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1. Introduction 

 

Credit derivatives are one of the biggest product innovations created in finance 

during the last 25 years. Credit default swaps (CDS) prices reflect the default 

probabilities of companies, and market participants use this information as a part of 

their investment decisions. When companies default risk grows, the required rate of 

return will also increase and hence decrease equities market prices. Models that are 

used to calculate default probabilities (e.g. Merton 1974) use market price as an 

important factor. At the same time Bonds are the debt securities underlying CDS. 

Market participants don’t just use CDS to hedge against default, but also for 

speculative purposes and to build alternative investment portfolios. CDS were 

created for the purpose of hedging, but if they increase the volatility risk of other 

markets, they are not purely hedging instruments. Transmitted volatility risk affects all 

investors in the market; because of that and all the other reasons mentioned above 

the study of these assets relationship is important.  

 

Relationships between CDS, equities and bonds have been studied with several 

different methodologies (e.g. Longstaff et al 2003; Norden & Weber 2004; Fung et al 

2008; Meng et al 2009). Longstaff et al (2003) found that the equity market and the 

CDS market lead the bond market and Norden & Weber (2004) found that the CDS 

market reacts before the equity market to credit rating agencies announcements. 

Fung et al (2008) also studied the relationship between CDS, equities and bonds 

during the subprime crisis of 2007 and found that the equity market was quite 

ignorant towards worsening credit conditions in 2007. Their analysis suggests that 

the CDS market is leading the other two markets (the equity market and the bond 

market). Meng et al (2009) employed a multivariate GARCH-BEKK (Baba, Engle, 

Kroner, Kraft) presentation proposed by Engle and Kroner (1995) to investigate these 

relationships, and found that the equity market has a relatively more important role 

than the CDS market in transmitting volatility to the bond market. The bond market 

plays a relatively more important role than the equity market in transmitting volatility 

to the CDS market. In the meantime, transmissions of volatility to the equity market 

are more down to the bond market than the CDS market.  
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In this thesis the multivariate GARCH-BEKK presentation is employed to investigate 

volatility spillovers between CDS, equities and bonds in the US market. A similar 

methodology is widely used in studies of volatility spillovers; usually it has been used 

in studies between different regions or stock exchanges (e.g. Caporale et al 2006; Li 

& Majerowska 2008; Saleem 2009b). Meng et al (2009) used a similar methodology 

to research spillovers between CDS, equities and bonds; however, the GARCH-

BEKK model has not been used, to the best of the author’s knowledge, to search for 

spillovers during the financial crisis period of 2007-2010. There is no information on 

how these instruments behave under turmoil.  

  

The main topic of this thesis centers around the problem of volatility spillovers 

between CDS, equities and bonds. This thesis studies the significancy of these 

spillovers, how they have evolved during the crisis period, and what this means to 

market participants. The null hypothesis is that spillovers from CDS to other assets 

are significant, but all the other spillovers are insignificant. This would mean that CDS 

transmit volatility risk to other markets and market participants should take this into 

account in their decisions. The alternative hypothesis is that spillovers between 

equities and bonds exist, and that there are spillovers from other assets to CDS. The 

data set is divided into three sub periods: pre-crisis period, the period covering the 

crisis before the collapse of Lehman Brothers, and the period covering the crisis 

period after the collapse of Lehman Brothers. From 40 US companies 10 were 

selected for this study by using their liquidity as a criteria, the five most liquid and the 

five least liquid companies were selected. 

 

For the pre-crisis period findings are consistent with prior research, that the equity 

market and the bond market lead the CDS market, which means that information 

given by the CDS market cannot be used to find information that is not already priced 

into the market. In the first stage of the crisis period, before the bankruptcy of 

Lehman Brothers, the equity market became a more important transmitter than 

during the pre-crisis period, and volatility spillovers were more frequent. After the 

bankruptcy of Lehman Brothers volatility spillovers became even more common and 

CDS started to transmit volatility to the equity market, meaning that equity investors 

were affected by the high volatility of the CDS market. This phenomenon can be 

analyzed and used as a part of investment decisions to gain excess returns. 
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The rest of this thesis is laid out as follows; the next part describes the theoretical 

background. The third part examines previous research around this topic and the 

used methodology. The fourth part explains the methodology in a wider context, and 

how it is employed in this thesis. The fifth part describes the data and descriptive 

statistics. The sixth part shows the empirical results and the last part concludes the 

thesis. 

 

2. Theoretical background 
 

We start our theoretical part by discussing various univariate models, such as 

autoregressive (AR), autoregressive conditional heteroscedastic (ARCH) and 

generalized ARCH (GARCH) models. In the section of univariate models each model 

is discussed in detail. The need for multivariate models is also explained. A few 

different multivariate GARCH models are discussed in the second section of this 

chapter and two models are discussed in detail, the VECH model and the GARCH-

BEKK model. The justification for the usage of the GARCH-BEKK model is also 

presented in the section of multivariate models. 

 

2.1 Univariate Models 
 

Univariate models are used to forecast returns or conditional variances and AR 

models are usually used to forecast returns, which depend on past returns. The AR 

model is not an appropriate model to deal with volatilities, because it is a linear model 

and it expects residuals to be homoscedastic, and hence Autoregressive Conditional 

Heteroscedacticity (ARCH) model proposed by Engle (1982) is presented, because it 

has some deficiencies, more sophisticated models are required. Last part of 

univariate models discus the generalized version of ARCH; proposed by Bollerslev 

(1986). The ARCH model and the GARCH model are used to deal with conditional 

variances. 

 

2.1.1 The autoregressive model 
 

In finance, the forecasting of future returns and volatilities is vital for good analysis 

and understanding of financial markets. There are lots of univariate and multivariate 

models for forecasting, which depend on past values. In this thesis Autoregressive 
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Conditional Heteroscedastic (ARCH) models and their multivariate forms are 

employed. Before starting to understand the Autoregressive Conditional 

Heteroscedastic models, it is good to start with Autoregressive models. An 

autoregressive (AR) model is a model where forecasted value is dependent on 

previous values of a time series. Hence the AR model contains the autocorrelation 

for past series and an error term. The AR (1) model is a model where the 

autocorrelation is calculated with one lag plus the error term. (Brooks 2002, 215-216) 

The model can be formulated as: 

  

       (1) 

 

In this formula is the current value of the variable and  is the value of the 

variable one period ago. is the autocorrelation term of the past time series with one 

time lag,  is constant and  is the white noise. This model is easy to enlarge to the 

AR(p) model, which is an AR process with p lags and it takes the following form. 

(Brooks 2002, 215-216)  

 

   (2) 

              

The AR(p) model is used to forecast future values, it expects the constant volatility, 

and it is not made to forecast future conditional volatilities, thus AR models are not 

appropriate for the purpose of this thesis and there is a need for more sophisticated 

models, such as ARCH. 

 

2.1.2 The ARCH model 
 

Autoregressive Conditional Heteroscedastic (ARCH) process was first presented by 

Engle (1982) and it was developed to patch up the deficiency of constant one-

periodic variance that models prior to ARCH had. The ARCH process follows the 

stochastic process with a zero mean, it has non-constant variance and it is serially 

uncorrelated as well as conditional to the past, but it is constant with an unconditional 

past. The ARCH model uses past information to give an insight into one-period 

forecasted variance. A univariate time series , which is conditional to information 

available at time t-1 is defined in equation (3). 
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           (3) 

 

The shock, unpredictable part , satisfies the white noise properties and hence 

follows a stochastic process with a conditional zero mean and conditional 

variance , and it is conditional to all past information .  has conditional zero 

mean E[ ]=0, its conditional autocorrelation is expected to be zero E[ , ]=0. ARCH 

process is any residual  that can be defined through volatility  and standardized 

process Z as presented in equations (4) and (5). 

   (4) 

               (5) 

 

Where the z is an independently and identically distributed process and it has 

Var[ ]=1 and E[ ]=0.  is a measurable, positive and time-varying function of 

information set t-1. Now we can write the ARCH(1) model that is dependent on the 

information set 1 period ago: 

   (6) 

 

                    (7) 

 

 is standard error one period ago, and ARCH process assumes that it is 

heteroscedastic and it is used to forecast volatility at time t. Now when the ARCH(1) 

model is described it is easy to move on to an ARCH(q) model, which is depending 

on q lag of the time series. This is presented in equation (8). 

 

    (8) 

         

Long lag ARCH models may have problems with non-negativity errors and they do 

not capture volatility clustering as efficiently as possible. To patch up these 

deficiencies the ARCH model was generalized by Bollerslev (1986), which is 

discussed in more detail in the next section. (Engle 1982, 987-989; Frances & Dijk 

2004, 136-137) 
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2.1.3 The GARCH model 
 

The ARCH model was generalized by Bollerslev (1986) and it was created to help 

with non-negativity errors, which may occur when using long lag ARCH model. 

Where the ARCH model is influenced by the conditional past squared errors, the 

GARCH model is also influenced by the past conditional variance. In this way the 

GARCH model has a better memory than the ARCH model. Historical volatilities 

have the tendency to cluster over time and this feature is better captured with 

GARCH models than with ARCH models. The most basic model is the GARCH(1,1) 

model and it is shown in equations (9) and (10): 

 

   (9) 

  

  (10) 

 

In the equation (10) , and  must be larger than zero, this is called the non-

negativity restriction.  plus  must be less than unity and this is required so that 

stationary conditions hold.  has a conditional zero mean, constant conditional 

variance, and its autocorrelation is expected to be zero. Also it is normally distributed 

and it is conditional to information set is . This is presented in equation (9). If  

is zero the model reduces to the ARCH model and if the  is also zero, that leaves 

only the white noise. (Bollerslev 1986, 308-310) 

 

The GARCH(1,1) model can be easily extended to GARCH(p,q) model. In this model 

the conditional variance is dependent on p lags of past conditional variances and q 

lags of past squared errors. (Brooks 2002, 452-455) Prior assumptions hold in the 

GARCH(p,q) model and it is presented in equation (11). 

 

   (11)

   

       

There are a large number of different GARCH models with different properties. These 

models were developed to fill deficiencies of the basic GARCH model, such as the 

non-negativity conditions being violated in estimation, and the GARCH’s lack of 
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ability to capture the leverage effects. The basic model can deal with same level of 

volatility clustering and leptokurtosis, but the extensions can take these into account 

more efficiently. The GARCH model doesn’t allow for direct feedback between the 

conditional variance and the conditional mean. (Brooks 2002, 469) 

 

One of the basic assumptions of the basic GARCH model is the symmetricity of 

positive and negative shocks. It is empirically proven that negative shocks raise the 

volatility more than the positive shocks in the markets; this is called the leverage 

effect. To deal with leverage effect a few models have been developed, such as 

GJR-GARCH proposed by Glosten, et al (1993) and the exponential GARCH 

(EGARCH) proposed by Nelson (1991). The GARCH-in-mean model was proposed 

by Engle et al (1987) and this model takes into consideration the fact that investors 

should be rewarded for bearing risk and it is useful because the returns of the 

security are partly determined by its risk. These models deal with the conditional 

variance and to study spillovers their multivariate forms are required. Multivariate 

GARCH models use conditional covariances allowing them to change over time. 

 

2.2 Multivariate GARCH 

 

In this thesis multivariate GARCH models are employed instead of univariate models. 

Multivariate models can be considered as the generalization of univariate models. 

Where univariate models deal with variances that change over time, multivariate 

models allow the use of covariances that change over time. In this way one can study 

volatility spillovers and co-movements of volatilities in different markets or different 

asset classes. (Saleem 2009a, 30) The first multivariate GARCH model was 

proposed by Bollerslev et al (1988) and this model is called the VECH model. After 

the VECH model a number of models have been developed, for example the widely 

used multivariate GARCH model is the GARCH-BEKK model proposed by Engle and 

Kroner (1995). 
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2.2.1 The VECH-model 
 

Bollerslev et al (1988) proposed the first multivariate model, the VECH model. It was 

the first attempt to generalize the univariate GARCH model. The definition of the 

VECH model can be initiated by defining the conditional mean equation (12).  

 

                    (12) 

    (13) 

 

Where  is a  vector of daily returns and is a constant vector. Residuals  

are innovations in markets at time t; they have an expected zero mean and 

conditional  covariance matrix , also they are conditional to all available 

information at time t-1. The VECH model is presented in equation (14). 

  

     (14) 

 

 

In this formula  is a  conditional variance-covariance matrix and random error 

 is a  innovation vector, which is conditional to information set  at time t-1 

and it follows the normal distribution. C is the  parameter vector, and 

A as well as B are  parameter matrices. VECH( ) signifies 

the column-stacking operator of lower portion for a symmetric matrix (Bollerslev et al 

1988, 119). Disadvantages of the VECH model are that estimating it can be quite a 

daunting task and its variance-covariance or correlation matrix must be positive and 

there are no guarantees that they will be so (Brooks 2002, 508-509). Because of 

these deficiencies it is justified to move from VECH model to GARCH-BEKK model, 

which removes the problems of the VECH model. 

 

2.4.2 The GARCH-BEKK model 

 

This part considers the GARCH-BEKK model proposed by Engle and Kroner (1995), 

the empirical part of this thesis will be accomplished using this methodology. The 

previous sections have acted as an introduction to this model and as an attempt to 

make it easier to understand this methodology. 
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The BEKK-model abolishes the problems in the VECH model, ensuring that the H 

matrix is always positive. This is ensured by the models quadric nature. (Brooks 

2002, 509) To extend the univariate GARCH model into an n-variate model the 

conditional variance-covariance matrix consisting of n-dimensional zero mean 

random variables must be allowed to depend on past information  at time t-1. 

 is following the normal distribution, and the model is presented in equations (12) 

and (13).  

 

 is conditional to all available information at time t-1 and it relies on q lagged 

values of the squared and cross-products of . It is also dependent on p lagged 

values of  itself. Given the conditional variance-covariance matrix  the simplest 

GARCH(1,1) model can be written 

 

               (15) 

 

In equation (15)  is restricted to be lower triangular and must be positive.  and 

are unrestricted matrices. This GARCH(1,1)-BEKK model can be enlarged to fully 

general the presentation by simply adding more positive semi definite terms, hence 

K>1 when it was previously K=1. The model is as follows: 

 

 (16) 

 
 
After the BEKK model more sophisticated methods have been developed to examine 

time-varying covariances. Bollerslev (1990) presented the Constant Correlation 

Coefficient -GARCH (CCC-GARCH) and Engle (2002) generalized it to patch up its 

deficiencies. This model is called the Dynamic Conditional Correlation (DCC) model. 

The BEKK model itself has been further developed, to better take assymmetricity into 

account. 
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3. Literature review 

 

Different GARCH-models are widely employed, as researchers study volatility 

spillovers. There have been lots of studies of the spillovers between different stock 

exchanges or regions. There have been numerous studies regarding the spillovers 

between currencies, equities and bonds; however, studies regarding regions still 

outnumber them. Multivariate GARCH models are widely employed when explaining 

volatility spillovers during various crises around the globe. 

 

Before the BEKK-model was proposed researchers modified different GARCH-

models to their own use to capture the spillover effects. Engle et al (1990) used intra-

daily data and employed the GARCH methodology when studying spillovers between 

the US dollar and the Japanese yen. Their main findings were that the volatility of 

exchange rate is independent from country-specific autocorrelation, and that 

Japanese news has the largest impact on volatility spillovers. Lin et al (1994) 

investigated the return and volatility spillovers between Tokyo and New York using 

intra-daily data. They employed the GARCH model in their study, and found that 

Tokyo (New York) daytime returns are correlated with New York (Tokyo) overnight 

returns; however, they found little evidence that New York’s (Tokyo’s) daytime lagged 

returns spill over into Tokyo’s (New York’s) daytime returns.  

 

Ng (2000) studied the effects of volatility spillovers from Japan and the United states 

to six pacific-basin exchanges. Ng constructed the volatility spillover model that is 

dependent on three types of shocks: world, regional and local. Ng’s model adopted a 

bivariate GARCH(1,1) approach and found that world factors were the driving force 

behind spillovers, while regional factors also had an important influence to spillovers. 

Both factors were affected by market liberalization.  

 

Caporale et al (2006) used the bivariate GARCH-BEKK presentation to investigate 

the 1997 Asian financial crisis and spillovers between countries. They used US, 

Asian, European and Japanese stock exchanges in their study and found spillovers 

in all cases. They found that spillovers are bidirectional during the normal periods, 

but unidirectional in the crisis period. Li and Majerowska (2008) examinated 

Warsaw’s and Budapest’s international linkage to Frankfurt and US markets 
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employing the four-variate asymmetric GARCH-BEKK model. In this study return and 

volatility spillovers from developed countries to emerging countries were found. They 

also found that Warsaw and Budapest are only partially integrated with Frankfurt and 

the US.  

 

Saleem (2009b) employed the multivariate GARCH-BEKK model to search for 

volatility spillovers from Russia to the United States, emerging and developed Europe 

as well as Asia around the Russian crisis 1998. Dividing his data sample to pre-crisis, 

crisis and post-crisis periods, Saleem found evidence of direct linkage between 

Russian markets and other markets; the linkage is fairly weak though. This indicates 

that there is only a partial integration between Russia and the world markets. He 

found volatility spillovers in all cases, but their dynamics between periods differ. 

Koulakiotis et al (2009) studied volatility and error transmission within cross-listed 

stocks between three financial regions in Europe: Scandinavian, Germanic and 

French area. They used the multivariate GARCH-BEKK approach and their results 

were: Finnish and Danish cross-listed equities transmit volatility to Swedish cross-

listed portfolios. In the Germanic area; Swiss cross-listed portfolios are the main 

transmitter of volatility to other markets. In the French area; Paris, Amsterdam and 

Brussels cross-listed stock portfolios are the main transmitter to Milan and Madrid.  

 

Meng et al (2009) studied volatility transmissions between CDS, equity and bond 

markets from a data sample expanding from 3.3.2003 to 31.3.2005. They used the 

GARCH-BEKK model in their study and their findings were that equity markets 

played a relatively more important role than CDS in transmitting the volatility to the 

bond markets. In the mean time the bond markets played a relatively more important 

role than equity markets in transmitting volatility to the CDS market. The bond market 

also played a more important role in transmitting volatility to equity market than CDS 

market and they concluded that CDS market has received more volatility than they 

have transmitted. They came to the result that the linkage gets stronger as investors 

search for high yield returns across different asset classes. Baba (2009) employed 

the GARCH-BEKK presentation to investigate volatility spillovers between FX swaps 

and basis swaps in the euro-dollar basin before and during the turmoil of 2007-2008. 

Using a data sample covered the period between 2006 and 2008. Baba found 

volatility spillovers from FX swaps to cross-currency basis swaps for the turmoil 
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period. The reason behind this was that European financial institutions had a 

shortage in dollar funding and US financial institutions were unwilling lend their funds 

because of counterparty risk. European Financial institutions started to turn Euros to 

dollars by using FX swaps and when the market participants realized that the turmoil 

will last longer, they turned short-term funding through FX swaps to long-term funding 

through cross-currency basis swaps. 

 

Karmakar (2010) studied volatility and return transmissions between small and large 

equity portfolios in Indian markets employing the standard GARCH-BEKK model and 

an asymmetric GARCH-BEKK model. The main findings with standard model were 

that there is a unidirectional spillover effect from large stocks to small stocks. When 

using asymmetric model the relationship is bidirectional, and return spillovers from 

large stocks to small stocks are highly significant. 

 

This thesis follows Meng et al (2009)’s study to use multivariate GARCH-BEKK 

model to search spillovers between CDS, equity and bond markets. Their study 

concentrated in a period of stable growth, but here the same methodology is used to 

search spillovers during the era of stable growth and in two stages of the financial 

crisis, which began in 2007. These stages concentrate on how the ongoing financial 

crisis has affected spillovers and what kind of impact the collapse of Lehman 

Brothers had for volatility spillovers. 

 

4. Methodology and data 
 

4.1 Description of asset classes 
 

In this part we discuss the assets classes that we use in our study in further detail. 

The following section expands the credit default swaps concept, how they are 

defined, and what are their attributes and features. The second part describes bond 

and equity markets and gives their definition and characteristics. The purpose of this 

part is to give an idea what are these securities and how they are related to each 

others. 
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4.1.1 Credit default swaps 

 

A credit default swap (CDS) is a contract between two parties that provides 

insurance against the default risk. The investor buys protection against some 

company’s default, this company is called reference entity and the default is known 

as a credit event. If the credit event occurs, the buyer of the CDS is entitled to 

receive the bond’s face value, which the issuer of the CDS is forced to pay.  The face 

value of the bond is referred to as the credit default swap’s notional principal. (Hull 

2009, 518) The reason for our interest in credit derivatives is because their value 

does not depend on their underlying assets value, for example reference entity’s 

stock’s market price. Probability of default, which is calculated by using a modified 

Black and Scholes formula by Merton (1974) known as Merton’s model, is the only 

factor that is taken into account when determining the price of the CDS. The CDS 

spread should be approximately the same as the reference entity’s bond’s yield 

spread (Hull 2009, 520). 

 

CDS markets have grown rapidly since the late 90’s. In 1997 the notional amount of 

CDS was $180 billion and in 2007 it had increased to $62.2 trillion. The large 

outstanding notional has made CDS markets more efficient, and investors can use 

them for hedging and speculative purposes. Nowadays there are CDS indices, that 

are constructed from more than one CDS and they are used by investors to hedge 

against more than one company’s default risk simultaneously. They have made 

speculating even easier for investors. (Fung et al 2008, 43) The Parties of CDS 

markets are insurance companies, who are common sellers of CDS contracts, banks, 

funds and private investors that concentrate on purchasing CDS contracts. 

Investment banks started to pool subprime mortgages as asset-backed securities, 

they then took out insurance against the default risk of the subprime mortgages from 

large insurance companies, such as American International Group. In that way they 

got their asset-backed securities credit ratings up to investment grade. When the 

subprime crisis began, insurance companies drifted into a trouble. (Arvopaperi 2008; 

Grouhy et al 2008, 81-84; 89-90) 

 
 

 



14 
 

 

 

4.1.2 Bonds and equities 
 

Bonds are debt securities; they are a claim on a specified stream of cash over a 

certain period. Bonds are also known as fixed-income securities, because they 

promise certain fixed periodic payments or the income stream is defined by a 

previously determined formula. Bonds are relatively easy to evaluate, because their 

payment formulas are known. Bonds are low risk investments, if an investor holds the 

bond to its maturity the only risk is the default risk. Bond prices and rate of returns 

have an inverse relationship. If interest rates increase, bond prices will decrease. 

Bonds are issued by governments, companies and municipalities.  Governments are 

thought to be almost risk-free, because they can print more money if needed. 

Corporate bonds are divided into two groups by their credit risk. The first group is 

called investment grade, which is considered to have low a credit risk. The second 

group is called high-yield, as they have a much higher credit risk. The yield spread 

for bonds increase in transition from investment grade to high-yield or speculative 

grade. (Bodie et al 2006, 457-458;460;479-481) 

 

Equities are shareholder capital invested into company. Two of the main 

characteristics of equities are residual claim and limited liability. Residual claim 

means that if the company files for bankruptcy, shareholders are the last party to get 

their money back. Usually they leave the company to its debtors.  Limited liability 

means that shareholders are responsible only for the amount they have invested. 

The price of the stock should represent the fundamentals of the company’s financial 

situation. A bonds market value is the present value of its cash flows, as is the price 

of the share. It reflects the present value of company’s future cash flows. These cash 

flows can be dividends or free cash flows from the firm, depending on the valuation 

model. (Bodie et al 2006, 46-47; 68; 621-622; 644) In the short run stock prices are 

quoted randomly, and this is called a random walk. Share prices follow stochastic 

process, which is referred as Wiener process (Vaihekoski 2004, 303). 

 

CDS markets and equity markets and bond markets have an inverse relationship. If 

default probability increases, required rate of return increases and hence price of 

equities and bonds decreases. Default probability rising means that the CDS spread 
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will increase, due to this, it is important to understand the linkage and how 

information flows between these assets. 

 

4.2 Methodology 

 

In this thesis the GARCH(1,1)-BEKK model is employed and we start our model 

parameterization by defining the conditional mean equation. It is presented in 

equation (17)1. 

                    (17) 

    (18) 

 

Where the  is a 3x1 vector of daily returns at time t for CDS, equity and bond 

markets.  is a constant 3x1 vector and  is a 3x1 innovation vector. After the 

definition of the mean equation we can move on to the GARCH-BEKK model, which 

is presented in equation (19). 

 

                   (19)
   

 

Where A and G are 3x3 parameter matrices and C is restricted to be lower triangular. 

 is the ARCH effect and it measures how shocks, previous day’s 

innovations, are effecting, and  is the GARCH effect and it measures the 

volatility spillovers. In a trivariate case, the second moment of the BEKK-model can 

be written as: 

 

  (20) 

 

And the second moment can be expanded in the following form: 

 

                                                 
1
  In this thesis the WinRats default conditional mean equation ( ) is employed and means in our 

result Tables are constatnt terms (Estima 2007, p.431). 
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 (21) 

 

(22) 

 

      (23) 

 

From equations (21), (22) and (23) the direction of causality from one asset to 

another can be tested. For example, when testing the causality from CDS to equity, 

we set , , , , , , , , ,  to zero. Now the conditional 

variance equations take the following form: 

 

                  (24) 

 

 

                                                         (25) 

 

                   (26) 

 

Other directions of causality from one asset to another asset can be tested in a 

similar manner. GARCH models are not linear models and hence the least squares 
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methods cannot be used to solve its parameters. Instead, to solve the GARCH 

functions the technique called maximum likelihood must be employed. In a 

multivariate case, parameters can be solved by maximizing equation (27).  

 

(27) 

     

              (28) 

 

Where T is the number of observations, θ denotes all the unknown parameters to be 

estimated. L is the joint log likelihood and  is the log likelihood of observations. This 

function is optimized by using Broyden, Fletcher, Goldfarb and Shanno (BFGS) 

algorithm. (Brooks 2002, 455-466;510; Engle & Kroner 1995, 137-138) 

 

 and measure conditional CDS return volatility’s dependence on its own lagged 

volatility, here A is the ARCH effect and G is the GARCH effect.  and  measure 

the dependence of equity’s conditional return volatility on its own lagged volatility.  

and measure the dependence of bond’s conditional return volatility on its own 

lagged volatility.  and  measure the dependence of conditional CDS return 

volatility on equity’s lagged volatility of returns.  and  measure the dependence 

of conditional CDS return volatility on bond’s lagged volatility of returns.  and 

measure the dependence of equity’s conditional return volatility on CDS lagged 

volatility of returns.  and  measure the dependence of equity’s conditional 

return volatility on bond’s lagged volatility of returns.  and  measure the 

dependence of bond’s conditional return volatility on CDS lagged volatility of returns. 

 and  measure the dependence of bond’s conditional return volatility on 

equity’s lagged volatility of return. 

 

The research problem of this thesis is to search for volatility spillovers between CDS, 

equities and bonds. The manner in which they have evolved during the crisis period 

and the effect of the bankruptcy of Lehman Brothers on these spillovers is also under 

scrutiny. The null hypothesis of this thesis is that volatility spillovers are significant 

from CDS to other assets. The null hypothesis is that , , , are significant, 

while rest of the coefficients are insignificant. This means that CDS markets only 
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transmit volatility to equity and bond markets, but do not receive it. Furthermore, 

bond and equity markets do not transmit or receive volatility from each other. The 

alternative hypothesis is that spillovers between equities and bonds are found and 

also that there are spillovers from other assets to CDS. Companies are divided into 

liquid and illiquid companies; the purpose of this is to see how liquidity of one 

company affects spillovers and the linkage between these asset classes. 

 

4.3 Data 

 

In this thesis data is gathered from Datastream. The data is comprised from the 

United States markets and the currency is the US dollar. All companies that might 

include CDS time series, equity time series and bond time series have been included 

in the search. All CDS are 5 year seniors and bonds mature approximately 5 years 

after 3.2.2010. The bonds are selected in a way that they are all straight bonds, with 

a fixed coupon. Bonds with embedded options are left out of the sample, in addition 

to perpetual bonds. If there were many bonds for one company, the one chosen is 

the one closest to this 5 year maturity date. Equities are the stock prices of those 

companies. There were more than 42 companies with these attributes; these are 

shown in Appendix 1. Of these the five most liquid and the five least liquid were 

selected, thus a total of 10 companies were included in this research. The descriptive 

statistics of those companies’ returns are listed in Table 12; the daily average volume 

for 10 days is used as a measure of liquidity of these companies.  The time period is 

from 1.1.2004 to 3.2.2010. Quoted prices of all assets are presented in appendix 2. 

Citigroup’s assets are selected here just to illustrate the effects of financial crisis, 

which started at 2007 and they are presented in Figure 1. 

 

                                                 
2
 Citigroup (Citi), Bank of America (BoA), Morgan Stanley (Morgan) and Black & Decker (B&D) 
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Figure 1. Citigroup’s CDS, Equity and Bond prices from 2004 to 2010. 

 

The data is divided into three separate periods. There is the pre-financial crisis 

period, which expands from 1.1.2004-31.7.2007. Next period covers 1.8.2007-

12.9.2008, the range from the start of the financial crisis to the bankruptcy of Lehman 

Brothers. The third period starts from the day Lehman Brothers filed Chapter 11 

bankruptcy and it spands from 15.9.2008-3.2.2010. Daily returns from 2004 to 2010 

are provided in Appendix 3. Figure 2 shows Citigroup’s assets returns, just to 

illustrate how the turmoil has affected returns. Returns have grown from the pre-crisis 

to crisis period in both directions. 

 

Figure 2. Citigroup’s CDS, equity and bond returns as well as Bank of America’s (BOA) bond returns 
from 2004 to 2010. 
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From the Table 1 one can see that the null hypothesis of normality can be rejected in 

all cases, Jarque-Bera statistics are all significant. When looking at ADF (Augmented 

Dickey-Fuller) values, all data series are stationary and same conclusions can be 

made from Figure 2. The ARCH effect was absent in 4 cases (Bank of America, 

Black & Decker, Bre properties and Autozone), see ARCH-LM statistics. All four 

assets were bonds and three of them were bonds of illiquid companies. As can be 

seen in Figure 2, Bank of America’s (BOA) bond returns show that after the crisis 

period started the bond became more illiquid in markets and this has caused 

insignificant ARCH-LM statistics. More details are shown in Appendix 4. The rest of 

the figures are presented in Appendix 5. Six of the companies studied had a negative 

mean in their equity returns. CDS had the largest daily standard deviation; equities 

had the second largest deviation while bonds had the lowest standard deviation. 

Liquid companies had a larger standard deviation than illiquid companies in their 

equity returns.  

 

Table 1. Summary of descriptive statistics, from 2004 to 2010 

 
Panel A: daily CDS returns 

 Citi BoA Pfizer Aloca Morgan Goodrich B&D Bre Polyone Autozone 

Volume 366 M 195 M 70 M 41 M 20 M 1.5 M 1.2 M 1.1 M 0.7 M 0.5 M 

Mean 0.1561 0.1143 0.0963 0.1537 0.0929 -0.0038 0.0259 0.0769 -0.0145 0.0416 
Volatility 6.3362 5.6387 7.9232 5.1915 5.9721 4.1549 4.6083 18.0941 4.2914 4.1957 
Skewness -0.5368 0.0296 0.3979 1.4546 -1.4637 -0.0095 -0.9514 0.1514 -1.4595 -0.0076 
Kurtosis 18.4856 5.9214 6.4169 20.4118 52.0759 5.0768 23.9667 136.9878 91.4904 3.5864 
JB 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 
ADF -38.4609* -37.5874* -35.7717* -42.5076* -25.1290* -24.5578* -38.8240* -15.1159* -24.8983* -24.7340* 
ARCH-LM 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

           
Panel B: daily equity returns 

Mean -0.1679 -0.0599 -0.0403 -0.0652 -0.0342 0.0486 0.0232 -0.0030 0.0103 0.0385 
Volatility 4.3935 4.0557 1.6619 3.1107 4.0008 2.1372 2.2900 2.8329 3.4692 1.8402 
Skewness -0.4114 -0.2516 -0.4411 -0.1972 1.8517 -0.1368 0.6164 -0.0058 1.8490 -0.1434 
Kurtosis 29.1017 19.8485 8.2343 8.4148 50.2495 6.9654 21.4243 10.9715 3.3508 12.0143 
JB 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 
ADF -22.9874* -26.4448* -31.6353* -38.8447* -22.7696* -43.4092* -38.5721* -46.0295* -43.0440* -42.7005* 
ARCH-LM 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0360 0.0000 0.0000 0.0000 

           
Panel C: daily bond returns 

Mean -0.0099 -0.0018 0.0033 -0.0089 0.0025 0.0020 -0.0049 -0.0062 0.0081 0.0077 
Volatility 0.7366 0.4585 0.5959 0.6732 1.4049 0.5338 0.3137 0.3988 1.1159 0.5239 
Skewness 0.8451 -1.8636 0.3690 -0.6580 9.3352 0.5883 -2.2338 -1.6300 9.3145 0.5867 
Kurtosis 19.3861 110.5072 9.9877 17.9034 308.0671 13.7104 41.1836 124.7783 63.0029 108.2621 
JB 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 
ADF -37.8554* -40.0175* -40.7998* -36.8623* -10.8537* -38.1786* -39.4337* -40.0613* -15.8941* -39.5088* 
ARCH-LM 0.0000 0.6352 0.0000 0.0000 0.0000 0.0007 0.9996 0.9871 0.0001 0.4279 

There are 1589 observations, from 1.1.2004 to 3.2.2010. * denotes significance at a 5 % risk level. 
ARCH-LM and Jarque-Bera (JB) values are p-values. 
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5. Empirical results  
 

5.1 Pre-financial crisis period 

 

We start our empirical results with some discussion about the conditional mean’s 

constant term; statistical significance means that the mean of returns differs from 

zero. From investor’s point of a view, a positive and significant mean would imply that 

most of the returns have been positive. As can be seen from Table 2, there are two 

companies (Alcoa and Polyone) with negative mean returns in CDS ( ).  In equity 

returns ( ) a single case (Goodrich) positive mean return can be found.  

 

Table 2. Conditional mean equations 

 
 Liquid Companies Illiquid Companies 

 Citi BoA Pfizer Alcoa Morgan Goodrich B&D Bre Polyone Autozone 

 
-0.0692 -0.0474 0.1678 -0.4604* -0.1315 -0.1589 0.0035 0.4850 -0.2916* -0.0901 

0.5712 0.713 0.4794 0.0004 0.1691 0.1421 0.9754 0.0629 0.0007 0.4071 

 
0.0006 0.0224 -0.0378 -0.0553 0.0694 0.1065* 0.0511 -0.0252 0.0752 0.0526 
0.9831 0.3879 0.2976 0.2972 0.1142 0.0356 0.2666 0.4882 0.3022 0.2124 

 
-0.0044 -0.0106 -0.0094 -0.0220 -0.0076 -0.0010 -0.0123 0.0060 0.0302 -0.0016 

0.7642 0.1378 0.5112 0.0990 0.2841 0.9402 0.0919 0.3479 0.0543 0.8717 

*denotes significance at a 5 % risk level. is CDS constant,   is equity’s constant and  is bond’s 
constant term.  
 

The previous day’s innovation of CDS affects today’s return volatility of CDS, equities 

and bonds. The effects on the previous day’s innovations, the ARCH effects, are 

presented in Table 3. It was distinguished, that in all cases the previous day’s 

innovation affected today’s return volatility among CDS in a positive semi-strong 

effect. On the other hand the previous day’s innovation of CDS only affected today’s 

equity return volatility in three cases, namely Goodrich, Polyone and Autozone, and 

even in these cases, the effects were weak and all companies were illiquid. Findings 

were similar with regards to the previous day’s innovations effects towards bond 

return volatilities. Previous day’s innovation only affected the bond return volatilities 

of three companies, Bank of America, Pfizer and Polyone. The shock effects were 

weak and negative in most cases.   

 

In a similar manner the previous day’s innovation of CDS in equity was affecting CDS 

return volatility in five cases. In the cases Pfizer, Alcoa, Morgan Stanley, Goodrich, 

Bre Properties the shock effects were strong. The shock effect was negative in the 

cases of Morgan Stanley, Goodrich, Bre Properties. The Previous day’s innovation of 
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CDS in equity affected today’s equity return volatility in six cases; these cases were 

identified as Bank of America, Pfizer, Alcoa, Morgan Stanley, Goodrich and Polyone. 

These effects were found to be weak in all cases, and more common among liquid 

companies. The previous day’s innovation of CDS’s effect on today’s bond return 

volatility was limited to four companies and the effects were weak. 

 

The previous day’s innovation in bond had a very strong effect on CDS return 

volatility among seven companies. These were Pfizer and Alcoa from liquid 

companies and all illiquid companies.  The previous day’s innovation in bonds was 

affecting strongly to equity return volatility among three companies, namely Bank of 

America, Goodrich and Black & Decker. Finally the previous day’s innovation in bond 

had a semi-weak effect to its own return volatility among eight enterprises (excluding 

Alcoa and Goodrich). 

 

Now we move our focus from the ARCH effects to the spillover effects, and these 

results are presented in Table 3. The spillover between today’s return volatility and 

lagged return volatility of CDS was found to be weak and positive in all cases. 

Meanwhile, lagged CDS return volatility spilled over to equity return volatility in five 

cases. These cases were Pfizer, Alcoa, Morgan Stanley, Polyone and Autozone, but 

these spillovers were weak and mostly negative. Weak volatility spillovers from the 

lagged return volatility of CDS to bond return volatility were found among three illiquid 

companies, namely Goodrich, Polyone and Autozone.  

 

In the next two paragraphs we move our focus from CDS on to other assets to 

spillovers between equities and other assets. Lagged equity return volatility spilled 

over weakly to its own return volatility among six companies, namely Bank of 

America, Alcoa, Goodrich, Black & Decker, Polyone and Autozone, of these four 

were illiquid. Weak volatility spillovers were once again found deriving from lagged 

equity return volatility affecting CDS return volatility among four illiquid companies 

(Goodrich, Black & Decker, Polyone and Autozone) and one liquid company (Alcoa). 

It can be pointed out that the CDS market was receiving more volatility from the 

equity market than they were transmitting, in three cases spillovers were bidirectional 

and in four cases unidirectional. Volatility spilled over weakly from lagged equity 
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return to bond returns among six companies, two of those companies were liquid 

(Citigroup and Pfizer) and four of them were illiquid (all except Black & Decker).  

 
Table 3. Volatility spillovers: results from the GARCH-BEKK model  

  

 
Where A and B are 3x3 matrices and C is a 3x3 triangular matrix  

 Liquid Companies Illiquid Companies 

 Citi BoA Pfizer Alcoa Morgan Goodrich B&D Bre Polyone Autozone 

 
-0.6661* -0.5681* 3.3368* 0.3405 0.3845 0.2468 0.2951 1.1180* 1.6125* 0.6749 

0.0000 0.0007 0.0004 0.8892 0.3352 0.1518 0.3410 0.0143 0.0000 0.0693 

 
0.0144 0.0090 0.2242 0.3093 1.1682* -0.5415 1.2297* -1.1784* -1.4277* 0.4923* 
0.9718 0.9620 0.1836 0.7466 0.0019 0.1375 0.0146 0.0000 0.0000 0.0000 

 
0.1067   0.2891* -0.0333 0.3345* 0.2343 0.0000 0.3350 -0.0001 0.0000 -0.0372 
0.5031 0.0000 0.8545 0.0151 0.8993 1.0000 0.8483 0.9999 1.0000 0.8641 

 
-0.0495 0.0017 -0.0868 0.0952 -0.0076 -0.3491* -0.0178 -0.0679 -0.0847* -0.0306* 
0.8574 0.7495 0.4357 0.9152 0.6297 0.0000 0.3919 0.2488 0.0000 0.0221 

 
0.3160* 0.0019 -0.3809* 0.3826 0.0076 -0.0001 -0.0130 0.0000 0.0000 0.0026 
0.0000 0.7945 0.0000 0.1171 0.4224 0.9999 0.6059 0.9999 1.0000 0.9000 

 
0.0000 0.0000 0.0001 -0.0001 0.0000 0.0000 0.0002 0.0000 0.0000 0.0001 

1.0000 1.0000 1.0000 0.9999 0.9998 1.0000 0.9945 1.0000 1.0000 0.9954 

 
0.3058*   0.3081* 0.4569* 0.7683* 0.3426* 0.2754* 0.3835* 0.6105* 0.8041* 0.1877* 

0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

 
-0.0103 -0.0052 -0.0124 0.0139 0.0235 0.0530* 0.0010 -0.0020 -0.1182* 0.0662* 
0.3760 0.4010 0.0617 0.4195 0.0977 0.0116 0.9540 0.2061 0.0000 0.0000 

 
-0.0065 0.0027* -0.0062* 0.0023 -0.0006 -0.0015 -0.0011 -0.0003 -0.0127* 0.0031 
0.2043 0.0016 0.0019 0.5911 0.5942 0.7697 0.3727 0.2231 0.0005 0.1511 

 
-0.3271 0.2978 1.9271* 1.2942* -0.2915* -0.4202* 0.0065 -2.0280* -0.0462 -0.0645 
0.1504 0.4521 0.0000 0.0000 0.0004 0.0000 0.9716 0.0000 0.3567 0.5121 

 
-0.0123 0.1400* -0.2368* 0.1744* 0.3541* 0.3784* 0.1447 0.0030 -0.1202* -0.0039 
0.8640 0.0104 0.0024 0.0004 0.0000 0.0000 0.0638 0.9591 0.0003 0.9173 

 
0.0834* 0.0006 0.0829* -0.0097 0.0013 -0.0212 0.0048 -0.0515* 0.0413* 0.0092 
0.0008 0.9301 0.0001 0.4969 0.7672 0.2344 0.1289 0.0000 0.0000 0.1188 

 
0.0856 -0.6428 3.6692* 3.2020* -0.0476 -0.8137* 1.3400* 7.9434* -1.7818* 3.5826* 
0.7992 0.2369 0.0003 0.0000 0.9029 0.0002 0.0079 0.0000 0.0000 0.0000 

 
0.1066 -0.3017* -0.0214 0.0760 -0.5285 0.9510* 1.4893* 0.5572 -0.1809 -0.1757 
0.4670 0.0307 0.9226 0.7138 0.0910 0.0000 0.0000 0.1395 0.1989 0.3054 

 
-0.1458* 0.1106* 0.1375* -0.0775 0.1286* 0.0982 0.1017* 0.8201* -0.1328* -0.0855* 

0.0223 0.0000 0.0138 0.1677 0.0000 0.0865 0.0000 0.0000 0.0000 0.0441 

 
0.9433* 0.9484* 0.5850* 0.3655* 0.9420* 0.9366* 0.8957* 0.7825* 0.5552* 0.2406* 

0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

 
-0.0204 -0.0011 0.0766* -0.0746* -0.1004* -0.0092 -0.0116 0.0025 -0.0623* 0.2716* 
0.2602 0.6666 0.0000 0.0000 0.0127 0.6745 0.5240 0.2734 0.0033 0.0000 

 
0.0117 -0.0005 0.0039 -0.0065 0.0010 0.0152* 0.0005 0.0002 -0.0546* -0.0204* 
0.0749 0.1226 0.3043 0.2379 0.3215 0.0428 0.3876 0.7017 0.0000 0.0159 

 
0.0049 -0.0062 1.0351 -1.5091* 0.3684 0.4312* -0.5809* -0.4802 0.3066* -2.2592* 
0.9949 0.9795 0.2556 0.0000 0.0669 0.0013 0.0003 0.3340 0.0000 0.0000 

 
-0.1061 0.9196* 0.0680 0.5719* 0.2144 0.3676* 0.4034* -0.2805 0.5907* 0.5850* 
0.7189 0.0000 0.7093 0.0000 0.3192 0.0071 0.0026 0.3612 0.0000 0.0000 

 
0.3385* -0.0011 -0.1250* -0.0306 0.0039 -0.0929* 0.0090 0.1466* -0.1237* 0.0458* 
0.0000 0.7610 0.0002 0.2162 0.6324 0.0023 0.1736 0.0000 0.0000 0.0008 

 
-0.1639 0.0360 -10.3663* 4.8427* -0.0269 -0.4072 0.2857 13.9306* -0.9387* 3.2900* 
0.8712 0.6903 0.0000 0.0008 0.8603 0.5084 0.2449 0.0000 0.0001 0.0000 

 
1.9885* 0.0541* 2.3431* 2.7982* 0.0209 2.8825* 0.2227 0.2786 -3.1412* 0.4413 
0.0000 0.0371 0.0000 0.0000 0.9431 0.0000 0.3284 0.3874 0.0000 0.1572 

 
0.0236 0.9926* -0.0340 -0.3133 0.9902* -0.3427 0.9864* -0.0539 -0.6774* 0.9360* 

0.9313 0.0000 0.7814 0.1078 0.0000 0.1603 0.0000 0.5577 0.0000 0.0000 

Results from GARCH-BEKK model in pre-crisis period. Here is used WinRats program. Log Likelihood 
function is WinRats default, BFSG-algorithm. All the grey figures are p-values and black values are 
coefficients* denotes significance at a 5% risk level. 

 

Finally we examine spillovers from the bond market to the other markets as well as 

the bond market itself. In five cases (Bank of America, Morgan Stanley, Black & 

Decker, Polyone and Autozone) volatility spillover from lagged bond return volatility 

to its own return volatility was found, but these spillovers were weak.  Contrary to 
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prior results, strong spillovers were found from lagged bond return volatility to CDS 

return volatility among five companies, namely Pfizer, Alcoa, Bre Properties, Polyone 

and Autozone. It can be stated that the CDS market received more volatility from the 

bond market than they transmitted, in two cases spillovers were unidirectional and in 

the other cases it was bidirectional. Lagged bond returns volatility spilled over 

strongly to volatility of equity returns among six companies. Four of these companies 

were liquid (excluding Morgan Stanley) and two of the companies were illiquid 

(Goodrich and Polyone). It can be said that the bond market lead the volatility to the 

equity market. 

 
Table 4. Diagnostic tests 

 
 Liquid Companies Illiquid Companies 

 Citi BoA Pfizer Alcoa Morgan Goodrich B&D Bre Polyone Autozone 

LogLik -4507.55 -3694.05 -5459.4 -5132.05 -3887.41 -4595.98 -4196.56 -5014.20 -5278.47 -4348.57 

 95.3204* 77.3775* 133.0526* 66.5633* 47.5656 53.3147 52.113 73.1892* 72.4806* 58.0369* 

 82.4413* 59.1671* 108.7227* 57.4714* 58.0833* 35.9479 60.4680* 79.1949* 83.2570* 46.3566 

 47.7421 38.7404 48.6560 45.2215 58.6487* 55.4620 42.5078 42.3875 71.5370* 42.4777 

 32.8806 53.1365 19.7733 41.7081 55.1550* 41.3132 23.8366 51.0565 50.2358 18.0872 

 31.2419 35.9459 34.0552 68.2474* 26.5284 50.9439 24.5399 67.0885* 28.4581 46.4898 

 34.5678 49.3731 25.6188 82.9276* 57.7217* 47.8368 28.6954 73.3148* 54.0839 25.6570 

LB is Ljung-Box statistics and * denotes significance at a 5 % risk level. c denotes CDS, e denotes 
equity and b denotes bond. LB test are made with 10 lags. 

 

After our results it is good to discuss about our model specification, which is done by 

examining the Ljung-Box (LB) and squared LB statistics. LB statistics give 

information about our models residuals and their randomness. These results are 

presented in Table 4, which shows that; in most cases squared LB statistics are 

insignificant and thus we can argue that our model specification is appropriate. 

 

As a conclusion, next to none statistically significant constant terms of conditional 

mean equation were found. The CDS market received more volatility from both, the 

equity market and the bond market, than it transmitted. The bond market led the 

volatility to the equity market. These findings are in line with Meng et al (2009)’s 

findings. Among some companies volatility spilled over in two directions and whilst 

among others, volatility spilled over in only one direction. Volatility spillovers and 

ARCH effects were found more often among illiquid companies than liquid 

companies. These results mean that investors were not facing CDS markets volatility 
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risk, on the other hand, CDS markets could not be used to find information that was 

not already priced by market participants. 

 
 

5.2 During the financial crisis 

 

There are several reasons why this financial crisis started in 2007; one of the most 

basic reasons is that banks admitted mortgage loans to people who could not afford 

to repay these mortgages, these mortgages were called subprime mortgages. After 

they were sold to people, these mortgages were securitized and sold forward to 

investment banks. Investment banks pooled these subprime mortgages and bought 

insurance on them, namely CDS. When credit rating agencies rated these asset-

backed securities, they rated them as investment grade. The first signs of the 

upcoming crisis were seen in 2007, when Freddie Mac announced that it would stop 

buying securities, which contained subprime mortgages. In April 2007, New Century 

Financial Corporation (NCFC), filed for chapter 11 bankruptcy protection, NCFC was 

the leading lender of subprime mortgages. On 1st of June 2007 S&P and Moody’s 

downgraded over 100 asset-backed securities and in July S&P put over 600 

securities under the credit watch. In the meantime Countrywide announced some 

difficult conditions and Bear Stearns liquidated two of its hedge funds. These and 

many other events resulted in banks starting to have difficulties borrowing short 

money off the interbank markets. The first big crash was the bankruptcy of Bear 

Stearns in March 2008. (Federal Reserve St. Louis 2010) It is important to know how 

these events have affected investors’ portfolios risks. 

 

5.2.1 Before the bankruptcy of Lehman Brothers 
 

This chapter concentrates on how volatility spillovers and innovations have evolved 

and whether they become stronger and more common than during the pre-crisis 

period; implying that linkage between these assets have grown. We start this chapter 

by discussion of conditional mean equation’s constant term and these results are 

presented in Table 5. In this period two statistically significant constants were found. 

A positive return was found in Morgan Stanley’s CDS and a negative constant term in 

Bank of America’s equity. 
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Table 5. Conditional mean equations 

 
 Liquid Companies Illiquid Companies 

 Citi BoA Pfizer Alcoa Morgan Goodrich B&D Bre Polyone Autozone 

 
0.4920 0.3517 0.2584 0.1997 0.7329* 0.1497 0.0307 0.6338 -0.1521 0.0444 

0.1317 0.3403 0.3895 0.4526 0.0194 0.5807 0.8736 0.1606 0.2219 0.8634 

 
-0.2421 -0.2517* -0.1174 -0.0413 -0.0704 -0.1238 -0.0441 -0.0268 0.0100 0.0886 
0.1223 0.0255 0.1001 0.7724 0.6452 0.2456 0.6763 0.8286 0.9533 0.4170 

 
-0.0383 -0.0157 0.0384 -0.0374 0.0031 0.0166 0.0119 -0.0036 0.0266 0.0006 

0.3019 0.3100 0.2193 0.1598 0.9069 0.5667 0.4201 0.8040 0.1800 0.9786 

*denotes significance at a 5 % risk level. is CDS constant,   is equity’s constant and  is bond’s 
constant term.  

 

Results from the GARCH-BEKK model are presented in Table 6, after which we start 

our discussion about the ARCH effect. The previous day’s innovation in CDS had a 

weak positive effect on its own return volatility among seven companies, all liquid 

companies as well as Goodrich and Polyone. The previous day’s innovation in CDS 

affected weakly on three equities, namely Pfizer, Morgan Stanley and Autozone. 

Simultaneously equities’ previous day’s innovation had a weak effect towards the 

CDS of three companies; those companies were Citigroup, Pfizer and Morgan 

Stanley. The previous day’s innovation in CDS had a weak effect on bond volatility 

among seven companies (all the studied companies excluding Bank of America, 

Morgan Stanley and Autozone). The previous day’s innovation in bonds had a bigger 

effect on CDS than vice versa and these shock effects were found in four cases. 

These enterprises were Citigroup, Pfizer, Alcoa and Black & Decker.  

 

In a similar manner the previous day’s innovation in equity had a medium affect on its 

own return volatility. This effect was found among seven companies and those 

companies were all the studied companies excluding Bank of America, Morgan 

Stanley and Autozone. Meanwhile, the previous day’s innovation in equity was 

affecting weakly towards bond return volatility, and innovation was found among 

three companies (Bank of America, Pfizer and Morgan Stanley).  The previous day’s 

innovation in bond had a semi-strong effect on equity return volatility and it can be 

found in three cases. These three companies were Bank of America, Black & Decker 

and Autozone. The previous day’s innovation in bond market had a semi-weak effect 

towards its own return volatility, and it could be found among seven companies. 

These corporations contained all studied companies excluding Pfizer, Black & 

Decker and Autozone. When comparing these shock effects between the pre-crisis 

period and the crisis period covering the time before the collapse of Lehman 
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Brothers, Shock effects have decreased. This indicates that markets are using 

shocks, unexpected returns that appear in the CDS market more than before in their 

investment decisions.  The ARCH effects have also decreased from the equity 

market to the CDS market during the first stage of the crisis period. 

 
The next three paragraphs discuss about volatility spillovers between assets and 

results are shown in Table 6. Positive but weak volatility spillovers between CDS’s 

lagged return volatility to its own return volatility were found among seven 

companies, namely Citigroup, Pfizer, Morgan Stanley, Goodrich, Black & Decker, 

Polyone and Autozone. Weak spillovers from CDS return volatility to equity return 

volatility were found in six cases (Citigroup, Pfizer, Alcoa, Bre Properties, Polyone 

and Autozone). Even though these spillovers are weak they are in most cases 

stronger than in the pre-crisis period. Volatility spilled over weakly from equity returns 

to CDS returns and these spillovers were found among seven companies (Citigroup, 

Bank of America, Pfizer, Alcoa, Goodrich, Polyone and Autozone). These spillovers 

were also negative in most cases and volatility spilled over to one direction in just 

three companies. It can be said that equity market led volatility to CDS market. 

 
Volatility spilled over weakly from bond’s lagged return to its own return volatility, and 

this volatility transmission was found in six cases. These companies were Citigroup, 

Pfizer, Goodrich, Black & Decker, Bre Properties and Autozone. One more weak 

volatility spillover was found from CDS to bonds when compared to the pre-crisis 

period. At the same time, bond’s returns transmitted strongly volatility to CDS return 

volatility and spillovers were found in four cases (Citigroup, Morgan Stanley, 

Goodrich and Black & Decker). Even though spillovers were strong they are weaker 

than in the pre-crisis period. There were only two companies that faced bidirectional 

spillover (Citigroup and Black & Decker). Again it can be stated that the bond market 

transmitted more volatility to CDS market than they were receiving. 

 
Weak volatility spillovers from equity’s lagged return volatility to its own return 

volatility were found in to be statistically significant in nine cases, all studied 

companies excluding Alcoa. Volatility spilled over weakly from lagged equity returns 

to bond return volatility and they were found among five companies. These 

companies were Citigroup, Pfizer, Goodrich, Polyone and Alcoa. It can be noted that 

those five companies were almost the same as during the pre-crisis period. Bre 
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Properties did not face volatility spillover anymore. Lagged bond returns transmitted 

volatility semi-strongly to equity returns and they were found in seven cases. The 

companies that did not face any spillover were Bank of America, Goodrich and Bre 

Properties. The bond market led the volatility to the equity market and there could not 

be found any specific pattern on how these spillovers have changed to pre-crisis 

period. In four cases the relationship of spillover was bidirectional and in four cases it 

was unidirectional. 

 

Table 6. Volatility spillovers: results from the GARCH-BEKK model 

  

 
Where A and B are 3x3 matrices and C is a 3x3 triangular matrix  

 Liquid Companies Illiquid Companies 

 Citi BoA Pfizer Alcoa Morgan Goodrich B&D Bre Polyone Autozone 

 
4.5720* 6.2031* 1.9134* 1.0157 0.7538 1.1492 -0.3798 8.9070* 0.0840 0.8122 

0.0000 0.0000 0.0179 0.0716 0.4668 0.3532 0.1420 0.0000 0.3966 0.3808 

 
-0.5893* -0.8147* -0.1661 -0.4805 0.5657 -0.2116 1.2176* -0.2953 0.2526 -1.2153* 
0.0144 0.0000 0.1328 0.2166 0.4381 0.7252 0.0000 0.6662 0.4024 0.0000 

 
0.2213 -0.2109 0.0000 -0.0001 -0.0428 0.6248* 0.0000 0.0001 1.8296* -0.0005 
0.7347 0.2858 0.9999 0.9999 0.8764 0.0197 1.0000 0.9999 0.0000 0.9997 

 
0.0857* 0.0107 -0.0573 0.4832* -0.0984 0.2261 -0.0280 -0.0131 -0.1991* 0.0951* 
0.0146 0.8137 0.1499 0.0000 0.3190 0.4916 0.2209 0.5690 0.0000 0.0017 

 
-0.0710 0.2788* 0.0000 0.0005 0.4079* 0.3055* 0.0000 0.0000 0.1517* 0.0000 
0.7245 0.0000 0.9998 0.9987 0.0000 0.0767 1.0000 0.9999 0.0007 0.9997 

 
0.0000 0.0000 0.0000 0.0005 0.1485 0.0000 0.0000 0.0000 0.0000 0.0000 

1.0000 1.0000 0.9998 0.9988 0.1394 1.0000 1.0000 1.0000 0.9999 1.0000 

 
0.5144* 0.2373* 0.3938* 0.4280* 0.5657* 0.3174* 0.0861 -0.0039 0.1649* -0.1266 

0.0000 0.0052 0.0001 0.0000 0.0000 0.0006 0.1045 0.9680 0.0000 0.2186 

 
-0.0467 0.0328 0.0278* -0.0059 -0.1121* 0.0599 -0.0627 0.0249 0.0501 -0.1295* 
0.1621 0.0605 0.0204 0.9127 0.0034 0.0581 0.0695 0.1104 0.5321 0.0111 

 
0.0250* -0.0002 -0.0187* 0.0209* 0.0087 -0.0203* -0.0270* 0.0046* 0.0406* -0.0041 
0.0028 0.9636 0.0012 0.0065 0.1770 0.0246 0.0000 0.0000 0.0000 0.3673 

 
0.5168* 0.1723 0.6586* 0.0528 0.3984* 0.2107 -0.0168 -0.1672 0.0319 0.1289 
0.0037 0.3482 0.0044 0.6905 0.0107 0.3049 0.8563 0.5565 0.1533 0.3703 

 
0.2646* 0.4384* -0.0610 0.0812 -0.4869* 0.4881* 0.2318* 0.2414* 0.3078* 0.1025 
0.0001 0.0000 0.2792 0.3198 0.0000 0.0000 0.0045 0.0014 0.0000 0.0977 

 
0.0035 0.0261* 0.0546* 0.0234 0.0243* 0.0309 -0.0076 -0.0054 -0.0046 -0.0011 
0.7761 0.0045 0.0087 0.1572 0.0447 0.1033 0.1862 0.3533 0.5713 0.9018 

 
1.6213* 2.5471 3.1827* 1.9444* 1.1650 1.0804 -2.7507* -2.9720 0.3124 1.3277 
0.0081 0.1048 0.0016 0.0012 0.1351 0.2325 0.0001 0.1012 0.1769 0.1575 

 
0.3136 -0.9613* -0.0141 0.7359 -0.5805 -0.2600 1.7252* 0.5563 -0.8625 -1.6805* 
0.1163 0.0227 0.9112 0.0624 0.3212 0.2730 0.0046 0.1983 0.1607 0.0002 

 
0.2571* 0.7379* 0.0262 -0.2819* -0.4485* 0.2454* -0.0891 0.1086* -0.5014* 0.1500 

0.0000 0.0000 0.6918 0.0008 0.0000 0.0011 0.0518 0.0083 0.0000 0.0664 

 
0.4585* -0.4158 0.7959* 0.2726 0.8952* 0.8205* 0.8243* 0.0243 0.9735* 0.9583* 

0.0000 0.1767 0.0000 0.1215 0.0000 0.0000 0.0000 0.9765 0.0000 0.0000 

 
0.1172* 0.0906 0.0336* -0.4399* -0.0825 -0.0399 0.0313 0.1240* -0.4380* -0.1888* 
0.0032 0.0830 0.0008 0.0000 0.0657 0.3662 0.1122 0.0241 0.0000 0.0000 

 
-0.0171* -0.0076 0.0023 0.0105 0.0127 0.0219 -0.0272* -0.0006 -0.0154* 0.0158* 
0.0000 0.6052 0.6447 0.4706 0.0774 0.2911 0.0000 0.8422 0.0000 0.0000 

 
-0.4604* -0.6994* -0.5456* -1.4989* 0.1994 -0.5548* 0.1840 0.2286 -0.0750* 1.3377* 
0.0000 0.0066 0.0003 0.0000 0.1981 0.0325 0.0529 0.7316 0.0011 0.0000 

 
0.9115* 0.9396* 1.0579* -0.0392 0.7747* 0.7065* 0.7258* 0.8652* -0.5930* 0.4147* 
0.0000 0.0000 0.0000 0.8085 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

 
0.0781* -0.0044 -0.0901* 0.0044 -0.0030 -0.0567* 0.0007 0.0020 0.0412* 0.0416* 
0.0000 0.6546 0.0000 0.8594 0.9076 0.0412 0.9434 0.3912 0.0000 0.0133 

 
0.8013* 1.6549 -0.2715 -1.3563 -3.2106* -4.7396* 5.5934* 0.6584 0.6028 -0.8463 
0.0000 0.4404 0.5253 0.2953 0.0082 0.0034 0.0000 0.7350 0.0817 0.2356 

 
-1.5021* 0.6954 0.5383* 3.4921* 2.6285* -0.8538 -1.1231* -0.2320 3.2992* 0.5277* 
0.0000 0.2369 0.0000 0.0000 0.0000 0.0725 0.0002 0.4317 0.0009 0.0000 

 
0.8873* 0.0905 0.8609* -0.1542 0.0767 0.4548* 0.9406* 0.9847* 0.0082 0.9395* 

0.0000 0.3759 0.0000 0.4053 0.6476 0.0181 0.0000 0.0000 0.9294 0.0000 

Results from GARCH-BEKK model during the first stage of the crisis period. Here is used WinRats 
program. Log Likelihood function is WinRats default, BFSG-algorithm. All the grey figures are p-values 
and black values are coefficients* denotes significance at a 5% risk level. 
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Table 7. Diagnostic tests 

 
 Liquid Companies Illiquid Companies 

 Citi BoA Pfizer Alcoa Morgan Goodrich B&D Bre Polyone Autozone 

LogLik. -2020.15 -1739.17 -1638.26 -1760.57 -1873.55 -1712.09 -1481.73 -1758.21 -1509.55 -1631.27 

 64.0669* 69.9117* 41.0749 37.1790 73.0762* 58.7461* 57.5810* 26.7848 69.6525* 79.3795* 

 44.4997 53.9935 46.6358 52.1756 77.3259* 59.5289* 53.5925 38.9304 54.273 68.7983* 

 44.9542 55.8360* 46.2211 34.6000 59.1125* 43.4873 33.5844 28.2288 45.7847 42.1455 

 49.8257 43.7780 25.4781 46.3558 38.6026 18.3424 40.8587 21.6383 53.3499 21.2941 

 28.0536 15.9405 24.4822 45.7971 42.1538 29.3369 31.5209 43.1047 38.1663 37.2894 

 34.1167 24.5156 31.3847 41.7741 55.1029 22.8499 39.3363 29.9536 49.2672 12.4192 

LB is Ljung-Box statistics and * denotes significance at a 5 % risk level. c denotes CDS, e denotes 
equity and b denotes bond. LB test are made with 10 lags. 

 

Ljung-Box statistics for the first stage of the crisis period are shown in Table 7. As 

there can be seen the squared LB statistic is always insignificant and thus we can 

argue that our model is correctly specified and our null hypothesis holds. 

 

To conclude this section, the conditional mean equation’s constant terms were not 

different from zero in most cases. The equity market and the bond market lead the 

volatility to the CDS market. Spillovers from the equity market to the CDS market 

were found more often than in the pre-crisis period, and from the bond market to the 

CDS market they were weaker than they were in the pre-crisis period. Volatility 

spilled over from bond markets to equity markets more often than in another way 

around and they were found to be stronger than before. Overall volatility spillovers 

were more common during the crisis period, before the collapse of Lehman Brothers, 

than they were in the pre-crisis period. Transmission of volatility risk between assets 

had increased and investors were exposed to this risk more than before. Markets 

started to over react on changes in other assets, when they tried to reveal new 

information. 

 

5.2.2 After the bankruptcy of Lehman Brothers 

 

Lehman Brothers announced their bankruptcy on 11.09.2008 and their stock was 

traded for only a few cents on 15.9.2008, and the same day Bank of America 

purchased Merrill Lynch. (Federal Reserve St. Louis 2010) This section studies how 

the collapse of Lehman Brothers has affected on spillover. The bankruptcy of 

Lehman Brothers was a turning point of the financial crisis; it showed the seriousness 

of the crisis to market participants. At this point the real turbulence of the markets 
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began and return volatilities started to rise. In this section the period after the 

bankruptcy of Lehman Brothers is under examination and this section tries to shed 

light on how these spillovers have changed compared to previous periods. 

 

The conditional mean equation’s constant terms are presented in Table 8. In four 

cases the constant term was statistically significant, Morgan Stanley’s CDS had a 

negative constant term, Black & Decker and Bre Properties had a positive constant 

term in their equity returns. Autozone’s bond return had a positive constant term in 

this period. Statistically significant mean returns were found more often than before, 

but they are still uncommon. 

 
Table 8. Conditional mean equations 

 
 Liquid Companies Illiquid Companies 

 Citi BoA Pfizer Alcoa Morgan Goodrich B&D Bre Polyone Autozone 

 
-0.0139 -0.1162 0.0613 0.0783 -0.4596* 0.0380 -0.2893 -0.3515 0.0163 -0.2200 

0.9651 0.6844 0.7400 0.7023 0.0463 0.8617 0.1824 0.0641 0.9330 0.2769 

 
-0.1800 -0.2343 -0.0023 -0.2090 -0.0387 0.1274 0.3419* 0.6171* 0.2771 0.0274 
0.4480 0.0961 0.9825 0.2378 0.8096 0.2775 0.0464 0.0000 0.1647 0.7500 

 
0.0484 0.0068 0.0265 0.0323 0.0075 0.0264 0.0152 0.0095 0.0419 0.0442* 

0.2987 0.8278 0.5102 0.5029 0.7535 0.4986 0.3721 0.4805 0.5356 0.0325 

*denotes significance at a 5 % risk level. is CDS constant,   is equity’s constant and  is bond’s 
constant term.  
 

Results from the GARCH-BEKK model are presented in Table 9. The previous day’s 

innovation in CDS was affecting weakly to its own return volatility among eight 

companies. These companies included all studied companies except Bank of 

America and Bre Properties. The previous day’s innovation in CDS market had a 

weak and mostly negative effect on equity return volatility and they were found also 

among eight companies (excluding Citigroup and Bank of America). The previous 

day’s innovation had a weak and also mostly negative effect on bond return volatility 

among seven companies (excluding Pfizer, Alcoa and Black & Decker)  

 
The previous day’s innovation in equity was affecting weakly to CDS return volatility 

among six companies, namely Citigroup, Bank of America, Pfizer, Morgan Stanley, 

Goodrich and Autozone. Even though these effects were weak they were stronger 

than from CDS to equity. This reflects that unexpected returns in the equity market 

had played a relatively more important role than the CDS market. The previous day’s 

innovation in equity market had a semi-weak effect on its own return volatility, and 

the effect was found among seven companies (excluding Morgan Stanley, Black & 
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Decker and Autozone). The previous day’s volatility in equity had a weak and mostly 

positive effect on today’s bond return volatility, and the effect was found among six 

companies. These companies were Bank of America, Pfizer, Alcoa, Morgan Stanley, 

Black & Decker and Bre Properties. 

 
Table 9. Volatility spillovers: results from the GARCH-BEKK model  

  

 
Where A and B are 3x3 matrices and C is a 3x3 triangular matrix  

 Liquid Companies Illiquid Companies 

 Citi BoA Pfizer Alcoa Morgan Goodrich B&D Bre Polyone Autozone 

 
0.0579 -1.8750* 1.1889* 3.0988* 2.9186* 2.7783* 1.1733* 3.5500* 3.7411* 3.0172* 

0.9068 0.0000 0.0004 0.0000 0.0000 0.0000 0.0121 0.0000 0.0000 0.0000 

 
-0.3835 0.7414* -0.2560* -1.1451* -0.5174* 0.2425* -2.4379* -0.3235 -1.5581* -0.0533 
0.0538 0.0000 0.0489 0.0000 0.0000 0.0266 0.0000 0.2486 0.0013 0.6337 

 
-0.0022 0.1503 0.0001 0.0000 0.0000 0.0000 1.4584* 0.0000 0.0000 0.0000 
0.9974 0.5325 0.9996 1.0000 1.0000 1.0000 0.0000 1.0000 1.0000 1.0000 

 
-0.2535* -0.4303* 0.2389* -0.1229* 0.0762* -0.1296* -0.0598* 0.0073 -0.2915* 0.0702* 
0.0000 0.0000 0.0004 0.0373 0.0054 0.0272 0.0165 0.6264 0.0120 0.0030 

 
-0.0016 0.0520 -0.0001 0.0000 0.0000 0.0000 0.0601* 0.0000 0.0000 0.0000 
0.9974 0.6314 0.9995 0.9999 1.0000 0.9999 0.0070 1.0000 1.0000 1.0000 

 
0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

1.0000 0.9997 1.0000 0.9998 1.0000 0.9999 1.0000 1.0000 1.0000 1.0000 

 
0.1479* -0.0451 0.4849* -0.8429* 0.5374* 0.2793* 0.6490* 0.0055 0.4445* 0.3293* 

0.0005 0.3125 0.0000 0.0000 0.0000 0.0001 0.0000 0.8848 0.0000 0.0001 

 
0.0298 0.0250 -0.0974* 0.3062* -0.1672* 0.0660* -0.2783* -0.1329* -0.1481* 0.0457 
0.4112 0.6430 0.0003 0.0002 0.0000 0.0062 0.0000 0.0023 0.0190 0.0513 

 
-0.0287* 0.0239* 0.0143 0.0419* 0.0200* 0.0285* -0.0023 -0.0127* -0.0488* 0.0033 
0.0000 0.0051 0.1928 0.0260 0.0157 0.0110 0.4924 0.0000 0.0251 0.5123 

 
-0.1867* 0.1146* 0.1729* -0.0572 -0.2202* -0.5080* -0.0198 -0.0335 -0.0175 -0.5233* 
0.0000 0.0122 0.0413 0.3403 0.0000 0.0000 0.8680 0.3682 0.8451 0.0045 

 
0.3976* 0.1838* 0.2121* 0.2311* -0.0063 0.1680* 0.1976 -0.2754* 0.2914* 0.0822 
0.0000 0.0005 0.0000 0.0000 0.8189 0.0000 0.0974 0.0001 0.0000 0.1395 

 
0.0012 0.1089* -0.1251* 0.0235* 0.0361* 0.0279 -0.0340* 0.0651* -0.0176 0.0151 
0.8584 0.0000 0.0000 0.0239 0.0029 0.1571 0.0015 0.0000 0.2699 0.2053 

 
2.0071* 0.6895* -0.3438 0.0744 -0.4842 -0.5445 -2.0314* -2.4223* -0.0284 -1.0683* 
0.0000 0.0085 0.1402 0.7602 0.1901 0.3257 0.0045 0.0038 0.8539 0.0127 

 
0.1462 -0.2588 0.1448 -0.0255 -0.1584 -0.3255* 3.1159* -1.6138* 0.2085 0.5779* 
0.5551 0.3373 0.06578 0.8736 0.1305 0.0254 0.0000 0.0034 0.1002 0.0000 

 
-0.0182 0.3911* -0.0833 0.0347 0.5331* 0.2545* 0.1197* 0.1971* -0.2053* 0.1383* 

0.6421 0.0000 0.1667 0.2599 0.0000 0.0016 0.0360 0.0001 0.0000 0.0000 

 
0.9422* 0.8958* 0.7102* 0.1391 0.6044* 0.5955* 0.4822* 0.1656 0.3282 0.4771* 

0.0000 0.0000 0.0000 0.2600 0.0000 0.0000 0.0000 0.8203 0.0928 0.0041 

 
0.0228 0.0481* 0.1284* 0.3787* 0.0725* -0.0561* 0.0865 0.0732 0.2174* 0.0215 
0.1143 0.0000 0.0001 0.0000 0.0000 0.0032 0.2712 0.4661 0.0152 0.4422 

 
-0.0153* -0.0290* -0.0981* -0.0036 -0.0128* 0.0480* -0.0157* -0.0026 0.0736* -0.0154* 
0.0000 0.0000 0.0000 0.8498 0.0087 0.0002 0.0059 0.5096 0.0031 0.0347 

 
0.0126 0.0084 -0.1091 -0.1445* -0.0693* -0.1862* -0.6593* -0.0166 0.1175 -0.2067 
0.3987 0.5298 0.1896 0.0177 0.0026 0.0096 0.0002 0.7084 0.1202 0.0687 

 
0.9307* 0.9548* 0.9482* 0.9206* 1.0013* 0.9327* 0.2178 0.9596* 0.9014* 0.9734* 
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.1444 0.0000 0.0000 0.0000 

 
-0.0068* -0.0115* 0.0557* -0.1263* -0.0019 0.0397* -0.0532* -0.0061* 0.0376* 0.0102* 
0.0004 0.0073 0.0024 0.0000 0.2869 0.0000 0.0000 0.0000 0.0003 0.0229 

 
0.8840* -2.8917* 1.8181* -0.6655* 0.1778* -0.1408 -2.3482* -0.1243 -0.1995 0.1772 
0.0000 0.0000 0.0000 0.0125 0.0408 0.7107 0.0012 0.8200 0.1497 0.2895 

 
-0.3362* 1.6577* -0.0160 2.3834* 0.0613* -0.1637* -1.7355* 2.2827* -0.2847* -0.3010* 
0.0002 0.0000 0.8904 0.0000 0.0114 0.0407 0.0038 0.0000 0.0000 0.0000 

 
0.9236* 0.0912 0.7837* 0.8007* 0.8905* 0.8905* 0.7896* 0.7574* 0.9836* 0.9840* 

0.0000 0.0645 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

Results from GARCH-BEKK model during the second stage of the crisis period. Here is used WinRats 
program. Log Likelihood function is WinRats default, BFSG-algorithm. All the grey figures are p-values 
and black values are coefficients* denotes significance at a 5% risk level. 

 

In a similar manner the previous day’s innovation in the bond market was affecting 

strongly today’s CDS return volatility among five companies, namely Citigroup, Bank 
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of America, Goodrich, Black & Decker and Autozone. These ARCH effects were 

positive among liquid companies and negative among illiquid companies. The 

previous day’s innovation in bond had a semi-strong effect on today’s equity return 

volatility. It is noteworthy that innovations in the equity market affecting to the bond 

market were found more often among liquid companies and the previous day’s 

innovation in the bond market was affecting to the equity market more often among 

illiquid companies. The previous day’s innovation in the bond market was affecting 

weakly towards its own return volatility, and it was found among seven companies 

(excluding Citigroup, Pfizer and Alcoa). 

 

Volatility spilled over weakly from lagged CDS return to its own return volatility 

among seven companies (excluding Alcoa, Bre Properties and Polyone). Weak and 

mostly positive volatility spillover from lagged CDS return volatility to equity return 

volatility were found among six companies. These companies were Bank of America, 

Pfizer, Alcoa, Morgan Stanley from liquid and Goodrich as well as Polyone from 

illiquid companies. Meanwhile, weak volatility spillover were discovered from lagged 

CDS return to bond return volatility among eight companies. These enterprises were 

all studied companies excluding Alcoa and Bre Properties.  

 

In the meantime, weak and negative spillovers from lagged equity return towards 

CDS return volatility were found among four companies, namely Alcoa, Morgan 

Stanley, Goodrich and Black & Decker. Relationship between the CDS market and 

the equity market were in the most cases unidirectional, but also three bidirectional 

relationships were found. During the second stage of the financial crisis period 

volatility spilled over from CDS return towards equity return volatility, and this result 

implies there are inefficiencies in the markets. According to Fama (1970), when 

markets are efficient, equity prices reflect all available public information including 

default probabilities. After the collapse of Lehman Brothers high volatility in the CDS 

market led to high volatility in the equity market or vice versa. This also implies that 

market participants faced the volatility risk of the CDS market, even though they did 

not held CDS in their portfolios. Semi-strong and positive volatility transmission from 

lagged equity return to its own return volatility were discovered among nine 

companies (excluding Black & Decker). Finally volatility spilled over weakly from 
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lagged equity return to bond return volatility and it was discovered among nine cases 

(excluding Morgan Stanley). 

 

Thies paragraph moves a focus to spillovers from lagged bond returns to other 

markets returns. Semi-strong volatility spillover were discovered from lagged bond 

return towards CDS return volatility among six companies. These enterprises 

included all liquid companies and Black & Decker from illiquid companies. Spillovers 

between bonds and CDS were found to bidirectional in five cases and unidirectional 

in four cases. As Table 9 shows, CDS received more volatility from bonds than they 

transmitted. Semi-strong and mostly negative spillovers were discovered from lagged 

bond returns towards equity return volatility among nine companies. These 

companies included all the studied excluding Pfizer. In two cases volatility spillovers 

were discovered to be unidirectional and the rest of the cases relationship was 

bidirectional. The equity market received more volatility from the bond market than 

they transmitted to the bond market. Semi-strong and also positive volatility spillovers 

from lagged bond return towards its own return volatility among nine companies 

(excluding Bank of America). 

 
Table 10. Diagnostic tests 

 
 Liquid Companies Illiquid Companies 

 Citi BoA Pfizer Alcoa Morgan Goodrich B&D Bre Polyone Autozone 

LogLik -2879.78 -2678.75 -2231.11 -2592.53 -2752.85 -2299.98 -2142.16 -2173.42 -2805.31 -2080.11 

 42.6679 49.8092 53.6090 90.4312* 46.7297 67.1154* 48.9458 69.2533* 65.7793* 67.3602* 

 68.9499* 47.6794 50.3077 117.7070* 61.9292* 55.7465* 48.9070 60.8587* 99.8724* 59.2926* 

 61.0204* 37.1515 37.8272 83.1046* 69.0664* 43.8878 41.1719 64.1460* 75.3860* 55.4251 

 51.4079 45.8339 63.6780* 33.9671 29.8258 25.4595 42.3774 113.1119* 24.1881 26.1668 

 33.3495 30.3761 53.8990 30.5294 20.4714 60.3534* 24.7337 31.7826 35.1417 41.6195 

 40.9744 48.4351 57.9180* 56.9033* 166.5656* 45.6028 30.9440 53.1614 16.8153 31.5070 

LB is Ljung-Box statistics and * denotes significance at a 5 % risk level. c denotes CDS, e denotes 
equity and b denotes bond. LB test are made with 10 lags. 

 

Ljung-Box statistics for this period are shown in Table 10, as it shows, we can argue 

that the model is specified correctly.  values are found to be insignificant in most 

cases (80%).  

 

To conclude this chapter, volatility spillovers were much more common than they 

were before the bankruptcy of Lehman Brothers, and also shock effects were more 
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common. This was the first period when the CDS market transmitted more volatility to 

the equity market than they received from implying that market participants have 

been exposed to volatility risk of CDS even if they have not been invested in CDS. 

Spillovers from CDS to equities would also mean that market participants have used 

their information when trading equities. The equity market is in this way inefficient 

and all information is not priced correctly and market participants may found 

information about default probabilities by investigating the CDS market. The CDS 

market faced high volatility in this period and this might have been caused when 

investors have speculated about companies default risk. Volatility spillovers between 

the CDS market and the bond market were far more common than they have been. 

Volatility spilled weaker from bonds to CDS than they have been before, but more 

common. Bonds were also transmitting more volatility to the CDS markets than they 

were receiving from the CDS market. Bonds led volatility to equities more often than 

before. Market participants used CDS and bond markets information more than they 

were using equities information and hence equity markets were more inefficient than 

they have been before. 

 
6. Conclusions 

 
Volatility spillovers between CDS market, equity market and bond market were 

investigated by employing the GARCH-BEKK presentation. The companies were 

divided according to their liquidity into two groups and the data sample was divided 

into three sub periods. The first period was the pre-crisis period, while the other two 

periods covered the financial crisis period between 2007 and 2010. The collapse of 

Lehman Brothers acted as a watershed dividing the two latter periods.  

 

Findings from pre-crisis period were consistent to prior research (e.g. Meng et al 

2009). Volatility spilled over from the equity market as well as the bond market into 

the CDS market. Equities transmitted more volatility to CDS and received more 

volatility from bonds than they transmitted. Among the liquid companies bond 

markets had a relatively more important role in transmitting volatility to equities than 

among illiquid ones. CDS markets have an important role of transmitting volatility to 

equities among liquid companies, the effect was weak though. All in all, spillovers 
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were more common among illiquid companies. These results imply that all relevant 

information is priced in equity and bond markets.  

 

During the crisis period, but before the bankruptcy of Lehman Brothers, the stock 

market became a more important transmitter of volatility than in the pre-crisis period. 

The equity market led volatility to the CDS market meanwhile these spillovers from 

equities to CDS were more common than they were in the pre-crisis period. CDS 

were receiving more volatility from bonds than they were transmitting. These 

spillovers were weaker than in the pre-crisis period. These results would mean that 

equity prices reflect all available information, including default risk. 

 

After the bankruptcy of Lehman Brothers the importance of the equity market 

decreased, and bond and CDS markets were even more important than they were 

before. Among the illiquid companies equities were transmitting more volatility to 

bonds than among the liquid companies. After the collapse of Lehman Brothers, was 

the first time CDS transmitted more volatility to equities than they received. These 

spillover effects were weak and in most cases weaker than during two previous 

periods as well as more common than before. Spillovers between CDS and bonds 

were more common than before and most cases it was bidirectional. CDS was 

receiving more volatility than they were transmitting and most cases these spillovers 

were weaker than before. Volatility spillovers between equities and bonds were less 

common than before, and their effect was also weaker. Equities were receiving more 

volatility than they were transmitting.  After the collapse of Lehman Brothers market 

participants have faced the volatility risk, even when they do not hold CDS in their 

portfolios. Investors have also used CDS prices to discover the real default risk of 

companies that was not priced in equity markets correctly. It can be noted that the 

equity market behaved more inefficiently than before the collapse of Lehman 

Brothers. 

 

Before the collapse of Lehman Brothers volatility spillovers were more frequent 

among illiquid companies. This can be caused by illiquidity, when there were not 

many participants willing to sell or buy, market prices can change dramatically when 

some party is trading. This might be seen as new information, which causes trading 

in other assets the next day. 
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The financial theory suggests that all available information is priced into the equity 

market. This study shows that during the crisis period, after the collapse of Lehman 

Brothers, default probabilities were not priced and market participants used CDS 

information in trading equities. This has caused weak volatility spillovers from the 

CDS market to the equity market and hence CDS market volatility risk has 

transmitted to the equity market. Investors have been able to use the CDS market 

information in their investment decisions and they might have been able to gain 

excess returns. The purpose of CDS have also changed, when in pre-crisis period 

CDS were used to hedge against default risk, it seems that after the collapse of 

Lehman Brothers market participants have used them to speculate about default 

probabilities and hence gain excess returns. How these changes in linkages over 

time can be used in asset pricing and in asset allocation in portfolios is left for later 

research. The discussion on whether there is a better model to study spillover effects 

than GARCH-BEKK is left for further research. 
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Appendices 
 

Appendix 1: List of companies 
 

Name Volume  Name Volume 

CITIGROUP 365 757 823  UNITED TECHNOLOGIES 5 693 211 

BANK OF AMERICA 195 184 398  CARNIVAL CORP 4 423 731 

PFIZER INCO 70 133 652  ANADARKO 4 319 559 

ALCOA  40 604 824  DUKE REALTY LP 4 240 050 

MORGAN STANLEY  20 159 617  ALLSTATE CORP 3 957 495 

CORNING INCO. 17 410 033  ALLERGAN 3 249 828 

HEWLETT-PACKARD 17 040 395  KELLOGG 3 197 767 

DOW CHEMICAL 15 961 091  GOODYEAR TIRE &RUB 3 135 400 

GOLDMAN SACHS 14 893 821  PEPSI BT.GRP. 2 508 561 

ALTRIA GROUP 13 967 433  NIKE INCO. 2 421 650 

PROCTER & GAMBLE  12 963 811  AON CORP 2 369 287 

CATERPILLAR INCO 11 157 838  WHIRLPOOL CORP 2 146 264 

SOUTHWEST AIRLINES  11 101 585  DOVER CORP 2 146 059 

EL PASO CORPORATION 9 209 306  EATON CORP. 1 925 147 

GANNETT CO.INCO 9 103 577  BRUNSWICK CORP 1 522 830 

AMGEN 8 684 260  GOODRICH 1 477 736 

TARGET CORP 8 019 370  BLACK & DECKER  1 204 976 

AETNA 7 015 813  BRE PROPS.INCO. 1 129 542 

EMERSON ELEC.CO. 6 879 255  POLYONE CORP 724 244 

SARA LEE CORP 6 790 410  AUTOZONE 489 116 

KROGER  6 688 505    

BOEING 6 640 980    

 

Appendix 2: Quoted market prices  
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Appendix 4: ARCH-LM for four companies 
 

Bank of America Black&Dec. Bre properties Autozone

Pre-crisis 0.0409(4) 0.0271(5) 0.0435(5) 0.0354(5)

Before Lehman 0.1136(1) 0.6590(1) 0.9909(1) 0.0483(2)

After Lehman 0.5263(1) 0.7928(1) 0.7981(1) 0.8482(1)

Bond returns ARCH-LM p-values

 

ARCH-LM effects for bond returns, p>0.05 denotes that null hypothesis of homoscedasticity will be 
rejected and alternative hypothesis of heteroscedasticity come into force. Number inside brackets is 
lag, which gave the best result. 
 

 
 

Appendix 5: Bond returns Figures for three companies 
 

 
Here is presented Black&Decker’s (Black), Bre properties’ (Bre) and Autozone’s bond returns. 
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