house prices have grown faster than earnings across the country.

London and the South East have been impacted the most by this exponential house price

growth. The ratio of house price to earnings rose from 7.8 to 12.9 in London between 2009

and 2016. Figure 3.9 tracks the house prices in London and the outer metropolitan between

1973 and 2015. The model selected by the HLS bubble procedure to fit the London house

prices is the first one. That means that house prices in London had a random walk behaviour

up until 1996 and since then there has been an explosive bubble behaviour that has not

returned to its long run trend. The same bubble model also fits the outer metropolitan area’s

prices. However, the two series do not co-bubble. Our co-bubbling test indicated that London

does not co-bubble with any other UK region, not even with the Outer Metropolitan region

which is less than 50 miles away. Table 3.5 presents the time that the random walk pattern

ended for London and the Outer Met and when the bubbles began. These are computed using

the HLS bubble test procedure.

The lack of a long run co-bubbling relationship between London and any other region is in

contrast to a considerable part of the academic literature on this topic. Peasaran et. al (2010)

in their paper on spatial and temporal diffusion of house prices in the UK find that shocks

in the London housing market will very shortly migrate to the neighbouring areas. However,

they do not specifically test for bubble migration in the context of the definition that we have

provided for a bubble.

Pesaran develops a novel method for the analysis of the spatial diffusion of shocks in a dy-

namic system. Our method does not take into account dynamic variations. They use changes

in real house prices within the UK economy at a regional level to demonstrate the implications

of their paper. They find that exogenous shocks to a dominant region such as London diffuse

contemporaneously and spatially to other geographic regions. They in turn impact on other
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Figure 3.9: London and Outer Metropolitan housing prices

Blue vertical line indicates bubble start in the outer Met; red vertical lines indicates bubble
start in London

Table 3.5: Bubble timing London and Outer Metropolitan.

Region Random walk to: Bubble to:
London Q1 1996 End of sample
Outer Met Q2 1996 End of sample
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and across space include van Dijk et al. (2007) and Holly et al. (2009).

3.11 Limitations

In this section we discuss the limitations of our analysis and ways that can be improved

in future research. We also explore avenues for enriching this strand of research to better

understand what drives housing bubbles. Our first limitation is the data itself. A richer

data set that could link postcodes to the actual price of houses would allow us to estimate

the precise relationship between geographic distance and housing bubbles. Furthermore, we

wouldn’t have to use the average price of a house per region but instead we would be using

more precise numbers that would enrich our conclusions.

We believe that there could be other factors that can explain the speed of bubble migration in

housing markets such as the ease and cost of transport from one area to another, restrictions

to credit on real estate (see Carrasco-Gallego (2013)) and housing planning permissions that

can affect the supply of housing (see Rubio (2014)). We propose to explore these avenues in

future research.

Furthermore, in a regional context proximity of one region to another can depend on transport

infrastructure. The ability to commute easily between two areas is likely to be a much better

indication of economic inter-dependence than just physical closeness. To improve the validity

of our results we could calibrate the distance between regions by a factor indicating the ease

of transportation. We do not expect that our results would vary significantly as transport

infrastructure is somewhat homogeneous across the UK. Having said that, we continue to

believe that it would be useful to understand the impact that the ease of transport might

have on bubble migration.

Moreover, an investigation of the macroeconomic determinants of the observed difference in

the length of the house price bubbles for the different regions and their relationship to the

overall business cycle is potentially of interest.

Finally, a subject for further study is to see if the co-bubbling patterns that we have identified

in this chapter, continue to prevail in other economic applications, not only in the case of house
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price diffusion, but also, for example, the diffusion of technological innovations using a suitable

economic distance. We are interested in exploring whether the London ’outlier’ continues to

persist in the analysis of other examples.

3.12 Conclusions

This chapter proposes a novel methodology for modelling the spatial and temporal dispersion

of speculative bubbles in the housing markets across the UK. Using UK regional house prices

we establish that the closer a geographic region is to another, the shorter the time period that

it would take for a speculative bubble to migrate from one area to another. This finding is

consistent with previous empirical literature.

London, however, does not co-bubble with any of the other geographical regions. We believe

that this is due to London’s idiosyncratic features as a large city with a strong financial sector.

A number of academic papers confirm London’s unique position relatively to other regions.

For example, Chudik and Pesaran (2009) establish that London is a dominant region in the

sense that shocks to it propagate to other regions simultaneously and over time, whilst shocks

to the remaining regions have little immediate impact on London.

We also find that income does not have an effect in determining the time it would take

for a housing bubble to migrate from one economic region to another. Furthermore, while

theoretically, a bubble in household incomes should lead to a bubble in house prices (and vice

versa), we do not find such effects.

Using the approach proposed in this paper we can track the diffusion of housing bubbles

between geographical regions. Our approach lends itself to further streams of investigation of

bubble migration. These could be in the context of finance or technology.

Appendix

Table 3.6 and Table 3.7 in this Appendix show the population proxies we have used and the

distance between geographical regions respectively.

50



Table 3.6: Proxy counties for geographic regions

Economic planning region County Population
North Northumberland 316,000

Cumbria 496,200
Tyne & Wear 1,118,713
Cleveland 567,600

Yorkshire & The Humber North Yorkshire 601,200
Humberside 1,000,000
West Yorkshire 2,161,000
South Yorkshire 1,340,000

North West Lancashire 1,450,000
Greater Manchester 2,700,000
Merseyside 138,000
Cheshire 1,004,000

East Midlands Derby 248,752
Nottingham 729,977
Lincolnshire 731,500
Leicester 329,839
Northampton 212,000

West Midlands Shropshire 306,100
Stafford 130,800
West Midlands 5,675,000
Warwick 23,350
Hereford & Worcester 500,000

East Anglia Norfolk 857,900
Suffolk 730,100
Cambridge 123,900

South East Essex 1,396,600
Hertford 26,000
Bedford 79,190
Buckingham 11,572
Oxford 150,200
Berkshire 803,657
Surrey 1,085,000
Hampshire 1,320,000
West Sussex 808,900
East Sussex 527,200
Kent 1,466,500

South West Gloucester 858,300
Avon 1,080,000
Wiltshire 470,981
Somerset 531,600
Dorset 754,460
Devon 747,900
Cornwall 532,300

Wales Cardiff 341,000
N Ireland Belfast 672,522
Scotland Edinburgh 495,360
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Table 3.7: Distance in miles between geographic regions

Region X Region Y Distance
in miles

Region X Region Y Distance
in miles

North York & HSide 104 York & HSide North 104
North North West 149.5 York & HSide North West 38.5
North East Midlands 184.6 York & HSide East Midlands 107.1
North West Midlands 209.4 York & HSide West Midlands 126.4
North East Anglia 241.3 York & HSide East Anglia 107.1
North Outer S East 313 York & HSide Outer S East 267
North Outer Met 264.3 York & HSide Outer Met 181.5
North South West 193 York & HSide South West 145.4
North Wales 302 York & HSide Scotland 257.6
North West East Midlands 135.7 East Midlands North West 135.7
North West West Midlands 98.9 East Midlands West Midlands 98.7
North West East Anglia 192.4 East Midlands East Anglia 57.4
North West Outer Met 179.8 East Midlands Outer S East 184.7
North West South West 129.5 East Midlands Outer Met 102.7
North West Scotland 272.4 East Midlands South West 169.5
West Midlands Scotland 349.1 Outer S East East Midlands 184.7
East Anglia North 241.3 Outer S East West Midlands 167.5
East Anglia York & HSide 107.1 Outer S East Outer Met 88.2
East Anglia North West 192.4 Outer S East South West 151.9
East Anglia East Midlands 57.4 Outer S East Wales 198.7
East Anglia West Midlands 147.2 Outer S East Scotland 463.5
East Anglia Outer S East 163.4 South West Outer S East 151.9
East Anglia Outer Met 96.7 South West Outer Met 100.6
East Anglia Scotland 415.1 South West Scotland 327.7
Outer S East East Midlands 184.7 Outer Met South West 100.6
Wales North 302 Wales North West 194
Wales East Midlands 211.2 Wales West Midlands 112.2
Wales East Anglia 262.4 Wales Outer S East 198.7
Wales Outer Met 157.4 Wales South West 99.3
Wales Scotland 395 Scotland West Midlands 298
Scotland Outer Met 384.5 Scotland Greater London 415
Norther Ireland Wales 372.2 Scotland Wales 395
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Figure 3.10: North and Yorkshire housing market

The list of geographical regions whose housing markets co-bubble including the lead times

between the bubbles is provided in Table 3.8.

The estimates of our co-bubbling test for the first pair of geographic regions (North and North

West) are provided in Table 3.10.

In this Annex also provide a set of graphs with the regions that our model has identified as

having a co-bubbling relationship. The graphs simply plot the house price path of each region

between 1973 and 2016. We produce two examples for each region.

Figure 3.11: North and North West housing market
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Table 3.8: Identified co-bubbling regions

Region X Region Y Lag
(from)

Lag
(to)

Region X Region Y Lag
(from)

Lag
(to)

North York & Hside -4 -2 East Anglia North West 0 3
North North West 1 5 East Anglia East Midlands 0 4
North East Midlands -4 2 East Anglia West Midlands 2 6
North West Midlands 2 7 East Anglia Outer S East -5 -3
North East Anglia -5 2 East Anglia Outer Met -8 0
North Outer S East -5 1 East Anglia Scotland -7 1
North Outer Met -7 2 Outer S East East Midlands 1 4
North South West -6 0 Outer S East West Midlands 3 5
North Wales -4 -2 Outer S East Outer Met -7 6
North Scotland -7 -2 Outer S East South West -2 4
York & Hside North 1 6 Outer S East Wales -1 0
York & Hside North West 2 7 Outer S East Scotland -7 2
York & Hside East Midlands 2 6 Outer Met East Midlands 1 2
York & Hside West Midlands 4 9 Outer Met West Midlands 2 3
York & Hside East Anglia -4 4 Outer Met South West -1 2
York & Hside Outer S East -5 4 Outer Met Scotland -9 1
York & Hside Outer Met -5 6 Greater London Scotland 2 4
York & Hside South West -5 0 South West East Midlands 2 3
York & Hside Scotland -2 4 South West West Midlands 4 6
North West East Midlands -3 0 South West Outer S East -5 0
North West West Midlands -2 3 South West Outer Met -7 3
North West East Anglia -4 -1 South West Scotland -6 1
North West Outer Met -4 -1 Wales North 2 4
North West South West -5 -2 Wales North West 3 6
North West Scotland -8 -4 Wales East Midlands 2 5
East Midlands North -2 1 Wales West Midlands 5 8
East Midlands North West 0 3 Wales East Anglia -4 2
East Midlands West Midlands 2 4 Wales Outer S East -5 3
East Midlands East Anglia -6 0 Wales Outer Met -6 5
East Midlands Outer S East -6 -1 Wales South West -5 1
East Midlands Outer Met -7 1 Wales Scotland -1 2
East Midlands South West -6 -2 Scotland West Midlands 6 8
East Midlands Scotland -8 -1 Scotland Outer Met -1 7
West Midlands Scotland -10 -5 Northern Ireland Greater London -12 -3
East Anglia North -2 1 Northern Ireland Wales -4 -1
East Anglia York & Hside -1 0

Table 3.9: Regression results of the effect of distance on the likelihood of co-bubbling

Regression details
Valid cases: 34 Dependent variable: Y
Missing cases: 0 Deletion method: None
Total SS: 234 Degrees of freedom: 33
R-squared: 0.26 Rbar-squared: 0.26
Residual SS: 173.259 Std error of est: 2.291
F(1,33): 11.569 Probability of F: 0.002
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Table 3.10: Co-bubbling output for North and North West

lag/lead (i*) KPSS (S) BS CV (C
↵B

) Reject co-bubble
-12 0.205 0.113 1
-11 0.198 0.11 1
-10 0.19 0.105 1
-9 0.18 0.105 1
-8 0.172 0.104 1
-7 0.165 0.102 1
-6 0.158 0.104 1
-5 0.154 0.098 1
-4 0.157 0.103 1
-3 0.165 0.106 1
-2 0.185 0.118 1
-1 0.238 0.148 1
0 0.26 0.169 1
1 0.104 0.127 0
2 0.073 0.117 0
3 0.085 0.115 0
4 0.103 0.12 0
5 0.123 0.128 0
6 0.144 0.127 1
7 0.164 0.139 1
8 0.184 0.141 1
9 0.205 0.151 1
10 0.227 0.154 1
11 0.246 0.159 1
12 0.266 0.167 1

Table 3.11: White heteroskedasticity-consistent standard errors and covariance

Variable Coefficient Std. Error t-Statistic
X 1.9 0.242 7.85

R-squared 0.26 Mean dependent var 4
Adjusted R-squared 0.26 S.D. dependent var 2.66
S.E. of regression 2.29 Akaike info criterion 4.53
Sum squared resid 173 Schwarz criterion 4.57
Log likelihood -76 Hannan-Quinn criter. 4.54

Table 3.12: Ramsey RESET Test

Omitted vars: Powers fitted values from 2 to 3
Value df Pr. Value df Pr.

t- statistic 1.053908 32 0.2998 F- statistic 0.62149 (2,31) 0.5437
F- statistic 1.110723 (1,32) 0.2998 Likelihood ratio 1.33664 2 0.5126
Likelihood ratio 1.160123 1 0.2814
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Figure 3.12: Yorkshire and North West housing market

Figure 3.13: Yorkshire and East Midlands housing market

Figure 3.14: North West and West Midlands housing market
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Figure 3.15: North West and East Anglia housing market

Figure 3.16: East Midlands and North West housing market
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Figure 3.17: East Midlands and East Anglia housing market

Figure 3.18: North and East Anglia housing market
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Figure 3.19: East Anglia and Outer S East housing market

Figure 3.20: Outer S East and Outer Met housing market
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Figure 3.21: Outer S East and East Midlands housing market

Figure 3.22: Outer Met and East Midlands housing market

60



Figure 3.23: Outer Met and West Midlands housing market

Figure 3.24: South West and East Midlands housing market
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Figure 3.25: South West and Outer S East housing market

Figure 3.26: Wales and North housing market

Figure 3.27: Scotland and West Midlands housing market
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Figure 3.28: Wales and East Midlands housing market
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Chapter 4

An examination of the co-bubbling

relationship between housing and

rental bubbles in the UK

Abstract

This chapter examines the migration of bubbles from the prices of rental property to bubbles

to the prices of housing property within UK geographic regions. A number of theories have

been proposed within the financial econometrics literature suggesting that the two types of

investment are very close substitutes. As a result, researchers have settled on the proposition

that there must exist a long run (co-integrating) relationship between the two assets. This

relationship has been found and shown using a series of robust statistical methods in recent

literature. However, the question of which asset leads the price and the explosive behaviour, if

any, of the other asset has yet to be asked. In this chapter we examine the relationship between

rental and housing prices using the co-bubbling model developed earlier in the thesis. We are

able to confirm both of our hypotheses: a) that there is a strong co-bubbling relationship

between rental and housing prices across the UK and b) that a bubble in rental prices will

typically precede a bubble in housing prices by about nine quarters.
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4.1 Introduction

The financial econometrics literature on the relationship between housing and rental prices

has focused on establishing a robust relationship between the prices of the two assets and

identifying its determinants. In this paper it is proposed that the prices of the two assets

not only are strongly correlated but they also co-bubble. More fundamentally, we aim to

understand which of the two asset prices will typically bubble first and which one will follow.

We consider that better understanding this sequence of events will be of great value to policy

makers who may use these findings to anticipate and pre-empt the consequences of another

housing bubble crash in the future. In this paper we apply the co-bubbling test developed

in the second chapter to try and identify whether a long-run co-bubbling relationship exists

between housing prices and rental prices across a series of UK regions.

The methodology employed for testing the hypothesis of co-bubbling behaviour in two series

is based on a variant of the stationarity test of Kwiatkowski et al. (1992). This uses a

conditional ’wild’ bootstrap scheme to control size. As we have shown in the second chapter,

the Monte Carlo simulations offer convincing levels of size control and power to suggest that

this would be an appropriate methodology to be used for the purposes of this chapter as

well. Combining this test with a Bayesian Information Criterion model selection procedure

to identify bubble episodes in individual series allows us to determine the presence of any

relationship between two explosive series robustly - in this case house prices and rental prices

within UK geographical regions.

Figures 4.1 to 4.2 show the general trend of average house prices in the UK since 1995. The

graphs are plotted on two different time scales as there are no publicly available data on

buy-to-let prices before 2006 whereas time series data on house prices are available via the

national statistics website dating back to 1973. We note that due to data availability the

series breakdown by region differs in the two figures. To provide a more complete picture of

the two markets we plot these series on separate graphs. Subsequently, Figure 4.3 takes the

UK average for each market individually and illustrates how rental and housing prices have

evolved since the second quarter of 2006. Figure 4.3 shows that the two asset prices co-move

in the same direction and they both exhibit a steady but increasing trend. Variations in house
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Figure 4.1: Buy-to-let index in UK geographic regions

prices across regions appear to happen almost contemporaneously.

London is perhaps the most interesting case. This is because, in the third chapter, we have

found that bubbles in housing prices in London do not (or have not yet) migrate to its

neighbouring regions. Figures 4.3 and 4.4 clearly illustrate the difference in the relationship

between rental prices and housing prices in London and across the UK. The two asset prices

seem to be moving in the same direction, however, the house price bubble in London is more

prominent than in the wider UK.

House prices are driven by the choice between renting and buying. This means that a rational

buyer would only buy a property if the expected cost of the mortgage interest repayment is

lower than the rent for a comparable property. If the expected cost of the mortgage interest

repayment is higher than the rent for the property then buying a property is only rational if

the investor believes that the capital gain on the property will exceed the difference (i.e. the

appreciation in the value of the house will exceed the difference in the rental to ownership

cost). Therefore, when house prices are forecasted to increase fast enough, even when rents

remain low, investors will choose to invest in the housing market. We consider that this could

be a likely explanation for the behaviour that we see in Figure 4.4.
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Figure 4.2: Average house prices in UK geographic regions

Figure 4.3: UK average house prices compared to buy-to-let index
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Figure 4.4: London trend of housing prices v rental prices (January 2011 = 100)

4.2 Background to the housing and rental bubble literature

It is well recognised that in the past fifty years there have been observed three bubbles in

the UK housing market: one in the early 1970s, one in the late 1980s and there is increasing

speculation that we are currently also experiencing a housing bubble. A number of theories

have been put forward to explain the causes of these bubbles. These theories are usually fo-

cused on the impact of wealth, foreign direct investment, interest rates, the stock market and

consumer expenditure in their attempt to explain the determinants of housing bubbles. In

this chapter we focus our attention in understanding the impact of rental prices in explaining

housing bubbles. We consider that rental prices may have a significant impact in determining

the direction of housing prices. Before we begin examining our hypothesis, we first look at

the existing literature and results.

Firstly, we begin by taking a closer look at Figure 4.4 that plots the changes in the house

price to buy and price to rent a property in London since 2011. 2011 is taken as the base

year (i.e. Q1 = 100). As we can see the price to rent has increased at a much lower rate than

the price to buy. We can deduce from this that buying a property with the sole intention

of renting it out becomes a less profitable investment. However, buying a property with the

purpose of reselling it in in the future would be a rational and profitable decision.

Up until late 2007, the mainstream theory amongst economists and propagated in the UK

press was that the house price boom that began in the early 2000’s was merely a result of
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exceptionally high demand for housing that was outstripping supply. Researchers did not see

it as a bubble but rather as a housing boom or a particularly vigorous upturn in the UK’s

cyclical property market (Barker 2004; Hamnett 1999). The restricted supply side of housing

was attributed to slow building rates, scarcity of land and an inflexible planning system. The

demand side was explained through factors such as increased immigration, individuals choos-

ing to live alone and low interest rates.

During the financial crisis, academic thinking evolved to attribute housing bubbles to the

activities in the banking sector which have created volatility in the housing market. Volatility

is considered an attractive attribute by investors because it allows for higher returns. Housing

bubbles were seen as just one in a sequence of asset bubbles following the stock market bub-

ble and the technology bubble in the early 2000’s (Harvey 2007; Hutton 1995; Stiglitz 2003;

Hamnett 2009).

The debate has now been mostly settled by classifying changes in house prices to one of two

categories: changing fundamentals that cause significant house price changes or speculative

bubbles that are being caused by investors’ expectations. A wide range of theories has been

put forward to explain the genesis of housing bubbles in the UK and other developed coun-

tries, see Himmelberg et al. (2005) and Brunnermeier and Juilliard (2006).

In the literature, rents are usually considered an important part of fundamentals for house

prices, see Meese and Wallace (1994), Hamilton and Schwab (1985), Himmelberg et al. (2005),

Gallin (2008), Ghysels et al. (2013), Brunnermeier and Julliard (2008), Campbell et al. (2009),

Plazzi et al. (2010), Cochrane (2011), Engsted and Pedersen (2014, 2015), and Gelain and

Lansing (2014). The reason for considering rent as a fundamental factor follows the same logic

as dividends being seen as fundamentals for determining the price of a share. Put simply,

the owner of a house who also lives in the house, derives a certain utility from the service

provided by the house itself. An appropriate proxy for this unobservable housing service are

rents. Rents are the equivalent to the dividends that an owner of a share obtains in the equity

market.

On the ’fundamentals’ side of the debate - i.e. the strand of literature that argues that specu-

lative housing bubbles are caused by changes in fundamental values such as rent and interest

rates - Himmelberg et al. (2005) argue that conventional metrics, such as house price to rent
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ratios, are misleading variables in determining the development of bubble. In their seminal

paper, they argue that house prices to rent ratios fail to account for long-run trends in real

interest rates. Low real interest rates over the past decade have made housing relatively more

affordable in recent years. This increased housing affordability could have led to a housing

bubble. Their analysis looks at forty six US Metropolitan Areas between 1980 and 2004.

They conclude that in the late 1980s there was a clear housing bubble in the US that was

driven by changes in fundamental values such as the interest rate. However, the authors also

conclude that the current high level of US house prices cannot be categorised as a bubble

once low long-term real interest rates are considered.

Sowell (2009) proposed that the government has a significant role to play in creating housing

bubbles. In his research he finds that the housing markets that have experienced explosive

growths in their prices were generally markets where the local government imposed land use

restrictions that limited the supply of land available for housing.

Furthermore, Krugman (2009) argued that bubbles have mainly been determined by the re-

laxed mortgage lending standards allowed by the government before the financial crisis. More

specifically he argues that the unregulated ’shadow banking system’ (hedge funds, investment

banks, structured investment vehicles) provided inexpensive finance to households thus lead-

ing to a housing bubble.

Another strand of the ’fundamentals’ literature argues that real house prices are mainly de-

termined by institutional features and macroeconomic and demographic conditions, most

notably inflation, interest rates, bank credit, changes in equity prices, population growth, see

Kholodilin et al. (2010) and Muellbauer and Murphy (2008). Lower interest rates decrease the

opportunity cost of capital invested in housing, reduce the servicing cost of mortgage credit

and raise the present value of future household earnings. The feedback from property prices

to credit growth is stronger in countries with more deregulated mortgage markets (Tsatsaronis

and Zhu 2004). For example, borrowing costs exert a negative effect on real house changes in

US regions (Holly et al. 2010).

On the speculation side of the debate - i.e. the strand of literature that proposes that it

is mostly expectations and beliefs that cause bubbles - Brunnermeier and Juilliard (2006)

consider that the impact of money illusion on house prices is what generates these specula-
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tive bubbles. Their methodology follows Modigliani and Cohn (1979). The results of their

paper show that falling inflation in combination with nominal interest rates (i.e. real interest

rates are kept fixed) lead to mispricing of housing. According to the authors, people wrongly

attribute a decrease in inflation to a decline in the real interest rate and consequently under-

estimate the real cost of future mortgage payments. Therefore, they demand more housing

than they would normally do. Brunnermeier and Juilliard agree that mispricing can explain

part of the increasing trend in house prices. They also suggest that the so-called ’tilt’ effect

cannot explain sufficiently and convincingly the effect of the nominal interest rate on house

prices. The ’tilt’ effect, describes a situation where changes in inflation shifts the real burden

of mortgage repayments towards the earlier years of the financing contract.

Dupor and Conley (2004) support the view that perceived wealth leading to overconsumption

patterns coupled with overaccumulation of capital have been the main drivers of the recent

housing bubbles. Inaccurate beliefs are taken to be the drivers of the perceived wealth channel.

Households expect that their houses will appreciate more than the amount that they actually

do. This over-expectation leads them to demand more housing and make considerably more

than the market value.

Congdon (2005) arrives at a similar conclusion as Dupor and Conley on the proposition that

overaccumulation of capital leads to housing bubbles but using a different perspective. He

looks at the marginal utility of money holdings relative to housing and other markets. Overac-

cumulation of capital arises due to the large liquidity that became available to investors before

the financial crisis. This has led to a disequilibrium in their portfolio allocation. To spread

their risk investors needed to shift their funds in different markets. This rebalancing exercise

has led to higher demand for housing which in turned led to a housing bubble. Adrian and

Shin (2008) proposed that the effect of increased liquidity in creating housing bubbles is am-

plified through the procyclical balance-sheet management of financial intermediaries. During

economic upturns (booms) the ratio of total assets to equity is increased, but subsequently

reduced during periods of economic downturns. In addition, the relatively low and stable

inflation environment reduced risk premia and might have led to higher financial instability,

that is, excess credit pressures and additional leverage (Borio and Lowe (2002)). Schiller

(2008) emphasized irrational exuberance as the cause of the housing bubbles. In his seminal
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paper he proposes that when making decisions, households and investors do not always have a

complete set of information on which to base their decision. Therefore, at times they rely on

signals from their social circles to help them make a decision. When their circle begins to buy

a house, even though it may be overvalued, buyers would still proceed with their purchasing

decision as they consider that their peers probably ’knew better’ when they made the same

decision. In the 1990’s this was also known as the herding effect.

The most balanced view found in the literature is given by Gwartney, Macpherson, Sobel, and

Stroup (2008). In their view housing bubbles develop as a combination of both fundamental

factors and investor speculation. They identified four factors that they consider are the main

causes of housing bubbles: (1) low short term interest rates, (2) relaxed lending standards (3)

increased debt to-income ratio for households (4) increased leveraging by investment banks

(or the impact of shadow banking).

Some researchers have also looked at the impact of international components in determining

house bubbles. Holly et al (2010) link the explosive behaviour of house prices in London

to the housing bubble experienced in New York and other financial centres. Dreger and

Wolters (2009) consider that international spillovers had a greater effect in determining the

emergence of house bubbles than the country’s own monetary policy (for example strong mon-

etary growth). By spillovers they mean positive shocks to neighbouring countries (within the

EU for example) that lead to an increase in the output of the neighbouring country. However,

these studies tend to use a general equilibrium analysis and because the conclusions are not

tested empirically, we cannot rely on their external validity.

4.3 Signals of bubbles in the real estate market

In this section we explore the area of the literature that tried to identify signals for bubbles in

the real estate. Following the burst of a speculative bubble, researchers are quick in identifying

the triggers of the explosive behaviour. However, each bubble has different triggers and the

literature is scarce in identifying common factors across bubbles within the housing market.

For the purposes of this chapter, we consider (and subsequently test) that the rental market is

a common factor in determining the emergence of speculative bubbles in the housing market.

72



However, for completeness we also explore other common factors that have been proposed

by the literature as key determinants of bubbles. To do that, we look at papers that have

analysed a series of bubbles (at times across countries or across time) to understand these

common triggers.

The most common reason cited amongst academic papers for leading to a speculative bubble

in houses are low interest rates. Studies conducted by the OECD found that a common

denominator to the majority of the housing bubbles that they analysed were the interest

rates.

Studies looking at the bubbling features across the different US states found that widely

spread perceptions of continuously rising prices were the key denominator for the housing

bubbles in those states. Growing overconfidence among buyers has pushed prices beyond

their trend levels towards a bubble behaviour. This overconfidence is usually measured in the

literature through consumer surveys. Case and Shiller (2003) document this type of common

behaviour by surveying 2000 households across the US. The households they analysed had

bought homes in May 1988. They compared these households to the ones that bought a house

between March and August 2002. The group of 1988 buyers admitted to being influenced by

their strong expectations for future price changes and saw their house as an investment. The

paper was also able to identify herding behaviour through the survey responses. Overall, the

common trigger identified by the authors was expectations. These high expectations are what

led to a housing bubble in the early 1990s in the US. Interestingly, the authors, did not find

any evidence from their surveys that fundamental values such as the interest rates or the

housing stock played a significant role in determining a household’s decision to buy a house.

The group of people that bought a house in 2003 was chosen because of their similarity to

the control group. The responses that they provided to the survey were strikingly similar.

Most buyers saw housing as an investment even though less so in 2003 than in 1988. An

insignificant amount of buyers considered that the housing market was susceptible to any

macroeconomic risks or market fluctuations. For the 1988 households as well as for the

2003 survey the expectation of future price increases were considerably higher than what the

available information would allow households to infer. About 90% of all households expected

that the price of their house would continue to increase at an exponential rate for the following
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seven years. This study that looks at bubbles both across different geographic regions and

across time offers a significant contribution to the literature in terms of determining the

common denominator in speculative bubbles. A number of subsequent studies provide support

to the findings of Case and Schiller (2003). These include Capozza et al. (2004) and Goodman

and Thibodeau (2008) that also looked at bubbles across the US and find that speculation

was the common denominator in initiating price bubbles.

Studies that looked at triggers of speculative bubbles across other western countries such as

England, France and Ireland reach similar conclusions see Roche (2000), Roehner (1999) and

Levin and Wright (1997). Overall, the consensus has been that (a) houses are mainly seen as

an investment good and (b) through time speculative bubbles have as a common denominator

unrealistic expectations by investors.

4.4 Hypotheses

Evidence shows that housing markets are particularly susceptible to bubbles. A continuous

succession of housing cycles has been empirically documented in worldwide housing markets;

in the UK (Hott and Monnin (2008), Parkinson et al. (2009), Black et al. (2006)) and the

rest of the world including Switzerland, Japan and USA (Hott and Monnin (2008)).

In general, housing bubbles have been widely studied. However, the interlinkages between

rental markets and housing markets have been less prominent in the housing literature. This

chapter aims to shed more light on the long-run relationship between rental prices and house

prices. The two hypotheses that we choose to test are:

• Housing prices co-bubble with rental prices within UK geographic region. We could

have chosen to look at this relationship at an aggregate level. However, we consider that

examining this relationship at a regional level can offer more insight into the interlinkages

between housing and rental prices.

• Rental prices lead housing prices. This hypothesis gives an indication on whether house

buyers see their houses mostly as an investment good or as a consumption good. Reject-

ing this hypothesis would indicate that potential house buyers see houses as a consump-

tion good. This is because following a speculative housing bubble, if prices become
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unaffordable they would switch to renting a house. As a consequence, rental prices

would begin to increase. On the contrary, if our test accepts this hypothesis then we

can reasonably conclude that house buyers see houses as an investment good. Investors

would wait for rental prices to increase, indicating higher returns to their future invest-

ment if they choose to buy a house. Therefore, higher demand for house ownership may

eventually lead to a housing bubble.

Using the co-bubbling model developed in our previous chapter we test for both our hypothe-

ses. Here, the y series values are the values taken by the buy-to-let index while the x values

are the house prices.

4.5 Data

We choose to use data from well-recognised and trusted sources to estimate the validity of

our hypotheses. The Nationwide dataset provides the richest source of data on housing prices

across the UK. They provide the longest unbroken run of house price data, stretching back

to 1952 on a quarterly basis and 1991 on a monthly basis. House prices are mix adjusted.

This means that they are tracked using a representative house price over time rather than

the simple average price. The reason for doing so is because the average price can be easily

influenced by a change in the mix (such as the proportion of different property types and

their locations) of houses. Sample size is based on the number of new loans that Nationwide

writes; that is the amount of gross lending for house purchase. Buy-to-let purchases are not

included in the data sample. We consider this to be a considerable benefit to our data set

because house purchases for the sole purpose of renting the property would skew the results

in a way that houses are purely seen as an investment asset. The Nationwide Building Society

is currently the second largest mortgage lender in the UK. This allows us to be confident that

the series based on Nationwide mortgage data is representative of the whole house market.

All the data is in real terms.

We note that the Nationwide definition of regions differs from the ONS definition. The

Nationwide definition excludes Cumbria which is added to the North East to comprise the

North. The London region comprises the boroughs of London. The Outer Metropolitan
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Figure 4.5: Map of England regions

regions.png

region surrounds London and includes among others, South Essex, Reading, St Albans, and

Medway. The Outer South East includes North Essex, Oxfordshire, Brighton, Southampton

and Sussex. The map of definitions of regions is taken from the Nationwide website and is

provided in Figure 4.5.

Data on the rental prices across the UK have only recently become available through the

Office of National Statistics. The data take the form of an experimental index of prices paid

for rental properties in Great Britain. The time series data spans from the first quarter of

2006 to the third quarter of 2016. Unfortunately the Office for National Statistics does not

publish estimates for the price of privately rented property. The Office of National Statistics

does, however, produce and publish inflation estimates (i.e. how much private rental prices

increase or decrease) via the Index of Private Housing Rental Prices (IPHRP).

The closest estimate that we are able to get on actual prices for rental properties is provided

by the Valuation Agency. However, we are unable to get a sufficiently long time series data

set from the valuation agency (earliest estimates provided for 2015). For completeness, we

provide Figure 4.6 constructed by the valuation office that gives an indication of actual rental

prices across the UK per room in 2016.
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Figure 4.6: Room monthly rents recorded between 1 April 2015 and 31st March 2016 for
England

4.6 Method

To test the hypotheses that we presented in section 5, we employ the co-bubbling test that

was developed in the previous chapter.

We first employ the HLS bubble model to identify the type of bubble that is present in each

series. The model also offers us insight into the start date of each individual bubble as well

as its duration. The model allows us to identify the type of bubble model that is present in

each individual series. Subsequently we employ the co-bubbling model developed in Chapter

2. We only test for co-bubbling relationships within the same region. The results would not

be meaningful if we were to test for the existence of a co-bubbling relationship between rental

and housing markets of different regions.

For the purposes of this chapter, the y values are the values taken by the buy-to-let index

whereas the x values are the house prices. As we will show in the following section, rental

values lead house price values.
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Table 4.1: Explosive bubble behaviour in the UK property market

Random
(walk to)

Explosive
(bubble to)

Stationary
((collapse))

North East (buy-to-let index) Q4 2007 End of sample N/A
North East (avg house price) Q4 2014 End of sample N/A
North West (buy-to-let index) Q4 2007 End of sample N/A
North West (avg house price) Q2 2009 Q4 2013 N/A
Yorkshire & the Humber (buy-to-let index) Q4 2007 End of sample N/A
Yorkshire & the Humber (avg house price) Q2 2013 End of sample N/A
East Midlands (buy-to-let index) Q1 2011 End of sample N/A
East Midlands (avg house price) Q1 2013 End of sample N/A
West Midlands (buy-to-let index) Q4 2007 End of sample N/A
West Midlands (avg house price) Q1 2013 End of sample N/A
East Anglia (buy-to-let index) Q4 2007 End of sample N/A
East Anglia (avg house price) Q1 2013 End of sample N/A
London (buy-to-let index) Q4 2007 End of sample N/A
London (avg house price) Q1 2013 End of sample N/A
South East (buy-to-let index) Q4 2007 End of sample N/A
South East (avg house price) Q1 2013 End of sample N/A
South West (buy-to-let index) Q4 2007 End of sample N/A
South West (avg house price) Q1 2013 End of sample N/A

Typically, the standard model used widely in the literature for understanding the determinants

of house prices consists of three equations - a demand equation, a supply equation and another

one showing how the stock of houses changes over time as new houses are completed.

4.7 Results

Our results presented in Table 4.1 show that over the past decade, in every region of the

UK, there has been at least one speculative bubble in either the housing market or the rental

market. Most of them have not collapsed yet, with the exception of the North West house

prices that have returned to random walk behaviour. Table 4.1 summarises the results of our

test.

The results provided in Table 4.1 allow us to confirm our first hypothesis that across the UK

the prices of houses and rentals have deviated from their fundamentals and are now presenting

an explosive bubble behaviour. Of particular interest we find the fact that in all cases apart

from one, the property market is still away from its fundamental value. It is very challenging
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to predict when these bubbles might burst or return to their long run equilibrium value. We

do not attempt to answer that question as part of this chapter but we consider this finding

to be alarming and further research should be undertaken on the topic.

We would like to draw attention to the fact that these results differ from the results of Chapter

3 that looked at the co-bubbling relationship between housing markets within UK geographic

regions. The data sample used for that chapter is significantly larger and that’s why the

bubbles identified as part of that chapter occur at different points in time.

The second hypothesis that we set ourselves to test was whether rental prices lead housing

prices. As we explained in the previous section, if rental prices bubble before house prices

then buyers see housing as an investment. If, on the other hand, housing prices bubble before

rental prices then buyers see housing more as a consumption good and they would swiftly

substitute their choice of owning a property to renting a property if house prices become

unaffordable.

Figures 4.7 and 4.8 provide two examples of co-bubbling behaviour between rental and housing

prices within a region. We choose the two examples based on the time lag between the two

bubbles i.e we choose the region in which it took the shortest for the bubble to migrate

from one market to the other and the region in which it took the longest for the bubble to

migrate from one market to the other. The HLS bubble model that fits all of our examples is

Model (1), that means that the series first experience a random walk and subsequently bubble

behaviour until the end of the sample. Due to London’s unique position, we also include the

graph of London here in Figure 4.9. The rest of the graphs showing co-bubbling relationships

between UK regions can be found in the Appendix.

By looking at Figures 4.7 to 4.9, one may infer that it takes some time for a bubble in one

market to migrate to the other market. However, the results of our co-bubbling test tell a

different story in terms of the average lead/lag. The average regional lag is provided in Table

4.2. This is because for our co-bubbling method to produce accurate results, the two series

have to exhibit the same bubble type. Once the regions that exhibit the same bubble type are

identified then we can run our co-bubbling model and compute the amount of time that the

co-bubbling relationship takes. Tables 4.3 to 4.11 in the Appendix summarise our findings.

For all the geographic regions that we have examined, rental prices lead house prices. On
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Figure 4.7: East Midlands co-bubbling

Blue vertical line indicates bubble start in buy-to-let; red vertical line indicates bubble start
in owner occupied housing

Figure 4.8: North East co-bubbling

Blue vertical line indicates bubble start in buy-to-let; red vertical line indicates bubble start
in owner occupied housing
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Figure 4.9: London co-bubbling

Blue vertical line indicates bubble start in buy-to-let; red vertical line indicates bubble start
in owner occupied housing

average, rental prices lead house prices by about 9.7 quarters.

Table 4.2 shows the average lag between the co-bubbling relationships identified in our series.

The results are computed using the results from Tables 4.3 to 4.11 in the Appendix. To com-

pute these averages we looked at the sequences of non-rejections and associated lag and lead

times in each individual co-bubbling table. We only look at the tables where the hypothesis

of no co-bubbling is rejected. One necessary condition for the existence of a co-bubble (and

therefore rejection of the no co-bubbling hypothesis) is that the two series exhibit a bubble of

Table 4.2: Average lag between rental and house price co-bubbling across regions

Region Lag time (in quarters)
North East 10.5
North West no co-bubble
Yorkshire and the Humber 10.5
East Midlands 8.5
West Midlands 10.5
East Anglia 8.5
London 12
South East 8.5
South West 8.5

81



the same type. The types of models that are admitted by our model are presented in Chapter

2 and reiterated in the Method section of this chapter. For each pair of series (rental and

housing market) that we investigate, we compute the average lead/lag. For example, Table

4.4 of the Appendix, that specifically examines the co-bubbling relationship between rental

and house prices in the North West, shows that the no co-bubbling hypothesis is rejected for

the time period of -11 and -10 quarters. This allows us to conclude that on average, the rental

price bubble leads the house bubble in the North West by 10.5 quarters or roughly 31 months.

Our results presented in Tables 4.3 to 4.11 in the Appendix confirm our second hypothesis -

that is rental prices bubble before house prices. In all the cases that we have looked at this

result holds true.

We note that the shortest period between the bubbles of the two markets analysed in this chap-

ter is about 2 years. By this we mean that the shortest time period between the beginning of

a bubble in the rental market and the beginning of a bubble in the housing market in the same

region is of about two years. This result only arises because the bubbles have been individu-

ally estimated using the HLS procedure. Focusing solely on the individual series results can

be misleading because we cannot formally attribute bubble migration causality in this set-up

as we have not investigated joint behaviour. This is because within these two years a number

of other exogenous events might occur that could influence the behaviour of the second time

series. Therefore, we suggest some caution when attempting to infer causality from these in-

dividual results. Such considerations emphasize the importance of using our co-bubbling test

since it combines the information from both series as opposed to looking at them individually.

Arguably, the bubble that occurred first chronologically might be causing the emergence of

the bubble that came afterwards. In other words, the development of a rental price bubble in

North West in 2007 could have caused the development of a house price bubble in North West

in 2009. However, there could be other factors that are not taken into account in this chapter

that could be causing the emergence of the housing bubble. Such factors may include interest

rate shocks, immigration or inflation. For example, it has been widely quoted that the cause

of housing bubble in London is the housing bubble in New York. Furthermore, our dataset is
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relatively limited. We only make use of forty one observations for each example. In time series

literature this can be considered an inadequate number of observations to draw inference from

Our results support a number of papers in the recent bubble literature that suggest that

housing is mostly seen as an investment opportunity. It is the expectation that house prices

will continue to increase exponentially that incentivises investors to continue investing in the

housing market eventhough they may realise that the price they are paying has deviated from

its fundamental price.

In financial markets, the fundamental value of a share is derived from its expected stream

of future earnings or dividends, usually measured for the next five to ten years. Similarly,

the fundamental value of a house is derived from the expected stream of rental income that

it might generate. Therefore, it becomes reasonable to expect that when rental prices start

increasing, investors become more attracted to the housing market and begin buying more

houses. Interestingly, however, investors continue to buy houses even when the cost of repaying

a mortgage exceeds the expected returns from rents.

Stock market bubbles are typically characterised by sharp rises in the price to earnings ratios

(these measure the value of a company compared to its share earnings), when share prices

become very high relative to earnings. In a bubble, investors acquire shares or bonds in

expectation that they will be able to sell them at a higher price instead of buying them for

the income they provide. The same logic can be applied to housing markets. Investors, in

the absence of other lucrative propositions, choose to invest in house prices not because of

the expected rental incomes but because of the expected appreciation of the house prices.

However, as we show in this chapter, rental prices can be used as indicators that a housing

bubble is approaching.

We consider that our conclusions are also consistent from a financial stock market point

of view. As we have shown, housing is seen as an investment. An alternative to housing

investment is the stock market. When the returns from investing in the stock market are

low then investors might look for other channels to invest their money. It has been proposed

by recent literature that the relative returns to housing and stock shares may determine the

allocation of investment flows in the two markets (Cecchetti et al. 2000). In other words, the
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Figure 4.10: FTSE stock index, historical.

two markets can be seen as substitutes. A fall in the stock market may lead to an investor

rush towards the housing market in an attempt to spread their risks and gain higher returns.

A look at the stock market over the same time period confirms our conjecture. See Figure

4.10.

As shown in Figure 4.10, the stock market has taken a downturn since 2006 and it has struggled

to return to its trend level since. Consequently, it is reasonable to expect that investors would

be looking for a different investment and the housing market presented a good opportunity.

4.8 Policy implications and discussion

This chapter offers a significant contribution to the housing market literature. We consider

that our results can be of great value to policy markets who are looking to maintain the

stability of the economy. If housing is seen as an investment, as we have just proven with

our model, then regulators and policy makers would need to monitor it closely to avoid any

systemic risk building into the economy over time. In what follows we discuss a number

of reasons why we consider that our findings can have considerable implications for policy

making and present a number of suggestions for future research.

Regulators would justifiably be concerned about housing bubbles as previous experiences

have shown that a bubble burst can have real impacts on the economy. House prices influence
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the state of the economy through various channels. These channels can be classified in three

separate categories: monetary effects, wealth effects and economic development/price stability.

The role of the rental market is outlined and discussed for all three channels.

When house prices systematically diverge from their fundamentally justified values, house

price bubbles are formed. From a monetary policy perspective, this is an alarming signal as

it can distort the link between asset prices and policy actions, especially through inflation.

This is what is known as the monetary channel. Recent research around housing bubbles

and monetary policy has focused on two key questions: (a) the ability of housing bubbles

to indicate future growth in inflation and (b) the way in which inflation is measured and

whether the prices of houses should have a higher weighting. Goodhart (1995) suggested

that conventional measures of inflation that only look at the prices of goods and services

should be updated and proposed that when inflation is measured the price of housing and the

stock market are taken into account. His proposition was confronted with some criticism and

central banks have not yet updated their inflation measurement tools. Filardo (2000) was

the strongest opponent of Goodhart’s suggestion, based on empirical observations of previous

examples where high asset prices did not lead to high inflationary growth.

We consider that the findings of this paper provide a platform for reconciling these views.

We acknowledge that house prices matter for the economy especially when they indicate the

emergence of a speculative bubble. However, we propose that instead of using housing as

a component in measuring inflation, rental prices could provide a better indicator. This is

because, as we have shown rental prices are strongly correlated to house prices and in bubble

situations they might be able to predict the emergence of a housing bubble - which might in

turn have spillover effects on the rest of the economy and its inflation. Therefore, including

rent inflation in aggregate inflation measures could improve the accuracy of the forecasts.

Furthermore, with regards to the monetary channel, housing prices have a considerable effect

on the transmission of monetary policy (IMF (2008)). Housing bubbles would therefore make

it very challenging for policy makers to fine tune the economy. Using rental prices as a

signal for upcoming price bubbles may allow regulators to be more prepared or pre-empt such

bubbles. Calza et al. (2009) have shown that the response of residential investment and

private consumption to monetary shocks is more noticeable in countries with high loan-to-
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value ratios (these measure the ratio of the mortgage amount to the value of the property).

The UK is amongst the countries with the lowest loan-to-value rations in the OECD. This

means that monetary shocks are more difficult to pass through to the economy due to this

feature. Consequently, monetary policy may become even more ineffective in the presence of

a speculative housing bubble. Finally, the relationship between the monetary transmission

mechanism and house prices is not unidirectional. The developments in the housing market

may also affect money demand as proven by Setzer et al. (2010) and Dreger and Wolters

(2009). This provides us with all the more reason to monitor the emergence of housing

bubbles.

It has also been proven in the literature that a major source of divergence in the development

of external imbalances between member states and the euro area arise from idiosyncratic house

price developments. This is because accelerating house prices give rise to a boom in private

consumption and import demand (Aizenman and Jinjarak (2009)). House price dynamics

influence the performance of the financial system through their impact on the profitability

and soundness of financial institutions. Understanding and incorporating this behaviour in

policy making is of utmost significance for policymakers.

The second channel through which housing bubbles can have an effect on the economy is

through the wealth channel. Private consumption is significantly affected by the housing

wealth effect as well as the collateral effect. Case et al. (2005) and Dreger and Reimers

(2009) found significant evidence on these theories. Their studies found that consumption

increases as a result of an increase in housing wealth (or perceived housing wealth). The

reason for this is because it has a direct effect on expected lifetime income. House owners

begin to consume more if they perceive that their house is worth more. However, house

owners are not always aware that they might be part of a housing bubble. Therefore, they

might end up buying more goods and services that they what they would have done had they

understood the actual price of their house in the future. When the bubbles burst, households

may be left with a mortgage that they cannot sustain and further credit that they might

have received by using their house as a collateral. The second reason is what is known as

the collateral effect. The collateral effect has been carefully documented by Aoki et al (2004)

and Muellbauer (2008). If policy makers won’t to avoid a situation whereby a considerable
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number of households got themselves in an unsustainable debt they may want to monitor

housing bubble formation more closely.

The final point of concern from a regulators view in the context of housing markets is the

interlinkage between asset prices and their impact on the wider stability of the financial

system. There is a vast amount of literature that discusses this link and the potential impacts

that it may have on systemic stability. Some papers that have looked at the issue include

Mishkin (2003) and Zhu (2005). According to this theory, a country’s reaction to a crisis

will considerably depend on the way that banks value collateral. If banks overestimate the

value of a collateral (e.g. due to a housing bubble) then the effects of an economic downturn

would be more severe. However, it is difficult for banks to always estimate the correct value

of the collateral. We propose that a better way of doing this would be by incorporating

the average rental value for similar properties in the collateral estimation. If the value of a

property far exceeds the estimated rent return then banks should be concerned that a bubble is

possibly developing. Finally, we note that housing markets may have an impact on the overall

economic development. Helbling and Terrones (2003) found that bubble busts may lead to

total economic output losses that are twice as large as the ones arising from equity bubbles.

Furthermore, Zhu (2005) using the same line of reasoning across a number of countries found

that increases in house prices were likely to have a positive impact on output although the

magnitudes may differ across countries.

Our conclusion is that the close interlinkage between rental and housing markets is very

telling about the way house buyers see the market. We find that housing is mainly seen as an

investment. We propose and strongly urge policy makers to begin incorporating developments

in the rental market in their analyses and decision making processes

Appendix

In the first part of the appendix we provide the graphs of all the UK regions that present a

co-bubbling relationship. The type of HLS bubble that was fitted in all the graphs is Model 1,

this means that the series first follow a random walk and subsequently enter into a bubble until

the end of the sample. The rest of the appendix presents the co-bubbling results generated
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by the co-bubbling test we have developed.

Figure 4.11: South East co-bubbling.

Figure 4.12: South West co-bubbling

88



Figure 4.13: Yorkshire co-bubbling

Figure 4.14: West Midlands co-bubbling
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Figure 4.15: East Anglia co-bubbling
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Table 4.3: North East co-bubbling test results.

lag/lead (i*) KPSS (S) BS CV (C
↵B

) Reject co-bubble
-15 0.223 0.209 1
-14 0.238 0.224 1
-13 0.235 0.216 1
-12 0.237 0.219 1
-11 0.287 0.292 0
-10 0.371 0.371 0
-9 0.461 0.420 1
-8 0.509 0.421 1
-7 0.541 0.443 1
-6 0.567 0.451 1
-5 0.591 0.473 1
-4 0.627 0.503 1
-3 0.663 0.522 1
-2 0.700 0.520 1
-1 0.721 0.536 1
0 0.740 0.528 1
1 0.694 0.523 1
2 0.644 0.496 1
3 0.592 0.482 1
4 0.536 0.446 1
5 0.478 0.403 1
6 0.448 0.389 1
7 0.418 0.375 1
8 0.356 0.300 1
9 0.326 0.273 1
10 0.311 0.269 1
11 0.290 0.249 1
12 0.273 0.242 1
13 0.267 0.237 1
14 0.253 0.234 1
15 0.226 0.212 1

91



Table 4.4: North West co-bubbling test results.

lag/lead (i*) KPSS (S) BS CV (C
↵B

) Reject co-bubble
-15 0.267 0.254 1
-14 0.284 0.265 1
-13 0.279 0.257 1
-12 0.275 0.252 1
-11 0.298 0.294 1
-10 0.385 0.372 1
-9 0.467 0.410 1
-8 0.514 0.415 1
-7 0.544 0.447 1
-6 0.567 0.442 1
-5 0.589 0.460 1
-4 0.619 0.490 1
-3 0.650 0.506 1
-2 0.682 0.512 1
-1 0.709 0.530 1
0 0.732 0.532 1
1 0.690 0.520 1
2 0.644 0.484 1
3 0.601 0.461 1
4 0.554 0.439 1
5 0.522 0.425 1
6 0.487 0.429 1
7 0.436 0.369 1
8 0.386 0.329 1
9 0.350 0.306 1
10 0.316 0.284 1
11 0.286 0.253 1
12 0.270 0.247 1
13 0.264 0.225 1
14 0.248 0.225 1
15 0.230 0.213 1
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Table 4.5: Yorkshire and the Humber co-bubbling test results.

lag/lead (i*) KPSS (S) BS CV (C
↵B

) Reject co-bubble
-15 0.252 0.251 1
-14 0.261 0.255 1
-13 0.260 0.244 1
-12 0.250 0.244 1
-11 0.271 0.281 0
-10 0.344 0.368 0
-9 0.431 0.412 1
-8 0.497 0.431 1
-7 0.538 0.451 1
-6 0.570 0.459 1
-5 0.600 0.459 1
-4 0.635 0.499 1
-3 0.669 0.517 1
-2 0.701 0.517 1
-1 0.729 0.547 1
0 0.756 0.548 1
1 0.714 0.540 1
2 0.677 0.518 1
3 0.634 0.488 1
4 0.581 0.459 1
5 0.554 0.433 1
6 0.525 0.453 1
7 0.479 0.398 1
8 0.435 0.365 1
9 0.399 0.353 1
10 0.348 0.312 1
11 0.309 0.277 1
12 0.293 0.273 1
13 0.285 0.258 1
14 0.280 0.261 1
15 0.264 0.238 1
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Table 4.6: East Midlands co-bubbling test results.

lag/lead (i*) KPSS (S) BS CV (C
↵B

) Reject co-bubble
-15 0.143 0.140 1
-14 0.139 0.135 1
-13 0.131 0.132 0
-12 0.120 0.133 0
-11 0.125 0.152 0
-10 0.158 0.227 0
-9 0.221 0.302 0
-8 0.307 0.376 0
-7 0.380 0.421 0
-6 0.445 0.455 0
-5 0.501 0.480 1
-4 0.543 0.490 1
-3 0.583 0.507 1
-2 0.623 0.520 1
-1 0.657 0.522 1
0 0.689 0.524 1
1 0.677 0.523 1
2 0.664 0.497 1
3 0.650 0.480 1
4 0.634 0.464 1
5 0.614 0.456 1
6 0.586 0.455 1
7 0.547 0.426 1
8 0.495 0.389 1
9 0.440 0.374 1
10 0.389 0.351 1
11 0.340 0.321 1
12 0.306 0.289 1
13 0.288 0.269 1
14 0.280 0.261 1
15 0.274 0.245 1
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Table 4.7: West Midlands co-bubbling test results.

lag/lead (i*) KPSS (S) BS CV (C
↵B

) Reject co-bubble
-15 0.159 0.158 1
-14 0.162 0.159 1
-13 0.155 0.155 1
-12 0.149 0.154 0
-11 0.159 0.180 0
-10 0.205 0.262 0
-9 0.283 0.335 0
-8 0.366 0.398 0
-7 0.443 0.441 1
-6 0.502 0.472 1
-5 0.553 0.496 1
-4 0.593 0.504 1
-3 0.631 0.518 1
-2 0.671 0.526 1
-1 0.707 0.545 1
0 0.741 0.559 1
1 0.722 0.537 1
2 0.699 0.522 1
3 0.674 0.506 1
4 0.648 0.483 1
5 0.619 0.456 1
6 0.584 0.459 1
7 0.536 0.441 1
8 0.476 0.383 1
9 0.421 0.373 1
10 0.362 0.328 1
11 0.314 0.303 1
12 0.282 0.266 1
13 0.271 0.250 1
14 0.266 0.247 1
15 0.258 0.231 1
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Table 4.8: East Anglia co-bubbling test results.

lag/lead (i*) KPSS (S) BS CV (C
↵B

) Reject co-bubble
-15 0.134 0.132 1
-14 0.138 0.137 1
-13 0.134 0.135 0
-12 0.126 0.130 0
-11 0.131 0.148 0
-10 0.158 0.192 0
-9 0.211 0.258 0
-8 0.282 0.333 0
-7 0.348 0.373 0
-6 0.402 0.406 0
-5 0.445 0.424 1
-4 0.478 0.433 1
-3 0.509 0.437 1
-2 0.541 0.456 1
-1 0.568 0.467 1
0 0.585 0.462 1
1 0.590 0.470 1
2 0.588 0.472 1
3 0.587 0.457 1
4 0.587 0.442 1
5 0.582 0.441 1
6 0.577 0.450 1
7 0.565 0.435 1
8 0.538 0.420 1
9 0.496 0.394 1
10 0.451 0.378 1
11 0.406 0.353 1
12 0.367 0.325 1
13 0.350 0.310 1
14 0.338 0.295 1
15 0.327 0.287 1
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Table 4.9: London co-bubbling test results.

lag/lead (i*) KPSS (S) BS CV (C
↵B

) Reject co-bubble
-15 0.119 0.124 0
-14 0.121 0.127 0
-13 0.121 0.126 0
-12 0.120 0.125 0
-11 0.127 0.136 0
-10 0.149 0.161 0
-9 0.183 0.185 0
-8 0.224 0.212 1
-7 0.259 0.233 1
-6 0.285 0.250 1
-5 0.302 0.256 1
-4 0.314 0.260 1
-3 0.324 0.262 1
-2 0.333 0.264 1
-1 0.344 0.267 1
0 0.356 0.276 1
1 0.355 0.275 1
2 0.351 0.271 1
3 0.348 0.269 1
4 0.347 0.263 1
5 0.349 0.269 1
6 0.351 0.275 1
7 0.351 0.275 1
8 0.332 0.263 1
9 0.325 0.277 1
10 0.321 0.280 1
11 0.320 0.273 1
12 0.318 0.278 1
13 0.310 0.266 1
14 0.299 0.262 1
15 0.288 0.251 1
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Table 4.10: South East co-bubbling test results.

lag/lead (i*) KPSS (S) BS CV (C
↵B

) Reject co-bubble
-15 0.141 0.140 1
-14 0.144 0.144 0
-13 0.142 0.142 1
-12 0.138 0.135 1
-11 0.145 0.147 0
-10 0.172 0.185 0
-9 0.228 0.245 0
-8 0.291 0.292 0
-7 0.343 0.328 1
-6 0.384 0.359 1
-5 0.417 0.375 1
-4 0.437 0.372 1
-3 0.456 0.382 1
-2 0.475 0.390 1
-1 0.495 0.398 1
0 0.513 0.402 1
1 0.518 0.414 1
2 0.523 0.413 1
3 0.526 0.414 1
4 0.529 0.403 1
5 0.527 0.413 1
6 0.526 0.420 1
7 0.523 0.404 1
8 0.515 0.414 1
9 0.493 0.389 1
10 0.465 0.378 1
11 0.436 0.358 1
12 0.409 0.333 1
13 0.386 0.317 1
14 0.367 0.306 1
15 0.347 0.292 1
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Table 4.11: South West co-bubbling test results.

lag/lead (i*) KPSS (S) BS CV (C
↵B

) Reject co-bubble
-15 0.148 0.146 1
-14 0.151 0.150 1
-13 0.147 0.146 1
-12 0.144 0.147 0
-11 0.150 0.156 0
-10 0.174 0.196 0
-9 0.241 0.291 0
-8 0.301 0.330 0
-7 0.367 0.382 0
-6 0.424 0.419 1
-5 0.467 0.428 1
-4 0.501 0.443 1
-3 0.528 0.442 1
-2 0.551 0.445 1
-1 0.572 0.458 1
0 0.591 0.465 1
1 0.592 0.474 1
2 0.590 0.464 1
3 0.590 0.454 1
4 0.588 0.446 1
5 0.580 0.445 1
6 0.573 0.458 1
7 0.560 0.428 1
8 0.537 0.417 1
9 0.502 0.396 1
10 0.463 0.386 1
11 0.425 0.356 1
12 0.393 0.332 1
13 0.371 0.314 1
14 0.354 0.301 1
15 0.337 0.289 1
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Chapter 5

Conclusion

This thesis contributes to the time series literature on speculative financial bubbles through

a novel bubble test procedure and three applications. For this thesis, we have examined the

presence of co-bubbling relationships in financial and housing markets. In the second chapter

we have developed a test procedure for the detection of a co-bubbling relationship between two

explosive series. Monte Carlo simulations offered us promising results on the size and power

of the test. Our first empirical application of the test was on the gold and silver markets.

We found that the two commodities co-bubble with the bubble in silver preceding the bubble

in gold by three to five months. In the third chapter we examined the impact that distance

has on the development of housing co-bubbles across the UK. Previous literature suggested

that there is an element of housing bubble migration between key geographic regions in the

UK. Using the co-bubble test procedure that we developed in the second chapter we test

for the existence of co-bubbling relationships between geographic regions and estimate the

time that it takes for one housing bubble in one region to migrate to a different geographic

region. We subsequently use these findings to estimate whether the driving distance between

the two regions has an impact on the duration of the migration i.e. on the amount of time

that it would take for the commencing housing bubble to migrate to a separate geographic

region. We also tested the hypothesis that differences in local wealth levels can affect the

bubble migration time. We find evidence that distance plays a significant role in determining

the co-bubble lags. We find no evidence that wealth differential can affect the duration of a

housing bubble migration.
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In the fourth chapter we investigate the relationship between rental and housing markets in

the UK. This chapter sheds light on house buyers’ perceptions on a house acquisition (whether

buyers see housing as an investment or consumption good). Traditionally, the prices of houses

and the rent prices were found to be closely linked. The direction of the relationship however

has never been well understood. Literature has not yet determined whether higher house

prices would lead to higher rents or whether the causation would run the opposite direction.

In the fourth chapter we use the co-bubbling model developed previously in this thesis to test

for the presence of long run co-bubbling relationships and perhaps shed some light on the

direction of the relationship. We find that rental prices co-bubble with house prices for all

the regions with the exception of the North West. We also find that rental prices lead house

prices by a lag of around nine quarters. This allows us to conclude that house buyers see

housing more as an investment than a consumption good.

We consider that this thesis has shed light to a number of important issues in the housing

literature that have not been analysed in depth before. We believe that our co-bubbling model

can be employed in a number of different contexts such as the stock market or for foreign

exchange. Finally, we also consider that our results can be of great value to policy markets

who are looking to maintain the stability of the economy. If housing is seen as an investment,

as we have just proven with our model, then regulators and policy makers would need to

monitor it closely to avoid any systemic risk building into the economy over time.
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