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Executive Summary 
 
This paper examines variables explanatory power in the movements of Credit Default Swap (CDS) 
spreads in the years of 2006 to 2016. By collecting daily spreads from 112 entities in the CDX.NA.IG 
index and 58 entities in the CDX.NA.HY index, multiple regressions is conducted to examine the 
relationship between the CDS spreads and the variables. 
 
Furthermore, the relationship between stock returns and CDS spreads are examined by 
cointegration and causality tests. This paper finds that there is no cointegration between the CDS 
Spreads in CDX.NA.IG and the stock returns of these entities nor between the CDX.NA.HY and the 
stock returns of these entities. Also, the result of the causality tests is that the causality runs from 
stock returns to CDS spreads i.e. Stock returns causes the CDS spreads to move. 
 
The variables included in the multiple regression is a mix of structural variables from the traditional 
Merton model, the Merton jump diffusion model, the Altman z-score and a handful of variables 
suggested by previous literature. This paper finds, that 20 percent of the movements in the 
CDX.NA.HY index can be explained by the these variables and 10% percent of the movements in 
the CDX.NA.IG can be explained by these variables. 
 
The robustness of these variables is tested by splitting up the time periods in three periods. A before, 
during and after crisis time period. The variables that are most robust to the three time periods is 
the variables suggested by the traditional structural Merton theory. 
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Chapter 1 

1. Introduction 
 
In the last decades, focus on credit risk has increased mainly due to the financial crisis beginning in 
2007. Credit Default Swaps is a huge instrument in the world of credit and the CDS has been praised 
for its ability to mitigate and transfer risk but also heavily criticized due to its speculative role in the 
financial crisis (Augustin Et. Al. 2016). 
 
One of the main advantages of Credit Default swaps (CDS) is that one can explicitly observe the 
pure market price of protection against a default since a CDS contract is written on the credit event 
of an entity. This is a huge practical advantage compared to the close related implied bond yield 
spread. The reason of this is that bonds can be subject to different covenants and seniority structures, 
which have to be accounted for since such factors can influence market prices of the bonds (O’Kane, 
2008). 
 
Credit risk analysis is a large and very complicated world with a lot different participants and factors 
influencing it. Therefore, lots of associated theories is developed to identify factors in order to 
navigate in this world. As a result of this, the CDS has become extremely popular for its relative easy 
intuition and direct measure of credit risk. However, the factors influencing the CDS spread is still 
not very transparent.  
 
Therefore, this paper wants to challenge this uncertainty and investigate factors who could have an 
impact by analyzing the determinants for the movements in the CDS spreads. In order to do this, 
relevant models and theories in the field of credit analysis along with other empirical research will 
be examined in order to identify the factors. When identified the factors are to be tested empirically 
on the CDS spreads by bivariate and multiple regressions. Furthermore, the robustness of the 
findings will also be analyzed. 
 
According to Huang and Huang (2005) there is no consensus about how much of the bond yield 
spread that can be explained by credit risk. This opens up the possibility for other factors explaining 
the credit default swap spreads. Traditional structural credit models such as Merton (1974) provides 
a model that outline every factors influence on the implied bond yield spread. However, empirical 
evidence is ambiguous. Some researchers find that the structural variables explains very little of the 
bond yield spread (Huang and Huang, 2005) and others find that the structural variables are good 
at predicting spreads on entities with high credit ratings but not entities with low credit ratings (Zhu 
et al, 2005). 
 
Zhu et al. (2005) propose a novel approach to explain the credit spread variation by incorporating 
stochastic volatility and jumps into the asset value process in the traditional Merton model. Zhu et 
al (2005) finds that a very large part of the credit spread can be explained. This paper will test the 
variation in the CDS spread by including this jump approach along with other variables suggested 
by credit theory.  
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1.1 Structure 
 
Chapter 1 – The introduction presents the formalities of the paper. First, the background of the topic 
is explained as an introduction. Then the problem statement is defined and methods to achieve and 
answer is presented. At last, limitations in relation to answer the topic due to scope and information 
availability is presented. 
 
Chapter 2 – In this section the reader will be provided with an understanding of the credit theories 
and models that prevails in area of credit risk analysis. Also, other empirical research within this 
field will be presented here. This is the foundation - for not only understanding what a CDS contract 
is - but also in order to detect the relevant factors influencing it. 
 
Chapter 3 – The construction of the CDS contract will be examined including the basic mechanisms 
of the market. Furthermore, a brief description of the pricing method inspired by a reduced form 
approach is provided. 
 
Chapter 4 – In the empirical analysis the data collection is presented and methods for obtaining it 
discussed. Every variable is tested for its feasibility to be included in the multiple regression. Also, 
the relationship between stock returns and CDS spreads it analyzed here in detail. 
 
Chapter 5 – In this section multiple regressions is conducted. The overall effect of all the variables is 
examined and the findings are interpreted. Finally, a robustness test of the findings is conducted. 
 
Chapter 6 – Conclusion are drawn based on the findings compared to findings of other empirical 
research. 
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1.2 Problem Statement 
In this paper, CDS spreads are to be analysed. The use of this relatively new credit derivate was 
highly discussed during the financial crisis in 2007-2009(Augustin Et. Al. 2016). Regardless of the 
many different opinions about CDS; this relatively new credit derivate market has proven that it has 
an still growing and important role in the financial markets. Because of this huge development in 
the instrument, there is still an unrevealed curiosity about the mechanism of the CDS. How does the 
contract work? How are the contracts valued? Who uses CDS contracts? 
 
This paper wants to answer the above questions. Furthermore, inspired by stock theory, where a lot 
of research has been conducted due to long history of stock existence, this paper wants to investigate 
if other financial variables (firm specific and macroeconomic) could have an explanatory effect on 
the movements of CDS spreads. The main research question of this paper is: 
 
What are the determinants of movements in credit default swap spreads? 
 
The main research question will be answered by several sub research questions: 
 

Ø What is credit risk and what is the role of CDS in this area? 
Ø Which structural credit theories, and previous research, exists and what variables are these 

suggesting in order to describe movements in credit default swap spreads? 
Ø Specific, what is the relationship between stock returns and CDS spreads? 
Ø Does the variables suggested by the structural models explain the CDS movements in 

practice? 
Ø Does the variables suggested by other previous studies explain the CDS movements in 

practice? 
Ø What are the role of credit ratings in the context of movements in the CDS spreads? 

 
The existing credit theory, such as the structural models, gives a range of variables that should have 
an impact on the CDS spreads. Empirical research trying to test the explanatory power of these 
structural variables already exists such as Zhu et. Al. (2005) and Ericsson et. Al. (2005). However, 
this empirical research is mainly conducted in the years of 1999-2005. This is the years before the 
financial crisis and therefore it could be interesting to conduct a new analysis, which included the 
time before, during and after the financial crisis. Hence, this paper analyses CDS spreads in the years 
of 2006-2016. 
 
The consensus in existing literature such as Zhu et al. (2005) and Cossin & Hricko (2001) is, that 
credit ratings on entities provided from the credit rating agencies are highly significant and maybe 
the most important variable in determining the size in the credit default swap premia. This paper 
relies on these findings however, credit ratings are not included explicitly as an explanatory variable, 
such as existing literature often does, but instead the CDS spreads are collected from two main 
indices that follows two different rating classes; highly rated and low rated entities. The main goal 
is to explore the impact of credit ratings by analysing how much the same variables differs in 
explaining the CDS spreads in high and low credit rated entities.  
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1.3 Method and Delimitation 
Credit Risk is a huge area. As a lot of delimitations has to be taken in the process of writing. Some 
of these delimitations are listed in this section. When examining the CDS spreads only single name 
CDS will be analysed. Single name CDS exist on both sovereigns and companies. In this paper only 
US firms serving as entities in the CDS contract is included. Focus in this paper will be on 
CDX.NA.IG and CDX.NA.HY. This is due to high quality and frequent data (daily) in contrast to 
choosing a sub rating index or sector. However, that will be explained in detail later in this paper. 
 
There are a lot of interesting structural models and extensions of them. Also, counterparty risk is a 
topic closely related to CDS. However, due to the scope this paper there is a natural limitation of 
how many theories one can include. Therefore, an overview of some of the structural models are 
provided but only few of them will be explained in detail.  
 
Reduced form models are also a large part of CDS theory and these models are the foundation 
behind the pricing models of CDS spreads. However, due to the scope of this paper both structural 
and reduced form models cannot be included. Therefore, reduced form model will only be covered 
briefly. 
 
In this paper has data has been collected to analyse the determinants of CDS spreads. The reason for 
this was because of the authors relatively limited knowledge within this area. When conducting 
such analysis it is very important that the credibility of the way data are obtained and treated is 
high. Hence, the quality criteria from Olsen (1999) regarding validity, reliability, adequacy. 
To obtain reliability results the only known and high standard sources has been used. Specially, 
regarding the collection of data. Here, it has been a high priority that the databases where known 
and mentioned somewhere in other literature (to confirm the validity). 
 
A positivism paradigm is the framework that has been used to write this thesis. The ontology within 
this framework is that the reality exists and can be recognized (Nygaard, 2005). This reality can be 
investigated if the method for investigating it is correct. The epistemology used for this paper is 
objective. When dealing with quantitative data, one should be as objective as possible and let the 
“data speak”. (Bjerg, 2006). This is the foundation when interpreting data and conducting hypothesis 
and the author is agreeing with this. 
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Chapter 2 
 

2. Credit Risk Theory 
 
CDS spreads can be seen as a proxy for credit risk (Cossin and Hricko, 2001). Therefore, in the 
process of understanding the need for CDS and investigate its determinants it is essential to 
understand which factors that influences credit risk in general. Credit risk can be defined as the risk 
of a borrower can’t fulfill his obligations. However, this definition is limited since credit risk also 
includes risk of losses due to, not only default, but also market movements or change in counterparty 
ratings.  
 
Credit risk is a broad term and can be viewed from a lot of different perspectives. Usually, one tends 
to think credit risk is something that is mostly dealt with inside the financial sector. Indeed, the 
financial sector has major operations related to credit risk analysis. However, credit risk analysis is 
not limited to banks or institutional investors. Following list contains examples of how different 
companies use credit analysis: 
 

Ø Bank use credit analysis in their core business operations and when trading with 
counterparties 

Ø Institutional investors use credit analysis when considering investments  
Ø Companies use credit analysis when accessing the credit quality of their customers  
Ø Auditors use credit analysis when examining if a company is going concern 

 
Credit analysis is an art, not a science. This implies that credit analysis and decisions derived from 
it are highly subjective in nature (Plenborg and Petersen, 2012). The approach to credit analysis is 
therefore highly dependent on who you are and what the need from the analysis. However, there 
still exists some fundamental credit theories which will provide the reader of this paper with some 
essential understanding which will be needed in understanding how CDS contracts works.  
 
There are two traditional groups of framework when it comes to access credit risk. Structural and 
reduced form models. The structural framework focus on the fundamental capital structure of the 
company in order to value the equity and debt. The structural models usually assume an underlying 
stochastic asset process and some threshold of default. On the other hand, reduced form models 
focus on quantitative modeling of the time to default (O’Kane, 2008: 42).  
 
Figure 1. – Overview of structural and reduced for models 
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Practitioners tend to use the reduced form approach when determining the credit spread of a given 
entity, however structural models provides a great understand of the explanatory factors within the 
entity that causes default. In fact, some of the variables are used in structural approaches are 
implicitly used in the reduced form models through market expectations. The reduced form model 
is examined later however the two key inputs, the hazard rate and recovery rate, are calibrated to 
fit term structures in the CDS market which is based expectations (O’Kane, 2008). The market 
expectations are indeed a combination of many variables, however a crucial factor is ratings from 
the rating agencies. Hull (2003) finds that CDS market tend to anticipate, especially negative, rating 
announcements. This finding raises the question on how the credit rating agencies determines their 
credit ratings. The internal models used by the agencies are to some degree a black box, however 
the agencies do publish some information about their methods which takes into account a 
fundamental view of the entity which is in compliance with the structural model approach (Hull, 
2012). The credit rating agencies will be discussed later in the credit analysis section, but first some 
key definitions in credit analysis will be defined.  
 
2.1 Risk neutral valuation 
Risk neutral valuation is without doubt the most important tool for the analysis of derivatives (Hull, 
2012:311). The basic idea in risk neutral valuation is that investors are risk neutral. This means that 
no risk preferences is taking into account when finding a fair price of a credit instrument. The 
absence of risk preferences can be seen in the Black-Scholes-Merton differential equation 
 

!"
!#
+ %&

!"
!&

+
1
2
)*&*

!*"
!&*

= %" 

1 

Where S is the underlying instrument, f is the price of its derivative, ) is the volatility, and %" is the 
risk free rate. There is no expected return , in the differential equation. This means that investor 
preferences is irrelevant and thus they are considered risk neutral. The expected return in a risk 
neutral world is always the risk free rate. Hence, , = %" (Hull, 2012). Another fundamental point in 
the the risk neutral valuation idea is the hedging argument. A dealer who issues derivatives can 
hedge them by trading the underlying instrument. This hedge is risk free and therefore grow at risk 
free rate. If not, arbitrage is possible. However, risk neutral valuation is the overshadowing central 
theme in credit instrument valuation, real world parameters are often taking into account in some 
aspects of credit risk analysis. Their use and how to distinguish between them is discussed in next 
section.  
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2.2 Physical vs. risk neutral parameters 
The difference between physical (also called real-world) and risk neutral parameters is a crucial 
distinction in the pricing a CDS contract. Risk neutral parameters are derived from market prices of 
instruments and as a result the risk neutral default probability (the hazard rate) is found from 
following approximate calculation: 
 

- =
.

1 − 0
 

2 

Where s is the CDS spread and R is the recovery rate. On the other hand, physical parameters are 
estimated historically and therefore physical parameters show the actual or “real world” 
parameters. An example of the difference between risk a neutral parameter and physical parameter 
in other finance areas is the measurement of volatility. Implied volatility is derived from option 
prices and. On the other hand, physical parameters would be represented by the historical volatility 
of the options. 
 
In a credit setting two relevant risk parameters exists: risk neutral default probabilities and physical 
default probabilities. The one default probability measure is not more correct than the other one and 
which one to use depends on purpose of the usage (Gregory, 2012). If you are a hedger and want to 
hedge your position, the right measure would be the risk neutral default probability measure since 
it reflects the market price of default risk. On the other hand, if your purpose is risk management 
oriented, for example calculation under the Basel requirement or scenario analysis, the physical 
default probability would be most correct to use as the measure since it reflects the historical default 
probability – the “actual probability” one can say.(Hull, 2012). When pricing a CDS contract risk 
neutral probabilities should be used (Hull et al. 2005). Table 1 shows estimates of the average seven-
year risk neutral and real world default intensities per annum derived from bond prices with 
different credit ratings.  
 
Table 1. – Real world and risk neutral probabilities. 
 

Rating  Real-world default 
intensity per year (bps)  

Risk-neutral default 
intensity per year (bps)  

Ratio  Diff. 

Aaa  4 67 16.8 63 
Aa  6 78 13 72 
A  13 128 9.8 115 
Baa  47 238 5.1 191 
Ba  240 507 2.1 267 
B  749 902 1.2 153 
Caa and 
Lower  

1690 2130 1.3 440 

Source: Hull et al. 2005 
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As table 1 reveals, risk neutral parameters are higher than real world since several premiums are 
included in the risk neutral setting compared to the historical that only reflects the actuarial risk. 
However, these terms will be explained in the credit spread section later. 
 
2.3 Merton Model 1974 
The model was introduced by Robert C. Merton in 1974. This option based model relies heavily on 
the findings in the famous Black-Scholes model for valuing options. This implies that the model has 
the same assumptions as in the Black-Scholes setting (Lando, 2004): 
 

Ø Agents are price takers, i.e. trading in assets has no effect on prices 
Ø There are no transaction costs 
Ø There is unlimited access to short selling and no indivisibilities of assets� 
Ø borrowing and lending through a money-market account can be done at the same riskless, 

continuously compounded rate r. 
 
Above assumptions does not fit perfect into the real world e.g. transactions costs do exist and large 
volume trading can change assets prices (agents are not always price takers) however, the Merton 
model helps understand which factors that influences credit spread of a company from a structural 
point of view. 
 
2.3.1 Underlying process 
The Merton model assume that the asset value of a company follows a geometric Brownian motion: 
 

123 	= ,231# + )23153�� 
3 

Where 23 is the asset value at time t, 26 is the beginning asset value, , is drift of the assets, ) is the 
volatility of the assets and 53 is a standard Brownian motion process with mean 0 and variance t. 
The value of the company’s assets at time t can be written as: 
 

23 = 26exp	( , −
1
2
)* # + )53) 

4 

However, under the risk neutral measure, , is replaced by the risk free rate. Another critical 
assumption is that the asset value process is completely given and this process do not change due 
to financing decisions made by the owners of the firm (Lando, 2004). This implies, that the Merton 
model complies with Modigliani-Miller proposition 1 (M&M); that the level of gearing in a given 
company has absolutely no impact on the price of the company. This is obviously not a realistic 
assumption since tax is deductible and financial distress costs exist. As result, the debt-to-equity 
ratio might have an influence on the credit spread of a given company even though the Merton 
model says it should not. However, this question will be tested later. 
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2.3.2 Default 
Now the assets value process has been determined. Recall the definition of credit risk as “the risk of 
a borrower can’t fulfill his obligations”. According to Merton, this happens if 2< < > where D is the face 
value of debt1. This means, that the role of D is a “default barrier”. This is illustrated in the following 
figure. 
 
Figure 2. Asset value process 

 
Source: Authors own figure 
 
Figure 2 shows a simulated asset value process for two firms obtained by equation 3 with individual 
shocks but else same parameters. In Mertons model, it does not matter if the asset value hits the 
barrier D or falls below before maturity, T. It is the value of the assets exactly at time T that 
determines whether a default occurs or not. As seen in the above figure, firm A survives and firm B 
defaults at time T even though the asset value of firm B has been higher than D almost the entire 
time. 
 
The payoff at time T to equity holders and bond holders can be written as: 
 

&< 	= ?@A(2< − 	>, 0)	 
5	

D< 	= ?EF(>, 2<) = > − ?@A(> − 2<, 0)		
6 

Above payoffs describes what equity and bond holders gets at the maturity of the bond i.e. the 
repayment of the face value. If 2< > D, equity holders repay the debt and keeps control of the 
remaining assets. If 2< < D, the firm goes into default. This implies that equity holders get nothing 
and bond holders take over control of the remaining assets. These remaining assets can be viewed 
as the recovery fraction of the debt i.e. the assets the bond holders liquidate to minimize their loss 
(Lando, 2004). 
 

																																																								
1	Debt is a zero coupon bond with maturity T	

D

T

A
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The above formulas shows what equity and bond holders gets at time T. To find the value of the 
equity and the debt at time t < T one could use the Black-Scholes formulas to price options since the 
above payoff to equity is equivalent to the payoff from a call option. Furthermore, the payoff to 
bondholders is equivalent to the payoff of the present value of debt minus a put option. Note that it 
is assumed that the shares do not pay out dividend. The value of the call and put option is: 
 

G3 		= 	23H	(1I) 	− 	>	JAK(−%(L − #)	)H	(1*)	 
7 

K< 		= 	>	JAK(−%(L − #))H	(−1*) 	− 	23	H	(−1I)	 
8 

Where phi is the cumulative distribution function of a standard normal distribution and 1I 1*: 
 

1I =
ln 23

> + (% + 12 )
*)(L − #)

) (L − #)
 

9 

1* = 1I − ) (L − #) 
10 

The value of the assets is always the sum of equity and debt. In practice, the value of the assets of a 
given company is not observable in the market. As a result this value is not very tangible. However, 
in theory, one could find the value of the call options on the equity and add to the price of the 
corporate bond to find the asset value. 
 
2.3.3 Implied credit spread 
Using the Merton machinery the price of equity and debt are priced under the risk neutral measure. 
From the market price of debt at time t and its face value, the bond yield by is found by: 
 

O3 =
1
L
ln	(

>
D3
) 

11 

Where D3 is the value of the debt at time t and the maturity of that bond is T. The bond yield 
spread,	.3, is found by subtracting the risk free rate from the bond yield. 
 

.3 = O3 − % 
12 

The bond yield spread is the premium on top of the risk free rate that an investor requires to take 
on risk. Figure 3 illustrates the yield spread with different values of assets, V and T. 
 
Figure 3. - Credit spreads by normal diffusion proces  
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Source: O’Kane, 2008 
 
When V = 99 (top curve), D > V which implies that if the bond matured today, the company would 
default. However, as time to maturity increases, yield spread decreases since there is a finite 
probability, that V could exceed D in the future.  
When V = 120 (middle curve), D < V which implies that if the bond matured today, the face value 
could be fully repaid. At near maturity, the credit spread rises because of the risk of assets values 
falls below the threshold. This effect gets cancel out longer maturities because of the growth in asset 
value at the risk free rate. 
When V = 140 (bottom curve), D < V. In this case, V starts further above the threshold than when V 
was 120. The curve is approximately the same, but the spread is always lower in this case because 
of the larger gap between V and D. 
 
A crucial observation is the non-linear relationships between the credit spread and the value of the 
assets. In figure 3 the short term effects of a movement in the asset price has stronger impact on the 
spreads with shorter maturities than longer maturities. However, this conclusion is ambiguous since 
the relation to maturities depends on the value of the assets. If V < D the credit spread is always 
decreasing. On the other hand, when V > D the maximum credit spread can be at short and long 
maturities meaning that the spread can increase in time or decrease in time (Lando, 2004:13). 
 
2.4 Merton Jump-diffusion 
An extension of the Merton model accounts for asset jumps. This means that the assets value is 
allowed suddenly to rise or fall drastic. Since asset values are not observable in the market this 
phenomena can be spotted in values of equities and bonds. For example, when bond prices drops a 
lot around a time of a default or when new information arrives to the market and equity prices drops 
or rise (Zhou, 2001). The fact that when bond prices fall, the credit spread rises – makes jumps very 
interesting in relation to credit risk. In addition, when equities rises or fall the asset value rises of 
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fall too. Everything else being equal, the credit spread falls or rises too as examined in previous 
section. The dynamics of the jump-diffusion process can be written as: 
 

123
23

= , − -R 1# + )153 + 1S 

13 

Where 23 is the asset value, , is the asset return, - is the number of jumps (intensity), k is the average 
jump size measured as percentage of asset price and	1S is a Poisson process with intensity parameter 
- (Hull, 2014:601). The main reason for the jump diffusion process is that normal diffusion process 
only explains “normal” fluctuations which is equal to marginal changes in the value of a firms assets 
(Hull, 2014). However, the jump diffusion brings in the possibility of large fluctuations. One could 
say that the normal diffusion process is sufficient in explaining the changes due to arrival of normal 
market news whereas the jump term allows for changes due to important market information e.g. 
fraud, lawsuits or unexpected accounting information (Zhou, 2001). 
 
Figure 4 - Credit spreads by Merton Jump diffusion process 

 
Source: R code in appendix 1 
 
Above figure illustrates three jump diffusions with different parameters and one normal diffusion 
(lowest curve). The first observation is that jump diffusions follows the same pattern as the normal 
diffusion but at a higher level. That is, the non-linear relationship for the credit spread with short 
maturities is equivalent to the normal diffusion as long as V > D (Lando, 2004). 
 
The number of jumps, - is set constant at 0.05 in figure 42 to illustrate the impact of changing the 
jump mean. Raising and lowering the jump mean gives results that makes intuitively sense. When 
having a positive jump mean (positive returns) the spread is lowered and when jump mean is 
negative, the spread rises. However, the impact on the credit spread when going from zero mean to 

																																																								
2	A value for jump intensity estimated to fit observed 5-year CDS (Zhu et al. 2005)	
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negative jump mean is larger than moving from zero jump mean to an equivalent positive jump 
mean.  
 
Another crucial observation in figure 4 is that the spreads are non-zero when T approaches zero in 
contrast to the normal diffusion model where spreads where zero when T approached zero. For the 
zero and negative jump means the spread is positive when T=0. This makes sense since investors 
requires some premium no matter what (this is elaborated in the reduced form models). On the other 
hand, for a positive jump mean the spread is negative when T=0 which is nonsense.  
 
When the number of jumps parameter - increases, the curves shifts upwards. This illustration is 
included in appendix 2. This illustration reveals the fact that when the possibility of jumps increases 
the credit spreads increases too. This means that the number of jumps, regardless if they are positive 
or negative, is increase the risk of default since the credit spread is increased. 
 
2.4.1 Relation between asset value and equity  
Zhu et al. (2005) investigates the impact of equity jump and equity jump volatility measures on 
observed credit spreads. However, they introduce stochastic volatility in the Merton jump diffusion 
model whereas the standard Merton model assume constant volatility. However, the methodology 
of  pricing of corporate debt and equity is still consistent within jump processes i.e. the implied 
spread is still calculated by formula 12 (Zhu. Et. Al., 2005). 
 
In order to investigate the observed credit spread it not necessary to have access to observed asset 
values.  The Black-Scholes-Merton model derives an explicit relation between the equity and the 
asset value. Recall from 7 that the equity is a call option with the asset value as the underlying asset. 
This framework is also consistent when introducing jumps and both volatility, jump intensity, jump 
volatility and jump mean in equity values have approximately the same relations to credit spreads 
as asset values have (Zhu et al. 2005:11). Effectively, this means that the credit spreads can be 
examined with equity data instead of asset data. This is very convenient since a lot more information 
is available for equities values than for asset values. The approximations made by Zhu. Et. Al. (2005) 
can be found in appendix 3.  
 
2.5 Limitations of Mertons model 
The Merton model provides a convenient intuition from a structural point of view on how the credit 
spread behaviors when factors change. However, the output from the model (the credit spread 
estimate) is rarely used since it tends to underestimate the spreads for high yield entities (Zhu et al, 
2005). This implies that there are some additional factors in the credit spread which is not captured 
in the model.  
 
The traditional Merton model only works when debt is a zero coupon bond. However, it is common 
known that corporate bonds often has a coupon structure. This implies that a company can default 
before time T if it can’t pay its interest. Furthermore, a company might violate other obligations since 
it can have multiple creditors (financial and non-financial) with multiple maturities. This is 
obviously not in compliance with only having one single payment at time T as in the Merton model. 
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Furthermore debt structures is also a factor that is not captured in the Merton model. This will be 
covered later on in this paper. 
 
Balance sheet information has also a lack of transparency - even for large companies with strict 
accounting standards. For small and medium size companies financial reports might be published 
once a year and the information in these reports might be limited. For larger companies financial 
reports are published every quarter and information get published continuously if listed on a stock 
exchange. However, this relatively low degree of transparency is not sufficient when determining 
the asset value (or equity value, form a balance sheet point of view) especially in between publishing 
dates. 
 
Finally, for firms with 23 > > as L − # → 0 the credit spread converges zero. This means, for very 
short maturities observed credit spreads should be close to zero - if not zero. This is not observed in 
the market, since companies, even with high credit ratings, have a finite non-zero spread at very 
short maturities (O’Kane 2008:42). However, allowing for jumps in the diffusion process makes 
spreads for very short maturities have a finite spread and thereby fit the “real world” better. 
 
As a result, the time of default, the information and uncertainty about the input parameters is more 
complex in the “real world” than in Merton’s framework implying that the model is likely to 
underestimate the credit spread (Zhu et al., 2005). 
 
Because of its popularity, the Merton model has been subject to a lot of extensions. The feature of 
including a coupon structure is examined in Geske (1977). Figure 2 illustrated how default occurred 
in Mertons model if the value of the assets was below D at time T. A extension dealing with another 
default boundary and bond covenants is Leland (1994 ). A third extension is Moodys KMV model 
which is an approach that measures the distance to default by calibrating the theoretical default 
probability to observed default probabilities (Lando, 2004). However, these models will not be 
covered in this paper as explained in the delimitation.  
 
2.6 Altman 1968 
Altman (1968) uses multiple discriminant analysis to categorize a company in two groups: default 
and non-default. The classification is done by assigning a Z-score to a company calculated on the 
basis of ratios from observable accounting data. Every ratio is multiplied with a coefficient in order 
to achieve the Z-score. The probability of default is: 
 

VEWℎ	E"	Y	.GZ%J < 1.81	
]Z^	E"	Y	.GZ%J		 > 2.99 

 
If the Z-score is between 1.81 and 2.99 the probability of default is uncertain. Altman tested a lot of 
different financial ratios on a sample of defaulted and non-defaulted companies in order to 
determine which ratios that had the best explanatory power in predicting defaults. Five ratios had 
high significance: 
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Working capital is equal to current assets – current liabilities (also known as net working capital). 
Current liabilities is a measure of liabilities with maturity less than a year (short term debt, accounts 
payable etc.). On the other hand, current assets are assets that can be liquidated within short notice, 
if not liquid already (cash). This ratio is a measure of liquidity i.e. the ability of a firm to meet its 
short term liabilities. Since all coefficients in front of the ratios above are positive it implies that a 
higher non-negative ratio always contributes to higher z-score. Hence, the smaller gap between total 
assets and working capital, the better score since working capital by definition can’t exceed total 
assets. 
 
Retained earnings estimates a double effect since it measures the firms ability to generate a profit 
and at a same time reinvest it. A firm that generates profits is assumed to be healthy (in most cases 
at least) and retaining a large fractions of its earnings strength liquidity and equity within the firm. 
However, it is worth mentioning that the opposite – paying out dividends – is often a signal of strong 
financials and therefore not considered risky (Plenborg & Petersen, 2012). Since retained earnings is 
an entry on the balance sheet, it can by definition not exceed total assets. Hence, the smaller gap 
between retained earnings and total assets the better Z score. 
 
EBIT – Earnings before interest and taxes – is a measure of the profitability of the core operations of 
a firm.  As mentioned above a profitable firm is in most cases an indicator of financial health 
(Plenborg & Petersen, 2012).  Since EBIT is not on the balance sheet, it means that it can exceed total 
assets. It implies that when EBIT < Total assets the smaller the gap the better the score. On the other 
hand, when EBIT > Total assets the larger the gap the better the Z score obtained. 
 
The market value of equity is the stock price multiplied by shares outstanding. Traditional stock 
theory suggest that the price of a stock should be equal to all future dividends discounted (Plenborg 
& Petersen, 2012).  Therefore, the market value of equity reflects the market expectations of a firm’s 
ability to generate future income. The book value of liabilities is not interesting itself before it is 
compared to the equity. Recall from the Merton model that the credit spread rises when the ratio of 
debt and equity shrinks because of the probability of default rises. Indeed the debt used in the 
Merton are market valued, however the intuition on the credit spread is the same. Another approach 
is to consider the M&M proposition again and the cost of capital. When debt rises, the equity cost of 
capital increases since the equity gets riskier (Plenborg & Petersen, 2012). 
 
Finally, sales to total assets is a pure measure of the firm’s assets to generate value. One could argue 
that a higher degree of sale per assets is preferable. As with the EBIT measure, sales is not on the 
balance sheet, it means that it can exceed total assets. It implies that when sales < Total assets the 
smaller the gap the better the score. On the other hand, when sales > total assets the larger the gap 
the better score. However, the coefficient for sales is less than for EBIT (1 to 3.3) which implies that 
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a lot more weight is assigned to the EBIT measure (which makes sense since the level of costs is 
considered in EBIT). This makes EBIT are more preferable estimate in relation to credit risk. 
 
Altman’s model was very correct in predicting defaulting firms in the test sample. The predictions 
of the model were 95% correct in choosing whether a firm went defaulting or not for a one year 
horizon. However, when expanding the time horizon the prediction accuracy of the model 
decreases. As a result, the model can be used on small time horizons and thereby not long term 
predictions. The strength of Altman’s model is that it is very easy in terms of implementing and the 
ratios are very common. 
 
However, the Z-score is not that generic across industries. One could argue that the model fits some 
industries better than other industries. For example, some industries tend to have higher leverage 
(banks) or some industries requires relative higher assets (industrial firms with plants) to generate 
profit than others. This obviously favors firms that creates a high EBIT based on fewer assets.  
 
2.7 Conclusion on structural models 
In this section the key relationships between the credit spread and the structural models will be 
summarized before continuing the process of obtaining other relevant variables to include in the 
empirical analysis later.  
 
In order to summarize the structural variables impact on the credit spread recall from earlier that in 
the Merton universe with everything else being equal an increase in the bond price, D3 , reduces the 
credit spread, s. 
 

. =
1
L
ln

>
D3

− % 

14 

However, volatility and asset value has not a direct impact on the credit spread as seen in formula 
14. Therefore, their effect on the credit spread will be analyzed by looking at their impact on the 
bond price which eventually has an direct impact on the credit spread. To support the argument, 
one can also look at the theoretical probability of defaulting, which is found by −H	(1*) where 1* is 
the same as in formula 10. In the Merton universe, the credit spread expresses the same as the 
theoretical probability of defaulting and as a result, they move in the same direction.  
 
Table 2. – Effects of a change in the parameters according to Merton theory 
 

Increase in variable Effect on Credit 
spread 

Asset Value Increase 
Face value of debt Increase 
Risk free rate Decrease 
Volatility  Increase 
Maturity  Both 
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Jump intensity Increase 
Jump Mean Increase 
Jump volatility Increase 

 
 

Ø The bond price is increasing in the value of assets. This means that when the value of the 
assets increases, the bond price increases too. The price of the bond increases since the put 
option get less valuable. The credit spread decreases and so does the probability of default. 
Recall that the value of the assets is the sum of equity and debt. Since these two values are 
affected of a call and put option, respectively, on the same underlying asset (the firm), they 
effectively change simultaneously. In this case, it means that an increase in the asset value 
also increases equity value. Hence, an increase in the equity also decrease the credit spread 
and the probability of default. As a result, there should be a negative relationship between 
stock returns and credit spreads in practice. 

Ø The bond price is increasing in the face value of the debt. When the face value of debt 
increases – the equity decreases. As the face value approaches the value of the assets the 
theoretical probability of default increases and as a result the credit spread increases too. As 
a result, increased leverage should increase the credit spread in practice. 

Ø The spread is decreasing in the risk free rate. The value of equity becomes more valuable 
with an increase in the risk free rate. When equity increases and the value of assets is 
constant, the value of debt must decrease. As a result, the probability of default decreases 
and so does the credit spread. Hence, a negative relationship should be seen in practice 
between the interest rate and the credit spread. 

Ø The spread is decreasing in volatility. Increased volatility makes equity more valuable. 
However, probability of default increases and so does the credit spread since the value of the 
debt decreases. As a result, a positive relationship between volatility and credit spreads 
should be observed in practice. 

Ø The effect of maturity on the credit spread is non linear and ambiguous.  
Ø Jump intensity increases the credit spread.  
Ø Jump mean increases the spread. Even though the probability of positive jumps exists, the 

effect of negative jumps weights heavier. The result is an overall negative effect and thus a 
negative relationship. 

Ø Jump volatility increases the spread. The intuition is similar to jump mean. The variation of 
negative jump sizes weights heavier than variation of positive jump sizes.  

Ø All the rations suggested by Altman will lower the probability of default since an increase in 
the variable increases the Z score. As a result, a negative relationship should be observed 
between the ratios and the credit spreads.  
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2.8 Debt structure and recovery 
A major part of the credit risk is associated with loss given default. Intuitively it makes sense that 
the recovery rate must be a measurement of the remaining assets to be distributed creditors, 
however this is not the case when the term recovery rate is being used. Instead, the measure of the 
recovery rate is the price of the defaulted bond divided by its face value (O’Kane, 2008: 34). 
The price of a defaulted bond might sound odd, since it should be zero, at least intuitively. Who 
would by a bond that has stopped paying coupons and has an uncertainty linked to repay the face 
value back? 
 
The answer must be found in understanding the default process and consider the debt structure of 
the defaulted company. First, when a firm defaults it is often because of liquidity i.e. it can’t pay 
interest/repayments on loans or/and other liabilities (Petersen & Plenborg, 2012). When a company 
goes into default is referred to as the “announcement of a credit event” and the firm goes into a 
restructuring process. The purpose of restructuring is to get the firm back in business however, a 
potential outcome might be that the firm file for bankruptcy eventually.  
 
When a firm declares bankrupt and has CDS transactions involved, an auction process starts where 
market dealers and involved parties attend according to the latest ISDA protocol of 20093. Since 
recovery rates are unobservable the outcome of this action is to determine the recovery rate.  The 
recovery rate is effectively the price of the bond according to market dealers. The dealers estimate 
of the price of the defaulted bond is a mix of remaining assets that can be realized which depends 
on the debt structure of the firm (Markit, 2014). 
 
Figure 5. - Corporate debt structure 
 

 
Source: Hull (2012) 
 
Above figure is a simplified debt structure, however it illustrates a point. Secured debt often has a 
collateral claim in the firms assets meaning that those investors are first to be paid in a default 
situation. CDS contracts and corporate bonds in general are often unsecured debt (Markit, 2014). 
This means that the proportions of above seniorities matter a lot when dealers determine the value 

																																																								
3	http://www.isda.org/bigbangprot/docs/Big-Bang-Protocol.pdf	
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of defaulted corporate bonds since less fraction of senior secured bonds means that a higher 
proportion of assets are available to other investors. 
 
Since recovery rates are unobservable the best practice when pricing a CDS is to calibrate expected 
recovery rates (O’Kane, 2008). This approach is based on historical recovery rates which is collected 
by rating agencies (O’Kane et al. 2003). In the period of 1982-2009 senior secured bond had a 49.8% 
recovery rate, while junior bonds only had 31.7% (Hull, 2015: 523). Recovery can vary a lot though 
e.g. Lehman Brothers only had a recovery rate of 8.6% when they defaulted in 2008 (Gregory, 
2012:215).  
 
2.9 Credit ratings and historical default probabilities 
As mentioned in the beginning of the credit analysis section the role of rating agencies are highly 
acknowledged in credit risk. A very important measure when considering credit risk is default 
statistics. The main source of default statistics are collected from the credit agencies, usually “The 
Big Three”, Moody’s, Standard and Poor’s (S&P), and Fitch. The agencies assign credit ratings to 
bonds issued by companies and sovereigns based on own internal models (Hull, 2012). The best 
rating assigned by Moody’s is Aaa. Bonds with this rating are considered to have almost no risk of 
default (Hull, 2012). Following that comes A, Baa, Ba, B, Caa, Ca, and C. Ratings with or above Baa 
are considered investment grade bonds and speculative grade if below Baa (Hull, 2012:521). 
Moody’s are different from those reported by S&P and Fitch. However, they measure almost the 
same and can easily be compared (Hull, 2012). 
 
Figure 6 – Ratings assigned by “The Big Three” 
 

Moody’s S&P Fitch 
Aaa AAA AAA 
Aa AA AA 
A A A 
Baa BBB BBB 
Ba BB BB 
B B B 
Caa CCC CCC 
Ca CC CC 
C C C 

Source: Hull (2012) 
 
Credit ratings are heavily used by security investors and banks (in relation to credit) to determine 
the riskiness of a given company. According to Hull et al. 2003, a significant relationship between 
credit default swaps and credit announcements exists. However, negative credit announcements 
(downgrade in rating) tends to have a stronger relationship with the spread than a positive 
announcement have (Hull et al. 2003). From an intuitive point of view this can may be explained by 
investors tend to be risk averse and therefore weights a loss heavier than an equivalent gain. 
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The credit rating agencies also provides default statistics in relation to default probabilities. Table 3 
is an typical example of historical default probabilities collected by Moody’s. 
 
 
 
 
 
Table 3 - Average cumulative default rates in %, 1970-2009. 
 

Term 
(years) 

1 2 3 4 5 7 10 15 20 

Aaa 0.000 0.012 0.012 0.037 0.105 0.245 0.497 0.927 1.102 
Aa 0.022 0.059 0.091 0.159 0.234 0.384 0.542 1.15 2.465 
A 0.051 0.165 0.341 0.52 0.717 1.179 2.046 3.572 5.934 
Baa 0.176 0.494 0.912 1.1404 1.926 2.996 4.851 8.751 12.327 
Ba 1.166 3.186 5.583 8.123 10.397 14.318 19.964 29.703 37.173 
B 4.546 10.426 16.188 21.256 25.895 34.473 44.377 56.098 62.478 
Caa-C 17.723 29.384 38.682 46.094 52.286 59.771 71.376 77.545 80.211 

Source: Hull (2014:522) based on Moody’s. 
 
Hence, a “B” rated bond has a probability of default of 4.546% in the end of year 1 and 10.426% at 
the end of year 2.  
 
One thing to notice is that in absolute terms, there exists an increasing relationship between years 
and default probability. As time goes by the higher probability of default. This is makes intuitive 
sense since some firms must default in the future. However, looking at the relative proportions the 
picture is different between investment grade and speculative grade bonds. For investment grade 
bonds the differences in default probabilities becomes larger as time goes by e.g. For an A rated 
bond the difference between year 1 and 2 = 0.165-0.051 = 0.114 % and for year 2 and 3 = 0.341 – 0.165 
= 0.176 % and this picture continuous as we move along the years. On the other hand, for speculative 
bonds the picture is turned around. When move along in the years, the difference in probability of 
default between the years decreases.  
 
The intuition behind this is that for investment grade bonds the first years are considered very safe 
since the firm is very creditworthy and as time elapses the default probability increases. For 
speculative grade bonds, the next years are considered very risky since the firm is not particular 
creditworthy but the longer the bond issuer is going concern the higher the probability is for not 
defaulting (Hull, 2012).  
  
The default probability of a B rated bond during the first year was 4.546%. This means that the 
survival probability in year one is 100 - 4.546 = 95.454%. The default probability of the bond 
defaulting during year 2 is 10.426 - 4.546 = 5.88%. This is known as the unconditional default 
probability, which is the probability of default in year 2 seen from time 0.  
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Hazard rates -(#), sometimes called default intensities, are conditional default probabilities which 
is defined as the probability of defaulting during year x conditional on not having defaulted before 
year x. The conditional default probability for the B rated bond is the probability of default during 
year 2 conditional on not having default in year 1. This is calculated as 5.88/95.454 = 6.160%. 
 
As explained in the risk neutral section, it is important to distinguish between hazard rates in the 
real world and in the risk neutral world. Above was the real world hazard rates but when pricing a 
CDS contract, risk neutral hazard rates are used (Hull, 2012). 
 
2.11 Previous studies  
	
Lots of empirical work has been done through the year testing various models in each framework. 
The most common findings for the structural model is that they tend to underestimate the credit 
default spread. This is mainly due to their assumptions, which often not suits the real world (Zhu 
et. Al, 2005).  
 

Name Data Main findings 
Forte & Pena (2009) European and US companies CDS leads stock prices 
Zhang, Fung and Chan (2009) Asian sovereigns and asian 

stock exchange 
CDS changes causes stock 
changes  

Duffee (1998)  Callable, non callable US 
corporate bonds and US 
treasuries 

Treasury yields is negatively 
related to the credit spread 

Cossin & Hricko (2001) Sovereign and corporate CDS 
spreads from a variety of 
countries between 1998-2000 

All structural variables have 
significant effect on CDS 
spreads but credit rating is 
superior 

Benkert (2004) 120 CDS spreads of 
international entities between 
1999-2002 

Finds that implied volatility 
has a stronger effect on spreads 
than historical volatility. 

Ericsson et. Al. (2005) US entities between 1999-2002 Finds that all the traditional 
structural variables has 
significant impact on spreads 
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Chapter 3 

3. Credit Default Swaps 
First step in this paper is to understand the market for credit derivatives and what a CDS contract 
is. Background history will be presented to gain knowledge about the users of CDS and its role in 
the financial markets. Next, important definitions will be presented which is an important 
foundation to have before a simple pricing techniques of the CDS contract will be illustrated.  
 
3.1 The Credit Market  
Credit risk has always been a hard piece to deal with in the risk equation. CDS is a relative new 
instrument compared to other traditional financial instruments. In 1994, the US bank J.P. Morgan 
engineered the first CDS and the initial idea was to transfer the risk from their own balance sheets 
to the protection seller. More and more banks joined this trend in their quest of transfer loan-
portfolio-risk off their own books. However, going forward the CDS turned out to have many other 
roles in the financial markets but also in financial history than first believed. (Augustin Et. Al. 2016, 
10.4)  
 
In the beginning of the CDS lifetime banks were more or less the only participants in the market of 
credit derivatives. Today, banks (and other security firms) are still the major participants however, 
other participants such as hedge funds and insurers also have become significant players. The large 
share of bank activity in the credit market is still due to hedging loan portfolio risk but also their 
role as dealers in the market. Hedge funds and insurers use CDS mainly as investments assets 
(O’Kane, 2008). The speculative perspective has given the CDS bad reputation in the light of the 
financial crisis in 2007-2008. CDS was seen as a destabilizing factor in the market (Reuters, 2013)   
 
The nature of the CDS makes it easy to hedge risk. However, CDS also made it easy to speculate in 
credit risk compared to earlier credit derivatives options. The advantage of CDS is that an investor 
does not need to make any initial investment, compared to buying a bond, to receive a series of cash 
flows. This increased the incentives for entering naked positions i.e. position in which the buyer 
does not has a long position in the underlying corporate debt being issued. It is hard to distinguish 
an investor’s incentive to trade a CDS but research point in the direction that many CDS contracts 
are naked positions (O’Kane, 2008:2).  
 
Nevertheless, the EU banned in 2013 to enter a naked position in sovereign CDS. The ban was mainly 
a reaction to euro crisis in 2009, which encouraged speculation in actions taken by the European 
central bank and its secondary effects on European sovereigns. The ban decreased the CDS trading 
in sovereign entities significantly which strengthen the believe that in general many CDS trades is 
naked positions (Financial times, 2013). 
 
As figure 7 illustrates, the CDS activity was at its highest point in 2007. It has since then decreased 
steadily since. The crisis’ uncertainty in the credit market is off course the main cause of the high 
level. But whether is due to speculation or hedging is uncertain. 
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Figure 7 – Outstanding CDS notional  

  
Source: ISDA 2010 and ISDA 2017 
 
3.2 CDS big bang 
Before 2009, CDS contracts were not as standardized as today, meaning that a lot individual suited 
contracts were traded which made hedging more complicated. Also, it was not standard to exchange 
collateral which increased counterparty risk especially in recession times like the global financial 
crisis. In the aftermath of the latter, CDS market became a huge focus point for the regulators 
(Markit, 2009). 
The CDS “big bang” was introduced in 2009 by ISDA4 and refers to a worldwide contract and 
trading standardization of CDS. The main objectives was to create transparency and mitigate 
systematic risk by introducing collateral through central clearing parties (CCP) in the CDS market. 
Systematic risk was a main focus point in the aftermath of the financial crisis where systematic risk 
created “domino effects” and therefore large counterparty risk. Other focus points included 
standardization of contract sizes, effective dates and coupon payments (BIS, 2010). 
 
3.3 Credit Default Swaps Contracts 
The basic idea of CDS is that a bondholder has a credit exposure to the underlying bond that he 
wants to get rid off. By buying a CDS contract, the investor transfers the credit risk to another 
counterparty.  
 
The most common Credit Default Swap (CDS) is the Single-Name CDS. This contract is 
characterized as a contract written on one entity only. The Single-Name CDS is, by far, the most 
popular and most important instrument in the credit market (BIS, 2010). Other contract types 
includes contracts written on indices or multi-named CDS also called Basket default swaps (Lando, 
2004). However, only the single name CDS contract will be explained. 
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The main purpose of the CDS is to serve as an insurance against a credit event of the reference entity. 
This reference entity is often a company but it could also be a specific underlying bond5. Even though 
risk mitigation is the original intention, the use of CDS extend to other areas such as trading 
(speculating), hedging and diversification of counterparty risk (Gregory, 2012). 
 
The CDS contract is a bilateral agreement between two parties, a buyer and a seller, thus the 
reference entity is not one of the parties. Furthermore, the seller and the buyer does not need a 
consent from the reference entity to make a CDS contract. The most liquid CDS is the 5 year swap 
(O’Kane, 2008).  
 
As illustrated in figure 8, the protection buyer pays a periodic (annual, semiannual or quarterly) 
premium and sometimes one single upfront payment, to the protection seller until maturity of the 
CDS contract or until a credit event is triggered. The premium is known as a spread and often 
expressed in basis point.6 The spread is the fraction of the notional of the contract, which is often the 
par value of the underlying bond. On the other side of the contract, the protection seller must 
compensate the protection buyer if the reference entity experiences a credit event.  
 
Figure 8. – The CDS contract 
 
Before credit event 

 
 

 
 
After credit event 

 
 

 
Source: Gregory (2012) 
 
3.4 Credit events 
A credit event is a generic expression for default. The concept addresses the incident of the reference 
entity, which triggers the obligation of the protection seller stated in the CDS contract. Often, the 
credit event is equivalent to default of the reference entity, however failure to pay or restructuring 
are examples of other credit events (Gregory, 2012: 213). 
 
3.5 Default Settlement 
As illustrated in figure 8, when a credit event occurs two things will happen.  

																																																								
5	CDS	contracts	can	also	be	written	on	sovereign	entities	
6	1 basis point = 0.01 %	

Protection	seller	Protection	buyer	
Periodic	premiums	

Protection	seller	Protection	buyer	 Default	settlement	
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1. The protection buyer stops paying premium. However, if the credit event occurs between to 
payment dates, say LI and L*, the protection buyer must pay a fraction of the premium 
payment at L*. This referred to as accrued premium. 

2. The protection seller must compensate the protection buyer. This is referred to as settlement. 
There are two kinds of settlement: cash and physical settlement. When physical settlement the 
protection buyer delivers the underlying bond to the protection seller in return of cash 
equivalent to the face value of the underlying bond. However, many CDS buyers have a 
naked position i.e. not actually owing the underlying bond. Therefore, a basket of other 
deliverable bonds is often stated in the CDS contract (O’Kane, 2008: 89). 
If Cash settlement the protection buyer does not deliver a bond to the protection seller. 
Instead, the buyer gets a cash payment equal to the par value of the underlying bond minus 
the recovery rate. 

 
Until 2008, the standard of CDS contracts was physical settlements. However, the trend towards 
cash settlements was increasing at that time (O’Kane 2008: 86). Information of the share of cash vs. 
physical settlement contracts is hard to find. The advantage of cash settlement is great when the 
outstanding notional of CDS contracts are higher than the outstanding notional of deliverable bonds 
since it can be hard to find a deliverable bond if the reference entity defaults. On the other hand, 
physical settlements creates hedging advantages from the perspective of protection sellers since they 
know exactly which bonds that is deliverable.  
 
3.6 Restructuring clauses 
Different contractual factors can influence the value of the CDS contract. Restructuring clauses 
makes the CDS spread larger since a broader range of credit event can occur. Obviously, this 
increases the risk of triggering the protection leg of the swap. An example of a credit event in a 
restructuring case is downgrade of credit rating of the reference entity. Restructuring is known as a 
soft credit event, opposite to default which is a hard credit event, since the loss of the protection 
buyer is uncertain (O’Kane 2008: 90).  
  
The different types of restructuring clauses decides which bonds that can be delivered in case of a 
credit event (O’Kane 2008): 
 

Ø CR – full restructuring. Any bond determined in the contract can be delivered. 
Ø MR – modified restructuring. Bonds with a maximum maturity of 30 month from the time 

of the credit event can be delivered. 
Ø MM – “modified-modified” which allows bonds with a maximum maturity of 60 month 

from the time of the credit event can be delivered. 
Ø XR – removed restructuring as a credit event. 
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3.7 The credit Spread  
As mentioned earlier the credit spread is the premium payments from protection buyer to protection 
seller. If the notional of the contract is USD 10m and the credit spread is 150 bp. The quarterly 
payments would be USD 37.500.7  
 
As discussed earlier, the historical default probabilities are much lower than the risk neutrals (the 
ones derived from credit spreads or bond prices). This implies, that the credit spread is larger than 
one would anticipate by looking at pure historical defaults. Note that the payment leg of the swap 
is the compensation to the protection seller for bearing the risk of the protection leg being realized. 
However, the scale of spread that the protection seller requires from the buyer reflects more risks 
than just default, therefore the seller add several premiums on top of the “pure” default risk 
(O’Kane, 2008). 
 

Spread premium = Credit spread – actuarial spread 
 
The higher the spread premium the more expensive the protection is for the buyer. This is due to 
higher risk of default of the reference entity and implies, everything else equal, higher risk of the 
reference entity to enter a credit event. However, the credit spread are be decomposed into more 
kinds of risk premiums. This is illustrated in Figure 9. 
 
Figure 9. – Spread components 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
Source:  O’Kane (2008) 
 
The actuarial risk premium is what investors requires to be compensated for based on the expected 
loss of the credit security. This expected loss is based on historical probabilities and historical 
recovery rates. However, there is a lot of uncertainty linked in this estimate. This is a well known 
issue in finance and economics; basing future events on historical data.  An example of uncertainty 
is systematic risk and the state of the economy. In the financial crisis in 2007 lots of bond defaulted 
as result of a domino effect (correlation). Because of this, investors requires an extra premium 

																																																								
7	10,000,000 x 0.015/4	
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because of the uncertainty linked to actuarial risk. This extra premium is the default risk premium 
(O’Kane, 2008). 
 
Another extra premium is added to account for changes in the spread. Spreads has an inverse 
relationship with credit ratings (O’Kane, 2008: 56). If credit rating improves, spreads decrease and 
vice versa. Therefore, and investors wants to be compensated for the risk of the credit rating change 
of a reference entity since the investors will face a loss if the value of the position falls due to a credit 
rating decrease.  
 
The liquidity premium accounts for the risk of lacking demand for credit derivatives rven though 
Langstaff et. Al. (2005) finds, that the liquidity premia is only significant in corporate bond spread. 
He argues that CDS spreads are not exposed to the same degree liquidity risk since the CDS market 
is more liquid. However, they investors still requires a liquidity premium (O’ Kane, 2008). 
 
The risk free rate reference is not straightforward. Treasury rates are lower than LIBOR rates since 
the default risks of governments usually are lower than commercial AA rates banks. The difference 
between the LIBOR rate and the treasury rate is the swap spread. However, the swap spread is not 
entirely driven by credit considerations and can be influenced be demand and supply for treasury 
bonds. By choosing LIBOR rate as the risk free rate, this uncertainty can be removed. Hence, the 
LIBOR rate is often chosen as the proxy for the risk free rate and the credit spread should be “on 
top” of LIBOR (O’Kane, 2008: 56) 
 
3.8 Uses of CDS 
The use of CDS contracts can roughly be divided into two groups: Investing and hedging. As 
mentioned earlier, banks are the prime user of CDS due to their core business model and role as 
dealers. The use of CDS for hedging purposes are often to transfer risk from own balance sheets to 
a counterparty in order to minimize credit exposure a single entity or sector (O’ Kane, 2008). 
 
3.9 Pricing 
In this section, a very convenient approximation of the spread will be presented in order to get a 
nice and convenient overview of which variables that have an influence on the credit spread from 
the reduced form approach. This is known as the credit triangle (Hull, 2012). 
 
The CDS contract has a premium leg (buyer) and a protection leg (seller). The buyer has bought 
protection and in return, he pays a continuously premium denoted as a spread until default or 
maturity of the contract. The spread, &, is determined to make the value of the contract equal to zero 
at inception (Hull, 2012). The hazard rate and the recovery of the issuer is assumed deterministic 
which is a usual assumption in practice (O’Kane, 2003). If the contract defaults, (1 - R) is paid to the 
buyer. The below formulas and notation are from O’Kane (2008). The premium payment is 
calculated by formula: 
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Where the risk free bond is: 

Y 0, # = 	n exp	(− % # 1#
3

6
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The hazard rate is assumed deterministic: 
	

m 0, # = exp − -(#)1#
<

6
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The protection leg is calculated by: 
 

l%Z#JG#EZF	`JW	l2 0, L = (1 − 0) Y 0, # m 0, # -1#
<

6
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Where Y 0, # m 0, #  is the same as above. Here, is -1# the conditional probability of default as 
explained in section 2.9. The value of the spread, S, is the quantity that makes the premium leg equal 
to the protection leg (O’Kane, 2008). The credit triangle is then given by: 
 

& = 	-(1 − 0) 
 
Even though this is only an approximation, it provides an extremely easy interpretation of what 
influences the credit spread. It is seen that a higher hazard rate increases the credit spread and that 
a higher recovery rate decreases the credit spread.  
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Chapter 4  

4. Empirical Analysis 
 
4.1 Method 
Below triangle describes the steps necessary to conduct a thoroughly empirical analysis ranging 
from initial data collection to the final regression results.  
 
Figure 10.  – Analysis method 
 

 
Source: Authors own creation 
 
On the basis of the knowledge gained from the credit risk analysis section, it is possible to determine 
and collect the relevant data. Eventually the data is validated by comparing it with different data 
sources (if available). Next step is to prepare the data for the regression. This is done by cleaning 
and matching each firm specific and macro variable with the CDS spreads of the entities. Univariate 
analysis and other statistical testing is conducted on every variable to explore its statistical feasibility 
with linear multiple regression e.g. check of linear regression assumptions. If needed, corrections 
are done to the variables. Finally, the multiple linear regression is carried out which makes up the 
basis for the conclusions. 
 
4.1.2 Multiple Linear Regression 
Multiple regression is a method for estimating how multiple variables simultaneously explains a 
depending variable. The approach to find variables and interpret them is an interaction between 
financial theory (in this case) and statistical theory. In order to perform a valid regression model, the 
assumptions for linear multiple regressions must be examined. This paper follows the assumptions 
suggested by Brooks (2008): 
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1. c i3 = 0   
The average value of the errors is zero. However, as long as an intercept is included in the 
regression model this assumption will not be violated. 

2. 2@% i3 = )*  
This assumption is regarding homoscedasticity (also known as constant variance). This 
assumption is often violated in panel data regression. Fortunately, dealing with 
heteroscedasticity is a common issue (Brooks, 2008). Thus, several tools are available in order 
to correct the regression model.  

3. GZh io	, ip = 0	"Z%	E ≠ r  
The covariance in the error terms over time must be zero. This is also known autocorrelation 
or serial correlation. A common test for discover autocorrelation in the error terms is the 
Durbin-Watson test and the Breusch-Godfrey test. 

4. The explanatory variables are non-stochastic. 
5. i3 ∼ t(0, )*) The error terms are normally distributed. 
6. No perfect or near multicollinearity. Perfect multicollinearity is when the correlation 

coefficient between variables are -1 or 1. Near correlation has no exact definition but 
describes the case where two variables are highly correlated. Multicollinearity can cause 
large standard errors on estimates and thereby cause estimates to be insignificant when they 
in fact are significant. There are several ways to correct for multicollinearity such as changing 
the scale of the variable, remove the entire variable or ignoring the multicollinearity. 

 
Above assumptions are all important for the multiple regression model to yield reliable estimates 
(Brooks, 2008).  However, testing all the assumptions is beyond the scope of this paper. As a result, 
only the homoscedasticity, autocorrelation in the error terms and the multicollinearity will be 
investigated further. These are common assumption which are often detected and corrected, and are 
relatively tangible to deal with (Brooks, 2008). On the other hand, the two “discarded” assumptions, 
assumption 1 and 4 above, are assumed to hold. However, when drawing conclusion, the reader 
must have in mind that not all assumptions are proved validated. 
 
4.2 Panel data  
This section will describe the process of obtaining  and cleaning the relevant data used in the panel 
data regression analysis. Panel data is a convenient method to analyze how relationships between 
variables changes dynamically over time and/or across entities. Since the number of entities and 
time in this paper is quite large it should be possible to analyze such time and individual effects.  
 
In the process of selecting and cleaning the data, it has been of high priority that these data are valid 
and processed properly in a statistical sense. The databases used to find data for this paper is Markit, 
Bloomberg, Compustat, FRED, CRSP and Yahoo Finance. These sources are considered valid and 
credible to use. It will be stated explicitly which source is used when the data for each variables are 
presented later in this section.  
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When doing panel data analysis, it is ideal to work with balanced data due to statistical validity 
(Brooks, 2008). Balanced data is, having the exact same observations at time t for each cross sectional 
unit, i.  
In this paper, it means that the CDS spreads for each entity and its matching explanatory variables 
must not suffer from missing observations at any point in time. To achieve balanced panel data it 
requires that variables with missing data observation are excluded or having its missing 
observations replaced by imputation. A too large exclusion of variables will obviously decrease the 
sample size and therefore lead to a loss of statistical validity (Brooks, 2008). On the other hand, 
uncritically replacing observation by imputation whenever missing observations occur will 
eventually manipulate the analysis. Hence, dealing with lack of data is a great concern in statistical 
sampling and therefore missing values and imputation methods will be discussed explicitly in 
relation to each variables in the next section. 
 
The general notation for panel data is: 
 

Oo3 = 	u + vAo3 + ,o3					∀E = 1, … , t,					∀# = 1, … , L 
19		

Where 
v = R	×	1	hJG#Z% 
Ao3 = 1	×R	hJG#Z% 

R = Fi?kJ%	Z"	JAK`@F@#Z%O	h@%E@k`J. 
L = LE?J, t = cF#E#EJ. 

 
There are several ways to approach the regression. The simplest form is to pool the data into a single 
time serie i.e. one single regression based on all the data (Brooks, 2008). As a result, such regression 
can be considered as a standard OLS regression. Even though this method can yield reliable results, 
it has limitations. First, simply by pooling the data together implicitly assumes that average values 
are the same across entities and time i.e. ignoring the impact of time and individual effects (Brooks, 
2008:488). In this paper, CDS spreads for various entities are to be analyzed. The hypothesis from 
the structural models included in this paper is that the structural variables have roughly the same 
impact on the credit spread of an entity regardless of its credit rating. Even though a pooled 
regression would be feasible with the assumptions behind such investigation, it completely ignores 
the findings of a lot of previous research. As mentioned earlier on, previous research suggests credit 
ratings, have an impact on how entities respond to changes in structural variables. To analyze this 
further, panel data regression methods like fixed effects and random effects will be included. The 
difference and usage of these two extensions of regressions will be dealt with later on. 
 
Altman’s accounting ratios, and the GDP variable, only come in quarterly frequency and therefore 
makes it odd to do the regression with daily data since the in-between dates (between yearly 
quarters) should be replaced by some constant value. This would bring a lot of noise into the 
regression model since a lot of CDS spreads would be explained by a lot of constant values. 
Consequently, the final multiple regression will be done on monthly data. Hence, all daily data are 
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transformed to monthly values. This method is inspired by Zhu. Et. Al. (2005) who makes the same 
adjustment to fit the regression model some of their firm specific variables.  
 
Instead of using monthly averages one could also choose to use the last observation in every month. 
However, such a method does not take into account large movements in the data during the month. 
A potential scenario could be a very volatile month with a huge stock jumps in the beginning of the 
month however, the CDS spread may be normalized during the end of the month. If the monthly 
CDS end-price is used in such particular case, the regression would not be able to capture the jump 
effect on the CDS spread. 
 
The result of the data collection is 26 variables with 132 monthly observations for each entity. This 
resulted in 199.056 observations for the HY entities and 384.384 for the IG entities. Each of the 
variables below will in the following sections be analyzed further and tested against the CDS.  
 
Table 4. – Variable Overview 
 

Firm specific Variables Description 
Stocks Entity stock price 
X2 Retained Earnings/Total Assets 
X3 Pretax Income/Total Assets 
X4 Market Value Equity/Book Value Liabilities 
X5 Sales/Total Assets 
30Day Sigma Historic 30day volatility on the entity stock returns 
63dayDay Sigma Historic 63day volatility on the entity stock returns 
252Day Sigma Historic 252day volatility on the entity stock returns 
Number of jumps Number of monthly Jumps 
Jump Mean Monthly Jump mean 
Jump std Monthly Jump Standard Deviation 
Negative Jump Mean Monthly mean of negative jumps 
Postive Jump Mean Monthly mean of positive jumps 
Hazard Rate Ratio of jumps in each month 
Macroeconomic 
Variables 

Description 

GDP Gross Domistic Product 
US0001M Index US 1 month Libor 
US0003M Index US 3 month Libor 
US0006M Index US 6 month Libor 
US00O/N Index US overnight Libor 
US0012M Index US 12 month Libor 
Slope of the yield curve Difference between 10 year treasury and 3 month treasury rate 
SP500 price Returns on SP500 
SP500 std. 30days Historic 30 day volatility of SP500 returns 
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SP500 std. 63days Historic 63 day volatility of SP500 returns 
SP500 std. 252days Historic 252 day volatility of SP500 returns 
Vix The VIX index 

 
4.3.1 CDS spreads 
The process of determining which companies to include as dependent variables in the regression 
will be addressed here. The group of companies should be as representative for the general CDS 
market as possible in order to paint a valid picture of the factors influencing the spreads in general, 
meaning that there should be a broad range of companies with different characteristics represented 
in the analysis. However, picking these companies individually by considering a broad range of 
variables such as size, liquidity, geography etc. Is a comprehensive task. In Zhu Et. Al. (2005) the 
authors did this kind of comprehensive data collection from Markit8 and was left with 307 out of 
2,600 entities after matching the spreads with its explanatory variables. To avoid an identical 
analysis and also this comprehensive data elimination process a more efficient approach is used. 
 
Markit provides approximately 2,600 daily composite CDS spreads and a range of indices. Various 
leading industrial contributors provide the spreads to Markit who filters these spreads in order to 
create a single composite spread for each entity (Markit, 2014). This composite spread is a result of 
a spread-aggregating process which takes into account 3 filters: removal of outliers, a staleness 
criteria which removes spreads that exhibit no change for a longer period and removal of flat term 
structure spreads (Zhu et al, 2005:10). 
 
The two major groups of CDS indices in North America is CDX.NA.IG (IG)9 and CDX.NA.HY 
(HY)10. Markit have since 2007 administrated both indices and provides a daily composite spread 
for both (Markit, 2016). 
 
Figure 11.- Average value of CDS indices 

																																																								
8	www.Markit.com	
9 IG = Investment Grade 
10 HY = High Yield (Low rated entities) 
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Source: Markit 
 
IG and HY covers liquid investment grade and speculative grade entities, respectively, in North 
America. As illustrated in figure 11 the HY index (left axis) is obviously trading at a much higher 
spread than the IG index (right axis). A more crucial observation is that IG and HY are closely related 
in terms of movements. Both spreads peaks simultaneously during the financial crisis in the years 
of 2008 to 2009-10. These co movements is also verified by Pearson correlation coefficient which 
yields 94.39%. This high correlation coefficient concludes that the co movements in the two time 
series is very large. The two time series looks non-stationary since they “wanders off” something 
like a random walk process. Such process is given by 
 

A3 = A3zI + i3 
 
Where A3zI is the lagged value of x and i3 is the stochastic component. A random walk give rise to 
consider some statistical implications. First, non-stationary processes, such as a random walk, causes 
spurious relations. Such relation can give a false indication that two variables are related even 
though they are not (Stock and Watson, 2012). Second, by definition a random walk has a shock 
included – also known as a stochastic component. In figure 11 it could seem that the IG and HY 
series are determined by a common stochastic component since they move so closely together 
(Brooks, 2008). 
 
There are certain ways to test above implications. If a time series is non-stationarity it is known to 
have unit roots. Random walks often has a unit root order of integration of I(1) (Brooks, 2008). A test 
for unit root is carried out by the Augmented Dickey-Fuller test and the KPSS test. That is, testing 
the hypothesis that: 

A3 = {A3zI + i3 
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A3−A3zI = {A3zI−A3zI + i3 
ΔA3 = }A3zI + i3 

Where } = { − 1. It can then be tested that: 
 

	V6: } = 0	~	tZF	&#@#EZF@%E#O 
VÄ:	} < 0	~	&#@#EZF@%E#O 

 
Which is equivalent to the Augmented Dickey-Fuller test (Brooks, 2008). The test statistics yield -
2.42 and -1.96 with p values of 0.476 and 0.596 for IG and HY, respectively. Thus, the hypothesis of 
IG and HY being non-stationary cannot be rejected as expected. Another test for stationarity is 
carried out by the KPSS test which yields same conclusions11. 
 
The second implication concerns the stochastic component. As mentioned above, is seems that IG 
and HY are exposed to the same factor(s) i.e. the same shock(s). The term cointegration deals with 
this concern. There are several ways to identify this term. One method is rely on expert knowledge 
- that is - finance theory (Brooks, 2008).  The theories covered in the credit analysis section argues in 
favor of a common set of factors should drive the spreads. However, one can also test cointegration 
statistically by the Engle-Granger Augmented Dickey-Fuller test. The test is done by two steps. First: 
 

SÅÇ = vÉÑÖ + i 
 
Where u are the residuals. If time series have unit roots, the residuals will also contain unit roots 
except if the time series are cointegrated (Brooks, 2008). Then, the residuals will be stationary, I(0), 
since SÅÇ − vÉÑÖ = i	eliminates the common stochastic term. The residual is estimated by normal 
OLS estimation and then the Augmented Dickey-Fuller test is done on the these residuals. Thus, the 
test is: 
 

	V6: i	~d(1) 
	VÄ: i	~d(0) 

 
The test statistic yields -3.99 with p value < 0.01 (Appendix 4). This means that the hypothesis of the 
residuals being non stationary is rejected i.e. IG and HY are cointegrated. This result was expected 
since credit spreads on low credit ratings and high credit ratings should react to the same factors 
according to the Merton model that does not take into account credit ratings. 
 
To sum up, IG and HY are non-stationary processes and cointegrated. From this, it can be concluded 
that spurious regression is likely to happen if IG and HY are not corrected when the regression is 
conducted later in this paper (Brooks, 2008). Taking the first difference is an effective way to make 
non-stationary processes become stationary. Beside the convenient stationary transformation, 
differences also proves are more stringent test of the theory since differences are much harder to 
explain in general (Ericsson et. Al., 2005). Consequently, CDS spreads will be analyzed by their first 
differences from now on in this paper. Furthermore, since IG and HY are cointegrated it strengths 

																																																								
11 R code for these tests can be found in appendix 4 
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the motive of examining both indices in this paper since the same factors must influence the spreads 
in each index, at least according to the Merton theory. 
 
As a result of above the CDX indices analyzed in this paper are: 

Ø CDX.NA.IG tracks the 125 most liquid investment grade North American entities.  
Ø CDX.NA.HY tracks 100 liquid high yield credit rating North American entities. 

 
CDX.NA.IG (IG) and CDX.NA.HY (HY) has both in common that they track the most liquid entities. 
However, they differ in rating classes. IG only include entities with credit rating Aaa, Aa, A, Baa 
and HY only include below Baa. 
 
There are several advantages of using entities from these two main indices: 
 

Ø Liquidity: as mentioned in section 3.7 non-liquid spreads tend to be higher than liquid 
spreads since it reduces the uses of CDS such as hedging options. Even though CDS are more 
liquid that the corporate bond market Zhu. et. al. (2005) removes credit spreads higher than 
20% because it is usually related to absence of trading. By using indices, the composite spread 
is already corrected for liquidity since the spreads are liquid (Markit, 2014). The liquidity 
premium might not be gone however it is assumed to be minimized as much as possible. 
Since this paper is interested in finding the determinants in the spreads in relation to credit 
factors - having liquidity minimized makes the analysis more valid in terms of pure credit 
risk. 

Ø Standardization: Some CDS are traded as OTC derivatives and/or with individually suited 
terms. The CDS in indices are traded on standardized terms which minimize pricing 
differences occurring from individually negotiated contracts (Markit, 2014). 

 
4.3.2 Selection Bias 
One downside of choosing an index is the obvious selection bias. Only frequently traded entities are 
included and this creates a loss of representativeness of all entities. One might ask what characterize 
the frequently traded entities and why they are the most traded. At first sight, it makes sense to 
believe that entities trading in HY are subject to hedging uses rather speculation uses since they 
carries a lot more risk due to lower rating. However, this might be false since the argumentation can 
be reversed i.e. more risk increases the spread volatility and thereby makes speculation very 
attractive. Thus, assigning weights of the two main groups of uses (hedging and speculation) to IG 
of HY is ambiguous. As a result, the selection bias will mainly consist of a bias towards size of 
entities. That is, large entities are assumed to having CDS traded more often. However, the upside 
of having reliably data that does not suffer from liquidity pricing errors weights heavier than 
obtaining a larger degree of representativeness. 
 
4.2.3 Survivorship bias 
Both indices have a rotation principle, which means that entities in the index can get replaced by 
other entities. This is referred to as rollouts and these happens every six month on two fixed dates: 
27-09 and 27-03 (Markit, 2014). Markit and its largest spreads contributors decides which entities is 
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rolled-out (if any). The formal requirements for staying in the indices is that an entity must maintain 
the relevant credit rating for the index and trading volume (liquidity). The fact that there is a flow 
of entities in and out of the two indices during the analyzed period, adds a statistical issue. If an 
entity stays in the index for the whole time period it is obviously not an issue. However, there is a 
fraction of entities that are represented in multiple time periods of the total time period (rolled out 
and rolled in again) and there are examples of entities that is rolled out early of of the time period 
and never returns. In relation to having balanced panel data, it is tempting to exclude all entities 
which is not meeting the requirement of being represented in the whole time period. However, 
excluding such large fraction of entities might result in survivorship bias. That is, excluding entities 
rolled out because of default and thereby drawing biased conclusion. However, by examination of 
the dataset only few companies were rolled out because of default during the time period. Therefore, 
the method will not contribute to survivorship bias and entities that is not represented 80% (approx. 
18 out of 22 months) of the time in the time period will be excluded and missing data on the 
remaining data entities will be replaced by the last available observation. It is also worth noticing 
that a liquid company which is rolled out the IG index will get captured in the HY if it will still meets 
the liquidity requirements. However, it is worth noticing that even though the exclusion method 
did not significantly contribute to survivorship bias this analysis will still suffer from it since 
(almost) none of the entities in the dataset is subject to default. This must be kept in mind when 
drawing conclusions. 
 
4.3.3 Summary 
After cleaning the data and matching with the macroeconomic and firm specific variables, 
CDX.NA.IG has been reduced from 148 to 112 entities and CDX.NA.HY has been reduced from 149 
to 60. 
 
Figure 12 – Description of CDS spreads data 
 

 CDX.NA.IG CDX.NA.HY 
Data 
period 

01-01-2006 to 12-31-2016 01-01-2006 to 12-31-2016 

T (days) 2833 2833 
T (month) 132 132 
Entity 
rating 

AAA, AA, A, BBB Below BBB (BB, B, CCC, CC, 
C) 

N  112 60 
Docclause MR MR 
Maturity 5y 5y 

 
The number of companies in the HY index have been reduced far more compared to the IG index. 
Such a huge decrease was not expected, although it was expected that the HY index would be 
exposed to a higher degree of changing companies because of the higher probability of going into 
default. However, the large degree can’t be explained by defaults but rather the fact that data quality 
in IG is better than HY (both in CDS spreads and in explanatory variables) which made it necessary 
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to remove a large fraction of HY entities due to lack of data. A consequence of this is obviously a 
decrease of statistical validity since 60% of the available data has been eliminated. However, 60 
entities with 132 data points each is still assumed to be an acceptable level to proceed with. 
 
IG spreads is often traded as MR docclauses and HY spreads are often XR (Markit, 2014). Recall from 
section 3.6 that MR spreads > XR spreads which adds some uncertainty to do the analysis if both 
docclauses is included. Since HY spreads are available with MR docclause it seems obvious to collect 
those data instead and thereby eliminate this potential uncertainty. Therefore, the docclause is set 
to be MR for all spreads. 
 
The time frame is all trading days between 01-01-2006 and 01-01-2016. This time frame is mainly 
chosen because it has the highest data quality but also because it includes the years of the financial 
crisis. It will be interesting to see if the spreads had a different behavior during that period. 
Appendix 5 and 6 reports the all the entities included in this paper. In order to provide an overview 
of the dataset these entities can be divided into several sectors and ratings. 
 
Figure 13.- Entities by rating 
 

   
Source: dataset 
 
Figure 14.- Entities by Sector 

 
Source: dataset 
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Figure 13 reveals that the largest fraction is BBB entities in the IG index. Only 2% is AAA and AA 
rated which illustrates the rareness of these premium ratings. However, BBB ratings are considered 
relative safe having only 1.8% probability of default within the first year as seen in table 3. This 
illustrates that premium ratings (AAA) are only a very small part of this analysis, and should be 
considered when drawing conclusions.  
 
4.4.1 Stocks and jumps 
In this section stocks and their jumps are to be analysed. For each entity its associated daily closing 
stock price is collected from CRSP12. If a stock price had missing data for a longer period and/or 
more than 20% of the time period, it was excluded. As with the CDS spreads, missing data is closely 
investigated in order to have valid data. In the CDS spreads, the HY entities had a lower degree of 
data quality than the IG entities. As a result, a larger fraction of the HY companies have been 
excluded.  
 
The imputation method chosen for dealing with missing for the stocks prices is by linear 
interpolation. The reason for this is that replacement with last observation does not comply with 
stock jumps (which is derived from stock prices, this will be explained in detail later). Say, that a 
stock price for unknown reasons is missing for a smaller period of time. If the stock price hasn’t 
changed then using the last observation creates no harm. However, if the stock price has changed a 
lot then using the last observation would create an artificially stock jump. This would obviously be 
a noise making source in the regression analysis and eventually provide wrong estimates. By linear 
interpolation, this error is avoided since the stock price will increase linearly between the last and 
the next available observation. Indeed, this method is not perfect and will have an impact on the 
stock return since a constant return will be observed in such a period with missing data. However, 
stocks with large periods with missing prices have been excluded to minimize this issue. Finally, the 
outstanding amount of shares can vary since an entity can make stock splits, buy back shares etc.  
As a result the stock prices has been adjusted according to notional amount of the stock outstanding. 
Such data and a converting factor was also available at CRSP. Hence, stock price has been adjusted 
accordingly so that stock returns and jumps are based on “true” returns. 
 
4.4.2 Correlation and Causality between stock returns and CDS spreads 
In this section the relationship between stock returns and CDS spreads will be investigated. From 
the credit risk theory section, it was concluded that an increase in equity should decrease the credit 
spread i.e. A positive equity return should decrease the credit spread. 
 
 
Figure 15.– Daily average stock prices for entities in IG and HY index 

																																																								
12	http://www.crsp.com/	Access	through	wrds:	https://wrds-web.wharton.upenn.edu/wrds/	
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Source CRSP 
 
The average stock price of the entities in IG and HY falls during the year of the crisis. The average 
monthly CDS spread of the IG and HY are also shown in Figure 15 to illustrate the negative 
relationship between the stock prices and the credit spreads. This negative relationship is best 
observed during the financial crisis. It can be seen that the average stock drops and the credit spreads 
peaks in the period between 2008- 2010. The correlation coefficient between the two above time 
series are -0.71 and -0.88, respectively. As expected the correlation is negative and the high 
coefficients implies that the stock prices could have some predictive effect on the spreads. However, 
similar to the CDS spread, the stock prices look non-stationary as they both seems to follow a 
random walk with some kind of drift which is not surprising since stock prices often are referred to 
follow a random walk (Cuthbertson & Nitzsche 2004:56). An Augmented Dickey-Fuller test yields -
1.87 and -1.95 and p-values 0.63 and 0.60 for IG and HY stock prices, respectively (R-code in 
appendix 7) As expected, the non-stationarity cannot be rejected. 
 
Recall that multiple non-stationary series can seem related as a result of spurious relation. To get 
valid estimates of the relationship between stocks and CDS spreads, stationary series should be 
analyzed (Brooks, 2008).  Fortunately, a very common and effective method to obtain these is to take 
the first difference, that is, A3 − A3zI. Before taking the first difference, the log is taken of the stock 
prices. Using log(x)13 values has a convenient property in terms of taking the first differences since 
03~ log l3 − log	(l3zI). This means that returns can be analyzed, which is the most common way 
to with when analyzing stocks.  
 
When looking at first differences, the Augmented Dickey-Fuller now yields -4.83 and -5.33 and p-
values very close to zero for IG and HY stock prices, respectively. Thus, non-stationarity is rejected. 
From section 4.2.1 the CDS spreads was also found to be non-stationary. Taking the first difference 
of the IG and HY CDS spreads also makes them stationary.  
 
Table 5. – Correlations 

																																																								
13	Log(x) here is referring to the natural logarithm, also known as ln	
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Variable Variable Correlation R^2 

àâäãå Stockëí -0.88 0.77 
ìàâäãå ΔlogStockëí -0.43 0.19 
àâäîï Stockñó -0.71 0.50 
ìàâäîï ΔlogStockñó -0.35 0.12 

Source: Dataset (appendix 7) 
 
Taking the first difference decreases the correlation coefficient between stock returns and CDS 
spreads for both indices. The decrease in the HY data is higher than IG. Converting the stocks and 
CDS spreads into differences obviously have a worse predicting effect on each other than in absolute 
values. However, correlation coefficients on -0.43 and -0.35 is a relatively strong negative 
relationship between movements of stock prices and CDS spread. Previous studies such as Chan et. 
Al. (2009) also investigates this relationship. They find that the relationship between Asian sovereign 
CDS spreads and equity markets is so powerful that are they are in fact cointegrated in China and 
Korea, however, not in Japan, Philippines, Malaysia and Indonesia. 
 
Indeed, in this paper the entities are firms and not sovereigns. However, the suggestion that there 
might exist a long run equilibrium between CDS spreads and equites can also be considered in the 
case where entities are firms. This is implicitly seen in the Merton model, where the credit spreads 
are related to equity changes (section 2.4.1). Therefore, a cointegration test (similar to the one in 
section 4.3.1) is conducted between spreads and stock prices. For the IG CDS index and the IG stocks, 
the test yields -2.35 with p-value of 0.43. For the HY CDS index and the HY stocks the test yields -
1.78 with p-value of 0.67. (R code in appendix 8). It can be concluded that there is no cointegration 
between both the indices and their stocks. As a result of this rejection of cointegration , the stocks 
and CDS are should not be determined by the exact same factors, however there is a close relation 
as seen in the Merton model. 
 
Even though cointegration is rejected the relatively high correlation leads to a very central question 
which is of causality and the direction of it. Does movements in stock returns cause movements in CDS 
spreads or does movements in CDS spreads cause movements in stock returns? Or no causality at all? 
 
Chan et. Al. (2009) also investigates this question and finds ambiguous results. They use Granger 
causality to determine price leadership14. They find that in Philippines and Indonesia changes is bi-
directional, in Japan there is no causality and in Malaysia the changes in CDS spreads Granger-
causes changes in stock prices. They conclude that price discovery happens in CDS market rather 
than in the stock market. However, that analysis is, as mentioned above, based on Asian sovereigns 
and yields very ambiguous results. Another empirical study that investigates the price leadership is 
Forte and Pena (2009). They find that Stock prices causes the CDS spreads based on a sample of 
European and US companies. 

																																																								
14	Price leadership in the Chan et. Al. (2009) article is a term describing the phenomena of closely 
related markets where one is not sure which market reacts quickest to the arrival of news.		
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The main question is, “who is the price leader?” that is, which market incorporates new information 
first? According to the efficient market hypothesis, any stock price today incorporates all relevant 
information (Cuthbertson & Nitzsche, 2004). 
 

l3òI = c3l3òI + ô3òI 
20 

As a result, any changes in a stock price is caused by the arrival of new information which is captured 
in c3l3òI. The error term ô3òI has a mean of zero and must be independent. A central point from the 
efficient market hypothesis is the orthogonality property. It states that no information available 
today cannot be used to forecast tomorrow’s stock price (Cuthbertson & Nitzsche, 2004). 
 
The time between an event, that can be categorized as relevant news, happens to the time the 
markets reacts on it, is determines by the form of efficiency (weak, semi-strong and strong). Since 
the stock market is a much older and established market and the relative new CDS market, there is 
a lot of research of made about reaction time in the stock market than the CDS market. The most 
common result is that the semi-strong form applies in stock markets, that is, all public available 
information is incorporated in the stock price (Cuthbertson & Nitzsche 2004:64). The CDS market 
may be more efficient, equal to or less efficient to the stock market.  
 
It is obvious that there is a large overlap in the relevant information that has an impact on CDS 
spreads and Stocks. Stock prices reacts to news that can cause changes in equity which effectively 
change credit spreads according to the structural models, as stated earlier. Also the fact that 
cointegration is present between some CDS markets and stock markets according to previous 
studies (Chan et. Al. 2009) strengthens the fact of common influence factors. 
 
A robust investigating of which market is the most efficient is beyond the scope of this paper. 
Instead, to obtain a simple statistically evidence of a causality between spreads and stocks a Granger-
causality is conducted similar to Chan et. Al. (2009) by estimating a VAR (Vector autoregressive) 
model. The VAR(k) is a systems regression model i.e. there is more than one depended variable 
(Brooks, 2008:290). VAR(k) is effectively two or more time series with lagged values of each other in 
all equations and k determines the number of lags. In this paper the VAR model is bivariate i.e. two 
equations.  
 

OI3 = vI6 + vIIOI3zI + ⋯+ vIõOI3zõ + uIIO*3zI + ⋯+ uIõO*3zõ + iI3 
O*3 = v*6 + v*IO*3zI + ⋯+ v*õO*3zõ + u*IOI3zI + ⋯+ u*õOI3zõ + i*3 

 
Where OI3zõ is k lagged values for CDS spreads and O*3zõ is k lagged values for Stock returns. 
Above two series are constructed for both IG and HY i.e. IG CDS spreads is equation OI3 and IG 
Stock returns is O*3 and same for HY afterwards. A standard OLS regression is applied to estimate 
the coefficients for the lagged values in both series. The Cranger-causality test is similar to a 
traditional F-test. It can then be tested whether the coefficients for equation 1 (lagged CDS spreads) 
are significant different from zero in equation 2 (Stocks returns). If they are significant different from 
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zero, one can conclude that CDS spreads Granger-cause the stock returns. The test is also done the 
other way around i.e. to test whether stocks Granger causes CDS spreads. 
 
First step is to estimate the number of lags k to include in the VAR model. The process of identifying 
lags is a practical task and somehow equivalent to identifying ARMA models. A common and 
pragmatic determination process to do so is the Box and Jenking approach. The first step in that 
approach is determining the order of the model required to capture the dynamics of the data. This 
is usually done graphically (Brooks, 2008:230). 
 
Hence, a visual presentation of the series is provided by ACF plots. However, such plots are 
sometimes hard to interpret. ACF plots of IG and HY CDS and stock returns can be found in 
appendix 9. The plot reveals that for the CDS spreads several “spikes” are significant up to lag 15 
for HY and up to lag 30 for IG. For the stocks the significant lags are found up to lag 15 also. 
According to the efficient market hypothesis this is nonsense and the ACF plot are therefore hard to 
interpret in an economic sense.  
 
A different approach to determine the VAR lag length is by information criteria. This is similar to 
the method used in Forte and Pena (2009) and Chan et. Al. (2009). As a result of the unclearness in 
using ACF plots this method is preferred. The objective in the information criteria is to select the 
value of k lags that minimize the information criteria. The most used information criteria’s are the 
AIC and HQIC (Brooks, 2008: 232). The formulas for these and their estimates are as follows: 
 
Table 6.- Informations criterias  
 

Method Estimates of lag IG CDS 
spread and IG stock return 

Estimates of lag HY CDS 
spread and HY stock return 

úùû = ü† °¢ +
¢£
§

 10 10 

•¶ùû = ü† °¢ +
¢£
§
ü†	(ü† § ) 2 5 

Source: R output from appendix 10 
 
Where °¢ is the variance of the residuals and n is the number of parameters (variables x lags +1) and 
T is the sample size. The R-code for the estimates can be found in appendix 10. AIC is minimized 
with ten lags and HQIC is minimized with two lags for IG and five for HY. The first iteration of the 
information criteria is estimated based on max lag of ten. When relaxing the max lag to, say 15 or 
even 30, the AIC estimate rises to the value of the chosen max lag. Hence, the AIC criteria always 
suggest to include as many lags as possible. The HQIC remains at 2 for IG and 5 lags for HY 
regardless of the lags included to estimate the information criteria. When looking at the ACF plots 
for the CDS spreads, the IG spreads have significant 1. And 2. Lags in and the HY spreads have 
significant lags around 2,3 and 4 lags. Thus, the results of the HQIC information criteria seems more 
consistent with the observed ACF plots. As a result this criteria is used. 
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When conducting the Cranger-causality test on IG with 2 lags included and on HY with 5 lags 
included the test yields: 
 
Table 7 – Granger causality test 
 

Granger Causality 
test 

F-test P Value Conclusion 

IG Stocks do not 
Granger-cause IG 
CDS spreads 

143.44 < 2.2e-16 Reject 

HY Stocks do not 
Granger-cause HY 
CDS spreads 

69.601 < 2.2e-16 Reject 

IG CDS spreads do 
not Granger-cause IG 
Stocks 

2.9822 0.0508 Fail to reject 

HY CDS spreads do 
not Granger-cause HY 
Stocks 

1.0913 0.3629 Fail to reject 

Source: R output appendix 10. 
 
The interpretation of above results are as follows:  

Ø Movements in stocks prices (returns) Granger-causes CDS movements in both indices.  
Ø Movements in CDS spreads do not Granger-cause movements in stock prices in both indices. 

 
So far, the term Granger-causality has been used to distinguish between term Granger-causality and 
the more traditional definition of causal effects. What the Granger-causality simply measures is, if 
past values of a variable have significant correlation with current observations of with another 
variable. It does not necessarily means that a variable actual causes another variable to move. 
However, keeping in mind the Granger-causality results of this paper, the findings of Forte and Pena 
(2009) and the argumentation from the efficient market hypothesis theory it is reasonable to assume 
that movement in stock prices have a true causal effect on movements in CDS spreads.  
 
Assuming that CDS prices do not cause stock prices is an important assumption in order to obtain a 
valid regression model since stock prices as an explanatory variable can be viewed as an exogenous 
variable. More casually speaking, the causality runs from X to Y and not from X to Y. 
Hence, the OLS estimator yields consistent and unbiased estimates and test statistics without the 
need for correcting simultaneous equation bias. 
 
4.4.3 Bivariate regression between stock returns and CDS spreads 
In previous section it was concluded that the stocks can be seen as an exogenous variable which is a 
requirement for the OLS estimator to yield consistent and unbiased estimates. Consequently, in this 
section the relationship between the stock returns and CDS spreads will be investigated further by 
panel data regressions with CDS spreads as the dependent variable and log prices of stocks. Since 
non-stationarity of both variables was discovered in previous section the regression is done on first 
differences which effectively makes the log stock prices to returns as seen in explained earlier. As 
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previously, the regressions is run for the IG entities (CDS spreads for IG entities vs. stocks for IG 
entities) and also for the HY index (CDS spreads for HY entities vs. stocks for HY entities). 
 
The first regression considered is a pooled regression, which stacks all the entities upon each other 
in one single column (Actually two columns, one for CDS spreads and one for stocks). Effectively, 
the regression becomes a standard OLS regression on a single time series. This model may not be 
the best in describing the data. However, the main point to do this bivariate regression is analyzing 
the isolated relationship between CDS spreads and stocks without influence of other variables in the 
regression equation. Hence, assumption checks are not done here but first later on. The standard 
OLS estimates and test statistics yields: 
 
Table 8. – Bivariate pooled regression between CDS spreads and stock returns 
 

Variable IG  HY  

 Balanced Panel: n=112, 
T=131, N=14672 

 Balanced Panel: n=58, 
T=131, N=7598 

 

 Estimate p value R^2 Estimate p value R^2 
Stocks -1.86 < 2e-16 *** 0.0814 -8.21 <2e-16 *** 0.1946 

*** = significant on a 0.001 level, ** = significant on a 0.01 level 
Source: R code in appendix 11 
 
The CDS spreads is measured in basis point and the stock returns in percent. Hence, the estimates 
should be interpreted as the impact in basis point on the CDS spread if one percent movement in 
the stock returns. It is clear above table that the HY spreads are much more sensitive to changes in 
stock return. If the return of a HY entity stock increases by 1 percent its CDS spread will decrease 
by 8.21 basis points whereas the CDS spread for a IG entity only decreases by 1.86 basis point. The 
negative relationship is just as expected from the Merton model and it makes good sense that the IG 
CDS spreads a much less sensitive to stock returns than HY spreads since investors believe that HY 
entities have a higher probability of default qua credit ratings. Furthermore, the regression fits the 
HY data better since the regression has a 0* of 19.46% compared to 8.14% for IG.  
 
4.4.5 Stock jumps 
The term “Stock jumps” describes the phenomena when a stock price takes on a large drop or rise. 
The intuition of jumps and inspiration is taken from Zhu et. Al. 2005. They investigate the impact of 
jumps in the CDS spread between 2001-2003. Zhu et. Al. 2005 has access to intraday equity prices15 
which allows them to operate with very high frequent data. As a result, their estimates of “realized 
intraday volatility”, from which they derive jumps from, also requires high frequently data before 
it can be justified to use these measures. Hence, this paper will not measure jumps the exact same 
way as Zhu et. Al. 2005 however, it will adopt the intuition the derivation of jumps. That is, stock 
returns are assumed to be normally distributed and that jumps are rare (Zhu et. Al. 2005:9). 
 

																																																								
15	Zhu et. Al. 2005 have access to intraday equity prices with a five minute interval.	
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The assumption of normally distributed stock returns is also in compliance with the Merton model, 
where stock prices are assumed to be lognormal distributed. As a result, rate of returns are assumed 
to be normal distributed too (Hull, 2014: 301). This crucial assumption of the distribution of returns 
allows a convenient distinction between what is a “normal” return and when a return so large it can 
be categorized as a jump. The filtering of jumps is based on a pre-set threshold within the standard 
normal distribution. Zhu et. Al. 2005 choose their level of significance to 0.999 which is equivalent 
to 3.09 standard deviations as their threshold for filtering out jumps. This threshold is marked with 
the black line in figure 15, thus if the standardized returns is larger than 3.09 standard deviations 
away from the mean it is categorized as a jump. This is marked with the blue shade in figure 15. 
 
Figure 15. – Jumps in the standard normal distribution 
 

 
Source: authors own creation 
 
The textbook way of standardize a variable is by subtracting its mean and divide with the standard 
deviation. Zhu et. Al. (2005) uses this intuition to filter out jumps however, their standardization of 
returns is adjusted to include a quadratic variation process instead of the traditional standard 
deviation measure. The implementation of this quadratic variation process requires high sampling 
frequency to the measure to converge to the standard normal distribution (Zhu et. Al. 2005:8). 
Nevertheless, their way of standardization converge to a standard normal distribution and as a 
result the traditional way of standardize returns are chosen in this paper since a sampling frequency 
similar to Zhu et. Al. (2005) is not achievable.  
 
For the implementation of the jump variable daily stock returns are used for each entity. In order to 
achieve the standardized return, the mean and standard deviation is needed.  
 

ß = 	
03 − ,3,3zo
)3,3zo

 

21 

For the standard deviation and the mean i = 30. That is, the previous 30 trading days from 
observation at time t, is chosen as the “time horizon” i.e. basis for the calculation of the rolling mean 
and rolling standard deviation. This approach is equivalent to the moving average.  
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Example: For the last 30 trading days the stock return of the company AIG had an average return of 
-0.08% and a standard deviation of 0.85%. If the stock return of day 31 lies within the interval of -
2.69%16 and 2.53% there is no jump. If it exceeds -2.69% or 2.53%, there is a negative or a positive 
jump, respectively. 
 
The time horizon is a weighting of different factors. First, the time horizon must be long enough to 
be statistically valid. Using the last couple of days as basis for the mean and volatility calculation 
creates artificially low or high estimates. A random sample of three different entities was tested. 
Choosing a different time horizon of 15, 60, 100 instead of 30 days. With 30 days a jump was realized 
1.92% of the time. With 15, 60 and 100 days the result was 2.44%, 1.94% and 1.83%, respectively. A 
time horizon of 15 days creates a more jumps than other time horizons and seems unreliable 
According to the assumptions in Zhu et. Al. 2005 jumps are rare. 
The observation of more jumps when having a smaller time horizon (fewer observations) seems also 
in line with the fact that the student t distribution is normally preferred when having small sample 
sizes because the student t distribution contains fatter tails. This makes extreme observations more 
likely than in the normal distribution and as a result, more jumps are likely if the time horizon is too 
small (Brooks, 2008). 
 
Table 9 – descriptive stock data calculated from daily stock returns 

 Daily Monthly Yearly 
 IG HY IG HY IG HY 
Return 0.02% -0.02% 0.20% -0.26% 4.23% -5.26% 
Variance 0.001 0.001 0.009 0.014 0.19 0.30 
Std. Dev. 2.72% 3.47% 9.44% 12.00% 43.07% 54.79% 

 
The observed daily, monthly and yearly estimates from daily stock data are reported in table 9. The 
HY entities have higher estimates than the IG entities implying that the returns are higher and more 
volatile. When applying time horizon of 30, 60 and 100 days the rolling average and standard 
deviation is approaching the observed monthly data. Given, that the jump frequency is almost 
similar when using 30, 60 and 100 days and given that the central limit theory usually is valid with 
30 observation to make the distribution of a variable asymptotic normal distributed (Stock & 
Watson, 2012:94), 30 days is chosen as the time horizon. 
When the all the jumps is filtered out from the returns the actual jump size or variance is determined 
by the deviation from the true mean of the last 30 days of return. From that, following parameters 
can be estimated as in Zhu et. Al. 2005: 
 

-® =
ti?kJ%	Z"	ri?K	1@O.
ti?kJ%	Z"	#%@1EFW	1@O.

 

,® = gJ@F	Z"	©i?K. 
)® = &#@F1@%1	1JhE@#ZF	Z"	,® 

 

																																																								
16	-0.08%-3.09*0.85% (rounded)	
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Above parameters is calculated for monthly data however the jumps are derived from daily data. 
The number of jump days divided by trading days is a proxy for the intensity rate in the Merton 
jump diffusion, the mean of jumps is proxy for the average jump size parameter in the Mertons jump 
diffusion model and standard deviation of the monthly jump means is included to test if that has 
any significance. It makes sense to believe, that the variation of jump size has an effect on the credit 
spread, since a large variation of such could be an indicator of volatile financial markets. 
In addition to the above parameters, monthly positive jump mean and monthly negative jump mean 
is calculated as additional separate parameters.   
 
4.4.6 Bivariate regression between jump parameters and CDS spreads 
In order to investigate the isolated relationship between the jump parameters and the CDS spreads 
a bivariate pooled panel data regression is run. 
 
Table 10 – Bivariate pooled regression between CDS spreads and Jump parameters 
 

Variable IG  HY  
 Balanced Panel: n=112, 

T=131, N=14672 
 Balanced Panel: n=58, 

T=131, N=7598 
 

 Estimate p value R^2 Estimate p value R^2 
Jump Mean 0.68 <2e-16 *** 0.006 4.76 <2.2e-16 *** 0.015 
Jump Std. Dev. 0.66 0.002428 ** 0.001 30.61 <2e-16 *** 0.017 
Hazard rate 1.68 <2.2e-16 *** 0.006 7.76 4.104e-15 *** 0.008 
Jump mean Pos. 0.61 8.077e-12 *** 0.003 2.31 5.576e-05 *** 0.002 
Jump mean Neg. 0.81 <2e-16 *** 0.005 10.62 <2.2e-16 *** 0.044 

*** = significant on a 0.001 level, ** = significant on a 0.01 level 
Source (can be found in appendix 11) 
 
The jump parameters are all significant. However, most of the IG index estimates achieve a very low 
0* , meaning that the parameters does not have good explanatory effect on the IG index. On the 
other hand, the HY index yields way higher 0* values than the IG index. The model fits the data 
way better implying that the explanatory effect is much better. Especially the negative jump means, 
jump mean and volatility of the jump mean have a relatively high 0* values on 4.4, 1.5 and 1.7 
percent, respectively. Looking at the estimates, they are all positive which implies that every kind 
of jump estimates increases the credit spread. Again, as with the stock returns, the estimates are 
higher in HY than IG. Since the Merton theory states that volatility increase the credit spread, it 
makes sense that HY have higher estimates since the HY have higher volatilities as seen in table 9. 
 
Above results (table 10) is done on balanced panels. It means, that those days where no jumps 
occurred a constant is inserted in order to avoid the regression model to exclude the whole row and 
thereby reduce the number of observations make the panel unbalanced. This method brings a lot of 
noise to the jump parameters since there are few jump observations and thus a lot of months where 
the parameter can’t explain the movement in the CDS spreads. Hence, the 0*  values above are quite 
poor compared to Zhu et. al. (2005) who found 0*  values of almost 50% on jump risk alone. Because 
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of this, a bivariate regression is made with unbalanced panels to see the “pure” effect of jump 
parameters. That is, all observation where jump do no occurs are excluded. 
 
Table 11 – Unbalanced bivariate pooled regression between CDS spreads and Jump parameters 
 

 IG HY 
 Estimate p value R^2 N Estimate p value R^2 N 

Jump Mean 0.53 1.096e-07 *** 0.007 4136 6.82  1.28e-13 *** 0.023 2312 
Jump Std. 
Dev. 

0.31 0.393159 0.001 731 27.81 3.432e-05 *** 0.041 408 

Jump mean 
Pos. 

0.46 0.003329 ** 0.004 2016 3.55 0.01301 * 0.005 1235 

Jump mean 
Neg. 

0.69 7.326e-08 *** 0.011 2521 17.72 < 2.2e-16 *** 0.130 1295 

*** = significant on a 0.001 level, ** = significant on a 0.01 level source: (R code in appendix 11) 
 
The estimates for the unbalanced panels are different, some are higher and some are lower, but the 
pattern is the same as in the balanced. The estimates are all positive And the estimates are higher for 
HY than IG. Fewer parameters are significant, however those who are, have an improved 0*.  
 
With the balanced panel the number of observations are 14672 for IG and 7598 for HY. This is a 
relatively high number of observations which yields much more robust results compared to the 
reduced number of observations in the unbalanced regression as seen in table 11. However, the 
advantage of the unbalanced panel data regressions is the “pure” estimate of the impact of the jump 
parameters. Especially the substantially increased is the 0* for the HY entities proves the legitimacy 
of the jump parameters, whereas the 0* for IG is still more soft.  
 
Even though the pure estimates seems to make more sense at first sight, it reduces the number of 
observations and thereby loss of statistical validity. Also, balanced panels are often required to 
obtain valid tests in the dataset (Croissant & Millo, 2008). The key take away from the unbalanced 
models is that jump parameters for HY entities have a significant impact on credit spreads regardless 
of the unbalanced or balanced models which makes this conclusion robust. On the other hand, the 
jump parameters for IG have a relatively small effect on the credit spreads. 
 
4.5.1 Risk free rate 
 
Hypothesis: The risk free a negative relationship with the credit spread 
 
As previously mentioned in the credit risk analysis, the credit spread is expected to be decreasing in 
the risk free rate according to the Merton model. However, several studies has investigated the 
relationship between credit spreads and interest rates; and the conclusions are ambiguous. Duffee 
(1998) confirms the Merton theory and finds that short term rates is negatively related to the credit 
spread, however the relationship is stronger for low rated entities than for high rated entities. 
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Benkert (2004) and Ericsson et al. (2005) also confirms the Merton theory and finds that long term 
rates also are negatively related to the spread. Zhu et. Al. (2005) argues that the relation between 
short term rates and credit spreads is ambiguous depending on the macroeconomic environment. 
Indeed a higher risk free rate increases the equity and reduces the probability of default. On the 
other hand, they argue that a higher risk free rate might reflect a tightened monetary policy stance 
which eventually could lead to an increase in the probability of default. Eventually they find a 
positive relationship between the risk free rate and the credit spreads (Zhu et. al., 2005). 
 
Even though the structural models says nothing about the slope of the yield curve many studies 
such as zhu et al. (2005) and Cossin and Hricko (2001) includes the slope in their study of credit 
spreads. Similar to the interest rate, the study of the slope yields different conclusions. But the 
previous studies all conclude that the slope of the yield curve matters. Zhu et al. (2005) use the 3 
month US treasury rate as a proxy for the short term risk free rate and the difference between the 3 
US treasury month rate and the 10 year treasury rate as the slope of the yield curve. The intuition 
behind the slope of the yield curve is that there is a positive relationship between the slope and the 
state of the economy. Meaning that a steeper slope (larger difference) correlates with increased 
consumption and a decrease in the slope (smaller difference) can predict recessions (Cossin and 
Hricko, 2001). However, Zhu et al. (2005) argues that a steeper slope also could forecast an economic 
environment with rising inflation and a tight monetary policy. As a result, the slope of the credit 
curve is also included in this paper since it makes good sense that hazard rates might be correlated 
with the state of economy i.e. systematic risk. 
 
To analyze the impact of the level of the risk free rate, 7 different maturity US LIBOR rates17 are 
collected from Bloomberg. Even though most existing literature suggest the 3 month rate as proxy 
for the short term rate this section will briefly check which rate to has the most impact on credit 
spreads. Hence, the interbank overnight, 1 month, 3 month, 6 month and 12 month rate is collected. 
Since the longest maturity LIBOR rate is the 12 month, it does not suit as a proxy for long term risk 
free rates in order to calculate the slope of the yield curve. Consequently, the three month US 
treasury rate and the ten year US treasury is obtained from Bank of St. Louis (FRED)18. The slope is 
then calculated as the ten year rate minus the three year rate. As mentioned previously, the treasury 
rates can contain a bit noise from liquidity volatility and are usually lower. However, the benefits of 
including the slope according to the findings in previous studies weights heavier. 
 
4.5.2 Bivariate regression between interest rates and CDS spreads 
To test the different rates impact on the credit spread bivariate regressions are run on the CDS 
Spreads as pooled regressions just as with the stocks and jumps. The main objective is to know the 
isolated relationship between interest rates, the yield slope and CDS spreads. In addition, an 
investigation of which interest rate that has the best explanatory power.  
 

																																																								
17 LIBOR is chosen instead of treasury yields. See section 3.7 
18 https://fred.stlouisfed.org/	



56	
	

When regressions are run on monthly levels, all rates are highly significant and have a positive 
estimate implying a positive relationship with the CDS spread19. However, there are some concerns 
about the regression results with the rates on level. A plot of the rates can be found in appendix 12. 
First, the movements of the interest rates are very similar to each other and the only difference is 
that the longer maturities are higher in terms of absolute values, which is consistent with observed 
interest yield curves in general. Second, the rates look non-stationary and consequently, the relation 
might be spurious. An Augmented Dickey Fuller test confirms the non-stationarity. As a result, a 
new regression is run on the monthly first differences to get rid of the uncertainty from the non-
stationary time series. 
 
Table 12 – Bivariate pooled regression between CDS spreads and interest rates 
 

Variable IG  HY  
 Balanced Panel: n=112, 

T=131, N=14672 
 Balanced Panel: n=58, 

T=131, N=7598 
 

 Estimate p value R^2 Estimate p value R^2 
US O/N -27.38 <2e-16 *** 0.009 -107.11 <2e-16 *** 0.009 
US0001M -5.58 0.005608 ** 0.001 -34.36 0.001815 ** 0.001 
US0003M 1.35 0.551 0.000 -4.15 0.7375 0.000 
US0006M 0.16 0.9523 0.000 4.34 0.7711 0.000 
US0012M -4.97 0.09317 0.000 -12.58 0.43723 0.000 
Slope -19.77 <2e-16 *** 0.008 -95.27 < 2e-16 *** 0.011 

*** = significant on a 0.001 level, ** = significant on a 0.01 level. Source:  
 
The CDS spreads is measured in basis point and the interest rates in percent. The R-code can be 
found in appendix 14. Hence, the estimates should be interpreted as the impact in basis point on the 
credit spread if one percent movement in the interest rate. There are several things to notice in above 
table. First, the insignificant estimates are all positive whereas the significant estimates are all 
negative which is in line with the findings of Cossin & Hricko (2001), Benkert (2004) and Duffee 
(1998). Furthermore, the significant estimates are much higher for the HY index than the IG implying 
that the HY index are much more exposed to changes in the risk free rate than IG. 
Second, the shortest maturity rates, especially the overnight rate, is most significant and the three-
month rate, which is usually used as a proxy for short rates in most studies, is insignificant. 
 
Due to the findings above it makes much more sense to use the first differences in the interest rates 
than levels. Furthermore, all the interest rates can’t be used in multiple regression since they are 
highly correlated. This will eventually cause multicollinearity. As a result, only the overnight rate 
and the slope will be included in the multiple regression model later in this chapter. 
 
4.6.1 Implied and historical volatility 
 

																																																								
19	Estimates	can	be	found	in	13	
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Hypothesis: Volatility has a positive relationship with the credit spread 
 
The historical volatility of stock returns is often used as a measure of the riskiness of an equity by 
taking the standard deviation of the returns for some past horizon. If equity A had very volatile 
returns in the past versus equity B who had low volatile returns in the past one could argue that the 
probability of equity A will have a larger probability of more volatile future than equity B – based 
solely on historical volatility. Whether it is true or not that equity A (high volatile) have a higher 
probability of more volatile than equity than equity B is a discussion is related to whether historical 
events can predict future events. Even though the consensus in general stock theory says that the 
future should not be predicted by the past - one can argue that the market might act different. To 
test the impact of historical volatility on credit spreads three different measures of historical 
volatility is calculated from the stock returns for each entity in the IG and HY index, by a 30, 63 and 
252 historical day volatility measure. The reason for 30 days is that it is almost equivalent to trading 
month (approx. 20 days) but 30 days gives a more valid estimate. 63 and 252 is equal to three trading 
months and one trading year, respectively. 
 
As mentioned previously, according to the structural models the volatility of the equity should 
increase the credit spread. Previous empirical research confirms that historical volatility has a 
significant impact on credit spreads and that the relationship is positive (Ericsson et. Al., 2004). 
However, an even more efficient more significant variable that measures volatility is the implied 
volatility derived from options on equities (Benkert, 2004). Back to the discussion of whether 
historical volatility is a good measure of forward looking risk it would be convenient to actually 
have a variable that reflect the market consensus of the risk of an entity. As a proxy of that, implied 
volatility will be included even though it is not explicitly pointed out by the Merton models.  
 
However, estimating the implied volatility from options by building an implied volatility term 
structure derived from option prices with various maturities on all the equities in the IG and HY 
index had the practical issue that it would reduce the sample size substantially since not all equities 
had option with various maturities trading on them. Instead, implied volatility derived from options 
trading on equities in the SP500 index is used as a proxy. This is also known as the VIX index20. In 
stock research and CAPM theory, the SP500 index is sometimes used as a proxy for the market 
portfolio and the risk premium, respectively. Following this reasoning, the implied volatility is a 
proxy of market uncertainty. The VIX index is also known as “the fear index” because it reflects 
investors’ expectations of the future – during 2008-2009 the fear index peaked the most due to the 
uncertainty in financial markets at that time. 
 
4.6.2 Bivariate regression between volatility and CDS spreads 
To see the isolated effect of the different volatility measure on the CDS spread a bivariate pooled 
regression is carried out for as with previous variables. The regression is done with differences in 
volatility, as with the interest rates, since each volatility time series also is non-stationary when not 
transformed to differences.  
 
																																																								
20	VIX	index	is	downloaded	from	www.finance.yahoo.com	
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Table 13 – bivariate pooled regression between CDS spreads and volatility 
 

Variable IG  HY  
 Balanced Panel: n=112, 

T=131, N=14672 
 Balanced Panel: n=58, 

T=131, N=7598 
 

 Estimate p value R^2 Estimate p value R^2 
30daySigma 3.81 <2e-16 *** 0.009 40.80 <2e-16 *** 0.029 
63daySigma 7.33 <2e-16 *** 0.010 60.97 <2e-16 *** 0.023 
252DaySigma 12.12 <2e-16 *** 0.005 144.28 <2e-16 *** 0.019 
VIX 2.65 <2e-16 *** 0.035 9.79 <2e-16 *** 0.031 

*** = significant on a 0.001 level, ** = significant on a 0.01 level source: R output appendix 14 
 
The historical volatility has positive estimates implying a positive relationship as expected. As with 
the stocks, jumps and interest rates the estimates are higher for HY than for IG. The IG credit spreads 
is much less sensitive to volatility changes in stock returns than HY spreads. However, the certainty 
of these estimates are very low since the 0* values for IG is very low compared to relatively higher 
0*  values for HY meaning the model fits the HY data much better. Surprisingly, the VIX index 
regression has a higher 0* for IG than for HY (3.5% vs. 3.1%) although the estimate is very low at 
2.65 basis points.  
 
It is worth to notice that the VIX data fits the model so well for IG compared to the other volatility 
estimates, which have poor 0* values. Besides the measure itself (historical vs. forward looking), the 
main difference between the historical volatility variable and VIX index variable is that they are a 
firm specific variable and macro variable, respectively. The volatility is calculated on firm specific 
data (stock returns) of each entity and as a result is a measure of a large fraction of idiosyncratic 
volatility. In contrast, the VIX index is a forward-looking measure which reflects investors implied 
expectations of the SP500 firms. Recall that SP500 is sometimes used as a “market portfolio” 
indicator implying that because of its size is representative for the US market as a whole (at least the 
best proxy). As a result, the VIX variable measure contains the investors implied expectations of the 
market and therefore not idiosyncratic risk but market risk i.e. systematic risk. Consequently, the 
explanation for the low estimates and  0* values for the IG index regarding historical volatility and, 
at the same time its larger 0* value for the VIX index, might be that the good rating entities (IG) is 
much more sensitive to systematic risk than idiosyncratic risk whereas the poor rating entities (HY) 
is sensitive to both. With that being said, it would be wrong to conclude that good credit rating 
companies are not exposed to idiosyncratic risk since Benkert (2004) finds that there is a significance 
relationship between implied volatility and credit spreads when the implied volatility is derived 
from option prices on the specific entities and not a proxy for market risk. 
 
The thought that entities should react differently to market and idiosyncratic risk is not in 
compliance with the Merton theory which do not incorporate rating classes and therefore a given 
firm should have the same exposure towards the different types of risk. 
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4.7.1 Firm specific accounting ratios 
 
Hypothesis: Accounting ratios has a negative relationship with the credit spread 
 
The accounting ratios are similar to Altmans z-score in section 2.6. However, not all variables was 
available. Working capital which is defines as current assets-current liabilities was not available to 
collect for a majority of entities in both indices. Insisting to include this ratio would reduce the 
number of entities substantially. Consequently his ratio is excluded. This means that there is no 
proxy for liquidity in the firm and some statistical validity is lost since the Z-score is not presented 
in full. 
 
4.7.2 Bivariate regression between volatility and CDS spreads and firm specific accounting ratios 
In the ratio EBIT/Total Assets, the measure EBIT (earnings before interest and taxes) was not 
available for a majority of entities neither. As a result, a “pretax income” is replacing the EBIT 
measure. The difference between the two measures is that pretax income is calculated after interest 
is paid compared to EBIT, which is a more pure measure of profit from core activities. However, it 
is assumed that pretax income is close substitute and that the loss of validity is relatively small. All 
the other variables are calculated according to the suggestions in section 2.6. 
 
Table 14 – bivariate pooled regression between CDS spreads and accounting ratios 
 

Variable IG  HY  
 Balanced Panel: n=112, 

T=131, N=14672 
 Balanced Panel: n=58, 

T=131, N=7598 
 

 Estimate p value R^2 Estimate p value R^2 

Retained 
Earnings/Total Assets 

0.00 0.8713 0.000 0.20 0.05603 0.000 

Pretax income/Total 
Assets 

-1.34 4.13e-07 *** 0.002 -4.10 0.002758 ** 0.001 

Equity/Debt 0.00 0.8335 0.000 0.00 0.884 0.000 
Sales/Total Assets -0.01 0.7191 0.000 -0.28 0.16491 0.000 

*** = significant on a 0.001 level, ** = significant on a 0.01 level source: R output appendix 15 
 
The results in table 14 is not as expected or suggested by Altman. Only one variable, Pretax 
income/Total Assets, is significant on a one percent level. The behavior of this variable is according 
to Altmans theory; a larger ratio decreases the spread. However, the 0* values are very low which 
is telling that the model does not fit the data well. The estimates for the other three are insignificant 
with 0* at zero. 
 
A possible explanation for this output could be that quarterly data is fitted to monthly data. As with 
the stock jumps an unbalanced panel data regression model is setup to explore the “pure” estimates 
and relationships by doing a regression on quarterly data only. However, this regression yields 
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almost the same results and therefore rejects the suggestion. This regression output is included in 
appendix 16.  
 
4.8.1 Other macro variables 
Credit rating agencies uses a combination of macro variables and firm specific variables to assign 
credit ratings to entities (Zhu et. Al. 2005). Hence, this section will include some macro variables and 
test their impact on credit spreads. In the volatility section above it was described how the forward 
looking volatility (VIX index) derived from options on equities in the SP500 index could be an 
indicator of market (systematic) risk. As a result, the monthly average return and the 30, 62 and 252 
historical volatility on the returns of the SP500 index is tested in bivariate regressions on the credit 
spread to explore potential relationships. The hypothesis here is, that these macro variables are 
indicators of the economic environment. Returns in the SP500 index should have a negative 
relationship with the spread implying that positive returns decreases credit spreads. The 
relationship between volatility and credit spreads from the Merton model is also assumed to be the 
case when testing the historical volatility from the SP500 index. The SP500 returns is downloaded 
from Yahoo Finance.21 
 
Finally, the percentage change in GDP in the US is also tested. The relationship here however is not 
straightforward. GDP is a macroeconomic measure of economic growth. However, the GDP 
measure contains a lot of information about the economy and include a lot of factors such as 
monetary policy, fiscal policy etc. It has not been possible to find any previous research on how 
credit spreads relate to GDP. However, it is assumed here that recession (when GDP decreases) 
causes more defaults of entities and as a result a negative relationship should between credit spreads 
and GDP should be observed. The GDP is downloaded from Bank of St. Louis (FRED)22 
 
4.8.2 Bivariate regression between volatility and CDS spreads and other macro variables 
 
Table 15 – bivariate pooled regression between CDS spreads and Macro variables 

Variable IG  HY  
 Balanced Panel: n=112, 

T=131, N=14672 
 Balanced Panel: n=58, 

T=131, N=7598 
 

 Estimate p value R^2 Estimate p value R^2 
GDP -6.07 7.659e-10 *** 0.003 -15.64 0.003757 ** 0.001 
SP500 return -3.86 < 2.2e-16 *** 0.057 -17.14 < 2.2e-16 *** 0.072 
SP500 30day Std. 
Dev. 

29.58 <2e-16 *** 0.033 120.10 <2e-16 *** 0.035 

SP500 63day Std. 
Dev. 

37.95 <2e-16 *** 0.023 143.23 < 2e-16 *** 0.021 

SP500 252day Std. 
Dev. 

79.68 <2e-16 *** 0.016 364.96 < 2e-16 *** 0.022 

																																																								
21 www.finance.yahoo.com 
22 https://fred.stlouisfed.org/	
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*** = significant on a 0.001 level, ** = significant on a 0.01 level source: r output in appendix 17 
 
All variables are significant and yields 0* above one percent except GDP. It seems that the GDP 
variable fits the data badly, which might be due to the fact that it is a quarterly measure just like the 
accounting ratios in previous section. However, a regression carried out on quarterly data does not 
improve the	0* values.  
 
The SP500 returns fits the data quite well with relatively high 0* values of 5.7% for IG and 7.2% for 
HY. These estimates are negative and higher for HY and IG which have been the case in all the 
variables so far. The historical volatility measure with highest 0*  is the 30 day measure in both 
indices. It seems that the returns and volatility of it in SP500 index are a good indicator for economic 
growth. These findings are consistent with the findings of Zhu Et. Al. (2005) who also obtain 
negative estimates of the returns on the SP500 index and positive estimates from the volatility of 
these returns. 
 
4.9 Conclusion 
The data for the multiple regression (next section) has been collected and validated in the empirical 
analysis section. By bivariate regression on every variable, its isolated relationships with the credit 
spreads has been analysed. Furthermore, the suitability for the variables in the context of stationarity 
have been analysed. The result is that all of the collected variables, except jump parameters and 
accounting ratios, are non-stationary. As a result, the bivariate regressions was conducted on 
differences in order to become stationary in the variables where non-stationarity was present. 
 
The IG and HY index is cointegrated. As a result, they move closely together implying that the same 
factors determines their movements. As a result, the bivariate regression should reveal that the same 
parameters should have a significant impact on both CDS indices. In a bivariate regression setting, 
this is also the case since the exact same variables are significant.  
 
Surprisingly, three out of the four Altman Z score ratios did not have a significant impact on both 
indices. The Altman Z-score was included since accounting variables are often included as 
controlling variables in empirical studies regarding CDS spreads (Zhu. Et. Al, 2005). One possible 
explanation is that inconvenience of fitting quarterly data to monthly data when having balanced 
panel data. As a result, a lot of explanatory power might be lost. However, the benefits of having 
balanced panels was discussed in relation to the jump parameters. Therefore, balanced panels 
resulting in a larger sample size it chosen. 
 
Finally, the stock returns was proofed to be an exogenous variable since the causality relationship 
was investigated. This finding is consistent with the findings of Forte and Pena (2009). However, 
other empirical studies such as Chan et. Al. (2009) highlights the uncertainty of this finding. Hence, 
the erogeneity of stock returns in relationship to CDS spreads is not clear. 
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Chapter 5 

5. Multiple Regression Analysis 
 
5.1 The multiple regression model 
Analysing the effect on the credit spread when all the variables together in the equation is of greater 
interest since the conclusion on such a basis is much more valid (Brooks, 2008). Hence, a multiple 
regression model used to see the impact of all the variables together. Within panel data regressions, 
there are many possible regression models to use as described in section (). In addition, a range of 
different tests tailored to meet the requirements of these specific panel data regression models is also 
available. Indeed, the goal is to find a model that have best explanatory power however, estimating 
all the available models in order to find achieve that goal would be an overwhelming task and hence 
beyond the scope of this paper.  
 
Instead, the assumptions behind linear regression described in section 4.1.2 will be tested on a simple 
pooled panel data regression. On this foundation, a new model will be applied that solve the 
challenges from the assumption check.  
 
5.2 Multicollinearity 
As described previous in section 4.1.2 a high degree of correlation between the explanatory variables 
in a regression model cause large standard errors on the estimates and thereby brings noise to the 
test statistics (Brooks, 2008). As a result, it does not makes sense to include all the variables analyzed 
in the bivariate regressions above in one model. The estimates will be extreme correlation. An 
example of this is the one and three month rate which has a correlation coefficient of 99.6% i.e. very 
close to perfect multicollinearity.  
 
The simplest a maybe most effective way to deal with multicollinearity is to exclude explanatory 
variables until the multicollinearity is gone. If two explanatory variables are very closely related, 
they contain the same information and as a result, the regression model does not suffer from omitted 
variable bias unless the excluded variable is vital according to some economic theory (Brooks, 2008). 
In the previous section several bivariate regressions was carried out to investigate not only the 
relationships between the spreads and given variables but also which of more variables within the 
same category that was most significant and had best explanatory power. Consequently, the first 
round of exclusion is due to multicollinearity of variables containing roughly the same information. 
For example for the entity individual volatility, it is seen from table 13 that the volatility calculated 
on a 30day basis have the best explanatory power in HY and together with the 63 day volatility the 
best explanatory power in IG. As a result, the 30 day is selected to be included in the multiple 
regression since the regression model fits the data better. However, no vital explanatory loss is faced 
since the two variables measures almost the same thing according the Merton model they are only 
different in a practical sense. In the below correlation matrix, the variables with most explanatory 
power from the bivariate regression is included. 
 
Table 16 – Correlation matrix for HY 
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 CDS R JP J. SD J Neg. Haz. O/N 1 rf dRf 30 SD VIX SP 30 SD SP R GDP X3 

CDS 1.00               

R -0.44 1.00              

JP 0.12 -0.17 1.00             

J. SD 0.13 -0.12 0.30 1.00            

J Neg. 0.21 -0.30 0.69 0.30 1.00           

Haz. 0.09 -0.14 0.67 0.39 0.53 1.00          

O/N -0.09 0.19 -0.08 -0.01 -0.04 -0.03 1.00         

1 rf -0.04 0.04 -0.01 0.04 0.02 0.05 0.66 1.00        

dRf -0.11 0.18 -0.05 -0.05 -0.10 -0.12 -0.40 -0.63 1.00       

30 SD 0.17 -0.25 0.34 0.17 0.30 0.18 -0.16 0.00 -0.16 1.00      

VIX 0.18 -0.44 0.19 0.12 0.20 0.25 -0.10 0.26 -0.41 0.29 1.00     

SP 30 SD 0.19 -0.38 0.17 0.08 0.18 0.17 -0.19 0.20 -0.38 0.46 0.73 1.00    

SP R -0.27 0.57 -0.20 -0.11 -0.19 -0.20 0.27 0.03 0.29 -0.27 -0.79 -0.64 1.00   

GDP -0.03 0.14 -0.03 -0.03 0.00 0.01 0.11 0.00 0.00 -0.09 -0.30 -0.14 0.32 1.00  

X3 -0.03 0.10 -0.03 -0.02 0.00 0.02 0.06 0.00 0.01 -0.02 -0.08 -0.04 0.10 0.17 1.00 

 
CDS = Cds spreads, R = Stock returns, JP = Jump mean, J. SD = jump std. Dev. J Neg = Jump mean negative, 
Haz. = Hazard rate, O/N = Libor overnight rate, 1 rf = 1 month Libor rate, dRF = Curve slope, 30 SD = 30 
day Std. Dev. On entities, VIX = Vix index, SP 30 SD = 30 day SP500 std. dev., SP R = SP500 returns, 
GDP = gross domestic product in the US and X3 = Pretax income/Total assets.  
 
In above correlation matrix for the HY entities correlation above 0.3 is marked with orange. There is 
a large negative correlation between the VIX index and the returns in SP500. This means that when 
the returns in the SP500 increases the VIX index decreases. Recall that VIX index measures the 
markets implied expectations to the future it makes sense that when growth in returns increases the 
expectations of volatile markets decreases i.e. more stable markets. Hence, The VIX index is also 
highly correlated with the volatility of the SP500 returns although the coefficient is positive here 
which also was excepted. Furthermore, the SP500 returns and the 30day historical volatility of these 
is also negatively correlated which is explained by the same argument as for the VIX index. 
 
The jump means are also highly correlated with negative jump mean and the hazard rate, which 
intuitively also makes sense since they contain a lot of the same information about jumps. Finally 
the interest rates (one month, overnight and the slope of the yield curve) are also correlated. The two 
interest rates are positive correlated which makes sense since they fall and rises together, since only 
the maturity is the difference between them. The slope is negatively correlated to both rates which 
makes sense since they are related.  
 
Table 17 – Correlation matrix for IG 

 CDS R JP J. SD J Neg. Haz. O/N 1 rf dRf 30 SD VIX SP 30 SD SP R GDP X3 

CDS 1.00               

R -0.29 1.00              

JP 0.08 -0.10 1.00             
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J. SD 0.03 -0.06 0.26 1.00            

J Neg. 0.07 -0.22 0.69 0.30 1.00           

Haz. 0.07 -0.12 0.39 0.17 0.35 1.00          

O/N -0.10 0.14 -0.03 0.00 0.00 0.02 1.00         

1 rf -0.02 0.00 0.05 0.02 0.04 0.08 0.66 1.00        

dRf -0.09 0.13 -0.07 -0.03 -0.07 -0.16 -0.40 -0.63 1.00       

30 SD 0.09 -0.11 0.17 0.08 0.14 0.08 -0.08 0.02 -0.11 1.00      

VIX 0.19 -0.38 0.15 0.05 0.13 0.28 -0.10 0.26 -0.41 0.19 1.00     

SP 30 SD 0.18 -0.32 0.10 0.02 0.08 0.16 -0.19 0.20 -0.38 0.26 0.73 1.00    

SP R -0.24 0.48 -0.14 -0.05 -0.11 -0.19 0.27 0.03 0.29 -0.18 -0.79 -0.64 1.00   

GDP -0.05 0.14 -0.05 -0.02 -0.03 0.02 0.11 0.00 0.00 0.01 -0.30 -0.14 0.32 1.00  

X3 -0.04 0.07 -0.02 -0.01 -0.01 0.03 -0.02 -0.04 0.03 -0.02 -0.11 -0.08 0.10 0.37 1.00 

 
CDS = Cds spreads, R = Stock returns, JP = Jump mean, J. SD = jump std. Dev. J Neg = Jump mean negative, 
Haz. = Hazard rate, O/N = Libor overnight rate, 1 rf = 1 month Libor rate, dRF = Curve slope, 30 SD = 30 
day Std. Dev. On entities, VIX = Vix index, sP 30 SD = 30 day SP500 std. dev., SP R = SP500 returns, GDP 
= gross domestic product in the US and X3 = Pretax income/Total assets. 
 
The correlation matrix for the IG entities shows a quite similar pattern as for the HY entities. One 
difference is that in IG the volatility of the SP500 returns have a larger correlation with firm specific 
volatility of the returns. 
 
The literature does not suggest no clear numeric distinguish to whether a variable is too correlated 
with another variable to be included in a regression. However, it states that perfect multicollinearity 
should always exclude one of two correlated variables but theoretical reasons behind the variables 
must always be taken into account before removing any variables (Brooks, 2008). In the following 
section variables with high correlation will be excluded for further analysis. The reason behind 
which variable to remove is based on theoretical justification combines with the results from the 
bivariate regression previously in the paper. 
 
For both indices, jump mean will be excluded because of its correlation with the negative jump 
mean. For both indices the one month Libor rate is excluded because of its correlation with the slope 
of the yield curve and the overnight Libor rate. The one month rate is contains a lot of the same 
information as the overnight rate, so it is assumed that the model will not lose much explanatory 
power by this removal. The VIX index, the returns of SP500 and the historical volatility of the SP500 
returns have a large degree of mutual correlation. From the univariate regression analysis it was 
concluded that the VIX index had the largest influence on the CDS spreads. As previously 
mentioned these three variables contains information about systematic risk and with such a high 
correlation a lot of the information must be the same. Consequently, the returns of SP500 and the 
historical volatility of the SP500 are excluded for both indices. 
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5.3 Pooled regression 
The first estimated regression model is a simple pooled regression as described earlier. This 
regression includes all 10 variables for IG and 9 for HY. 
 
Table 17 – Pooled regression for HY and IG 
 

Variable IG HY 
 Balanced Panel: n=112, T=131, 

N=14672 
Balanced Panel: n=58, T=131, N=7598 

 Estimate Std. 
Error 

p value Estimate Std. 
Error 

p value 

(Intercept) -0.45 0.64 0.4837 -7.41 3.04 0.0148286 * 
R -1.57 0.06 < 2.2e-16 *** -7.77 0.22 < 2.2e-16 *** 
J SD 0.02 0.22 0.9316 13.93 2.52 3.245e-08 *** 
J Neg. -0.05 0.10 0.6060 2.89 0.58 6.774e-07 *** 
Haz. 0.49 0.20 0.013345 *    
O/N -22.43 2.63 < 2.2e-16 *** -38.00 13.75 0.0057424 ** 
dRf -12.55 2.26 2.674e-08 *** -46.02 11.65 7.893e-05 *** 
30 SD 1.67 0.33 4.353e-07 *** 10.39 2.72 0.0001323 *** 
VIX 0.79 0.15 4.890e-08 *** -3.08 0.73 2.655e-05 *** 
GDP 0.00 0.00 0.025192 * 0.00 0.00 0.1016 
X3 -0.81 0.27 0.002814 ** 0.47 1.24 0.7027 
R^2 0.0967   0.2094   
F stat. & p value 156.995 < 2.22e-16  223.299 < 2.22e-16 

*** = significant on a 0.001 level, ** = significant on a 0.01 level, * = significant on a 0.05 level source: R 
output appendix 18 
R = Stock returns, J. SD = jump std. Dev. J Neg = Jump mean negative, Haz. = Hazard rate, O/N = Libor 
overnight rate, dRF = Curve slope, 30 SD = 30 day Std. Dev. On entities, VIX = Vix index, GDP = gross 
domestic product in the US and X3 = Pretax income/Total assets. 
 
The difference pattern of the level of the estimates between IG entities and HY entities are the same, 
the significant variables have higher estimates for HY - Except for VIX index, which has a positive 
relationship with the IG credit spreads and negative for HY. However, there are now differences in 
which variables that are significant in each of the two indices compared to the bivariate regressions 
where almost all the same variables was significant and had the same relationships to the spread in 
terms of sign (+-).  
 
For the IG entities the jump standard deviation and negative jump mean are insignificant on a 0.05 
alpha level. On a 0.01 alpha level also GDP and the hazard rate are insignificant. For the HY entities 
only GDP and the Pretax income/Total assets ratio is insignificant on a 0.01 alpha level. Hence, more 
variables are significant in the HY index than the IG index. Most surprising, the stock jumps 
parameter does not have any significant effect on the IG entities. The model fits the data best for the 
HY entities with a 0* at 20.94 percent compared to IG at 9.67 percent.  
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The assumption checks behind the regression model is not yet conducted. Hence, a more detailed 
interpretation of the variables will not be done in this section but later on when the regression model 
has been adjusted as needed in order to insure that the std. Errors can be trusted. Thus, this pooled 
regression is a sort of a “baseline” regression just to get started. 
 
5.4 Poolability 
In this section it will be tested whether it is valid to use the pooling method to carry out the 
regression. A pooled regression model is the simplest model which treats the whole dataset as one 
single time series. This method might not fit the data since the pooling method implicitly assumes 
that the means across all entities are the same i.e. that all companies have the same regressions 
coefficients implying that the credit spreads reacts similar to changes in the variables (Croissant & 
Millo, 2008).  
This is an interesting test in relation to the Merton theory. The credit spreads in the Merton model 
should react the same way to changes in the input variables. To test whether this is true a Fixed 
Effect regression model (FE) is to be compared to the pooled regression from above in the following. 
 

Oo3 = 	u + vAo3 + ,o3 
22		

^ℎJ%J	,o3 = ,o + ho3 
 
The FE model differs to the pooled model in the error term. The error term consists of two 
components; an individual specific term ,o which is only varies across entities and a “remainder 
disturbance” ho3 which varies across entities and time (Brooks, 2008). Effectively, the entity specific 
component ,o will capture the effect on the credit spreads which is only related to entities and not 
to time.  
To test the poolability, a method known as the least square dummy approach is applied. This 
method includes a dummy variable for each entity and is effectively the same as the FE model and 
the difference between equation 22 and 23 is only of computational matter. 
 

Oo3 = 	u + vAo3 + ,I>1 + ,*>2+. . +,™>t + ho3 
23 

Where D is the firm specific dummy variable. The null hypothesis is that every firm specific 
component is the same: 
  

V0:	,I = ,* =. . . = 	 ,´ 
 
The alternative hypothesis is that the entity specific components is different from each other. The F 
test results yields 11.68 and 10.699 with p values of < 2.22e-16 for HY and IG, respectively (R code 
in appendix 18). The null hypothesis is strongly rejected implying that the data cannot be pooled 
since entities do not have the same average coefficients. This means, that panel data models are 
superior to the simple pooled regression and a data model approach should be used.  
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In relation to the Merton model it is still not clear whether the results, of the entities not having the 
same means, is consistent with the Merton theory. The Merton theory states that the change in credit 
spread for two exact equal firms (same volatility and other parameters etc.) should have the same 
change in their credit spread if one of the parameters changed. The issue here is, that the entities 
might not have the exact same parameters, therefore is it hard to conclude anything from this. 
However, if some of the estimates for the entities violates the hypothesis from section () one could 
say that the observed spreads violates Mertons theory. First step towards testing this is finding a 
better regression model than the pooled regression that has been used so far in this paper. 
 
Since the data cannot be pooled together, two different models are considered: The Fixed effects 
model (FE) conducted above to test for the poolability of the data and the Random effects model 
(RE). The RE model differs from the FE model by the assumptions of the error term. In the RE model 
the error term is required to be uncorrelated with the explanatory variables. If this requirement is 
not met, the OLS estimated will be inconsistent and biased and the RE cannot be used (Brooks, 
2008:500). 
 
In order to know which of the two models to proceed with a Hausman test is carried out. The 
Hausmann test the null hypothesis that the error terms of the RE model is uncorrelated with the 
explanatory variables (appendix 18). The test yields a Chi square of 44.07 and 37.06 with p values of 
1.37E-06 and 5.53E-05 for HY and IG, respectively. Hence, the hypothesis of the error terms being 
uncorrelated with the explanatory variables is rejected and therefore the RE model is not an option. 
Hence, the ongoing analysis will use the FE model. 
 
5.5 Homoscedasticity 
The first assumption check is regarding the assumption of homoscedastic error term, also known as 
constant variance. If the error term is not homoscedastic, it is said to be heteroscedastic. 
 

h@% i3 = )* 
 
The presence of homoscedasticity is crucial if one wants to trust the standard errors of the 
regressions estimates. If the standard errors are wrong, the inference in an OLS setting is also wrong 
and consequently it is very likely that wrong conclusions of the dataset are drawn. Note that the 
estimates themselves are still unbiased and consistent, it is only the inference that are wrong (Brooks, 
2008:136). 
 
To test the presence of homoscedasticity a simple way is to plot the regression residuals against the 
predicted (fitted) values of the explained variable. However, with observations of 14672 and 7598 
for IG and HY, respectively, the plots can be difficult to interpret. Nevertheless, plots are often a 
powerful tool to get an overview of the dataset. 
 
Figure 16 – Residuals vs. Fitted values HY 
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Source: data set appendix 18 
 
Figure 17 – Residuals vs. Fitted values IG 

 
Source: data set appendix 18 
 
It is clear from above plots that the residuals in the IG regression model are much smaller than they 
are in the HY in general. Homoscedasticity effectively means that the variance must be constant i.e. 
that residuals do not vary more for some fitted values. Hence, searching for heteroscedasticity 
includes looking for any kind of systematics/patterns in the residuals. However, because of the high 
number of observations only large deviations in the residuals can be seen I above plots. All minor 
deviations are pulled together and gets blurry because of the high frequency of plots. Furthermore, 
some heteroscedasticity can’t be seen and it is not rare that both the form and the cause of 
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heteroscedasticity stays unrevealed (Brooks, 2008:133). However, in above two plots it seems that 
for negative movements in the CDS spreads the regressions models have larger residuals meaning 
that, the regression models overestimates the spread movements. The opposite seems to be the case 
for large positive movements in the CDS spreads; the regression models underestimates the 
movements in the CDS spreads. 
 
It seems from the plots that some kind of heteroscedasticity is present. Fortunately, the assumption 
of homoscedasticity can be tested by the Breusch-Pagan test23. The null hypothesis is that the 
residuals are homoscedastic. The BP test size yields 371.95 and 32.52 with p values of < 2.2e-16 and 
0.0003283 HY and IG, respectively. The null hypothesis and thereby the assumption of 
homoscedasticity is rejected for both indices. As a result, the OLS Fixed Effect model will most likely 
yield wrong inferences. This requires the model to be corrected. 
 
5.6 Outliers 
A common challenge in order to obtain a great regression model comes from outliers in the data. If 
outliers are present in the dataset it can have a huge effect on the regression estimates since an outlier 
will pull the fitted line in its direction (Brooks, 2008). This is also an obvious challenge in order to 
minimize the squared errors, which is effectively what a regression model does. Furthermore, 
outliers are also a possible explanation of the heteroscedasticity observed in both IG and HY. 
 
The HY entities has generally larger movements in its CDS spreads than IG. Especially during the 
financial crisis in 2007-2009. A consequence of this is seen by the large residuals in figure 16 above. 
It is common practice to adjust for outliers by removing or replacing them. Indeed, if an outlier is 
way too extreme and cause a major estimate issues, one should remove it since it can have a too 
negative impact on estimates and distort the model (Brooks, 2008).  
The CDS spreads in this paper is provided by Markit and as mentioned earlier in section 4.3.1 these 
spreads are already cleaned for extreme outliers by Markit (known as the composite spread). 
Therefore, this paper already has an outlier corrected dataset from the very start. This means that 
extreme observations are already removed. Hence, if large movements are to be deleted further or 
replaced by minor values, it is questionable whether the data set is valid in terms of explaining the 
true natural movements in CDS spreads. 
The “natural movements” refers to the fact that during the financial crisis both CDS spreads and 
stocks had huge price fluctuations as seen in figure 11 and figure 15 mainly caused by uncertain 
markets. Hence, the idea of analyzing jump parameters is being able to explain these huge 
fluctuations, but if the price fluctuations are removed it does not make sense to include the jump 
parameters if no large CDS spread movements are to be described. As a results, a further adjustment 
of outliers will not take place in this paper since the value of obtaining valid results of the true CDS 
movements is weighted heavier than obtaining are regression model that is likely to fit the data 
better because outliers were removed from the dataset.  
 

																																																								
23 R-Code in appendix 18 
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5.7 Autocorrelation 
Before the final regression model can be determined, a test for the last assumption, autocorrelation 
in the error terms, will be conducted. 
 

GZh io	, ip = 0	"Z%	E ≠ r 
 
If autocorrelation is present and ignored is much similar to the consequences of heteroscedasticity 
that is, the inferences are likely to be wrong because of biased standard errors (Brooks, 2008:149). 
An easy and convenient way to investigate autocorrelation in the error terms is by ACF plots. 
However, many different tests for autocorrelation are available like the Durbin Watson test or the 
Breusch-Godfrey test. In this paper the Breusch-Godfrey test will be conducted since it is a common 
and reliable test for autocorrelation (Brooks, 2008: 149). The null hypothesis is that there is no 
autocorrelation in the error terms. The chi square test statistic yields 830.55 and 3714.1 with p values 
(both) of < 2.2e-16 for HY and IG, respectively. As a result, the null hypothesis is rejected and the 
autocorrelation in error terms is present.  
 
5.8 HAC robust standard errors 
So far, the datasets have been corrected for multicollinearity in section 5.2 and it was determined in 
section 5.4 that a FE panel data regression model is the most appropriate model. 
However, both the HY and IG datasets are heteroscedastic and autocorrelated. The literature 
suggests two solutions to deal with Heteroscedasticity: Generalised least squares (GLS) (Brooks, 
2008:138) and heteroscedastic- and autocorrelation-consistent (HAC) standard error estimates (Stock 
& Watson, 2012:640). 
 
However, one of the assumptions in GLS is that the variables are strictly exogenous. The definition 
of an exogenous variable is “a variable that is independent of all contemporaneous future and past errors 
in that equation” (Brooks, 2008: 273). Previously, in section 4.4.2, a VAR analysis was conducted to 
test the causality between stocks returns and the CDS indices. It was concluded that the casualty ran 
from stock returns to CDS indices, however the robustness of these results were not that clear since 
IG could be bi-directional. As GLS seems to be more sensitive to the exogenous requirement, the 
HAC standard error estimate approach is chosen to be the model to use. 
 
The chosen HAC estimator in this paper is the Whites robust covariance matrix. This covariance 
matix is consistent to heteroscedasticity and autocorrelation in the error terms and does not change 
the estimates of the pooled regression, but instead it provides valid standard errors and hence, valid 
inference to the regression, by estimating an intragroup error covariance matrix within each entity 
(Croissant & Millo, 2008). 
 
5.9 Findings 
In this section, the FE regression model with Whites covariance estimator (“FE White” from now on) 
is applied on the. In order to find the best model backward stepwise regression is used. This method 
starts out with all the variables (after controlling for multicollinearity) and then insignificant 
variables are removed one by one until the model only has significant variables left. 
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The FE White model is applied to the same variables as the baseline regression in table 17 for both 
indices. The result is still that the negative jump mean and jump standard deviation is insignificant 
for the IG entities. For the HY entities the result is equivalent to the IG situation that is, same 
variables are insignificant as in the baseline regression i.e. GDP and the Pretax income/Total assets 
ratio. As a result these variables are moved one by one in the respectively indices. After the first 
variable is removed, the other one stays insignificant. Furthermore, the 0*	values only reduces 
marginally. The new regression results after the removal of insignificant variables yields: 
 
Table 18 - Fixed Effects regression with Whites covariance estimator for HY and IG 

Variable IG HY 
 Balanced Panel: n=112, T=131, 

N=14672 
Balanced Panel: n=58, T=131, N=7598 

 Estimate Std. Error p value Estimate Std. 
Error 

p value 

R -1.57 0.07 < 2.2e-16 *** -7.69 0.28 < 2.2e-16 *** 
J SD    14.14 3.77 0.0001758 *** 
J Neg.    3.06 0.71 1.516e-05 *** 
Haz. 0.46 0.19 0.0164037 *    
O/N -22.47 2.64 < 2.2e-16 *** -38.27 13.66 0.0051046 ** 
dRf -12.53 2.23 2.078e-08 *** -48.48 11.50 2.501e-05 *** 
30 SD 1.64 0.41 6.247e-05 *** 10.34 3.77 0.0061117 ** 
VIX 0.79 0.13 3.358e-09 *** -3.40 0.72 2.786e-06 *** 
GDP 0.00 0.00 0.0258878 *    
X3 -0.90 0.24 0.0001612 ***     
R^2 0.0971   0.2088   
F stat. & p value 156.424 < 2.22e-16  284.07 < 2.22e-16 

*** = significant on a 0.001 level, ** = significant on a 0.01 level, * = significant on a 0.05 level source: R 
output appendix 18 
R = Stock returns, J. SD = jump std. Dev. J Neg = Jump mean negative, Haz. = Hazard rate, O/N = Libor 
overnight rate, dRF = Curve slope, 30 SD = 30 day Std. Dev. On entities, VIX = Vix index, GDP = gross 
domestic product in the US and X3 = Pretax income/Total assets. 
 
In above model, the hazard rate and GDP is also tried removed from the IG model to explore the 
effect on the other variables. However, that does not change the estimates nor the p values. The R 
square decreases slightly, and as a result they are kept in the model. These two models are the best 
in terms of lowest standard errors and thereby significance. The interpretation of the estimates will 
be analysed in next section. 
 
5.10 Interpretation of results 
The stock returns are highly significant in both regression models. Both estimates are negative which 
confirms the hypothesis derived from the Merton model; a negative relationship between stock 
returns and credit spreads. The estimate is much higher for the HY than for the IG which must be 
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due to the lower ratings in the HY index. The credit rating reflects the probability of default and 
hence, a HY entity protection seller requires relative higher premiums for a 1% decrease in a stock 
return than a protection seller of an IG entity contract does. This result is also consistent with this 
papers finding of causality that runs from stocks to CDS spreads.  
 
The three jump parameters (hazard rate, jump mean and jump volatility) working as proxies for the 
variables in the Merton diffusion process was believed to have a positive relationship with the credit 
spreads. The hazard rate and the jump volatility proved the positive relationship, however in 
different indices. The interpretation of this is that when having a good credit rating, the number of 
jumps is having an impact compared to poo credit ratings that are more affected by the sizes of the 
jumps. In addition, only one of the two additional jump parameters had an influence on the spread 
which was the negative jump mean. However, this finding is consistent with the findings of zhu et. 
Al. They also find that positive jump mean is not significant. The interpretation of this must be, that 
investors weights negative jumps heavier than positive ones which is consistent and also described 
in the Merton diffusion theory earlier. So, even though not all jump parameters are significant, the 
ones who are, is consistent with the Merton theory. 
 
The understand why the jump parameters are mainly significant in the HY index recall the section 
about outliers and the more extreme movements in the HY index. It seems that the intuition, not to 
remove reasonable outliers since jump parameters could have an explanatory power on these, was 
right. This is also consistent with the findings of Zhu et. Al. (2005) who finds that the jump 
parameters have a massive impact on the movements of poor rating entities. 
 
The interest rates as proxy for the risk free rate in the Merton model was believed to have a negative 
relationship. This suggestion was also supported by several other empirical research done in the 
field while empirical research saying that the relationship is ambiguous also existed as mentioned 
previously. The interest rates was found by the bivariate regression to be positive and negative i.e. 
the relationship was unclear.  
 
To investigate this further all the interest rates used in the bivariate regressions is now replacing the 
overnight rate in the FE White model one at a time. The result is that all the rates are almost equally 
significant and yields negative estimates in both indices. This means, when using any interest rate 
the relationship is negative and because the interest rates are containing a lot of the same 
information, just on different maturities, it is believed that they are equally good variables to use. 
The interest rate are thus acting accordingly to the Merton theory. Intuitively, this implies that 
interest rates are a positive economic indicator since it makes the credit spread decrease and thereby 
the implied probability of default too (according to the Merton theory).  
 
The slope of the yield curve is highly significant just as the interest rates. The estimates are negative, 
and the interpretation of the yield slope is thus the same as the interest rates. it is an positive 
economic indicator since it eventually decreased the implied probability of default. 
 
The historic volatility is showing a positive relationship with the credit spreads which is consistent 
with the Merton theory. However, the VIX index shows a positive relationships with the IG index 
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as expected but a negative relationship for the HY index. The interpretation of this observation is 
difficult. It was stated earlier that the VIX index is an indicator of expectation of future systematic 
risk, and apparently, the HY entity spreads decreases when systematic risk increases. The intuition 
behind this is uncertain. According to Zhu et al. (2005) The VIX index should have the same impact 
as historical volatility since credit spreads should have a positive relationship with both market risk 
and idiosyncratic risk. 
 
The GDP measure is significant in the IG index, however only on a 0.05 alpha level. The reason for 
the lower significance in IG and non existing significance in HY can be due to two things. First, it 
might be the case that the GDP measure contains too much information as previously stated. 
Meaning, that even though it is a measure of economic growth it is uncertain that it what drives it 
(Fiscal policy for example), and therefore how it should be interpreted exactly.  
 
Second, the GDP variable might face data fitting issues because of the quarterly measurement. This 
might also be the case with the accounting ratios. The only significant ratio here was Pretax 
income/Total assets and it was only significant in the IG index. Another multiple regression 
including the other 3 variables does not improve the model as the all three are still insignificant. 
 
The 0* values of the two regression models are relatively high at 9.71 percent and 20.88 percent. A 
similar regression was made by Ericsson et. al. (2005). Their regressions 23% percent when the 
regression was made on differences, as in this paper, and 60 percent when the regression was made 
on levels. They conclude that it is much demanding obtaining a high 0* value when regressions are 
conducted on differences. 
 
Finally, based on this regression the IG and HY index do not have the same determinants even 
though the two indices were proven to be cointegrated earlier in section 4.3.1. This means that even 
though the two indices moves very similar together over time it is not necessarily the same 
determinants that have an impact on their credit spreads. 
 
5.11 Robustness 
In order to check how robust the findings of the FE White model is, the original time period 01-01-
2006 to 12-31-2016 is split up in 3 time periods. Because of a relatively large time period combined 
with the impact of the financial crisis, it will be interesting to see if the findings are still are the same 
when considering the time before, during and after the crisis. The financial crisis is assumed to start 
1st of June 2007 to 1st January 2010. This time period is based on the behaviour of the CDS spreads in 
figure 11. This time period will investigate the variables impact before the crisis where the degree of 
movements in the spread is low and stable. During the crisis where the degree of movements is very 
high and unstable. Finally, the time period after the crisis where the degree of movement is quite 
stable but with a one peak around medio 2011.  
 
The variables included in each index is the same as the ones included in table 18. This means, that it 
is not a new search for explanatory variables but instead a test to see if the variables found significant 
in previous section is still significant when excluding the event of the financial crisis. 
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The time periods are tested against heteroscedasticity and autocorrelation the same way as 
previously24. The BP test and chi square test are report in table 19. 
 
Table 19 – Autocorrelation and homoscedasticity check for time periods before, during and after 
the crisis 
 

 No autocorrelation  Homoscedasticity 
 Test P value Conclusion Test P value Conclusion 
IG 
Before 

398.56 < 2.2e-16 Reject 9.9861 0.2660 No reject 

IG 
During 

933.28 < 2.2e-16 Reject 11.458 0.1771 No reject 

IG After 1146.1 < 2.2e-16 Reject 90.846 3.13E-16 Reject 
HY 
Before 

122.13 < 2.2e-16 Reject 23.52 0.001383 Reject 

HY 
During 

207.35 < 2.2e-16 Reject 2.7356 0.9083 No reject 

HY 
After 

1126.7 < 2.2e-16 Reject 406.94 < 2.2e-16 Reject 

Source: R code appendix 19 
 
The result is all periods have autocorrelated errors. Because of this, the FE White model is used to 
regress all the periods since it is consistent to the autocorrelation.   
However, it is worth noticing that the Homoscedasticity assumption not rejected for IG before, 
during and for HY after the crisis. This pattern is hard to interpret, and recall that heteroskedastic 
residuals can arise from a lot of different things, it seems that it is not caused by large movements 
in the dataset since the largest movements are during the crisis in the HY index (Brooks, 2008). 
Nevertheless, the regression is conducted on the three time periods. 
 
Table 20 - Fixed Effects regressions with Whites covariance estimator for HY and IG before the 
crisis 

Before financial crisis 
Variable IG HY 
 Balanced Panel: n=112, T=16, 

N=1792 
Balanced Panel: n=58, T=16, 
N=928 

 Estimate Std. 
Error 

p value Estimate Std. 
Error 

p value 

R -0.32 0.06 8.980e-08 *** -1.91 0.15 < 2.2e-16 *** 
J SD    -3.07 1.44 0.0327576 * 
J Neg.    -0.45 0.35 0.1974 
Haz. 0.00 0.07 0.9875    

																																																								
24 R code are in appendix 19 
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O/N 1.31 1.24 0.2907 -13.73 5.66 0.0154145 * 
dRf -9.57 2.52 0.0001568 *** -31.10 8.21 0.0001638 *** 
30 SD 0.14 0.18 0.4229 2.26 1.99 0.2561 
VIX 0.86 0.13 5.907e-11 *** 0.65 0.57 0.2520 
GDP 0.00 0.00 1.201e-05 ***   
X3 -0.09 0.30 0.7511       
R^2 0.0853   0.263   
F stat. & p value 15.5759 < 2.22e-16 43.918 < 2.22e-16 

*** = significant on a 0.001 level, ** = significant on a 0.01 level, * = significant on a 0.05 level source: R 
output appendix 19. R = Stock returns, J. SD = jump std. Dev. J Neg = Jump mean negative, Haz. = Hazard 
rate, O/N = Libor overnight rate, dRF = Curve slope, 30 SD = 30 day Std. Dev. On entities, VIX = Vix index, 
GDP = gross domestic product in the US and X3 = Pretax income/Total assets. 
 
Before the crisis, it is worth noticing that of the jump parameters; only the jump volatility is 
significant. This complies with the observation of the CDS spread before the crisis - that it is a relative 
stable period with no peaks in both indices. The stock return is highly significant along with the 
interest rate and the sign (+-) of the estimates are unchanged in relation to the FE White model.  
The models has 0* values higher for the HY but lower for the IG. 
 
Table 21 - Fixed Effects regressions with Whites covariance estimator for HY and IG during the 
crisis 

During financial crisis 
Variable IG HY 
 Balanced Panel: n=112, T=30, 

N=3360 
Balanced Panel: n=58, T=30, 
N=1740 

 Estimate Std. 
Error 

p value Estimate Std. 
Error 

p value 

R -3.72 0.42 < 2.2e-16 *** -9.20 0.94 < 2.2e-16 *** 
J SD    -3.86 11.59 0.73901 
J Neg.    1.29 3.58 0.719443 
Haz. 1.99 0.99 0.0438090 *   
O/N -12.13 6.58 0.0654 -116.00 61.47 0.059323 . 
dRf -14.92 5.39 0.0056885 ** -142.78 58.26 0.014364 * 
30 SD 15.30 5.17 0.0031230 ** 27.01 12.07 0.025346 * 
VIX -1.71 0.46 0.0002084 *** -9.27 3.57 0.009523 ** 
GDP 0.00 0.00 0.6031    
X3 -0.07 0.51 0.8901       
R^2 0.156   0.0616   
F stat. & p value 74.7934 < 2.22e-16 15.707 < 2.22e-16 

*** = significant on a 0.001 level, ** = significant on a 0.01 level, * = significant on a 0.05 level source: R 
output appendix 19 
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R = Stock returns, J. SD = jump std. Dev. J Neg = Jump mean negative, Haz. = Hazard rate, O/N = Libor 
overnight rate, dRF = Curve slope, 30 SD = 30 day Std. Dev. On entities, VIX = Vix index, GDP = gross 
domestic product in the US and X3 = Pretax income/Total assets. 
 
During the crisis it observed that the stock return is still highly significant in both indices. The 
interest rate is still significant in both indices as well. The historical volatility is now significant 
compared to before the crisis, which makes sense since the volatility is calculated from the returns 
which are highly significant with the CDS spreads. 
 
It is notable that the 0* value for the HY index is reduced and increased for the IG. This implies that 
the model fits the data relatively worse for the HY during the crisis compared to before. Along the 
the fact that the jump parameters is insignificant in the HY index the interpretation must be that 
there are large movements in the HY CDS spreads during the crisis which cannot be explained by 
the model and thereby the jump parameters fails explaining these movements. 
 
Table 22 - Fixed Effects regressions with Whites covariance estimator for HY and IG after the 
crisis 

After financial crisis 
Variable IG HY 
 Balanced Panel: n=112, T=83, 

N=9296 
Balanced Panel: n=58, T=83, 
N=4814 

 Estimate Std. 
Error 

p value Estimate Std. 
Error 

p value 

R -0.62 0.04 < 2.2e-16 *** -6.46 0.46 < 2.2e-16 *** 
J SD    41.73 5.95 2.660e-12 *** 
J Neg.    5.00 0.88 1.401e-08 *** 
Haz. 0.25 0.08 0.0009327 ***   
O/N 31.53 7.77 5.003e-05 *** 116.14 98.70 0.2394 
dRf -9.34 1.30 7.178e-13 *** -4.82 17.06 0.7777 
30 SD 0.50 0.18 0.0061969 ** 1.13 6.46 0.8617 
VIX 0.82 0.08 < 2.2e-16 *** -2.59 1.07 0.01599 * 
GDP 0.00 0.00 0.0149829 *   
X3 -0.58 0.24 0.0141827 *   
R^2 0.138   0.163   
F stat. & p value 184.313 < 2.22e-16 131.642 < 2.22e-16 

*** = significant on a 0.001 level, ** = significant on a 0.01 level, * = significant on a 0.05 level source: R 
output appendix 19 
R = Stock returns, J. SD = jump std. Dev. J Neg = Jump mean negative, Haz. = Hazard rate, O/N = Libor 
overnight rate, dRF = Curve slope, 30 SD = 30 day Std. Dev. On entities, VIX = Vix index, GDP = gross 
domestic product in the US and X3 = Pretax income/Total assets. 
 
Finally, after the financial crisis the jump parameters are highly significant in both indices. The 
expectation was that the jump parameters would be most significant during the crisis because it 
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intuitively makes sense that these should explain the large movements in the CDS spreads during 
that period. The reason why they are can’t explain the most volatile spread period is uncertain – 
however it can be concluded that jumps are better predictors in more stable periods. The finding of 
the jump parameters in this paper complies in some degree with previous research of jump 
parameters. The results of Zhu Et. Al. (2005) is that jump parameters are very significant and alone 
explains about 50 percent of the movements in the credit spreads. However, that research is 
conducted in 2001, a much more stable period that the crisis. However, this papers findings agree 
that jump parameters is a significant explanatory variable in more stable periods. 
 
From above tables it is quite clear that the results differs in relation to the different time periods. The 
only variable that is significant in all time periods for both indices is the stock returns. Hence, the 
stock return is the far most robust variable. This was also expected because of the very close 
relationship between the stock returns and the CDS spreads examined in section 4.4.2. 
 
The VIX index is significant in 5/6 periods and thus only insignificant in HY before the crisis. 
However, the interpretation of VIX is unclear since it changes sign in both indices during the crisis 
implying that increased implied volatility reduces the spreads, which is counterintuitive, and not 
complying with the Merton models hypothesis of positive relationship with volatility. 
 
The interest rate is also significant in 5/6 periods and thus insignificant in HY after the crisis. In 
every period it has a negative relationship. As a result, it complies with the Merton theory and it is 
considered as a robust variable in determining the spread. 
 
The impact of the jump parameters are mixed. The jump volatility is significant before the crisis and 
after the crisis in HY whereas the negative jump mean is only significant after the crisis. For IG, the 
hazard rate is a little more robust being significant during and after the crisis. One cannot conclude 
that the jump parameters are a robust variable in determining the spread since it fails to explain the 
most volatile credit spread periods, which was the main idea of including the jumps.  
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Chapter 6 
 

6. Conclusion 
 
In this paper, 25 different variables was included to describe the movements in the CDS spreads in 
CDX.NA.IG and the CDX.NA.HY index. These variables was chosen from the traditional Merton 
theory, a jump diffusion process and from previous empirical research. 
 
Three traditional Merton parameters - equity (stock returns), historical volatility and the interest rate 
– yields the most robust and consistent results when it comes to explain the movements in the CDS 
spread. These parameters have a significant impact and their predicting effect complies with the 
theory. 
 
The parameters used as proxies for the variables in the Merton jump diffusion model fails to explain 
the movements in CDS spreads during times where the movements are large. However, the jump 
parameters have a significant effect on the credit spreads in more stable periods with estimates that 
complies with the theory. Furthermore, more jump parameters are significant for the poor credit 
rating entities than for the high ones. This complies the finding Zhu et al. (2005) who finds that the 
volatility and jump effects are strongest for high-yield entities and financially stressed firms Zhu et 
al. (2005). This paper agrees with that based on the findings. 
 
The relationship between stock returns and CDS spreads are found to be very significant and robust. 
This paper concludes that stock returns and CDS spreads are not cointegrated, a field of study where 
previous empirical research has provided ambiguous findings. Furthermore, this paper also finds 
that causality runs from stock returns to CDS spreads i.e. that stock returns cause CDS spreads to 
move and not the other way around. However, it should be mentioned that this conclusion is not 
very robust for good credit rating entities. Such conclusion is in line with other research on this topic 
such as Forte and Pena (2009) which arrives at the same conclusion about the causality between 
credit spreads and stock returns. 
 
In this paper the effect of credit ratings is observed by looking at the differences between the two 
rating classes: Investment grades speculative grades. The conclusion is that the role of credit ratings 
has a huge effect on the movements when looking at different rating classes of entities. This is an 
area where previous research and traditional theory differs. Almost every empirical research such 
as Zhu et. Al. (2005), Ericsson et. Al (2005) agrees that credit ratings have a massive impact in both 
the movement and the determination of the CDS premia. On the other hand, the Merton theory does 
not incorporate credit ratings and therefore the theory suggest that every entity should react the 
same way to changes in the structural variables. This paper agrees with the previous research that 
credit ratings have a massive impact since all the estimates in the regression models in this paper 
are larger for the HY index than for the IG index. 
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The variables suggested by the empirical studies and other theories than the Merton model, is of 
different significance. The slope of the yield has a negative relationship with the credit spreads an it 
is the impact is significant robust. The accounting ratios suggested by Altmans theory is insignificant 
except the Pretax income/Total assets ratio in the IG index. However, the latter yields different 
results when the period is split up and hence it is not a robust variable. A possible explanation for 
the lack of significance in the accounting ratios might be due to the fact that different sectors are 
included in the two indices and that different level of accounting ratios often are observed in 
different sectors (Plenborg & Petersen, 2012). 
 
Recall from earlier that the findings have a selection bias and survivorship. Hence, only liquids 
spreads are analyzed and almost no entities were subject to default. As result, the effects of 
distressed firms who did default is not included. Nor is smaller size firms and not so liquid firms. 
Whether this has an impact on the findings would require another analysis to reveal. 

6. Further studies 
A natural extension of this paper would be to analyze other geographical CDS spreads and find the 
determinants of these. A similar analysis could be conducted, to see if these CDS spreads yields 
same results. According to the Merton theory, they should.  
  
Another approach to this paper could have been dividing the entities into sub groups by sector, size 
or specific rating type. This could also reveal if accounting ratios really is linked to sectors as 
hypothesized in the conclusion. 
 
Finally, one could also bring in further variables. These variables could be detected by expanding 
the theory basis and include other structural extension or reduced form approached which focus a 
lot of recovery rates and default probabilities. It could be interesting to see if variables suggested by 
such models could have an impact and maybe add some value to this analysis since there might be 
some omitted variables in the analysis of this paper. 
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Appendix 1 – R code for Jump diffusion 
 
library(NMOF) 
 
 
S <- 120; X <- 100 
tau <- matrix(0:20, nrow=21,ncol=1) 
tau[1,1]=0.0001 
r <- 0.05; q <- 0.00 
v0 <- 0.2^2 ## variance, not volatility 
vT <- 0.2^2 ## variance, not volatility 
v <- vT 
rho <- -0.3; k <- .2 
sigma <- 0.2 
## jump parameters (Merton and Bates) 
lambda <- 0.05 
muJ <- -0.2 
vJ <- 0.4^2 
 
spread_matrix = matrix(0,21,1) 
spread_matrix_jump = matrix(0,21,1) 
 
#Merton diffusion 
for(i in 1:21){ 
  Equity = callCF(cf = cfBSM, S=S, X=X, tau = tau[i,1], r = r, q = q, 
                  v = v, implVol = FALSE) 
  Spread = 1/tau[i,1] * log(X/(S-Equity))-r #Credit spread 
 
  spread_matrix[i,1]=Spread 
   
} 
 
#Merton Jump diffusion 
for(j in 1:21){ 
  Equity1 = callCF(cf = cfMerton, S = S, X = X, tau = tau[j,1] , r = r, q = q, 
                v = v, lambda = lambda, muJ = muJ, vJ = vJ, implVol = FALSE) 
 
  Spread = 1/tau[j,1] * log(X/(S-Equity1))-r #Credit spread 
   
  spread_matrix_jump[j,1]=Spread 
}  
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Appendix 2 –Jump diffusion process with different jump intensity 
 

  
Source: Authors own creation  
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Appendix 3 – Credit spreads and the linked to asset and equity values 

 
Source: Zhu et al. 2005  
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Appendix 4 – R code for stationarity tests 
 
library(readxl) 
library(tseries)  
library(stats)  
library(car) 
library(plm) 
 
#reading xlsx file and creating matrix 
Ig_and_HY <<- read_excel("Unit root testing.xlsx",col_names=TRUE) 
IG = as.matrix(Ig_and_HY[,1]) 
HY = as.matrix(Ig_and_HY[,2]) 
d_IG = as.matrix(Ig_and_HY[1:2832,3]) 
d_HY = as.matrix(Ig_and_HY[1:2832,4]) 
 
adf.test(IG) 
adf.test(HY) 
 
kpss.test(IG) 
kpss.test(HY) 
 
#On residuals: 
 
#reading xlsx file and creating matrix 
residualsforadf <<- read_excel("residuals.xlsx",col_names=TRUE) 
Residuals_itraxxcdx = as.matrix(residualsforadf[,1]) 
Residuals_HYIG = as.matrix(residualsforadf[,2]) 
 
#EG-ADF test 
adf.test(Residuals_itraxxcdx) 
adf.test(Residuals_HYIG) 
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Appendix 5 – CDX.NA.IG companies 
Ticker Company Name Sector Rating 
MAR Marriott Intl Inc Consumer Services BBB 
ABX Barrick Gold Corp Basic Materials BBB 
AEP Amern Elec Pwr Co Inc Utilities BBB 
AET Aetna Inc. Healthcare A 
AIG Amern Intl Gp Inc Financials A 
ALL Allstate Corp Financials A 
AMGN Amgen Inc. Healthcare BBB 
APA APACHE CORP Energy A 
APC ADARKO PETROLEUM CORP Energy BBB 
ARW ARROW ELECTRS INC Industrials BBB 
T AT&T Inc Telecommunications S A 
AVP Avon Prods Inc Consumer Goods BB25 
AVT Avnet Inc Consumer Goods BBB 
AXP Amern Express Co Financials A 
AZO Autozone Inc Consumer Services BBB 
BA BOEING CO Industrials A 
BAX Baxter Intl Inc Healthcare A 
BBY Best Buy Co Inc Consumer Services BBB 
BMY Bristol Myers Squibb Co Healthcare A 
BRK Berkshire Hathaway Inc Financials AA 
BSX Boston Scientific Corp Healthcare BBB 
CAG ConAgra Foods Inc Consumer Goods BBB 
CAH Cardinal Health Inc Consumer Services BBB 
CAT Caterpillar Inc Industrials A 
CB CHUBB CORP Financials A 
CBS CBS Corp Consumer Services BBB 
CMCSA Comcast Corp Consumer Services A 
COF Cap One Bk USA Natl Assn Financials A 
COP ConocoPhillips Energy A 
CPB CAMPBELL SOUP CO Consumer Goods A 
CSX CSX Corp Industrials BBB 
D Dominion Res Inc Utilities BBB 
DD E I du Pont de Nemours & Co Basic Materials A 
DE Deere & Co Industrials A 
DGX Quest Diagnostics Inc Healthcare BBB 
DIS Walt Disney Co Consumer Services A 
UFS Domtar Corp Basic Materials BBB 
DRI Darden Restaurants Inc Consumer Services BBB 

																																																								
25	For	some	reason	AVP	is	trading	in	the	IG	index	even	though	it	does	not	meet	the	requirements	of	being	=>BBB.	However,	it	has	always	traded	in	
IG	and	is	therefore	not	excluded.	
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Ticker Company Name Sector Rating 
DTV DIRECTV Hldgs LLC Consumer Services BBB 
DUK Duke Energy Carolinas LLC Utilities A 
DVN Devon Engy Corp Energy BBB 
EMN Eastman Chem Co Basic Materials BBB 
ENB Enbridge Inc Energy BBB 
ETP Energy Transfer Partners LP Energy BBB 
EQR ERP Oper Ltd Pship Financials BBB 
EXC Exelon Corp Utilities BBB 
EXPD EXPEDIA INC Consumer Services BBB 
F Ford Mtr Co Consumer Goods BBB 
FCX Freeport McMoran Copper & Gold Inc Basic Materials BBB 
FE FirstEnergy Corp Utilities BBB 
GE Gen Elec Co Industrials AA 
GIS Gen Mls Inc Consumer Goods BBB 
GPS GAP INC Consumer Services BBB 
HAL Halliburton Co Energy A 
HD Home Depot Inc Consumer Services A 
HES Hess Corp Energy BBB 
HIG HARTFORD FINL SERVICES GROUP INC Financials BBB 
HON Honeywell Intl Inc Industrials A 
HST Host Hotels & Resorts LP Financials BBB 
HOT Starwood Hotels & Resorts Wwide Inc Consumer Services BBB 
HPQ Hewlett Packard Co Technology BBB 
HRB Block Finl LLC Financials BBB 
IBM Intl Business Machs Corp Technology AA 
IP Intl Paper Co Basic Materials BBB 
IR Ingersoll Rand Co Industrials BBB 
JCI Johnson Ctls Inc Consumer Goods BBB 
JNJ Johnson & Johnson Healthcare AAA 
JWN Nordstrom Inc Consumer Services A 
KR The Kroger Co. Consumer Services BBB 
KSS Kohls Corp Consumer Services BBB 
LMT Lockheed Martin Corp Industrials A 
LNC Lincoln Natl Corp Financials A 
LOW Lowes Cos Inc Consumer Services A 
LUV Southwest Airls Co Industrials BBB 
M Macy s Inc Consumer Services BBB 
MCD McDONALDS Corp Consumer Services A 
MCK McKesson Corp Healthcare BBB 
MDC M D C Hldgs Inc Consumer Goods BBB 
MET MetLife Inc Financials A 
MMC Marsh & Mclennan Cos Inc Financials BBB 
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Ticker Company Name Sector Rating 
MO Altria Gp Inc Consumer Goods BBB 
NBR Nabors Inds Inc Energy BBB 
NEM Newmont Mng Corp Basic Materials BBB 
NSC Norfolk Sthn Corp Industrials BBB 
NWL Newell Rubbermaid Inc Consumer Goods BBB 
OMC Omnicom Gp Inc Consumer Services BBB 
PKG Packaging Corp Amer Industrials BBB 
PBI Pitney Bowes Inc Technology BBB 
PFE Pfizer Inc Healthcare AA 
PG Procter & Gamble Co Consumer Goods AA 
PRU Prudential Finl Inc Financials A 
R Ryder Sys Inc Industrials BBB 
RAI Reynolds Amern Inc Consumer Goods BBB 
RTN Raytheon Co Industrials A 
SHW Sherwin Williams Co Consumer Goods A 
SPG Simon Ppty Gp L P Financials A 
SPLS Staples Inc Consumer Services BBB 
SRE Sempra Engy Utilities BBB 
TGT Target Corp Consumer Services A 
TSN Tyson Foods Inc Consumer Goods BBB 
UNH UnitedHealth Gp Inc Healthcare A 
UNP Un Pac Corp Industrials A 
UPS Utd Parcel Svc Inc Industrials A 
VIA Viacom Consumer Services BBB 
VLO Valero Energy Corp Energy BBB 
VZ Verizon Comms Inc Telecommunications S BBB 
WFT Weatherford Itl Ltd Energy BBB 
WHR Whirlpool Corp Consumer Goods BBB 
WMT Wal Mart Stores Inc Consumer Services AA 
WY Weyerhaeuser Co Basic Materials BBB 
XRX Xerox Corp Technology BBB 
YUM YUM Brands Inc Consumer Services BBB 

 
  



91	
	

Appendix 6 – CDX.NA.HY companies 
Ticker Company Name Sector Rating 
AES The AES Corp Utilities BB 
AIG INTL LEASE FIN CORP Industrials BB 
AKS AK Stl Corp Basic Materials B 
AMD Advanced Micro Devices Inc Technology B 
AMKR Amkor Tech Inc Technology BB 
CAR Avis Budget Group Inc Consumer Services B 
AVP Avon Prods Inc Consumer Goods BB 
AXL Amern Axle & Mfg Inc Consumer Goods B 
BC Brunswick Corp Consumer Goods BB 
BLL Ball Corp Industrials BB 
BYD Boyd Gaming Corp Consumer Services B 
BZH BEAZER HOMES USA INC Consumer Goods B 
CHK Chesapeake Engy Corp Energy BB 
CTB Cooper Tire & Rubr Co Consumer Goods B 
CYH Cmnty Health Sys Inc Healthcare B 
DDS Dillards Inc Consumer Services BB 
DHI D R Horton Inc Consumer Goods BB 
DLX DELUXE CORP Industrials BB 
DF Dean Foods Co Consumer Goods B 
HTZ HERTZ CORP Consumer Services B 
FTR Frontier Comms Corp Telecommunications 

S 
BB 

FST Fst Oil Corp Energy B 
GPS GAP INC Consumer Services BBB26 
GT Goodyear Tire & Rubr Co Consumer Goods BB 
HOV K Hovnanian Entpers Inc Consumer Goods CCC 
JCP J C Penney Co Inc Consumer Services CCC 
KBH KB HOME Consumer Goods B 
LEN Lennar Corp Consumer Goods BB 
LPX LA Pac Corp Consumer Goods BB 
LVLT Level 3 Comms Inc Telecommunications 

S 
B 

MBI MBIA Ins Corp Financials B 
MNI McClatchy Co Consumer Services CCC 
MDC M D C Hldgs Inc Consumer Goods BB 
MGIC MGIC Invt Corp Financials B 
NYT New York Times Co Consumer Services B 
OI Owens IL Inc Industrials BB 
OLN Olin Corp Basic Materials BB 

																																																								
26	For	some	reason	GAP	is	trading	in	the	IG	index	even	though	it	does	not	meet	the	requirements	of	being	<BBB.	However,	it	has	always	traded	in	
IG	and	is	therefore	not	excluded	
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Ticker Company Name Sector Rating 
PHH PHH Corp Financials BB 
PKD Parker Drilling Co Energy B 
BTU Peabody Engy Corp Energy BB 
POL Polyone Corp Basic Materials BB 
RAD Rite Aid Corp Consumer Services B 
RDN Radian Gp Inc Financials CCC 
RYL Ryland Gp Inc Consumer Goods B 
SEE Sealed Air Corp US Industrials BB 
FIS SUNGARD DATA Sys INC Technology B 
SHLD SEARS ROEBUCK Accep CORP Financials CCC 
STZ Constellation Brands Inc Consumer Goods BB 
SVU SUPERVALU INC Consumer Services B 
SWY Safeway Inc Consumer Services B 
THC Tenet Healthcare Corp Healthcare B 
UHS Unvl Health Svcs Inc Healthcare BB 
UIS Unisys Corp Technology B 
WFT Weatherford Itl Ltd Energy CCC 
WIN Windstream Corp Telecommunications 

S 
BB 

X Utd Sts Stl Corp Basic Materials BB 
NRG NRG Energy Inc Utilities BB 
YUM YUM Brands Inc Consumer Services BB 
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Appendix 7 – R code for stationarity test stocks 
 
CDS_Stocks <<- read_excel("VAR.xlsx",col_names=TRUE) 
 
IG_stocks = as.matrix(CDS_Stocks[,4]) 
HY_stocks = as.matrix(CDS_Stocks[,5]) 
 
#Correlation CDS and Stocks 
IG_cds = as.matrix(CDS_Stocks[,2]) 
HY_cds = as.matrix(CDS_Stocks[,3]) 
 
IG_matrix = matrix(c(IG_stocks,IG_cds),ncol = 2) 
colnames(IG_matrix, do.NULL = FALSE) 
colnames(IG_matrix) = c("IG_stocks","IG_cds") 
HY_matrix = matrix(c(HY_stocks,HY_cds),ncol = 2) 
colnames(HY_matrix, do.NULL = FALSE) 
colnames(HY_matrix) = c("HY_stocks","HY_cds") 
 
cor(IG_matrix) 
cor(HY_matrix) 
 
#Testing for unit roots 
adf.test(IG_stocks) 
adf.test(HY_stocks) 
 
#taking first diff to make stationary 
IG_stocks_Diff = diff(log(IG_stocks),1) #log values 
HY_stocks_Diff = diff(log(HY_stocks),1) #log values 
IG_cds_Diff = diff(IG_cds,1) 
HY_cds_Diff = diff(HY_cds,1) 
 
#Testing for unit roots 
adf.test(IG_stocks_Diff) 
adf.test(HY_stocks_Diff) 
adf.test(IG_cds_Diff) 
adf.test(HY_cds_Diff) 
 
#Correlation on stationary 
cor_matrix = matrix(c(IG_stocks_Diff,HY_stocks_Diff,IG_cds_Diff,HY_cds_Diff),ncol = 4) 
colnames(cor_matrix, do.NULL = FALSE) 
colnames(cor_matrix) = c("IG_stocks_Diff","HY_stocks_Diff","IG_cds_Diff","HY_cds_Diff") 
cor(cor_matrix) 
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Appendix 8 – R code for cointegration test stocks 
 

CDS_Stocks <<- read_excel("VAR.xlsx",col_names=TRUE) 

IG_stocks = as.matrix(CDS_Stocks[,4]) 

HY_stocks = as.matrix(CDS_Stocks[,5]) 

IG_cds = as.matrix(CDS_Stocks[,2]) 

HY_cds = as.matrix(CDS_Stocks[,3]) 

 

lm_IG = lm(IG_stocks ~ IG_cds) 

Residuals_IG = resid(lm_IG) 

lm_HY = lm(HY_stocks~HY_cds) 

Residuals_HY = resid(lm_HY) 

 

adf.test(Residuals_IG) 

adf.test(Residuals_HY)  
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Appendix 9 – ACF plots for CDS spreads and Stock returns 
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Appendix 10 – R-Code for estimation of lags 
 
library(readxl) 
library(vars) 
 
CDS_Stocks <<- read_excel("VAR.xlsx",col_names=TRUE) 
 
IG_cds = as.matrix(CDS_Stocks[,2]) 
HY_cds = as.matrix(CDS_Stocks[,3]) 
IG_cds = diff(IG_cds,1) 
HY_cds = diff(HY_cds,1) 
 
IG_stocks = as.matrix(CDS_Stocks[,4]) 
HY_stocks = as.matrix(CDS_Stocks[,5]) 
IG_stocks = diff(IG_stocks,1) 
HY_stocks = diff(HY_stocks,1) 
 
#Merge into one matrix 
IG_matrix = matrix(c(IG_stocks,IG_cds),ncol = 2) 
colnames(IG_matrix, do.NULL = FALSE) 
colnames(IG_matrix) = c("IG_stocks","IG_cds") 
HY_matrix = matrix(c(HY_stocks,HY_cds),ncol = 2) 
colnames(HY_matrix, do.NULL = FALSE) 
colnames(HY_matrix) = c("HY_stocks","HY_cds") 
 
#Lags 
VARselect(IG_matrix, lag.max = 10) 
VARselect(HY_matrix, lag.max = 10) 
 
acf(IG_stocks) 
acf(IG_cds) 
acf(HY_stocks) 
acf(HY_cds) 
var_output_IG = VAR(IG_matrix, p = 2, type = "const") 
causality(var_output_IG, cause = "IG_stocks") 
var_output_HY = VAR(HY_matrix, p = 5, type = "const") 
causality(var_output_HY, cause = "HY_stocks") 
var_output_IG1 = VAR(IG_matrix, p = 2, type = "const") 
causality(var_output_IG1, cause = "IG_cds") 
var_output_HY1 = VAR(HY_matrix, p = 5, type = "const") 
causality(var_output_HY1, cause = "HY_cds") 
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Appendix 11 – Bivariate regression between stocks, jumps and CDS spreads 
 
library(readxl) 
library(tseries)  
library(stats)  
library(car) 
library(plm) 
library(lmtest) 
 
Data_HY <<- read_excel("HY.xlsx",col_names=TRUE) #reading data from excel 
Data_HY <- plm.data(Data_HY, index = 58) #Indexing 
Data_HY[is.na(Data_HY)] = 0 #replace na with 0. To make the panel unbalanced, remove this line 
Data_HY$CDS = Data_HY$CDS * 10000 #CDS in bp 
Data_HY$Jump.Mean = Data_HY$Jump.Mean * 100 #Jump mean in percent 
Data_HY$Jump.std = Data_HY$Jump.std * 100 #Jump Std in percent 
Data_HY$Hazard = Data_HY$Hazard * 100 #Hazard rate in percent 
Data_HY$Mean.Pos = Data_HY$Mean.Pos * 100 #Mean pos in percent 
Data_HY$Mean.Neg = Data_HY$Mean.Neg * -100 #Mean neg in percent 
Data_HY$Stocks = Data_HY$Stocks * 100 #Stocks in percent 
 
Data_IG <<- read_excel("IG.xlsx",col_names=TRUE) #reading data from excel 
Data_IG <- plm.data(Data_IG, index = 112) #Indexing 
Data_IG[is.na(Data_IG)] = 0 #replace na with 0 To make the panel unbalanced, remove this line 
Data_IG$CDS = Data_IG$CDS * 10000 #CDS in bp 
Data_IG$Jump.Mean = Data_IG$Jump.Mean * 100 #Jump mean in percent 
Data_IG$Jump.std = Data_IG$Jump.std * 100 #Jump Std in percent 
Data_IG$Hazard = Data_IG$Hazard * 100 #Hazard rate in percent 
Data_IG$Mean.Pos = Data_IG$Mean.Pos * 100 #Mean pos in percent 
Data_IG$Mean.Neg = Data_IG$Mean.Neg * -100 #Mean neg in percent 
Data_IG$Stocks = Data_IG$Stocks * 100 #Stocks in percent 
#Pooling stocks 
Pooledregression_HY_Stocks <- plm(diff(CDS,1) ~ diff(Stocks,1), effect = "individual", data = 
Data_HY, model = "pooling") 
summary(Pooledregression_HY_Stocks) 
Pooledregression_IG_Stocks <- plm(diff(CDS,1) ~ diff(Stocks,1), effect = "individual", data = 
Data_IG, model = "pooling") 
summary(Pooledregression_IG_Stocks) 
#Pooling jumps 
Pooledregression_HY_Jump <- plm(diff(CDS,1) ~ diff(Mean.Neg,1), effect = "individual", data = 
Data_HY, model = "pooling") 
summary(Pooledregression_HY_Jump) 
Pooledregression_IG_Jump <- plm(diff(CDS,1) ~ diff(Mean.Neg,1), effect = "individual", data = 
Data_IG, model = "pooling") 
summary(Pooledregression_IG_Jump)  
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Appendix 12 – Interest rates plot 
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Appendix 13– Single regressions with CDS spreads and interest rates 
 
 

Variable IG HY 
 Estimate p value Estimate p value 
US O/N 1.02007 0.0003177 *** 3.3107 0.03262 * 
US0001M 1.48 6.877e-08 *** 5.17 0.0005859 *** 
US0003M 1.51159 5.528e-08 *** 5.63 0.0002164 *** 
US0006M 1.37797 1.37797 5.3006 0.0007879 *** 
US0012M 1.32081 2.545e-05 *** 5.0353 0.003331 ** 
Slope -3.06587 3.435e-12 *** -13.8554 8.81e-09 *** 
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Appendix 14 – R code for bivariate regressions with CDS spreads, interest rates and 
volatility 
 
 
library(readxl) 
library(plm) 
 
Data_HY <<- read_excel("HY.xlsx",col_names=TRUE) #reading data from excel 
Data_HY <- plm.data(Data_HY, index = 58) #Indexing 
Data_HY[is.na(Data_HY)] = 0 #replace na with 0 
Data_HY$CDS = Data_HY$CDS * 10000 #CDS in bp 
Data_HY$X30daySigma = Data_HY$X30DaySigma * 100 #X30daySigma in percent 
Data_HY$X63daySigma = Data_HY$X63DaySigma * 100 #X63daySigma in percent 
Data_HY$X252DaySigma = Data_HY$X252DaySigma * 100 #X252DaySigma in percent 
 
Data_IG <<- read_excel("IG.xlsx",col_names=TRUE) #reading data from excel 
Data_IG <- plm.data(Data_IG, index = 112) #Indexing 
Data_IG[is.na(Data_IG)] = 0 #replace na with 0 
Data_IG$CDS = Data_IG$CDS * 10000 #CDS in bp 
Data_IG$X30daySigma = Data_IG$X30daySigma * 100 #X30daySigma in percent 
Data_IG$X63daySigma = Data_IG$X63daySigma * 100 #X63daySigma in percent 
Data_IG$X252DaySigma = Data_IG$X252DaySigma * 100 #X252DaySigma in percent 
 
#rates 
US0001M+US0003M+US0006M+US00ON+US0012M+Rfslope #Data used for interest rates 
 
Pooledregression_HY_Rate <- plm(diff(CDS,1) ~ diff(Rfslope,1), effect = "individual", data = 
Data_HY, model = "pooling") 
summary(Pooledregression_HY_Rate) 
Pooledregression_IG_Rate <- plm(diff(CDS,1) ~ diff(Rfslope,1), effect = "individual", data = 
Data_IG, model = "pooling") 
summary(Pooledregression_IG_Rate) 
 
 
#volatility 
X30daySigma+X63daySigma+X252DaySigma+VIX #Data used 
 
Pooledregression_HY_Sigma <- plm(diff(CDS,1) ~ diff(X252DaySigma,1), data = Data_HY, model 
= "pooling") 
summary(Pooledregression_HY_Sigma) 
 
Pooledregression_IG_Sigma <- plm(diff(CDS,1) ~ diff(X252DaySigma,1), data = Data_IG, model = 
"pooling") 
summary(Pooledregression_IG_Sigma) 
 
 
 
 
 
 



102	
	

Appendix	15	–	Bivariate	regression	between	CDS	spreads	and	accounting	variables	
 
Data_HY <<- read_excel("HY.xlsx",col_names=TRUE) #reading data from excel 
Data_HY <- plm.data(Data_HY, index = 58) #Indexing 
#Data_HY[is.na(Data_HY)] = 0 #replace na with 0 
Data_HY$CDS = Data_HY$CDS * 10000 #CDS in bp 
Data_HY$X2na = Data_HY$X2na * 100 #Retained Earnings/Total assets in percent 
Data_HY$X3na = Data_HY$X3na * 100 #pretax income/Total assets in percent 
Data_HY$X4na = Data_HY$X4na * 100 #Equity/Debt in percent 
Data_HY$X5na = Data_HY$X5na * 100 #Sales/Total assets in percent 
 
Data_IG <<- read_excel("IG.xlsx",col_names=TRUE) #reading data from excel 
Data_IG <- plm.data(Data_IG, index = 112) #Indexing 
#Data_IG[is.na(Data_IG)] = 0 #replace na with 0 
Data_IG$CDS = Data_IG$CDS * 10000 #CDS in bp 
Data_IG$X2na = Data_IG$X2na * 100 #Retained Earnings/Total assets in percent 
Data_IG$X3na = Data_IG$X3na * 100 #pretax income/Total assets in percent 
Data_IG$X4na = Data_IG$X4na * 100 #Equity/Debt in percent 
Data_IG$X5na = Data_IG$X5na * 100 #Sales/Total assets in percent 
 
#X2na = Retained Earnings/Total assets 
#X3na = pretax income/Total assets 
#X4na = Equity/Debt 
#X5na = Sales/Total assets 
 
#Pooled Regression 
Pooledregression_HY_ratios <- plm(diff(CDS,1) ~ X5na, data = Data_HY, model = "pooling") 
summary(Pooledregression_HY_ratios) 
 
Pooledregression_IG_ratios <- plm(diff(CDS,1) ~ X5na,  data = Data_IG, model = "pooling") 
summary(Pooledregression_IG_ratios) 
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Appendix	16	–	Bivariate	regression	between	CDS	spreads	and	accounting	variables	(unbalanced)	
 

 IG HY 
 Estimat

e 
p value R^2 N Estimat

e 
p value R^2 N 

Retained 
Earnings/Total 
Assets 

0.01 0.6681 0.00
0 

4808 0.19 0.02509 * 0.00
2 

238
9 

pretax 
income/Total 
Assets 

-1.52 5.918e-07 
*** 

0.00
5 

4808 -3.93 0.0004276 *** 0.00
5 

247
0 

Equity/Debt 0.00 0.661 0.00
0 

4798 0.00 0.1297 0.00
0 

245
6 

Sales/Total 
Assets 

0.02 0.7148 0.00
0 

4807 0.05 0.8496 0.00
0 

247
0 
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Appendix 17 – Bivariate regression between CDS spreads and macro variables 
 
 
Data_HY <<- read_excel("HY.xlsx",col_names=TRUE) #reading data from excel 
Data_HY <- plm.data(Data_HY, index = 58) #Indexing 
Data_HY$GDP = log(Data_HY$GDP) * 100  #Log of GDP and in percent 
Data_HY[is.na(Data_HY)] = 0 #replace na with 0 
Data_HY$CDS = Data_HY$CDS * 10000 #CDS in bp 
Data_HY$SP500price = Data_HY$SP500price * 100 #SP500price in percent 
Data_HY$SP500std30days = Data_HY$SP500std30days * 100 #X63daySigma in percent 
Data_HY$SP500std63days = Data_HY$SP500std63days * 100 #X252DaySigma in percent 
Data_HY$SP500std252days = Data_HY$SP500std252days * 100 #X252DaySigma in percent 
 
Data_IG <<- read_excel("IG.xlsx",col_names=TRUE) #reading data from excel 
Data_IG <- plm.data(Data_IG, index = 112) #Indexing 
Data_IG$GDP = log(Data_IG$GDP) * 100  #Log of GDP and in percent 
Data_IG[is.na(Data_IG)] = 0 #replace na with 0 
Data_IG$CDS = Data_IG$CDS * 10000 #CDS in bp 
Data_IG$SP500price = Data_IG$SP500price * 100 #SP500price in percent 
Data_IG$SP500std30days = Data_IG$SP500std30days * 100 #X63daySigma in percent 
Data_IG$SP500std63days = Data_IG$SP500std63days * 100 #X252DaySigma in percent 
Data_IG$SP500std252days = Data_IG$SP500std252days * 100 #X252DaySigma in percent 
 
SP500price+SP500std30days+SP500std63days+SP500std252days+GDP #Data used  
 
Regression_HY <- plm(diff(CDS,1) ~ diff(SP500std252days,1) , effect = "individual", data = 
Data_HY, model = "pooling") 
summary(Regression_HY) 
Regression_IG <- plm(diff(CDS,1) ~ diff(SP500std252days,1) , effect = "individual", data = Data_IG, 
model = "pooling") 
summary(Regression_IG) 
 
 
 
  
  



105	
	

Appendix 18 – R code for Multiple regressions 
 
library(readxl) library(tseries) library(stats) library(car) library(plm) library(lmtest) library(xlsx) 
 
#For IG 
Data_IG <<- read_excel("IG.xlsx",col_names=TRUE) #reading data from excel 
Data_IG <- plm.data(Data_IG, index = 112) #Indexing 
Data_IG$CDS = Data_IG$CDS * 10000 #CDS in bp 
Data_IG$Stocks = Data_IG$Stocks * 100 #Stocks in percent 
Data_IG$Jump.Mean = Data_IG$Jump.Mean * 100 #Jump mean in percent 
Data_IG$Jump.std = Data_IG$Jump.std * 100 #Jump Std in percent 
Data_IG$Mean.Neg = Data_IG$Mean.Neg * -100 #Mean neg in percent 
Data_IG$Hazard = Data_IG$Hazard * 100 #Hazard rate in percent 
Data_IG$X30daySigma = Data_IG$X30daySigma * 100 #X30daySigma in percent 
Data_IG$SP500std30days = Data_IG$SP500std30days * 100 #SP500std30days in percent 
Data_IG$SP500price = Data_IG$SP500price * 100 #SP500price in percent 
Data_IG$GDP = Data_IG$GDP * 100 #GDP in percent 
Data_IG$X3na = Data_IG$X3na * 100 #pretax income/Total assets in percent 
Data_IG[is.na(Data_IG)] = 0 #replace na with 0 
 
#Model1 (pooled) 
Model1_IG <- plm(diff(CDS,1) ~ diff(Stocks,1)+Jump.std+Mean.Neg+Hazard+diff(US00ON,1)+ 
                          diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                        , effect = "individual", data = Data_IG, model = "pooling") 
summary(Model1_IG) 
 
#testing for poolability 
Model1_IG_pvcm <- pvcm(diff(CDS,1) ~ 
diff(Stocks,1)+Jump.std+Mean.Neg+Hazard+diff(US00ON,1)+ 
                         diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                       , effect = "individual", data = Data_IG, model = "within") 
summary(Model1_IG_pvcm) 
pooltest(Model1_IG,Model1_IG_pvcm) 
 
#Hausman test 
Model1_IG_within <- plm(diff(CDS,1) ~ 
diff(Stocks,1)+Jump.std+Mean.Neg+Hazard+diff(US00ON,1)+ 
                          diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                        , effect = "individual", data = Data_IG, model = "within") 
summary(Model1_IG_within) 
 
Model1_IG_random <- plm(diff(CDS,1) ~ 
diff(Stocks,1)+Jump.std+Mean.Neg+Hazard+diff(US00ON,1)+ 
                          diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                        , effect = "individual", data = Data_IG, model = "random") 
summary(Model1_IG_random) 
phtest(Model1_IG_within,Model1_IG_random) 
 
#Breusch Pagan test 
bptest(Model1_IG_within) 
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fitted_Model1_IG <- as.numeric(Model1_IG_within$model[[1]] - Model1_IG_within$residuals) 
plot(fitted_Model1_IG,Model1_IG_within$residuals) 
 
#Autocorrelation test 
pdwtest(Model1_IG_within) #Durbin Watson 
pbgtest(Model1_IG_within) #Breusch-Godfrey/Wooldridge test 
Residuals_model1_IG = Model1_IG_within$residuals 
lag.plot(Residuals_model1_IG, lags = 1) 
acf(Residuals_model1_IG) 
 
#Model 2 (within) 
Model2_IG_within <- plm(diff(CDS,1) ~ diff(Stocks,1)+Hazard+diff(US00ON,1)+ 
                          diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                        , effect = "individual", data = Data_IG, model = "within") 
summary(Model2_IG_within) 
 
#White's heteroskedasticity-consistent covariance matrix 
coeftest(Model2_IG_within, method = "white2", vcov = pvcovHC) 
 
#For HY 
Data_HY <<- read_excel("HY.xlsx",col_names=TRUE) #reading data from excel 
Data_HY <- plm.data(Data_HY, index = 58) #Indexing 
Data_HY$CDS = Data_HY$CDS * 10000 #CDS in bp 
Data_HY$Stocks = Data_HY$Stocks * 100 #Stocks in percent 
Data_HY$Jump.Mean = Data_HY$Jump.Mean * 100 #Jump mean in percent 
Data_HY$Jump.std = Data_HY$Jump.std * 100 #Jump Std in percent 
Data_HY$Mean.Neg = Data_HY$Mean.Neg * -100 #Mean neg in percent 
Data_HY$Hazard = Data_HY$Hazard * 100 #Hazard rate in percent 
Data_HY$X30daySigma = Data_HY$X30daySigma * 100 #X30daySigma in percent 
Data_HY$SP500std30days = Data_HY$SP500std30days * 100 #SP500std30days in percent 
Data_HY$SP500price = Data_HY$SP500price * 100 #SP500price in percent 
Data_HY$GDP = Data_HY$GDP * 100 #GDP in percent 
Data_HY$X3na = Data_HY$X3na * 100 #pretax income/Total assets in percent 
Data_HY[is.na(Data_HY)] = 0 #replace na with 0 
 
#Model1 (pooled) 
Model1_HY <- plm(diff(CDS,1) ~ diff(Stocks,1)+Jump.std+Mean.Neg+diff(US00ON,1)+ 
                          diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                        , effect = "individual", data = Data_HY, model = "pooling") 
summary(Model1_HY) 
 
#testing for poolability 
Model1_HY_pvcm <- pvcm(diff(CDS,1) ~ diff(Stocks,1)+Jump.std+Mean.Neg+diff(US00ON,1)+ 
                         diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                       , effect = "individual", data = Data_HY, model = "within") 
summary(Model1_HY_pvcm) 
pooltest(Model1_HY,Model1_HY_pvcm) 
 
#Hausman test 
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Model1_HY_within <- plm(diff(CDS,1) ~ diff(Stocks,1)+Jump.std+Mean.Neg+diff(US00ON,1)+ 
                          diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                        , effect = "individual", data = Data_HY, model = "within") 
summary(Model1_HY_within) 
Model1_HY_random <- plm(diff(CDS,1) ~ diff(Stocks,1)+Jump.std+Mean.Neg+diff(US00ON,1)+ 
                          diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                        , effect = "individual", data = Data_HY, model = "random") 
summary(Model1_HY_random) 
phtest(Model1_HY_within,Model1_HY_random) 
 
#Breusch Pagan test 
bptest(Model1_HY_within) 
fitted_Model1_HY <- as.numeric(Model1_HY_within$model[[1]] - Model1_HY_within$residuals) 
plot(fitted_Model1_HY,Model1_HY_within$residuals) 
 
#Autocorrelation test 
pbgtest(Model1_HY_within) #Breusch-Godfrey/Wooldridge test 
Residuals_model1_HY = Model1_HY_within$residuals 
lag.plot(Residuals_model1_HY, lags = 1) 
acf(Residuals_model1_HY) 
 
#Model 2 (within) 
Model2_HY_within <- plm(diff(CDS,1) ~ diff(Stocks,1)+Jump.std+Mean.Neg+diff(US00ON,1)+ 
                          diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1) 
                        , effect = "individual", data = Data_HY, model = "within") 
summary(Model2_HY_within) 
 
#White's heteroskedasticity-consistent covariance matrix 
coeftest(Model2_HY_within, method = "white2", vcov = pvcovHC) 
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Appendix 19 – R code for time period regressions 
	
#IG Before 
Data_IG_1st <<- read_excel("IGsub.xlsx",col_names=TRUE, sheet = "Before1" ) #reading data from 
excel 
Data_IG_1st <- plm.data(Data_IG_1st, index = 112) #Indexing 
Data_IG_1st$CDS = Data_IG_1st$CDS * 10000 #CDS in bp 
Data_IG_1st$Stocks = Data_IG_1st$Stocks * 100 #Stocks in percent 
Data_IG_1st$Jump.Mean = Data_IG_1st$Jump.Mean * 100 #Jump mean in percent 
Data_IG_1st$Jump.std = Data_IG_1st$Jump.std * 100 #Jump Std in percent 
Data_IG_1st$Mean.Neg = Data_IG_1st$Mean.Neg * -100 #Mean neg in percent 
Data_IG_1st$Hazard = Data_IG_1st$Hazard * 100 #Hazard rate in percent 
Data_IG_1st$X30daySigma = Data_IG_1st$X30daySigma * 100 #X30daySigma in percent 
Data_IG_1st$SP500std30days = Data_IG_1st$SP500std30days * 100 #SP500std30days in percent 
Data_IG_1st$SP500price = Data_IG_1st$SP500price * 100 #SP500price in percent 
Data_IG_1st$GDP = Data_IG_1st$GDP * 100 #GDP in percent 
Data_IG_1st$X3na = Data_IG_1st$X3na * 100 #pretax income/Total assets in percent 
Data_IG_1st[is.na(Data_IG_1st)] = 0 #replace na with 0 
 
Model1_IG_within_1st <- plm(diff(CDS,1) ~ diff(Stocks,1)+Hazard+diff(US00ON,1)+ 
                              diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                            , effect = "individual", data = Data_IG_1st, model = "within") 
summary(Model1_IG_within_1st) 
 
#White's heteroskedasticity-consistent covariance matrix 
coeftest(Model1_IG_within_1st, method = "white2", vcov = pvcovHC) 
 
#Breusch Pagan test 
bptest(Model1_IG_within_1st) 
 
#Autocorrelation test 
pbgtest(Model1_IG_within_1st) #Breusch-Godfrey/Wooldridge test 
 
#IG during 
Data_IG_2nd <<- read_excel("IGsub.xlsx",col_names=TRUE, sheet = "During1" ) #reading data 
from excel 
Data_IG_2nd <- plm.data(Data_IG_2nd, index = 112) #Indexing 
Data_IG_2nd$CDS = Data_IG_2nd$CDS * 10000 #CDS in bp 
Data_IG_2nd$Stocks = Data_IG_2nd$Stocks * 100 #Stocks in percent 
Data_IG_2nd$Jump.Mean = Data_IG_2nd$Jump.Mean * 100 #Jump mean in percent 
Data_IG_2nd$Jump.std = Data_IG_2nd$Jump.std * 100 #Jump Std in percent 
Data_IG_2nd$Mean.Neg = Data_IG_2nd$Mean.Neg * -100 #Mean neg in percent 
Data_IG_2nd$Hazard = Data_IG_2nd$Hazard * 100 #Hazard rate in percent 
Data_IG_2nd$X30daySigma = Data_IG_2nd$X30daySigma * 100 #X30daySigma in percent 
Data_IG_2nd$SP500std30days = Data_IG_2nd$SP500std30days * 100 #SP500std30days in percent 
Data_IG_2nd$SP500price = Data_IG_2nd$SP500price * 100 #SP500price in percent 
Data_IG_2nd$GDP = Data_IG_2nd$GDP * 100 #GDP in percent 
Data_IG_2nd$X3na = Data_IG_2nd$X3na * 100 #pretax income/Total assets in percent 
Data_IG_2nd[is.na(Data_IG_2nd)] = 0 #replace na with 0 
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Model1_IG_within_2nd <- plm(diff(CDS,1) ~ diff(Stocks,1)+Hazard+diff(US00ON,1)+ 
                              diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                            , effect = "individual", data = Data_IG_2nd, model = "within") 
summary(Model1_IG_within_2nd) 
 
#White's heteroskedasticity-consistent covariance matrix 
coeftest(Model1_IG_within_2nd, method = "white2", vcov = pvcovHC) 
 
#Breusch Pagan test 
bptest(Model1_IG_within_2nd) 
#Autocorrelation test 
pbgtest(Model1_IG_within_2nd) #Breusch-Godfrey/Wooldridge test 
 
#IG after 
Data_IG_3nd <<- read_excel("IGsub.xlsx",col_names=TRUE, sheet = "After1" ) #reading data from 
excel 
Data_IG_3nd <- plm.data(Data_IG_3nd, index = 112) #Indexing 
Data_IG_3nd$CDS = Data_IG_3nd$CDS * 10000 #CDS in bp 
Data_IG_3nd$Stocks = Data_IG_3nd$Stocks * 100 #Stocks in percent 
Data_IG_3nd$Jump.Mean = Data_IG_3nd$Jump.Mean * 100 #Jump mean in percent 
Data_IG_3nd$Jump.std = Data_IG_3nd$Jump.std * 100 #Jump Std in percent 
Data_IG_3nd$Mean.Neg = Data_IG_3nd$Mean.Neg * -100 #Mean neg in percent 
Data_IG_3nd$Hazard = Data_IG_3nd$Hazard * 100 #Hazard rate in percent 
Data_IG_3nd$X30daySigma = Data_IG_3nd$X30daySigma * 100 #X30daySigma in percent 
Data_IG_3nd$SP500std30days = Data_IG_3nd$SP500std30days * 100 #SP500std30days in percent 
Data_IG_3nd$SP500price = Data_IG_3nd$SP500price * 100 #SP500price in percent 
Data_IG_3nd$GDP = Data_IG_3nd$GDP * 100 #GDP in percent 
Data_IG_3nd$X3na = Data_IG_3nd$X3na * 100 #pretax income/Total assets in percent 
Data_IG_3nd[is.na(Data_IG_3nd)] = 0 #replace na with 0 
 
Model1_IG_within_3nd <- plm(diff(CDS,1) ~ diff(Stocks,1)+Hazard+diff(US00ON,1)+ 
                              diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1)+diff(GDP,1)+X3na 
                            , effect = "individual", data = Data_IG_3nd, model = "within") 
summary(Model1_IG_within_3nd) 
 
#White's heteroskedasticity-consistent covariance matrix 
coeftest(Model1_IG_within_3nd, method = "white2", vcov = pvcovHC) 
 
#Breusch Pagan test 
bptest(Model1_IG_within_3nd) 
#Autocorrelation test 
pbgtest(Model1_IG_within_3nd) #Breusch-Godfrey/Wooldridge test 
 
#HY before 
Data_HY_1st <<- read_excel("HYsub.xlsx",col_names=TRUE, sheet = "Before1" ) #reading data 
from excel 
Data_HY_1st <- plm.data(Data_HY_1st, index = 58) #Indexing 
Data_HY_1st$CDS = Data_HY_1st$CDS * 10000 #CDS in bp 
Data_HY_1st$Stocks = Data_HY_1st$Stocks * 100 #Stocks in percent 
Data_HY_1st$Jump.Mean = Data_HY_1st$Jump.Mean * 100 #Jump mean in percent 
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Data_HY_1st$Jump.std = Data_HY_1st$Jump.std * 100 #Jump Std in percent 
Data_HY_1st$Mean.Neg = Data_HY_1st$Mean.Neg * -100 #Mean neg in percent 
Data_HY_1st$Hazard = Data_HY_1st$Hazard * 100 #Hazard rate in percent 
Data_HY_1st$X30daySigma = Data_HY_1st$X30daySigma * 100 #X30daySigma in percent 
Data_HY_1st$SP500std30days = Data_HY_1st$SP500std30days * 100 #SP500std30days in percent 
Data_HY_1st$SP500price = Data_HY_1st$SP500price * 100 #SP500price in percent 
Data_HY_1st$GDP = Data_HY_1st$GDP * 100 #GDP in percent 
Data_HY_1st$X3na = Data_HY_1st$X3na * 100 #pretax income/Total assets in percent 
Data_HY_1st[is.na(Data_HY_1st)] = 0 #replace na with 0 
 
Model1_HY_within_1st <- plm(diff(CDS,1) ~ 
diff(Stocks,1)+Jump.std+Mean.Neg+diff(US00ON,1)+ 
                              diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1) 
                            , effect = "individual", data = Data_HY_1st, model = "within") 
summary(Model1_HY_within_1st) 
 
#White's heteroskedasticity-consistent covariance matrix 
coeftest(Model1_HY_within_1st, method = "white2", vcov = pvcovHC) 
 
#Breusch Pagan test 
bptest(Model1_HY_within_1st) 
#Autocorrelation test 
pbgtest(Model1_HY_within_1st) #Breusch-Godfrey/Wooldridge test 
 
#HY During 
Data_HY_2nd <<- read_excel("HYsub.xlsx",col_names=TRUE, sheet = "During1" ) #reading data 
from excel 
Data_HY_2nd <- plm.data(Data_HY_2nd, index = 58) #Indexing 
Data_HY_2nd$CDS = Data_HY_2nd$CDS * 10000 #CDS in bp 
Data_HY_2nd$Stocks = Data_HY_2nd$Stocks * 100 #Stocks in percent 
Data_HY_2nd$Jump.Mean = Data_HY_2nd$Jump.Mean * 100 #Jump mean in percent 
Data_HY_2nd$Jump.std = Data_HY_2nd$Jump.std * 100 #Jump Std in percent 
Data_HY_2nd$Mean.Neg = Data_HY_2nd$Mean.Neg * -100 #Mean neg in percent 
Data_HY_2nd$Hazard = Data_HY_2nd$Hazard * 100 #Hazard rate in percent 
Data_HY_2nd$X30daySigma = Data_HY_2nd$X30daySigma * 100 #X30daySigma in percent 
Data_HY_2nd$SP500std30days = Data_HY_2nd$SP500std30days * 100 #SP500std30days in 
percent 
Data_HY_2nd$SP500price = Data_HY_2nd$SP500price * 100 #SP500price in percent 
Data_HY_2nd$GDP = Data_HY_2nd$GDP * 100 #GDP in percent 
Data_HY_2nd$X3na = Data_HY_2nd$X3na * 100 #pretax income/Total assets in percent 
Data_HY_2nd[is.na(Data_HY_2nd)] = 0 #replace na with 0 
 
Model1_HY_within_2nd <- plm(diff(CDS,1) ~ 
diff(Stocks,1)+Jump.std+Mean.Neg+diff(US00ON,1)+ 
                              diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1) 
                            , effect = "individual", data = Data_HY_2nd, model = "within") 
summary(Model1_HY_within_2nd) 
 
#White's heteroskedasticity-consistent covariance matrix 
coeftest(Model1_HY_within_2nd, method = "white2", vcov = pvcovHC) 
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#Breusch Pagan test 
bptest(Model1_HY_within_2nd) 
#Autocorrelation test 
pbgtest(Model1_HY_within_2nd) #Breusch-Godfrey/Wooldridge test 
 
#HY After 
Data_HY_3nd <<- read_excel("HYsub.xlsx",col_names=TRUE, sheet = "After1" ) #reading data 
from excel 
Data_HY_3nd <- plm.data(Data_HY_3nd, index = 58) #Indexing 
Data_HY_3nd$CDS = Data_HY_3nd$CDS * 10000 #CDS in bp 
Data_HY_3nd$Stocks = Data_HY_3nd$Stocks * 100 #Stocks in percent 
Data_HY_3nd$Jump.Mean = Data_HY_3nd$Jump.Mean * 100 #Jump mean in percent 
Data_HY_3nd$Jump.std = Data_HY_3nd$Jump.std * 100 #Jump Std in percent 
Data_HY_3nd$Mean.Neg = Data_HY_3nd$Mean.Neg * -100 #Mean neg in percent 
Data_HY_3nd$Hazard = Data_HY_3nd$Hazard * 100 #Hazard rate in percent 
Data_HY_3nd$X30daySigma = Data_HY_3nd$X30daySigma * 100 #X30daySigma in percent 
Data_HY_3nd$SP500std30days = Data_HY_3nd$SP500std30days * 100 #SP500std30days in 
percent 
Data_HY_3nd$SP500price = Data_HY_3nd$SP500price * 100 #SP500price in percent 
Data_HY_3nd$GDP = Data_HY_3nd$GDP * 100 #GDP in percent 
Data_HY_3nd$X3na = Data_HY_3nd$X3na * 100 #pretax income/Total assets in percent 
Data_HY_3nd[is.na(Data_HY_3nd)] = 0 #replace na with 0 
 
Model1_HY_within_3nd <- plm(diff(CDS,1) ~ 
diff(Stocks,1)+Jump.std+Mean.Neg+diff(US00ON,1)+ 
                              diff(Rfslope,1)+diff(X30daySigma,1)+diff(VIX,1) 
                            , effect = "individual", data = Data_HY_3nd, model = "within") 
summary(Model1_HY_within_3nd) 
 
#White's heteroskedasticity-consistent covariance matrix 
coeftest(Model1_HY_within_3nd, method = "white2", vcov = pvcovHC) 
 
#Breusch Pagan test 
bptest(Model1_HY_within_3nd) 
#Autocorrelation test 
pbgtest(Model1_HY_within_3nd) #Breusch-Godfrey/Wooldridge test 
 
	
 


