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Abstract

A two-factor no-arbitrage model is used to provide atheoretical link between stock and bond
market volatility. While thismodel suggests that short-term interest rate volatility may, at least
in part, drive both stock and bond market volatility, the empirical evidence suggests that past
bond market volatility affects both markets and feeds back into short term yield volatility. The
empirical modelling goes on to examine the (time-varying) correlation structure between
volatility in the stock and bond markets and finds that the sign of this correlation has reversed
over the last twenty years. This has important implications for portfolio selection in financial
markets.
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1 Introduction

The world-wide downturn in equity prices in October 1987 focussed academic and
practitioner attention on to the international transmission of financial market volatility. It was
clear at that timethat shockswere being transmitted around the global trading system. Evidence
of an international volatility contagion effect was documented by King and Wadhwani (1990),
who found that the correlation between market movements in different countries and general
levels of volatility were positively related. Understanding the nature of linkages between
financial markets, whether intra- or international, is fundamental to establishing the limits of
diversification, to security pricing, and to succesful asset allocation. While there is a large
literature examining the international transmision of equity market volatility, and a growing
literature examining the international transmission of bond market volatility, therearerelatively
few intra-national studies, and then usually within one asset class. By contrast, this study aims
to explore the intra-national transmission of volatility between short-term risk-free yields,

long-term bond yields and equity returnsin the UK.

During the period immediately following the 1987 equity market crash, the flow of
investment funds out of the equity market and into the gilt-edged market was substantial. The
Stock Exchange (1988) reported that gilt-edged market average customer turnover reached a
record £3,114 million per day during November 1987, following the record average customer
turnover of £1,342 million per day during October 1987 in the equity market. In fact, during the
second quarter of 1987, gilt-edged market turnover had declined. It was not until 1993, that
turnover in either of the markets reached the levels observed during 1987. Indeed, during the
intervening period, total average daily turnover valuesin each of the markets have been around
one half of the levels experienced in the immediate post-crash period, see Stock Exchange
(1994).

Over the period October 1 to November 30, 1987, prices in the equity market fell at an

annualised rate of nearly 600 percent, while pricesin the gilt-edged market rose at an annualised



rate of nearly 40 percent. These observations and the Exchange's report on turnover activity
suggested a clear link between the behaviour of the two markets at that time. The more recent
Asian crisisin global financial markets during the late Nineties had a similar impact in the the
gilt-edged market; Steeley and Ahmad (2002) document the empirical effects of the gilt-edged
market becoming a safe-haven for international capital during this period. While these are both
"headline" market events, the long term nature of any relationships between the behaviour of
pricesand returnsinthetwo marketsover alonger time span has not received the same attention.
In particular, there has been no systematic documentation of the relationship between return
volatility in the two markets. It is the aim of this study to examine the nature of the dynamic
rel ationships between equity and bond price movements both in theory and practice in the UK,
with particular reference to the time series behaviour of the processes capturing the volatility

in each of the two markets.

A number of studies have examined the interdependence of equity market volatility,
typically using the framework of generalised autoregressive conditional heteroscedasticity
(GARCH) time seriesmodels, for example, Hamao et al. (1990) and Koutmosand Booth (1995).
Hamao et a. (1990) discovered that shocks to the volatility of financial market returns in one
country could influence both the conditional volatility and the conditional mean of the returns
in another country, while K outmos and Booth observed asymmetric volatility relations between
the financial markets of the USA, the UK and Japan, where the influence of negative shocks
was different in both scale and direction to positive shocks. This kind of volatility asymmetry
hasbecomeknown asthe"leverageeffect” (Black (1976) and Christie (1982)), sincean increase
in afirm’'s debt to equity ratio will lead to both an increase in the risk and required return on
equity that, ceteris paribus, will reduce the value of equity. Studies by Bekaert and Wu (2000)
and Brailsford and Faff (1993) are representative of the global nature of this empirical

phenomenon.



The GARCH modelling framework has al so been applied to analysing volatility spillovers
between equity portfoliosfor asinglecountry, sorted by market capitalisation. Studiesby Conrad
et al. (1991) and Kroner and Ng (1998) for the US equity market, and Chelley-Steeley and
Steeley (1996) for the UK equity market have found a further form of asymmetry in the
transmission of volatility. While past shocks to the volatility of large firm portfolios appeared
to influence the volatility of small firm portfolios, the reverse was not found to be the case. Alli
et al. (1994) have applied the same technique to examine volatility spillovers between different

sectors of the US oil industry.

In parallel with this analysis, an increasing number of studies have examined changesin
the correlation among worldwide equity markets. Both Longin and Solnik (1995) and
Chelley-Steeley and Steeley (1999) document increases in correlations among European
countries equity markets since the 1970s. Goetzmann, Li and Rouwenhorst (2001) found that
international equity correlations change dramatically through time, with peaks in the late 19th

Century, the Great Depression, and the late 20th Century.

By contrast to studies of global equity markets, analyses of the interdependence of
international bond marketsarerelatively few in number. Ilmanen (1995) used alinear regression
model to forecast the excess returns of long-term international bonds. The excess returns were
found to be highly correlated indicating considerable integration among international bond
markets. Clare and Lekkos (2000) used a VAR model to measure the interaction between US,
UK and German bond markets, and found that transnational factorswere moreimportant during
times of instability. Driessen et a (2003) analyze the bond markets of US, Japan and Germany

using a principal components analysis.

Bond markets, however, have been the setting for some of the key developments in
GARCH methods, such asthe ARCH-M model (Engleet al, 1987) and the Factor-ARCH model
(Engle et a, 1990), and ARCH methods were also used to examine the properties of certain
theoretical models of theyield curve, (see Steeley, 1990 and Chan et al, 1992). The application



of these methods to the study of bond market integration has, however, been more recent (see
Laopodis, 2002, Christiansen, 2004 and Skintzi and Refenes, 2005). While Laopidis(2002) and
Christiansen (2004) assume constant correlation structures, Skintzi and Refenes (2005) model
atimevarying (parametric) correlation structure among bond market volatilities, using amodel
previously applied to foreign exchange by Darbar and Deb (2002). In this study, | also use a
GARCH modelling framework to examinetheinterdependence between stock, bond andinterest
ratevolatility. The model will include volatility spillovers and asymmetries and atime-varying
(non-parametric) correlation structure, similar to that used by Berben and Jansen (2002) to study

international equity market integration.

Theremaining sectionsof the paper areasfollows. Section 2 worksthrough ano-arbitrage
model that providesanatural link between the volatility of stocks, bondsand short term interest
rates. Section 3 describes the GARCH modelling framework that will be employed. In Section
4, summary statisticsfor thedataarereported, along withan analysisof the estimated coefficients

of the GARCH models. Section 5 contains the conclusions of the study.

2 A mode of volatility integration

To underpin the empirical analysis, | first explore amodel of the theoretical relation between
the volatility of short term interest rates, long term interest rates (on default-free debt
instruments), and equity. Thismodel isbased on model sdevel oped by M erton (1974) and Shimko
et a (1993), which study the relation between the default-risk premia of corporate bonds and
thestochastic behaviour of firm value, and usesthe no-arbitrageframework of Black and Scholes
(1973). Thus, the model views equity holders as owning a call option on the asset value of the

firm that has an exercise price equal to the face value of the firm’s (risky) zero-coupon debt.

Consider then asimple firm that issues (zero-coupon) bonds with a face value of D and

maturity T secured on the assets of thefirm, V. We assume that investors agree on the following

(geometric Brownian Motion) stochastic process describing the evolution of firm value, V(t),



dV = uVvdt + oVdw )

wheredV =lim,, _, o(V(t + At) - V(t)), where u and ¢ are the instantaneous mean and standard

deviation, respectively, of the proportional change in firm value, dV/V, and where dw are
incrementsto a standard Wiener process (arandom process whose val ues areindependently and

identically normally distributed with mean zero and variance equal to t).

Astheequity of thefirmisacall optionon thevalue of thefirm, we can apply I1to’sLemma
toequation (1) tofind theinstantaneous standard deviation of therate of return on equity ("equity
volatility"). Specifically,

ds) VoS (2
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where S is the market value of the firm’s equity.

Under an assumption of constant short-term interest rates, the Black-Scholes (1973)
formulae for the price and delta of a (European) call option can be used to make substitutions

for the value of equity, S, and for 0S/dV in equation (2), and so

~ VN(d,) 5 3)
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where D™ is the present (risk-free) value of the face value of the firm’'s debt, N(x) is the

cumulative normal probability of the unit normal variate, X, d, = (In(V/D) + (r; + 0.502)T)/0\/T
and d2 = dl - G\/?

Equation (3) can be rearranged as

) 1 ] (4)
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andsince(D/V) <1, e <1,and N(d,) < N(d,), thevariance of return on equity must be greater

thanthe variance of the proportional changein firmvalue. Moreover, asreductionsinfirmvalue
reduce the ratio N(d,)/N(d,) proportionately less than the ratio (D/V) increases, equity return
volatility will rise. Since, a'so N(d,) = 9S/0V > 0, reductionsin firm value must a so reduce the
valueof equity. Takentogether, therisk and returnonlevered equity will benegatively correlated,

that is, exhibit the "leverage effect".

In order to integrate interest rate volatility and stock market volatility, it is necessary to
replace the constant interest rate assumption in the Black-Scholes (1973) and Merton (1974)
models, with a stochastic process for the short term interest rate. Shimko et al (1993) suggest
incorporatingtheframework of Vasicek (1977) and assuming that theinstantaneousshort interest

rate, r, follows an Ornstein-Uhlenbeck process, that is,

dr =k(r” —r)dt +c,dz ®)

wheredr istheinstantaneous changein output, that is, dr = lim,, , o(r (t + At) —r (1)), and where

dzare the increments of another standard Weiner process, which need not be uncorrelated with
dw.* Short term interest rates are assumed, therefore, to be drawn towards a long term mean
value, r’, at arate k, while the instantaneous standard deviation of the interest rate ("interest
rate volatility") is given by o,. Equation (5) is intuitively reasonable for countries where short

term interest rates are adjusted in response to perceived changesin alonger term policy target.

Vasicek (1977) shows that equation (5), Ito’s Lemma and no-arbitrage imply that long

term default-free (zero-coupon) bond prices, P,

P, = exp(b;(R_~ 1)~ R_T - 0.25b%%/k) ©)

1 In earlier drafts of this paper, the two Weiner processes were assumed to be independent.



where b; = (1-exp(—xT))/x, and where R, is a constant that depends on the parameters of
equation (5) and the constant market price of interest raterisk.? From thecorrespondence between
bond prices and yields, R; = —In(P;)/T, long term yields are given by

R =—(b(R.—r)—R.T - 0.25b%6%k)/T (7)

Thus, the instantaneous variance of long term yields ("bond market volatility") is given by

2 8
Var(Ry) :(%J o o

andsinceb; <T Vk >0, longtermyieldswill exhibit lower variance than short term interest

rates. A graph of the function b;/T isgivenin Figure 1, and indicates that long term yields will

show less volatility than short term yields.

Returning to equity volatility, it isnow assumed that stock returns depend on current firm
value, short term interest rates and time, so we can use the multi-dimensional version of 1to’
Lemmacto relate the processesfor r, V and S, that is,

2 2 2 9
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where the (constant) correlation between the Wiener processesis given by dwdz = pdit.

On dividing both sides of (9) by S and calculating the variance of the resulting equity
returns, dS/S, one obtains

9s 39S 0SV2 5 (9S) oo ~0S0S (10)
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2 See Vasicek (1977), p.181.



Under stochastic interest rates, the value of equity, which is given by the Black Scholes

(1973) formulain the case of constant interest rates, becomes instead
S=VN(d,)+ D N(d,) (11)
where, now, d, = (In(V/D") + 0.5TYNT" and d; = d; - \T', where T", which is the variance of

D over itstime to maturity, is afunction of 6, 5,, p, k and T, and D" is the present value of D

evaluated under the stochastic (varying) short term interest rate.

From (11), it can be established that S/0V = N(d;) and 9S/or = b;D N(d,) and so, the

equivalent expression to (3), with stochastic interest rates, is

1 (12)
o ([b;D"N(d;)I°6? + N(d; )62V + 20,D"N(d;N(d;)o,0Vp |

s VN(d;) + D*N(d>)

where, now, the combined impact of changes to the volatility of both interest rates and firm

value on equity volatility is considerably more complex.

Thus, while this theoretical framework provides a sound basis for examining the links
between interest rate, bond market and equity market volatility, establishing the characteristics
for a particular case necessarily becomes as empirical problem. Moreover, the empirical
framework that isdescribed bel ow permitsfurther generalizationsto (i) timevarying correlations
between the two sources of risk, and (ii) richer dynamics of the relationships between the three

volatility measures.

3 See Shimko et a (1993) for the detail.



3 Modelling Volatility Linkages

The generalised autoregressive conditional heteroscedasticity (GARCH) family of
statistical processes (Engle, 1982 and Bollerslev, 1986) is used to model the variance processes

of the returns in the three markets.” Specifically, the basic model is

3 13
R=0 ,+0;,Tug + oy ;Wed, + o ,Thur, + o gFri + > B R (1190, ,C87,+9, ,C98, +¢, (13)
j=1 7 ’ ’ ’
Whel'e Si,t | Qt_1~N(O, hi,t) ' and
hi,t:mi+bigiz,t—1+Cuhi,t—1+gi,tDi,t8i2,t—1 (14)

whereR , isdaily the return from aparticular marketinweekt, m >0, b,,c; =0,b;+¢ <1, and

Q,_,istheset of all availableinformation at timet — 1. The constant and the dummy variables
Tue,, Wed,, Thur,, and Fri, are used to pick up any day-of-the-week effects in either of the
markets. Although early studies by Board and Sutcliffe (1988) and Choy and O’ Hanlon (1989)
documented evidencein the UK equity market that the average returns on particular week days
aresignificantly different from each other, studies using more recent data, for example, Steeley
(2001) and Ahmad (2004) have suggested otherwise. The variables C87,, C98, control for the
effects of the 1987 stock market crash and the 1998 stock market falls. Specifically, C87, =1
between 19 October 1987 and 30 October 19876 and takesthevalue zero otherwise, and C98, = 1
between the FTSE100 index market peak of 6179 on 20 July 1998 and the trough of 4648 on 5

October 1998 and takes the value zero otherwise.

The form of the variance equation in equation (14) is known as a GARCH(1,1)
specification, since the conditional variance is a function of its past values and past squared

residuals in only the immediate past period, that is, at lag 1. In this model, the coefficient b

4 See, aso, the survey paper by Bollerslev et a (1992).



measures the tendency of the conditional variance to cluster, while the coefficient ¢ (in
combinationwith b) measuresthe degree of persistencein the conditional variance process. The
coefficient g capturesthe”leverage" effect; thedummy variable D, , takesthe value of onewhen
& -1 < Oandzerootherwise. Specifically, thisallowsfor thepossibility of anegativerelationship
between returns and volatility, and implies bad news shocks will have a greater impact on
volatility than good news shocks. The leverage effect has been documented in many equity
marketsincludinginthe UK, for example, Chelley-Steeley and Steeley (1996), and soisincluded

in the specification here.”

To capture volatility transmission effects within the GARCH framework, it is possible to
augment the conditional variance equation of the GARCH model with terms representing
volatility shocks in another market. Thus, and also recognizing the possibility of asymmetries

in the variance specification, equation (14) becomes

h,=m+ bigiz,t—1+ chi, ,+ giDi,tgiz,t—l-I_jgi ki,jgjz,t—1+j§i Ii,ij,tEjz,t—l (15)
where the coefficients k; ; measure the impact of shocks to the volatility in market j on the

conditional volatility in market i The coefficients |, ; determine whether this relationship is
asymmetric such that negative shocks in market | have a bigger impact on the conditional

volatility in market i than do positive shocks. Other terms are as previously defined.

The estimation of equation (15) for a given a market can be accomplished in one of two
ways. Inthefirst method, the volatility shock seriesfrom the other markets, ¢; , _;, are estimated
using equation (14). These then enter equation (15) as exogenous variables. While it would be
possible to thereafter engage in an iterative process to update the estimated volatility series, a
more convenient method to improve the efficiency of the estimation isto estimate equation (15)

for each market simultaneously, using a multivariate extension of the GARCH framework.

5 Theleverage effect wasfirst introduced into a GARCH framework by Nelson (1991). The specification used here was suggested by Glosten
et al (1993) and is recommended against many alternatives by Engle and Ng (1993). Although the term "leverage effect" is not applicable to
bond and money market volatilities, this does not preclude the possibility that returns and volatility in these markets are negatively correlated
aso. Hence, thisasymmetry captured by the Glosten et al (1993) model is applied to each of the three markets analyzed here.
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In thismultivariate frameworkcase, it is aso necessary to model the covariances between
the volatility processes. Perhaps the simplest possible specification is the constant conditional

correlation model proposed by Bollerslev (1987), whereby

hi =p;Vhih Vi#]j (16)

As an aim of this study is to examine how (and indeed whether) the correlation between the
three markets evolves through time, a more general specification for the correlation processis

required.

Within amultivariate setting it is possible, in principle, for each conditional variance or
covariancetermto depend on all thelagged varianceand covarianceterms, whichwould generate
around 50 parameterswithin even themost basic GARCH(1,1) specification. Although anumber
of "intermediate" specifications have been examined in the literature, see for example,
Chowdhury, Kroner and Sultan (1996) and the survey in Kroner and Ng (1998), these can till
involve the estimation of large numbers of parameters. Instead, in this paper, an adternative
approach to introducing time varying correlation was adopted. This is a straightforward
generalisation of the constant conditional correlation assumption to one of there being two
correlation regimes that the markets move between during the sample period. Intuitively, this
islike generalizing a constant to a weighted average, where the weights change throughout the

sample.

Whilethesimplest of linear weightscoul d be used, Berbenand Jansen (2002) haverecently

explored weights based on the logistic function

~ 1 (17)
L+ exp(=i,(t =i )

Gty v ))

such that the conditional correlation process becomes

11



h i =(Q=-GMY W )P + GO Y Wi P Ny Vi #] (18)

and there is now a smooth transition between the correlation regimes, p,; ; and p,; ; 0

This smooth-transition correlation GARCH (STC-GARCH) model can capture a wide
range of patterns of change. If p,; ; and p,; ; differ, correlations move monotonically upward
or downward. The change between the regimes is more gradual for smaller values of vy, ; and
more sudden for larger values of this parameter. The parameter ; ; represents the "mid-point"
of the transition between regimes. For estimated values of y; ; around the middle of the sample
period, the transition function would appear, for example, as a straight line for y; ; = 1, and
S-shape for v, ; =5 and a step function for y; ; = 100. The constant correlation mode! are the
special casesthat py; ; =Py, vi,; = 0 or both. Hence, this model provides asimple framework

to test for time-varying correlation between markets.

4  Dataand Results

Daily closing observations on the FTSE-100 share priceindex (FT100), to represent stock
returns, the index of prices of long term (more than 15 years to maturity) Government Stocks
(FTLG), representing the return on long term bonds, and the index of prices of short term (less
than 5 years to maturity) government stocks (FTSG), to represent short-term risk-free yields,
were obtained for the twenty-year period June 1984 - June 2004, providing some 5050
observations for each series. Returns series are calculated as log differences in the respective

price index.’

Table 1 contains summary statistics for the returns series in each of the markets. The

average growth in the long term gilt-edged market over the sample period was positive and

6 Intheparametric approach of Skintzi and Refenes(2005), thecorrelation processis specified asal ogistic transformation of aGARCH(1,1)-style
relation for the conditional covariance between markets.

7 The data were obtained from Datastream (codes FTSE100, FTBGSHT, FTBGLNG). Short term bond returns were preferred to returns on
money market instruments or short term interest rate measures due to the stronger influence of monetary policy discretenessand in some cases
the inter-bank credit risk.
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represents an annualised rate of about 2.44 percent, while the short term gilt index showed an
average annualised growth rate of 0.36 percent. The average growth rate on the FT SE 100 share
index over the sample is an annualised rate of 7.40 percent. The equity return series has the
greatest standard deviation, and the estimates reflect the well understood differences in risk
betweenthe three markets. Thedistribution of thelong term gilt returns seriesismoresymmetric
and less |eptokurtic than the equity returns series, while the short term gilt series also displays
high kurtosis. These findings strongly accord with previous studies, such as Poon and Taylor

(1992) for the UK equity market, and Steeley (1992) for the gilt-edged market.

Inall of thethree series, thereis evidence of significant first order autocorrelation, but the
autocorrelation function shows a fairly rapid decay in all cases. The cross seria correlations
indicate that past movements in short term interest rates affect both the long term gilt-edged
market and the stock market, and with higher significance that past movements in long term
yieldsaffect current movementsin short termyields. Thislatter result confirmswell understood

theories regarding the forward-looking behaviour of long term bond yields.

A returnsseriesthat haseither achanging conditional or unconditional variancewill exhibit
high levels of autocorrelation among its squared and absolute returns. Autocorrelation of this
type suggests that large absol ute returns are more likely to be followed by large absol ute returns
than by small absolute returns. Thisis known as variance clustering and was first identified in
US equity returnsby Fama (1965). Thereis strong evidence of variance clustering in the equity

returnsand weaker, though still significant, evidencein thelong term and short term gilt returns.

Maximum likelihood estimates of the parametersin equations (13) and (14) were obtained
using the Berndt, Hall, Hall and Hausman (1974) algorithm, and are reported on the | eft side of
Table 2. First, thereisclear evidence that thereturnsin all the three markets are different across
the days of the week. The coefficients that capture cross serial correlation in the returns series
confirm the picture established in Table 1. The 1987 equity market crash had a strongly

significant positive effect on gilt yields, aswell asthe expected negative effect on equity returns,
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while the 1998 market downturn affected only long term gilts (positively) and equities
(negatively). The parameters of the variance processesindicate that thelongtermyield volatility
seriesisthe most persistent, although al are highly persistent. The leverage effect is present in
the equity market, and also in long term bond yields. By contrast, there is an inverse leverage

effect in short term yield volatility, whereby negative shocks tend to reduce future volatility.

The lower panel on the left side of Table 2 provides estimates of the contemporaneous
and serial crosscorrelationsof thee’, fromthismodel. There appearsto besignificant correlation
among the sguared returns, indicating a clear link between volatility in the three markets.
Furthermore, past long term yield volatility appears to influence current volatility in all three
markets, and past short term yield volatility also influences current equity volatility. The right
side of Table 2 reports the results of re-estimating the GARCH models, with equation (15)
substituting for equation (14), and using the residual sfrom equation (14) asadditional variables
in (15). Again the influence of past long yield volatility is clear, with it affecting both the sign
and magnitude of current short rate volatility. By contrast, and contrary to the theoretical model
that hasthe short terminterest rate asthedriving force, volatility shocksto the short terminterest
ratedo not seemto spillover into the other markets. The estimated values of the other parameters
in this revised models are very similar to those obtained from the model without the inclusion

of the volatility spillover terms.

In Table 3, the estimated coefficients are reported for estimating the GARCH models for
all three markets together, using an multivariate extension of the GARCH modelling approach
that also specifies the correlation structure between the three volatility processes. On the left
side of the table, the correlation is assumed to be fixed throughout the sample period while on
the right side of the table, the correlation is allowed to vary according to a smooth transition
betweentwo regimes. Since, the parameter estimatesfor variablesthat arecommonto themodels
in Table 2 are very similar to those obtained there, and retain the same interpretations, this
discussion will focus on the estimated correlation structures. For the smooth transition model,

thecorrel ation between short and long termyield vol atilitiesappearsremarkably stable changing

14



only from around 0.75 to 0.60 through the sample. By contrast, the correlations of each of these
volatilities and equity market volatility have reversed in sign during the sample period. This
suggests that whereas stock and bond volatility used to move together, they now tend to move
inoppositedirections. Thistransition seemsto have taken place around the time of the aftermath
of the Asian crisisand the beginnings of the technology stock bubble, when equity markets have
appearedrelatively morevolatilewhileinterest rates, whoselevel hasbeenfalling, haveappeared
more stable. These effects are clearly shown in Figure 2 that displays the transition processes
for the three correlation pairs and maps this onto the path of the equity index over the sample
period. This analysis clearly demonstrates the importance of modelling correlation structures

using time varying specifications.

5 Conclusions

In this study, a theoretical model was used to provide the basis for examining the links
between thevolatility of short termyield, long term bond yieldsand stock returns. Theempirical
analysisused aGARCH framework that permitted richer structuresthan could be analyzed using
the theoretical model. In particular, the impact of dynamic spillovers and time-varying
correlations among the volatility processes could be examined. The time-varying correlations
used a non-parametric smooth transition process that allowed the correlation between market

shocks to evolve across the sample period.

Using data for the UK stock and bond markets, it was found that the correlation between
short term yield shocksand long term bond yield shocks was rel atively stable during the sample
period, whilethe correl ation between each of these markets and the equity market reversed sign.
This clearly has important implications regarding the increased hedging potential of the bond
market market in recent years, as the correlations among market shocks are now strongly

significantly negative. It also makes apparent theimportance of permitting correlation structures

15



to evolve within empirical specifications. While this paper has considered only one country, it
could easily be applied to other countries, and across countries, where modelling time varying

correlationstructuresisalsolikely tobeakey factor. Such applicationsareleft for futureresearch.
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Table 1: Summary Statistics of Returns

N.Obs. Xx10°  s(x)x10°  Skew. Kurt. Min. Q1 Med. Q3 Max.
FTSG 5050 0.0142 1.9840 -1.239 14.921 -0.020 -0.001 0.000 0.001 0.021
FTLG 5050 0.0957 5.7784 -0.167 29512 -0.039 -0.003 0.000 0.003 0.037
FT100 5050 0.2838 10.617 -0.746 10.142 -0.130 -0.005 0.001 0.006 0.076
Autocorrelations of Returns at Lag
1 2 3 4 5 6 7 8 9 10
FTSG 0.063 0.016 0.008 -0.022 0.048 -0.025 0.006 0.019 -0.008 0.052
FTLG 0.053 -0.012 -0.018 -0.013 0.011 0.019 -0.010 0.037 -0.004 0.014
FT100 0.035 -0.026 -0.049 0.043 -0.012 0.034 0.010 0.046 0.027 -0.009
Autocorrelations of Squared Returns at Lag
1 2 3 4 5 6 7 8 9 10
FTSG 0.051 0.058 0.052 0.014 0.012 0.008 0.015 0.013 0.004 0.040
FTLG 0.086 0.057 0.085 0.070 0.077 0.087 0.048 0.056 0.034 0.074
FT100 0.507 0.289 0.178 0.177 0.146 0.110 0.090 0.128 0.097 0.112
Cross Seria Correlations of Returns at Lag
-1 0 1

FTSG-FTLG -0.001 0.658 0.084

FTSG-FT100 0.033 0.125 -0.001

FTLG-FT100 0.033 0.103 -0.002

Notes:

The returns are calculated from daily observations on the FTA Government Stocks (<5 years) Index (FTSG), the FTA Government Stocks
(>15years) Index (FTLG), and the FTSE 100 Share Index (FT100), between July 7, 1984 and July 6,2004. x, s(x), Skew and Kurtosis are the
sample mean, standard deviation, skewness and kurtosis of thereturns series. Min., Max., and Med., are the two extreme and the central values
of the sample distribution, and Q1 and Q3 capture the inter-quartile range. The cross autocorrelation at lag t is the correlation coefficient
between the return of thefirst named seriesin periodt and thereturn of the second named seriesin period t — t. For normally distributed returns,
the (5 percent) critical value for the autocorrelation coefficientsis 2.81 percent.
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Table 2: Univariate GARCH Models

Thistable contains the estimated coefficients from the model

3
R =0, +0; ,Tug +0oy JWed, + oy ,Thur, + o, 5Fri, + ,Elﬁi.jRj.t—1+8i.1CS7t +8, ,C98 +¢; ,
2

g1 _~N@Oh ) h =m+ blgiz.t—1+Clhi.t—1+giDi.tgi2.t—1+j§i K.jgjz.t—l_"jgi Ii.ij.tng.t—l
whereR , arethereturnson the FTSG, FTLG or FT100 indices as defined in Table 1. All the estimated parameters are denoted by a caret, and
Rk xkx * indicate statistical significance at the 1%, 5% and 10% levels, respctively. The variables Tue, Wed,, Thur,, and Fri, are day of the
week dummy variables. The dummy variable, D, , takes the value of oneiif ¢ ,_, < 0 and zero otherwise. The variables C87,,C98, control for

the effects of the 1987 stock market crash and the 1998 stock market falls. Log-L isthe value of the log likelihood function of the mode!, and
Q(10) is the Box-L jueng test for autocorrelation in the residuals to lag 10. On the right of the table, the coefficient k; ; measures the impact of

past volatility surprisesto series j on the conditional variance of seriesi, while the coefficient |, ; indicates whether this volatility transmission
effect isasymmetric. These coefficients are set to zero on theleft side of the table where, instead, the cross correl ations of the estimated squared
residuals, &,, are reported.

FTSG FTLG FT100 FTSG FTLG FT100
8(1><1O3 -0.440 *** -0.768 *** -0.592 ** -0.420 *** -0.745 *** -0.592 **
8(2><1O3 0.437 *** 0.839 *** 1.037 *** 0.405 *** 0.725 *** 1.051 ***
8(3><1O3 0.352 *** 0.894 *** 1.140 *** 0.361 *** 0.858 *** 1.147 ***
&4>< 10° 0.302 *** 0.678 *** 0.820 ** 0.299 *** 0.575 *** 0.824 **
8(5><1O3 0.943 *** 1.560 *** 1.437 *** 0.959 *** 1.644 *** 1.436 ***
ﬁl 0.023 -0.163 *** 0.128 0.040 * -0.174 *** 0.134 *
ﬁz 0.028 *** 0.097 *** 0.045 0.022 *** 0.092 *** 0.043
ﬁ3 -0.001 0.013 * 0.024 * -0.001 0.012 0.025 *
81><103 2.233 *** 7.263 *** -61.80 *** 2.189 *** 8.509 *** -59.50 ***
82><103 0.518 * 2.204 *** -3.622 *** 0.252 2.053 *** -3.684 ***
rhx 10° 1.107 *** 0.725 *** 2229 *** 0.703 *** 0.739 *** 2.107 ***
b 0.625 *** 0.926 *** 0.894 *** 0.681 *** 0.918 0.895
¢ 0.130 *** 0.041 *** 0.045 *** 0.090 *** 0.044 *** 0.046 ***
o} -0.077 *** 0.021 *** 0.076 *** -0.078 *** 0.028 *** 0.072 ***

Cross correlations of sguared residuals Volatility spilloversincluded
t

0.043 *** -0.009 0.034 *** Ri_l -0.040 * -0.091
t-1 0.066 *** 0.078 *** 0.078 *** Ri_z 0.007 *** 0.005

0.007 0.017 0.269 *** Ri_3 <0.001 * 0.001

1.000 M1 0.029 0.119
t 0.421 *** 1.000 fi_z 0.006 *** 0.001

0.081 *** 0.135 *** 1.000 fi_3 -0.001 *** <0.001
Log-L 29096 23734 21171 29150 23736 21172
Q(10) 11.955 9.277 10.679 12.392 9.926 10.782
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Table 3: Multivariate GARCH Models

Thistable contains the key estimated coefficients from the model

3
R =0, +0; ,Tug +0o; JWed, + oy ,Thur, + o, 5Fri, + ,Elﬁi.jRj.‘—1+8i.1CS7‘ +8, ,C98 +¢; ,
2

g .19 ;~N@Oh )

2 2 2 2
h,=m+ blgi.\—1+Clhi.x—1+giDi.‘gi.‘—1+j§i K.jgj.uﬁ'jgi l;Dj.€

hi_j_‘ =(1- G(tsYi_ja‘Ui_j))po.i.j + G(t1Yi_ja‘Ui_j)p1_i_j) Vhi.‘hj.‘ Vi#]

Gty ;v )

LitYt-1

1

T1+ exp(-y;,;(t =i ;)

whereR , are the returns on the FTSG, FTLG or FT100 indices as defined in Table 1. On the right side of the table, the coefficients p,; ; and
py;,; Measure the correlations in the two regimes, while the parametersy; ; and y; ; measure the "rate" and "mid-point” (as a proportion of the
length of the sample) of a smooth transition process between the two correlation regimes. The date below \Ifi_ ; convertsthis "mid-point” back
to adate. On the left side of thetable, py; ; = p,; ; = p; ; isimposed. Other terms are as described in Table 2.

FTSG FTLG FT100 FTSG FTLG FT100
8(1><1O3 -0.443 *** -0.668 *** -0.558 ** -0.454 *** -0.710 *** -0.557 **
8(2><1O3 0.458 *** 0.761 *** 1.001 *** 0.448 *** 0.714 *** 0.880 ***
8(3><1O3 0.372 *** 0.859 *** 1.077 *** 0.377 *** 0.836 *** 1.146 ***
&4>< 10° 0.323 *** 0.497 ** 0.677 * 0.351 *** 0.525 *** 0.594 *
8(5><1O3 0.927 *** 1.497 *** 1.373 *** 0.925 *** 1.496 *** 1.345 ***
ﬁl 0.037 * -0.145 *** 0.125 0.027 -0.124 *** 0.146 *
ﬁz 0.024 *** 0.090 *** 0.043 0.025 *** 0.083 *** 0.042
ﬁ3 -0.001 0.010 0.025 -0.001 0.004 0.022
8§ x10° 2.550 *** 8.007 *** -55.80 *** 2.358 *** 6.008 *** -57.44 *x+
82><103 0.331 1.755 *** -2.424 * 0.357 2.042 *** -2.507 *
hx 10°1 0.736 *** 0.809 *** 0.002 *** 0.840 *** 0.820 *** 1.840 ***
b1l 0.678 *** 0.928 *** 0.903 *** 0.648 *** 0.930 *** 0.906 ***
(o8 0.088 *** 0.042 *** 0.048 *** 0.114 *** 0.042 *** 0.047 ***
g1 -0.073 *** 0.006 0.068 *** -0.101 *** 0.006 0.058 ***
ki, -0.039 *** -0.120
Ri_z 0.006 *** 0.006 0.006 *** -0.016 -0.121
Ri_3 <0.001 * 0.001 <0.001 <0.001 0.002
M1 0.029 0.125
fi_z 0.006 *** 0.001 0.007 *** -0.022 0.122
lis -0.001 ***  <0.001 -0.001 *** <0.001 <-0.001

Constant correlations Smooth transition correlations
FTSG-FTLG FTLG-FT100 FT100-FTSG FTSG-FTLG FTLG-FT100 FT100-FTSG

Pii 0.657 *** 0.211 *** 0.187 *** by 0.747 *** 0.401 *** 0.350 ***
PLij 0.619 *** -0.300 *** -0.148 ***
?i_j 12.79 *** 4.487 *** 4.455 ***
\Ifi_j 0.292 *** 0.730 *** 0.694 ***
(dd/mmryy)  (09/05/90) (10/02/99) (22/05/98)

LogL 75468 75713

Q(10) 12.350 9.341 10.267 12.335 9.798 10.872
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Figure1l: Long Yield Volatility Multiplier

Thisfigure shows the function

br_ @-expxT)

T KT

which determines the relationship between the volatility of short interest rates and long term bond yields, when short interest rates follow the
processdr = k(r* —r)dt + c,dz, equation (5).
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Figure 2: Smooth Transition Functions for Correlation Coefficients

Thisfigure shows the estimated smooth transition functions for the correlations coefficients between the three markets, that is

_ 1

wherethe coefficientsp,; ; and p, ; ; measure thecorrelationsin thetwo regimes. The parametersy; jand i ; measurethe"rate” and "mid-point”
(asaproportion of the length of the sample) of the smooth transition between the two correlation regimes.
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