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ABSTRACT

We develop a new, modified Dynamic Conditional Correation (DCC) model, called DCCX,
which allows exogenous variables in the evolution of the conditional correations in the
standard DCC model of Engle (2002). Structural modeling of the dynamic conditional
correlations enriches the standard DCC, which is basically a reduced-form model. We apply
this new model to explain temporal variations of the correlation between the stock and bond
returns in U.S. Throughout the nineties until 1997/1998, we find a high positive correlation in
the neighborhood of 0.3 to 0.6, exhibiting-a-stable-and close relationship between returns of
the S&P500 and 10-year-treasury-bonds. However; .a sharp decline in the equity-bond
correlation occurred in 1997/1998, followed by @ sudden reversion, then plunged back to the
negative range in 2000. Such a great decoupling of the equity-bond correlation persisted until
2007. The corrdation in the twenties fluctuates widely but mostly remains in the negative
range of -0.2 to -0.5, a stark contrast to the high pasitive correlation in the nineties. Using the
DCCX model, we find such a dramatic variation in the equity-bond rdationship can be partly
explained by the stock market uncertainty (measured by CBOE’s VIX) and the liquidity of the
market (measured by the turnover of S& P500). Specifically, the surge of the VIX in the late
nineties and the speedup of the stock turnovers both contributed to the drop in the stock-bond
correlations in the last decade. It is suggested that stock market uncertainty has important
cross-market pricing influences and that stock-bond diversification benefits increase with
stock market uncertainty. On the other hand, sudden shifts of asset correlations may also call
for necessary rebalancing of great magnitude on hedging positions and the grave danger of
inactions. The recent sub-prime crisis may be viewed as a case in point.

Keywords: Equity-Bond Correlation, Hedging, DCC Mode, VI X, Stock Turnover
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. Introduction

In the financia market, it is well-known that stock and bond are both of the primary

investment instruments for composing the optimal investment portfolio. What is not so

widely understood, however, is the relationship of stock and bond, which arises interests both

for academics and financial institutions. Furthermore, for investors, stock-bond returns

relation plays an important role in cross-market hedging (see Fleming et al., 1998, Kodres and

Pritsker, 2002), asset alocation, and risk diversification. Although the relationship between

the stock and bond has been an object of study for along time, there is little agreement as to

the stock-bond returns comovement:” The purpose here is to explore a little further in the

equity-bond correlation and explainithe phenomenon in an economic way.

Moreover, the association between stock and bond returns has been argued more

extensively. Over the last few years, the fact that the positive stock-bond returns correlation

has been examined in the long term. According to many prior studies, it has been proved that

the importance of time-variation cannot be overemphasized in the financial time series. Hence,

we consider the character of time-variation to obtain more accurate estimation and give an

insight into the joint stock-bond price formation. However, the rule has its exceptions. The

short-run time-variation induces an inverse association between stock and bond returns,

especialy in some sustained periods (see Connolly et al., 2005, Fleming et al., 2003, Gulko,



2002, Li, 2002, and Hartmann et al., 2001). Thus, depicting the time-varying character

applied to the stock-bond returns correlation has significant implications for realizing the

stock-bond return comovements.

Particularly, we would like to investigate the time varied association of stock-bond returns

negative relation over certain periods. It is noted that the inverse stock-bond returns

association is often accompanied with higher market uncertainty apparently (see Connolly et

al., 2005). In this paper, we attempt to extend previous studies by providing another dynamic

time-varying viewpoint, which involves the proxies of market uncertainty to inspect if market

uncertainty has a great effect on‘therinverse stock-bond return comovements. We would like

focus attention on the analysis of the stock-bond returns association with market volatility and

liquidity to provide an economic point of view about the specific financial phenomenon.

Over the past few years, a considerable number of studies have been made on the

estimation of correlations between individual assets. Engle (2002) advanced a model named

Dynamic Conditional Correlation model, which is derived from the GARCH family. This

paper develops a Modified Dynamic Conditional Correlation, called the DCCX model, which

extends the standard DCC model of Engle (2002) with additional exogenous variables

involved - the two major measures of market uncertainty. One of the key factors is the



Volatility Index (VIX). According to prior researches, it is revealed that VIX is a dynamic,

objective, and observable measure to capture stock market volatility. The other variable is

stock turnover, which represents the market liquidity, such as dispersion-in-beliefs,

asymmetric information, rebalancing investment portfolio, and switching asset alocation. If

periods with high stock uncertainty, it tends to have more frequent revisions in investors’

estimates of endurable risk and the relative attractiveness of stocks versus bonds, then higher

stock market uncertainty may suggest a higher probability of observing a negative stock-bond

returns correlation afterwards (see Connolly et al., 2005).

This paper provides a modified DCC model to add-exogenous variables in the correlation

of two asset returns. Thus, it provides‘a structural form model for conditiona correlations

while the standard DCC model is a reduced-form model. Furthermore, with the modified

DCC modedl, it is found that stock-bond returns correlation tends to be negative (positive),

during periods when VIX increases (decreases) and during periods when unexpected stock

turnover is high (low). The modified DCC model can be applied widely, for example, to

search the reasons for correlation of the assets returns fluctuation, and the explanation for the

major economical issue, such as the subprime event, and so on.



The remainder of the article is organized as follows: In Section 1l, the first part, we first

introduce literature related to cross-market hedging and the market uncertainty in the second

part. In the third part, we review the ARCH family and introduce literature applying the DCC

model to other empirical studies. Section 111 presents the statistical approach, while Section

IV presents the data used in this paper, its summary statistics and discussion in the results of

the empirical study. The conclusions are given in Section V.

[l. Literature Review

Over the past years, there has been ample research.on the correlation between stock and bond

returns. In this section we provide a review- of *literature related to our perspective and

motivation for further empirical investigation.

2.1 Cross-Market Hedging

First, we see Fleming, Kirby, and Ostdiek (1998), this article considers that pricing is related

to cross-market hedging. Additionally, Kodres and Pritsker (2002) hold the same conclusion.

Fleming, Kirby, and Ostdiek estimate a model based on the relation between volatility and

information flow, considering cross-market hedging in the stock, bond, and money market.

By using daily returns to measure these linkages across markets and estimating a stochastic

volatility representation of the trading model by means of GMM. It is found that information



linkages and spillover in the stock and bond markets indeed exist.

Next, Kodres and Pritsker (2002) suggest a rational expectations model of financial

contagion, which is designed to describe price movements over modest periods of time during

which macroeconomic conditions can be taken as given. With wealth effects and asset

substitution effects, a shock in one asset market may generate cross-market asset rebalancing

with pricing influences in other non-shocked asset markets.

More apparently, in the researches’of the financial market volatility, the magnitude of the

interaction between international: financial markets-increases after financia crisis. Masih and

Masih (1997) present the fact that after'the crash of .the New York Stock Exchange in 1987,

the financial crisisin Mexico in 1994 and the Asian Financial Storm from 1997 to 1998, the

correlation of the international markets is revealed obviously. A possible explanation of such

a phenomenon is the herd instinct - expectation of investors and the effect of trading noise

(King and Wadhwani, 1990). These papers suppose that the factors have greater direct

impacts and enlarge the effect of market contagion in a short term. Another explanation is the

openness of the financial market. Then, Liu and Pan (1997) conclude that a higher openness

results in higher comovement of financia markets after financial crisis. Kanas (1998)

discover the volatility spillover effect in European markets, which is focused on the influence



of the finance system and suggests that the deregulation of the capital flows, also illustrates
the integration of international financial markets. Longin and Solnik (2001) and Ang and
Chen (2002) research the asymmetry effect in the international equity markets. They find that
the correlation will change under different market conditions. Besides, correlations are

completely different in bull or bear markets.

Then, dynamic cross-market hedging seems likely to be associated with time-varying stock
market uncertainty in the sense of Verones (1999), (2001) and also represented in David and
Verones (2001), (2002). These studies charactefize state-uncertainty in a two-state economy
where dividend growth changes between unobservable states. The economic-state uncertainty
isimportant in realizing price formati on‘and the dynamic structure of returns. Veronesi (2001)
considers that investors make the aversion to state-uncertainty and discuss that the aversion to
state-uncertainty generates a high equity premium and a high return volatility, because it
increases the sensitivity of the marginal utility of consumption to news. In addition, it also
lowers the interest rate due to the increases of the demand for bonds from investors who are

concerned about the long-run mean of the consumption.

David and Veronesi (2001) investigate that the volatility and covariance of stock and bond

returns vary with uncertainty about future inflation and earnings. Their uncertainty measures



are derived both from survey data at the semi-annual and quarterly frequency from estimation

of their model at the monthly horizon. It is revealed that uncertainty appears more important

than the volatility of fundamentals when explaining volatility and covariance. In David and

Veronesi (2002), which argue that economic-uncertainty should be positively related to the

implied volatility from stock options.

Furthermore, Chordia, Sarkar, and Subrahmanyam (2001) present evidence consistent with

a linkage between dynamic cross-market hedging and uncertainty. They explore both trading

volume and bid-ask spreads in the stock and bond markets respectively from June 1991 to

December 1998. They suggest that the correlation between stock and bond spreads as well as

between stock and bond volume. changes increase dramatically during crises. During the

periods of crises, it is found that there is a decrease in mutual fund flows to equity funds and

an increase in fund flows to government bond funds. Their results are consistent with

increased investor uncertainty, which leads to frequent and related portfolio reallocations

during such the financial crises.

Finally, see Bekaert and Grenadier (2001) and Mamaysky (2002) for instances of recent

research that jointly stock and bond prices are considered in a formal structural economic

model. These papers focus on the common movement of expected returns for both stocks and



bonds, as well, identify common and asset specific risk. Accordingly, the empirical studies of

their papers consider monthly and annual returns. While these models do not seem in accord

with the direct explanation for the time-varying daily comovements, the models do provide

useful intuition that supports our further discussion in models in the Section 111. Mamaysky

(2002) proposes an economy where there are certain risk factors that are common to both

stock and bonds, while another set of risk factors that are only unique to stocks. We adopt this

conjecture in our subsequent discussion, including the concern of common and stock-specific

risk factors. Bekaert and Grenadier (2001) explore stock and bond prices within the joint

framework of an affine model of sterm structure, present-value pricing of equities, and

consumption-based asset pricing. ;They study three-different economies, finding that the

“Moody” investor economy presents the best fit of the real unconditional stock-bond returns

correlation. In this economy, prices are determined by dividend growth, inflation, and

stochastic risk aversion where risk aversion islikely to be negatively correlated with shocksto

dividend growth. It is implied that shocks to dividend growth may be affected by changing

risk premia, moreover, changing in cross-market hedging between stocks and bonds.

Connolly, Stivers, and Sun (2005) suggest that the correlation of U.S. stock and bond

returns shifting from positive to negative is corresponsive to the periods of low to high market

uncertainty. They use stock and bond data over the period of 1986 to 2000. It is examined



whether time-variation in the daily stock and Treasury bond returns comovements can be

linked to measures of stock market uncertainty. They find a negative relation between the

uncertainty measures and the future correlation of stock and bond returns. In the conclusion,

their findings suggest that stock market uncertainty has significant influences on cross-market

pricing. Besides, the stock-bond diversification benefits more from the increase with stock

market uncertainty.

2.2 TheMarket Uncertainty

Numerous studies on volatility have'concluded several stylized facts about the process of

volatility. There is a phenomenonof clustering appearance for volatilities. See Mandelbrot

(1963), a large variation often comes after altarge.one, and vice versa. Movements of a stock

index in certain periods tend to have similar distributions. The lagged effect of past variations

exists in present variation. Fama (1965) and French and Roll (1986) suppose that not only

trading but non-trading days are contributive to market volatility, that is, the greater volatility

on Monday than other trading days may probably be caused by the reflection of the

information in last 72 hours, which include one trading day and two non-trading days.

Therefore, the volatility of other trading days in the week only reflects information of the

previous trading day.



In Black (1976), it is noted when there are negative (positive) returns to the stock prices,

volatility is enlarged (reduced). Nevertheless, even the leverage effect is great, it is not

sufficient to explain the volatility of stock markets. There till exist some other factors

influencing the fluctuation of stock markets.

Take the Great Depression for example, when the stock volatility reached its historical high

in the depressions of the 1930s, see Officer (1973) and Schwert (1988), stock prices tend to

switch more violently. Notwithstanding, it is difficult to distinguish the impact of recessions

or financial crisis from that of leverage effect because they are also relevance to the dropsin

the stock market.

The stock volume or stock turnover is often used to be the variables for estimating stock

return. Take an instance, Campbell et al (1994 ) use the weekly data of NY SE and AMEX and

it is found that the trend of stock more often appears reverse at a higher volume, but reveals

continue price at alower volume.

Besides, stock turnover by volume is an appropriate proxy for stock market liquidity (see

Cao and Wei, 2007), which aso can reflect the investor sentiment and the atmosphere of the

whole stock market. In Chou, Chang and Lin (2007), it is considered that high liquidity is the

10



consequence affected by irrational investors. When the atmosphere bulks up, the noise traders

are eager to hold more stock shares, the trading volume increases, resulting in the higher stock

turnover. Thus the stock price is overestimated at this time so that it is considered lower

expected return in the future.

Connolly, Stivers, and Sun (2003) study the influence of stock market uncertainty which is

measured by equity implied volatility on time-variation in the co-movements of daily stock

and government bond returns in nine European countries from 1992 to 2002. It is documented

that the correlation of daily stock and:bond returns swings from significantly positive in low

uncertainty periods to significantly negative in“high uncertainty periods for most countries. It

is also demonstrated that equity return<comovement across markets is significantly different

across high versus low uncertainty periods and show that VAR models of return comovement,

which ignore this uncertainty-related variation are importantly to be misspecified. This

study presents additional evidence supporting these stock market uncertainty effects may stem

from cross-market rebalancing. One important implication of their results is that the value of

stock-bond diversification increases in periods of high stock market uncertainty which would

be akey feature in our study.

11



2.3 The Development of the M ethodologies-Dynamic Conditional Correlation model

The Autoregressive Conditional Heteroskedasticity (ARCH) model has become the most

famous model in processing the conditional volatility since Engle (1982) proposed it. The

ARCH model which would be possibly the most important innovation in modeling markets

volatility changes adopts the effect of past residuals and helps explain the volatility clustering

phenomenon. In traditional econometrics models, the one period forecast variance is assumed

to be constant. The ARCH model differently assumes that variance of residuals to be time

varying and conditional on past sample. Bollerslev (1986) proposed the Generalized ARCH

(GARCH) model which brings the ‘previous velatility term into the ARCH model. The

GARCH model opens a new field inresearch of volatility and is widely applied in research of

financial and economic time series.

Some latest research is interested in the asymmetry effect of the volatility. Nelson (1991)

gave different weights to different sign of residuals. Glosten, Jagannathan and Runkle (1993)

used a dummy variable to catch the additional impact of the negative return. Zakoian (1994)

used a threshold to discriminate the different impact of the returns. Moreover, some studies

strive to discuss the effects of more than one variable simultaneously. In Bollerslev, Engle

and Wooldrige (1988), The VEC model is the beginning of the field of multivariate GARCH

models. Bollerslev (1990) presents the Constant Conditional Correlation (CCC) model uses a

12



strong assumption, the correlation of variables to be fixed, to simplify the estimation process.
Kroner and Ng (1998) propose the General Dynamic Conditional Correlation model which
incorporates several multivariate GARCH models to compose a more general model. Engle
(2002) loosed the restriction of constant conditional correlation and proposed Dynamic
Conditional Correlation (DCC) model. This model involves in aless complicated calculation
without losing too much generality. The best of the model is its capability of dealing with
numerous variables. Tse and Tsui (2002) also suggest another dynamic conditional correlation
model. This model similarly gives flexibility to the conditional correlation. From univariate

models to multivariate models, more@and more causes of heteroskedasticity are considered.

In this study, the more emphasis is put on the time-varying correlation of stock and bond.
The DCC model provides a different point of view in the discussion of the comovement
between stock and bond markets. More recently, empirical works powerfully supported that

time-varying volatility discovered in many economic and financial time series.

From research mentioned above, it is believed that an event in one market may affect others
through capital flows, international trade and expectation of investors. It is necessary to think
over the information from other markets when trying to study the volatility of financial

markets. In order to get a better understanding of the correlation, the interactions between

13



markets should be emphasized. The content of the dynamic conditional correlation with the

volatility and stock turnover is discussed in the next section.

1.  Methods

3.1 The Dynamic Conditional Correlation (DCC) Model

In a series of papers, Engle and Sheppard (2001), Engle (2002), and Engle, Cappiello, and
Sheppard (2003) propose a model entitled the Dynamic Conditional Correlation Multivariate
GARCH (henceforth DCC) to solve the conditional covariance estimation problem, which is
simplified by estimating univariate 'GARCH models for each asset’s variance process.
Continuously, by using the transformed standardized residuals from the first stage, and
estimating a time-varying conditional -correlation estimator in the second stage, the DCC
model is not linear, but can be estimated simply with the two-stage methods based on the
maximum likelihood method. A meaningful and superior performance of this model is
reported in these studies, especially the ease of implementation of the estimator. In thisarticle,
our objective is to estimate the current level of covariance and correlation between stock and

bond returns.

Traditionally, the conditional covariance and correlation between two random variables r,,

and r,, with zero means are defined by:

14



COVlZ,t = Et-l(rl,t rZ,t)’ (l)

r

— Et-l(rl,trZ,t) (2)
12t y
VECL () ELo (1)
In above definition, the conditional covariance and correlation are decided by previous
information. Nevertheless, such a method has two problems, specifically, too premature data

are used and every previous lag is assigned for equal weights will cause uncoupling

correlation estimation.

Afterwards, Bollerslev (1990),sproposes the Constant Correlation Coefficient (henceforth
CCC) model, which specifies as follows:
H, = D,RD,, (3)

where R is the sample correlation matrix and D, is the kxk diagonal matrix of
time-varying standard deviations from univariate GARCH models with \/H on the i"
diagonal. Asto the\/rTt , itis the sguare root of the estimated variance. The assumption of a
constant correlation makes estimating a large model feasible and ensures that the estimator is
positive definite by simply requiring each univariate conditional variance to be non-zero and

the correlation matrix to be of full rank.

Accordingly, we can obtain the estimate of conditional covariance by means of the

15



information of the fixed correlation and the product of the two conditional standard deviations.
Although the CCC model is meaningful, the setting of constant conditional correlations can
be too redtrictive to be general. Thus, Engle (2002) extends the CCC based on information
regarding the fixed correlation model, to the DCC model. The DCC model renews the form of
the multivariate GARCH, which simplifies complicated systems particularly, and is suitable

for time-varying conditional correlations.

The difference between DCC model and the CCC model isonly in that it allows the
correlation matrix, R, to be time-varying. Hence; the DCC model presented by Engle(2002)
can be shown as follows:

H, =D,RD,, 4)
R :diag{Qt}'%Qtdiag{Qt}%, (5)
Here, D, isdefined like equation (3) and

Q =So(ll'- A- B)+A0Z_,Z' ,+BoQ,,, (6)

or in a bivariate case specifically,

, N . - N , N
€01 Gipe U él g,u €71 Z; 12 U €11 Chot-1 U
é 1=(1-a-byg “‘ptaeé , U+be Gy (7)
&%hot Uz e, L O 821201 Zeafl €%2e1 Ya2pa()

Where @, = E[77,].

In equation (4), H,is covariance matrix and R is the possibly time-varying conditional

correlation matrix. In equation (6), A and B are parameters and o denotes the Hadamard

16



matrix product operator, i.e., element-wise multiplication. The symbol 1 isavector of ones.
S means the unconditional covariance of the standardized residuals and Q means the
conditional covariance of the standardized residuals. Findly, z,=D;*" r, is the
standardized but correlated residual vector. The conditional variances of the components of
Z, are, in other words, equal to 1. But the conditional correlation matrix is given by the
variable of R . The variable r, represents the returns of assets. The returns can be either

mean zero or the residuals from afiltered time series, i.e. r|l,_, ~N(0,H,).

If A and B are zeros, then the DCE€:model canrevert to the structure of the CCC model. It

is important to recognize that @though the dynamic of the D, matrix has usually been

structured as a standard univariate GARCH model ; it 'can extend into many other types.

As we mention parameters A and B, related literature proved that if A, B, and (11'- A- B)
are positive semi-definite, then Q will be positive semi-definite. If any one of the matrices

is positive definite, then Q will aso be so. For the ij" element of R, the conditional

correlation matrix is given by % As to the conditional covariance, it can then be
it djj 1

expressed using the product of conditional correlation between these two variables and their

individual conditional standard deviations.

17



3.2 The Modified Dynamic Conditional Correlation (DCCX) Model

According to Engle (2002), it is suggested when the new variables are jointed in the standard

DCC model, the volatility forecasts of the original assets will keep unchanged and

correlations may even remain unchanged depending on the revised DCC model. To be more

generous in the discussion of the dynamic correlation between assets, furthermore, to explore

what effective elements to influence the correlation structure make a more common model a

necessary task. For the reason of the generality enhancement, we construct an extended model,

the DCCX model, displayed in this section, which investigates the dynamic correlation

between two assets returns with additional exogenous variables within the DCC model, as

follows:

H, =D,RD,, ©)

R =diag{Q} 2 Qdiag{Q} 2, ©
=So(ll'- A- B)- CX+A0Z,_,Z' ,+BoQ_,+CoX,_,, (10)

Then we modify the DCC by adding the VIX and the stock turnover in a bivariate case

specifically:
a]m,t qutu - a- b)gl 6&20_@ cqu+c2n1u ezi,tl Z,. 122t1 e:]u,thutlu
ot Dot (3 gj]zl H %ﬁm*‘(\?n} OH @ZLt 1D41 th 1g equthZZtlu (11)
€0 XL"lg O X.,0
68 o UtGeé G
&1 H w1 0 a

In equation (8), H,is covariance matrix and R is the possibly time-varying conditional

18



correlation matrix. In equation (10), A and B are parameters and o denotes the Hadamard
matrix product operator, i.e. element-wise multiplication. The symbol 1 is a vector of ones.
About the equation (10), S means the unconditional covariance of the standardized residuals
while Q means the conditional covariance of the standardized residuals. The definition of
the sign and variable in the DCCX model is approximately the same with the ones in the

Engle’s standard DCC model mentioned above.

However, specifically, we modify the equation (10) with exogenous variables expressed

by X..,, expressed with the matrix,‘form, to estimate the conditional covariance of the

standardized residuas. Besides, the effectiveness of mean reverting is considered by subtract

the long-term expected mean of X ;. Otherwise; z, =D, r, is the standardized but

t
correlated residual vector. The conditional variances of the components of Z, are equal to 1.
But the conditional correlation matrix is given by the variable of R. The variable r,
represents the returns of assets. The returns can be either mean zero or the residuals from a

filtered time series, i.e.r|l,_; ~ N(0,H,) .

The expression of the equation (11) as follows:

qll,t = (1' a-b )+a Z:Lz,t-l + bqll,t-l7 (12)
Q22,t = (1' a-b )+a Zzz,t-l + bq22,t-l’ (13)
Guz,t = (l' a-b )alZ 'Clm'czmz"'azl,t-lzz,t-l + bq12,t-1 + Clxl,t—l + C2X2,t—1’ (14)
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Where q,, = E[z,7,].
Moreover, we put more emphasis on the estimate of correlation between two assets.

Therefore, we obtain an estimation function of correlation with the exogenous variables as the

equation (14) to be discussed.

Engle and Sheppard (2001) show results that ssimplify finding the necessary conditions for

R to be positive definite and hence a correlation matrix with a real, symmetric positive
semi-definite matrix, with ones on its diagonal line. The log-likelihood of this estimator can
be written as:

L=- %é(klog(Zp)+Iog|H|+r H ')
(klog(2p) +log|D,RD,| +1 D*R™*D;r,) (15)

(klog(2p) +2l0g|D| +log|R|+Z ", R'Z,),

Here, Z, ~ N(O,R) are the univariate GARCH standardized residuals. Based on Engle

(2002)’s argument, The DCC model is constructed to allow the two-stage estimation of the
conditional covariance matrix H;. Although this estimator is no longer efficient, but still
maintain consistent (also see Hafner and Franses (2003)). Let the parameters in D, be
denoted g, including the influence from exogenous variable and the additional parametersin

R will be denoted by f . Thelog-likelihood function can be split into two respective parts:
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L(q1f):LV(q)+Lc(qlf)’ (16)
The former term expresses the volatility part:
L, =- %é (nIog(2p)+|og|Dt|2 +r'. D), (17)

The latter term is the correlation component:

N

L.@f)=- & (og|R[+ZR"Z - 2Z), (18)
t
At the first step, equation (17) is maximized with respect to g . At the second step, equation

(18) is maximized with respect to q and f . We use this two-step estimation procedure in

our empirical study.

The volatility part of the likelithood is the sum of the individual GARCH likelihood if D,

is determined by a GARCH specification.

2

a é[log<2p>+log<h,t)+g—*1 , (19)

i=1 )t

N =

L, @) =-

This can be jointly maximized by separately maximizing each term.

The second part of the likelihood will be used to estimate the correlation parameters. Asthe
squared residuals are not dependent on these parameters, they will not enter the first-order
conditions and can be ignored. The two-step approach to maximizing the likelihood is to find

the following:

q =agmex{L, (@)}, (20)
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and then take this value as given in the second stage:

max{ Le (1)}, (21)

It is proved in Engle and Sheppard (2001) that under reasonable regularity conditions,
consistency of the first step will ensure consistency of the second step. The maximum of the
second step will be a function of the first-step parameter estimates, and so if the first step is
consistent, then the second step will be the same as long as the function is continuous in a
neighborhood of the true parameters. These conditions are similar to those given in White
(1994) where the asymptotic normality and the consistency of the two-step QMLE estimator
are established. Another theoreticalsjustification: of the above result is appeared in Engle

(2002). See also Newey and M cFadden (1994):

The DCCX model is a new type of multivariate and can fit the GARCH model in the first
stage, which is particularly convenient for complex systems. The DCCX method first
estimates volatilities for each asset and computes the standardized residuals. For bivariate
cases, we use the following GARCH structures to perform the first step, respectively. The
covariances are then estimated between these using a maximum likelihood criterion and one

of several models for the correlations.

The GARCH volatility structure taken by the return-based conditional volatility model is
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described as follows:

et =€ktr €y | It-l - N(O, hk,t)’ k=12 (22)
he =W, +akek2,t-i +b,.h 1, (23)
ZI?,t S RN (24)
V. Results

41 Sample

In this section, we examine daily U.S. stock and Treasury bond returns spanning the period
from 1990/1/2 to 2007/9/7. The data'employed for our empirical study comprise 4425 daily
observations on the S&P 500 Composite (henceforth S& P 500), and the yield for 10-year
treasury bond (henceforth T-bond). We retrievereturn data for the entire period from Y ahoo’s

database (www.yahoo.com/finance).

Then, we examines whether the stock-bond return relation varies with two measures of
stock market uncertainty suggested by the prior literature discussed. First, we use implied
volatility from equity index options, specifically the Chicago Board Options Exchange’s

Volatility Index (V1X). We adopt stock turnover by volume as the second variable.

The volatility index is the benchmark of American stock market volatility. Chicago Board
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Options Exchange made VIX debut by in 1993, depicting the volatility based on the S& P100
index option originally. Soon after CBOE renewed the VIX with a more accurate and
corrective calculation and replaced the index option with S&P500. More than a measure of
market expectation for the near-term volatility conveyed by stock index option prices, VIX is
really a proxy to capture dynamic financial market uncertainty. Consequently, VIX is
so-called investor fear gauge which reflects financial turmoil significantly. It represents the
implied volatility of an at-the-money option on the S& P 100 index with 22 trading days to
expiration (see Fleming, Ostdiek, and Whaley (1995)). It is constructed by taking a weighted
average of the implied volatilities of -eight options, calls and puts at the two strike prices
closest to the money and the nearest two expirations-(excluding options within one week of
expiration). Each of the eight component implied volatilities is calculated with a binomial tree
that accounts for early exercise and dividends originally. Recently, the CBOE change the
calculation method with the free model to estimate the implied volatility of the S&P500
option, which is adopted in this paper. In(VIX, ,) (henceforth VIX), the natural log of the

CBOE’s VIX at the end of period t-1, istaken as the proxy of VIX (see Connolly et a., 2005).

What is more, we use a measure of stock liquidity, i.e., the stock turnover by volume,
calculated by total number of S& P500 trading shares from the database of DataStream over

the period during 1990/1/2 to 2007/9/7. The higher the share turnover by volume, the more
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liquid the stock shares issued of the company. Prior work has argued that turnover may reflect
dispersion-in-beliefs across investors or may be associated with changes in the investment
opportunity sets, and both possibilities suggest a linkage between abnormal turnover and
stock market uncertainty. As the market uncertainty increases, the investors’ confidence
becomes fade-out so that they choose to short their holding position. Then, In(V,_,) (henceforth
TV), the natural log of the S& P500 trading volume at the end of period t-1,is treated as the

proxy of the stock trading volume in the following empirical analysis.

4.2 Descriptive Statistics
< Figure 1 is inserted-about here >
Figure 1 shows the graphs for close prices (Panel A), and returns (Panel B) of S& P 500 stock

index and T-bond over the sample period 1990-2007. The daily returns of the S& P 500 stock

index are calculated by100 " log(P,“'"* / P,%,°*) . However, the returns for 10 years T-bond
are inferred by - 100 log(P,°'** / P,%,°**) . The computation of the T-bond returns is the
negative change in the 10-year benchmark yield to maturity as in Engle (2002). The
descriptive statistics of the returns of the seriesare given in Table 1.
< Table 1 isinserted about here >
In Table 1, Panel A, presents univariate statistics for the data series over the period

1990-2007. It is shown that the means of stock S& P500 and T-bond returns are positive. It is
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indicated that T-bond is more volatile than S& P500 by the individual standard deviations. For
higher moments of the return data, each of them has negative skewness and excess kurtosis,
which reveal both shifts to the left and denial of the normal distribution assumption. It is
noted that stock and bond both exhibits fat-tail distributions. Second, after the Phillips-Perron
test is adopted to test for time series stationarity of VIX and stock turnover volume
respectively, there is no further non-stationary effect needed to be modified. The other parts
of Table 1 are the descriptive statistics of VIX and TV, where both reveals the positive means,
but the standard deviation of VIX islarger than the one of TV, appearing VIX is more volatile
than TV. Asto all the data series, theJarque-Béra statistics'largely contribute to the rejection

for the null hypothesis of a normal distribution:

Asfor the Panel B (Panel C) reports the sample moments over the 1990 t01997 sub-sample
(the 1998 to 2007 period). Table 1, Panel D, reports the simple unconditional correlations
between the data series over the 1990 to 2007 period. It is demonstrated that the correlation
between the stock and bond returns is negative, where is consistent to our original conjecture.

With further investigation in the change of the stock-bond correlation, we compare the two

! The Jarque-Beratest is a goodness-of-fit measure of departure from normality, based on the sample kurtosis and skewness.

The test dtatistic JB is defined asﬂ(32+(K_ 3?/4) where Sis the skewness, K is the kurtosis, and n is the number of
6

observations. The statistic has an asymptotic chi-squared distribution with two degrees of freedom and can be used to test the
null hypothesis that the data are from a normal distribution; since samples from a normal distribution have an expected
skewness of 0 and an expected kurtosis of 3.
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sub-sample periods with each other. In Panel E, the correlation coefficients of the period
1990-1997 are shown in brackets on the upper triangle and the correlation coefficients of the
period of 1998-2007 are on the lower triangle. It is noteworthy that the unconditional
correlation between stock and bond returns in 1990-1997 is positive, while the association of

the stock and bond returns is negative in 1998-2007.

4.3 Empirical Analysis
< Table 2 isinserted about here >

In Table 2, it is documented the empirical results of the estimation with the DCCX model
over the 1990 to 2007 period. As mentioned-in the Chapter 111, the standard DCC modél is
presented to estimate the dynamic: conditiona correlation between two assets. Due to the
procedure for parameters estimated under the setting of the DCC model, it is necessary to
make corresponded with the two inherent stages. In the first stage, one can utilize the GARCH
model fitted by return with individual assets for attaining standardized residuals. Furthermore,

it carries the residual s into the second stage for dynamic conditional correlation estimating.

In the Panel B of Table 2, it represents that the DCC models with different exogenous
variables. First, in the standard DCC model, the two coefficients estimated are significant

(p-value<0.01). Then we add the lagged VIX into the standard DCC model, revised as the
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DCCX-a model, it is shown that the coefficient C; is negative but less significant
(p-value<0.1). Alternatively, in the DCCX-b model, VIX, ,is replaced with lagged stock
turnover, the estimated coefficient G, is till negative, becoming more significant than the
prior result made with DCCX-a model (p-value<0.01). Finaly, the lagged VIX and lagged
stock turnover are both joint in the DCC model, named DCCX-c model, where the estimated
coefficients of the VIX and stock turnover are not only negative but highly statistically
significant (p-value<0.01). To put it more plainly, the estimated coefficients, C,and G, with
DCCX-c model, appear negative, which means both the lagged VIX and lagged stock
turnover negatively varied with the stock-bond returns relation. The value of Log Likelihood
Function (LLF) is reported in the Table 2, which reject the null hypothesis of the Likelihood
Ratio Test?, The more explainable variables are in.the DCCX model, accompanied the larger
value of Log Likelihood Function. The increase of LLF reveals the DCCX-c model is more
explainable to the stock-bond returns correlation than the standard DCC model.
< Figure 2 isinserted about here >

As indicated in Figure 2, Panel A, This figure illustrates the substantial time-series
variation in the stock-bond returns relation over the period from 1990 to 2007. Casua
ingpection of this series indicates a clustering of the periods with a negative correlation. What

has to be noticed is the change of the stock-bond returns correlation estimated by DCCX

LR=-2(L,, - L ~ ¢ 2(m), misthe numbers of the additional variablesin the DCCX model.
If LR > ¢ 2(m), reject the null hypothesis.

alternative)
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model. Throughout the nineties until 1997/1998, we find a high positive correlation in the

neighborhood of 0.3 to 0.6, exhibiting a stable and close relationship between returns of the

S& P500 and 10-year-treasury-bonds. However, a sharp decline in the equity-bond correlation

occurred in 1997/1998, followed by a sudden reversion, then plunged back to the negative

range in 2000. Such a great decoupling of the equity-bond correlation persisted until 2007.

The correlation in the twenties fluctuates widely but mostly remains in the negative range of

-0.2t0 -0.5, a stark contrast to the high positive correlation in the nineties.

Roughly speaking, we splits the sample period.into 1990-1997 and 1998-2007 due to the

Asian Financial Crisis and it is demonstrated-that the negative correlations are concentrated

on the periods of 1998 to 2007. These sustained negative correlation over the period of 1990,

1997-1999, and the most periods from 2000 through 2007. These observations may indicate

that the Persian Gulf War (August 1990 through February 1991), the Asian financial crisis of

the late 1997 and the Russian financial crisis of 1998 for the possible reasons particularly

influential in our results. Besides, there is an Internet Bubble crisis in 2000, which is a great

shock to the American economy, causes an overall collapse in the financial market. In 2007,

the crisis of recent sub-prime issue may be viewed as a case in point.

Next, Figure 2, Panel B, reports the time-series of the VIX. The pattern suggests that

29



periods of high VIX or increases in VIX are associated with the periods of negative

correlations of the stock-bond returns comovement in Panel A. Figure 2, Panel C, represents

the time-series of the stock turnover. It is presented that the stock turnover flatly increases

over the sample period. However, there are more dramatically volatile when the stock-bond

correlation or the VIX also shifting enormously.

< Table 3 isinserted about here >

Table 3 represents the sub-sample data series estimated by the DCCX model from 1990 to

1997. It is shown that the VIX and the stock turnover are also negatively connected with the

stock-bond returns correlation and statistically significant.

< Table4 isinserted about here >

The result for the second sub-period 1998-2007.in"Table 4 is qualitatively similar but even

more significantly. It is denoted that the estimated coefficients of the VIX is -0.017

(p-value<0.01) and coefficient of stock turnover is-0.014 (p-value<0.01). Namely, it is found

out the inverse relationship of the equity and bond linked with the VIX and stock turnover.

< Figure 3isinserted about here >

We depict the equity-bond correlation for the 1990-1997 sub-period in Figure 3, Panel A to

further investigate the fluctuation of stock-bond returns correlation. It is indicated more

clearly that the dynamic conditional correlation for stock and bond returns is roughly positive

around 0.3 to 0.6. Nevertheless, the great decoupling in late 1997 happens, dropping into -0.5
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immediately. Compared with the Panel B, the same sub-period for the VIX data series, shows
the pattern which reflect the opposite movement to the stock-bond returns correlation. In other
words, when the VIX moves up, the stock-bond returns correlation tends downward.
Additionally, the stock turnover is similar with the effects of the VIX associated with the
stock-bond returns correlation. More steeply the stock turnover moves, more volatile the
stock-bond returns relation shifts.
< Figure 4 isinserted about here >
The Figure 4 reports the similar results to the discussion above. It is more obvious to see
the inverse movement between the stock-bond returns relation and the VIX during 1998-2007
in Panel A and Panel B. The*Panel C shews when the stock turnover fluctuates more
markedly, the possibility of observing the negative stock-bond returns correlation increases.
< Table 5 isinserted about here >
Table 5 reports results from estimating the following regression:
Cr, =a, +aCr,_,+a,In(VIX, ;) + aIn(TV,,) +n,
Where Cr, are the dynamic conditional correlation of daily S&PS00 stock and 10-year

T-bond returns. In(VIX, ;) isthenatural log of the CBOE’s VIX at the end of period t—1, in

In(TV,.;)

annualized standard deviation units. is the natural log of turnover volume of

S&P500 at the period t-1 in daily and in thousand units. Cr, , is dynamic conditional

correlation at the period t-1 and n , is the residual. @; are estimated coefficients. The
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overal sample period is 1990 to 2007 The sub-period of 1990-1997 and the 1998-2007 are
also reported. The regression is estimated by OLS and T-statistics are in parentheses,

calculated with White Heteroskedasticity-Consistent Standard Errors.

The lagged VIX and the lagged stock turnover are reveded statistically significant
(p-value<0.01) and the negative association with the stock-bond returns correlation in
1990-2007 and 1998-2007. However, for the 1990-1997 sub-period, the both variables are not
significant but still negative. Accordingly, it is proved that the stock-bond returns correlation
is negatively linked with the proxies of market uneertainty-the V1X and the stock turnover.

<Figure 5 isinserted about here >

Figure 5, Panel A and Panel B comparesthe DCCX model with the standard DCC model in
the period 1990-2007. It is supported that the display is similar and the estimation is also

consistent.

V. Conclusion

The DCCX model advanced in this paper provides a structural form model for conditional
correlations while the standard DCC model is a reduced-form model. That is, the DCCX
model is more genera to apply to the financial or economic issues. This article represents a

modified DCC model for the empirical analysis to discuss whether a day’s change in stock
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market uncertainty is associated with differences in the stock-bond returns relation. This

investigation further evaluates the empirical relevance of cross-market hedging and addresses

the notion of flight-to-quality versus flight-from-quality with increased versus decreased

stock uncertainty. It is discovered several striking results in our empirical investigation. First,

it is found a negative stock-bond returns relation with the two measures of market uncertainty,

i.e. the VIX and the stock turnover. More accurately, by means of the modified DCC model,

it is explored that stock-bond returns correlation tends to be negative (positive), during

periods when VIX increases (decreases) and during periods when unexpected stock turnover

is high (low).

In the future, we can extend the sample period including the 1980-1990 to search if the

similar phenomenon exists. Besides, to consider more other exogenous variables is also

necessary for finding out other explanation about the correlation. And the empirical study in

other countries needs more investigation to support our consequence.
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TABLE 1
Descriptive Statistics

This table reports the descriptive statistics for the data used in this article. S& P500 and T-bond refer to
the stock and 10-year Treasury bond return series, respectively. The returns are in daily percentage
units. VIX is the CBOE’s Volatility Index. TV is taken as the natural log of turnover volume of

S& P500 at the period t- 1 in daily and in thousand units. Std. Dev. denotes standard deviation and
r. referstothe i th autocorrelation. Panel A reports the sample moments of the data from 1990 to

2007. Panel B reports the sample moments of the data from 1990 to 1997. Panel C reports the sample
moments of the data from 1998 to 2007. Panel D reports the correlation matrix over the 1990-2007
sample period. Panel E presents the subsample correlation matrix. The correlation coefficients of the
1990-1997 sample period are shown in brackets on the upper triangle and the correlation coefficients

of the 1998-2007 sample period are on the lower triangle.

Panel-A: Sample Moments, 1990-2007

S& P500 T-bond VIX TV

Mean 0.032 0.014 18.914 13.253
Median 0.047 0.000 17.610 13.354
Maximum 5574 5.090 45.740 15.468

Minimum -7.113 -5.972 9.310 7.640

Std. Dev. 0.996 1.078 6.410 1.142
Skewness -0.122 -0.373 0.992 -0.213

Kurtosis 6.824 5.562 3.808 1.674
Jarque-Bera 2705.956 1312.158 845.985 357.399

r, -0.009 0.053 0.982 0.980

r, -0.023 -0.026 0.965 0.973

r, -0.027 -0.035 0.952 0.970

lo 0.010 0.012 0.893 0.962
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TABLE 1
(Continued)

Panel B: Sample Moments, 1990-1997

S& P500 T-bond VIX TV
Mean 0.049 0.016 16.806 12.120
Median 0.042 0.000 15.940 12.089
Maximum 4.989 4.004 38.200 13.800
Minimum -7.113 -5.615 9.310 7.640
Std. Dev. 0.792 0.859 4.815 0.513
Skewness -0.321 -0.475 1.314 -0.186
Kurtosis 8.431 6.311 4.934 5.069
Jarque-Bera 2485.692 986.044 885.337 367.412
r, 0.040 0.066 0.974 0.871
r, -0.026 -0.001 0.950 0.836
r, -0.046 -0:025 0.930 0.828
M o 0.025 0.035 0.840 0.815
Panel C:"Sample'Moments; 1998-2007
S& P500 T-bond VIX TV
Mean 0.018 0.011 20.649 14.183
Median 0.052 0.000 20.330 14.332
Maximum 5.574 5.090 45,740 15.468
Minimum -7.044 -5.972 9.890 11.761
Std. Dev. 1.137 1.228 7.011 0.491
Skewness -0.042 -0.322 0.646 -0.898
Kurtosis 5.698 4.761 3.139 3.267
Jarque-Bera 737.305 355.743 171.077 333.892
r, -0.028 0.048 0.982 0.918
r, -0.023 -0.036 0.966 0.885
r, -0.019 -0.039 0.953 0.872
M o 0.002 0.003 0.894 0.842
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TABLE 1
(Continued)

Panel D: Correlation Matrix, 1990-2007

S& P500 T-bond VIX TV
S& P500 1.000 -0.049 -0.111 -0.012
T-bond -0.049 1.000 0.022 -0.006
VIX -0.111 0.022 1.000 0.184
TV -0.012 -0.006 0.184 1.000

Panel E: Correlation Matrix, 1990-1997 ; 1998-2007

S& P500 T-bond VIX TV
S&P500 1.000 [0.390] [-0.104] [ 0.024]
T-bond -0.224 1.000 [-0.056] [-0.022]
VIX -0.114 0:055 1.000 [-0.015]
TV -0.010 -0.001 -0.318 1.000
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TABLE 2
Estimation of Bivariate Return-based DCC M odel Using Daily S& P 500 | ndex and T-bond, 1990-2007.

- ~ . _
Stagelof DCCestimation: h,  =w, +a,ef, ., +bh 1 e 1.~ N(0,h ) k=12

Sage 2 of DCC estimation:

6011, Cip, U a g,0 60 cm+c,mu 2%, Z,1Z U 60y Opa U €0 Xl g0 x40
St 12,[0:(1_ a'b)éi quQ_ é 1m 2 2§|+aé 1,t-1 1,t-1 2‘!21 |:J_'—béll,ll 1Z‘llu+C1§X O l:l+c2é 2‘tll,J
8012 Y221 () &0, 1 g é&ym +c,m 04q 821201 Ziafl 8012,-1 Uaz2i-1 ) g 1t-1 u eXar1 0 1]

This table provides the estimation for the bivariate return-based DCC model using daily S& P 500 index and T-bond. The two formulas above
two steps esimation are GARCH and the conditional correlation equation respectively of the standard DCC model with mean reversion. In
the first stage, we use the GARCH model to estimate their volatilities ( ﬁ( ) for each assets and computes their standardized residuals ( Z ).

Then, in the second stage, the conditional correlation process can be obtained by using their standardized residuas

and T, = E[2,2,] .The conditional correlation matrix is given by AN T .The conditional covariance can then be expressed

using the product of conditional correlation between these two variables and their individual conditional standard deviations. The table shows

estimations of the two models using the MLE method. It is presented the estimation of the DCCX with lagged VIX (x, . . ) and the lagged

1,t-1

stock turnover ( X, .. 1) respectively. LLF is the log likelihood function and numbers in parentheses are T-values. We alow a free intercept

parameter ¢ in the estimation, WhereCO (- a- b)g ng_ go c1n1+czng
&.1a &m+em 0g
Panel A: Step 1 of DCC estimation
S& P500 T-bond
W 0.007 0.009
(2.832) (2.821)
. 0.056 0.040
a (6.883) (5.688)
6 0.938 0.952
(118.139) (112.442)
Panel: Step 2 of DCC estimation
DCC DCCX-a DCCX-b DCCX-c
LLF 319.064 321.931 332.373 334.577
A 0.007 0.054 0.078
“ (1.985) (5.177) (5.209)
4 0.038 0.040 0.043 0.043
(12.693) (11.156) (11.193) (9.706)
. 0.959 0.955 0.942 0.939
b (291.820) (237.417) (172.323) (152.964)
. -0.002 -0.005
“ (-1.659) (-2.639)
o -0.004 -0.005
2 (-5.151) (-5.341)
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TABLE 3
Estimation of Bivariate Return-based DCC M odel Using Daily S& P 500 | ndex and T-bond, 1990-1997.

. L B ) _
Stage 1 of DCC estimation: h, = w, +a e/, +bh 1 e 1., ~ N(0.h) k=12

Sage 2 of DCC estimation:

§q11,| [*IPh ﬂ =(1- a- b) g]; T, 8 ) go c,m + szzg+ é212_|.1 2112501 E:I+ ?%1,(-1 (ST g+ o gi X(1),1,13:+c2 20 Xz‘t-lg
8012 Y221 () &0, 1 g é&ym +c,m 04q 82112501 Zf[,lé 8012,-1 Uaz2i-1 ) g 1t-1 u eXar1 0 1]

This table provides the estimation for the bivariate return-based DCC model using daily S& P 500 index and T-bond. The two formulas above
two steps esimation are GARCH and the conditional correlation equation respectively of the standard DCC model with mean reversion. In
the first stage, we use the GARCH model to estimate their volatilities ( hU[ ) for each assets and computes their standardized residuals ( Z, ).

Then, in the second stage, the conditional correlation process can be obtained by using their standardized residuas

and T, = E[2,2,] .The conditional correlation matrix is given by AN T .The conditional covariance can then be expressed

using the product of conditional correlation between these two variables and their individual conditional standard deviations. The table shows

estimations of the two models using the MLE method. It is presented the estimation of the DCCX with lagged VIX (x, . . ) and the lagged

1,t-1
stock turnover (X2t-l) respectively. LLF is the log likelihood function and numbers in parentheses are T-values. We alow a free intercept
parameter ¢ in the estimation, where é q,u & cm+cmu

=(1-a-b)g
K @10 &m+rem 0y

Panel A: Step 1 of DCC estimation

S& P500 T-bond
W 0.003 0.012
(1.095) (1.974)
R 0.031 0.029
a (4.088) (2.888)
5 0.966 0.955
(99.157) (63.253)
Panel: Step 2 of DCC estimation
DCC DCCX-a DCCX-b DCCX-c
LLF 229.840 230.604 230.746 231.735
A 0.014 0.026 0.036
“ (2.111) (2.326) (3.682)
4 0.034 0.032 0.031 0.967
(7.842) (6.423) (6.475) (5.158)
R 0.954 0.956 0.960 0.967
b (163.658)  (121.377)  (123.243) (128.994)
R -0.003 -0.003
“ (-1.427) (-1.960)
e -0.002 -0.002
2 (-1.923) (-2.534)
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TABLE4
Estimation of Bivariate Return-based DCC M odel Using Daily S& P 500 | ndex and T-bond, 1998-2007.

. — _ ) _
Stage 1 of DCC estimation: h, = w, +a e/, +bh 1 e 1., ~ N(0.h) k=12

Sage 2 of DCC estimation:

é b 6,0 60 cm+cmu. 6z, 7,2, 0 &4y, dp, 0 €0 Xl 0 x, 0
€011, Chz,tu:(l_ a-b)g. Chzg_ g U 2 zg+aé1.|1 1t-1 2421 0+ Aqll,i1Q1z‘[1u+C1?X o U+c, 6 2&10
8012 Y221 () &0, 1 g é&ym +c,m 04q 821201 Ziafl 8012,-1 Uaz2i-1 ) 8“‘1 u eXar1 0 1]

This table provides the estimation for the bivariate return-based DCC model using daily S& P 500 index and T-bond. The two formulas above

two steps esimation are GARCH and the conditional correlation equation respectively of the standard DCC model with mean reversion. In

the first stage, we use the GARCH model to estimate their volatilities ( h” ) for each assets and computes their standardized residuals (, ).

Then, in the second stage, the conditional correlation process can be obtained by using their standardized residuas

and T, = E[2,2,] .The conditional correlation matrix is given by AN T .The conditional covariance can then be expressed

using the product of conditional correlation between these two variables and their individual conditional standard deviations. The table shows

estimations of the two models using the MLE method. It is presented the estimation of the DCCX with lagged VIX ( X1

) and the lagged

stock turnover (X2t-l) respectively. LLF is the log likelihood function and numbers in parentheses are T-values. We alow a free intercept

parameter ¢ | in the estimation, wherecoz(l_ a b)g G0 € cm+cmu

&.ld &em+cm 0Q

Panel A: Step 1 of DCC estimation

S& P500 T-bond
W 0.011 0.011
(2.011) (1.918)
. 0.070 0.049
a (5.381) (4.468)
] 0.922 0.945
b (74.959) (71.833)
Panel: Step 2 of DCC estimation
DCC DCCX-a  DCCX-b DCCX-c
LLF 103.174 104.702 105.923 109.676
A 0.010 0.074 0.241
“ (1.031) (2.011) (2.665)
5 0.049 0.053 0.052 0.049
(7.402) (6.739) (6.975) (6.075)
\ 0.934 0.923 0.927 0.915
b (94.484) (72.765) (78.347) (58.124)
) -0.005 -0.017
a (-1.240) (-2.402)
‘ -0.005 -0.014
2 (-2.084) (-2.669)
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TABLES
The Daily Stock-Bond Returns Correlation with VI X and Stock Turnover

This table reports results from estimating the following regression:

Crt =a,+ a10rt_1+a2 In(\/IXt_l) + agln(TVt-l) +n,

Where Cr, are the dynamic conditional correlations of daily S&PS00 stock and 10-year
T-bond returns. In(VIX, ,) isthenatural log of the CBOE’s VIX at the end of period t—1, in
annualized standard deviation units. '™(™Ve1) s the natural log of turnover volume of
S&P500 at the period t-1 in daily and in thousand units. Cr, ,is dynamic conditional

correlation at the period t-1 and n,istheresidual. a, are estimated coefficients. The overall
sample period is 1990 to 2007. The sub-period of 1990-1997 and the 1998-2007 are aso
reported. The regression is estimated by OLS and T-statistics are in parentheses, calculated
with White Heteroskedasticity-Consistent Standard Errors.

Coefficient 1990-2007 1990-1997 1998-2007
a, 2.258 0.021 0.396
(51.066) (1.102) (8.968)

a 0.323 0.990 0.947
(27.025) (329.430) (177.989)

a, -0.187 -0.003 -0.035
(-32.244) (-1.181) (-8.760)

a, -0.132 -0.001 -0.021
(-50.992) (-0.544) (-8.234)

R (%) 88.94 97.35 96.46
Adj R? (%) 88.93 97.35 96.45
Durbin-Watson stat 2.034 1.945 1.989
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Figure 1

Panel A. Close Price
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Panel B. Returns
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S& P 500 Index and T-Bond Yield Daily Closing Prices and Retur ns, 1990-2007. This
figure shows the daily close prices and returns of S& P 500 index and 10-year treasury bond
(T-bond) over the sample period.
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Figure 2

Pand A. Stock-Bond Returns Correlation with DCCX, 1990-2007

1990 1992 1994 1996 1998 2000 2002 2004 2006
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Panel C.  Stock Turnover by Volume (TV), 1990-2007
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This figure displays the time-series of dynamic conditional correlations estimated by the DCCX model

between U.S S&P500 stock and 10-year Treasury bond returns in Panel A. The CBOE’s Volatility Index

(VIX) at day t-1 (Panel B), and the Stock Turnover by volume (Panel C). The sample spans 1990 to 2007.
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Figure3

Panel A. Stock-Bond Returns Correlation, 1990-1997
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Panel C.  Stock Turnover by Volume (TV), 1990-1997
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This figure displays the time-series of dynamic conditional correlations estimated by the DCCX model
between U.S S&P500 stock and 10-year Treasury bond returns in Panel A. The CBOE’s Volatility Index

(VIX) at day t-1 (Panel B), and the Stock Turnover by volume (Panel C). The sample spans 1990 to 1997.
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Figure4

Panel A. Stock-Bond Returns Correlation, 1998-2007
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Panel B. CBOE’sVolatility Index (VIX), 1998-2007
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This figure displays the time-series of dynamic conditional correlations estimated by the DCCX model
between U.S S&P500 stock and 10-year Treasury bond returns in Panel A. The CBOE’s Volatility Index
(VIX) at day t-1 (Panel B), and the Stock Turnover by volume (Panel C). The sample spans 1998 to 2007.
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Figure 5

Panel A. Stock-Bond Returns Correation with DCCX model, 1990-2007
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This figure displays the time-series of dynamic conditional correlations estimated by the DCCX model
between U.S S&P500 stock and 10-year Treasury bond returns in Panel A. The Panel B reports the
time-series of dynamic conditional correlations estimated by the standard DCC model. The sample spans
1990 to 2007.
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