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Abstract 

Credit spread is the extra risk-reward that an investor is bearing for investing in corporate bonds 

instead of government bonds. Structural models, which are simple in their framework, fail to 

explain the occurring credit spread and underestimate the predicted credit spread. Hence, the need 

for new models and exploration of systematic and idiosyncratic variables arose. The present paper 

aims to investigate if the predictability of lower-medium investment grade bonds and non-

investment grade bonds credit spread can be improved by incorporating systematic and 

idiosyncratic variables into a fixed effect panel data regression model, and whether the selected 

variables’ significance has high influence on credit spread or not. Initial results showed that fixed 

effect panel data regression model underperforms the structural models and under predicts the 

actual credit spread. The applied model explained 13.5% of the lower-medium investment grade 

bonds credit spread and 8.5% of non-investment grade bonds. Further, systematic variables have 

higher influence on lower-medium investment grade bonds and idiosyncratic variables have higher 

influence on non-investment grade bonds. The predictability of credit spread can be improved by 

employing correct explanatory variables which are selected based on the characteristics of the 

sample size.   
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1 Introduction  

Financial markets is a broad term that is commonly used to explain a number of underlying markets 

whose purpose is to act as intermediaries in exchanging financial assets. Such financial assets as 

stocks, bonds and options are created by lending money to a business or a government agency in 

exchange for a permission to claim a portion of the profit or wealth as an investor. Further, financial 

assets are characterized by different properties which can only be traded in specific markets, hence 

the need for several markets arose. Figure 1 shows the three most well-known financial markets 

that exchange financial assets of an accumulated value of trillions of euros every day (Arnold, 2012, 

pp. 1-20; Parameswaran, 2011, pp. 10-20). 

Figure 1 – Subcategories of the financial markets 

 

Source: Author’s summarization 

Equity market is an intermediary market that allows investors to buy and sell shares of a company, 

where investors who own shares have a financial claim on the firm’s residual profits. Further, what 

is common shares is that unlike bonds they have no maturity date and continue to exist as long as 

the company is operating (Parameswaran, 2011, pp. 10-20; Levinson, 2005, pp. 129-135). 

According to Arnold (2012, p. 300) equity markets are exposed to several problems, for example 

author emphasizes a problem where investors are not investing, but they are rather speculating on 

whether the price will increase or decrease which potentially causes an imbalance on the equity 

market. In the end of 2016, the world’s total accumulated equity market value was 67,203 billion 

dollars and the two largest equity markets are U.S. with a total value of 28,059 billion dollars and 

Europe with a total value of 13,589 billion dollars (World Federation of Exchanges, 2016).  

Levinson (2005, pp. 199-210) describes that derivative instruments derive their value from 

underlying asset such as stocks, mortgages, interest rates etc., and enable investors to hedge their 

assets as well as liabilities against sudden volatility changes of the underlying asset. A derivative 

instrument is an agreement between two parties that aims to eliminate price fluctuations of the 

underlying asset by setting a fixed price at which the investor can buy or sell in the future 
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(Parameswaran, 2011, pp. 10-20). In the end of 2016, there were 3.19 billion outstanding stock 

options and 0.84 billion stock futures worldwide (World Federation of Exchanges, 2016). 

Fixed-income market is an intermediary market that allows investors to buy and sell debt securities 

where debt security is a financial claim on a bond issuer. An issuer is an entity that issues bonds 

and pays coupons on specific dates of a predetermined amount, and once the bond matures the 

issuers buys it back (Fabozzi, 2006, pp. 1-15). Arnold (2012, pp. 245 - 251) explains further that a 

bond is a contract between a bondholder and a bond issuer, in which the bondholder is the lender 

of the money and the issuer is the borrower. In the end of 2016, the fixed-income market was 

worth 99,342 billion dollars which made it the largest and the most significant financial market 

(World Federation of Exchanges, 2016; Arnold 2012, pp. 1-20). Further, U.S. bond market is the 

biggest market in the world with an accumulated value of 39,361 billion dollars followed by 

Eurobond market which has a total value of 17,846 billion dollars (Sifma, 2017; ECB, 2017; 

Novick, Prager, Fisher, Cowling, Pachatouridi and Rosenblum, 2016). Furthermore, U.S. corporate 

bond market has a value of 11.4 trillion dollars, while Eurobond market which is smaller has a 

value of 7.9 trillion dollars (Novick et al., 2016).  

This study will primarily focus on fixed-income market because it is the most important and the 

largest financial market out of the three financial markets described. Moreover, the concentration 

will lie on corporate bonds issued on Eurobond market because the vast majority of previous 

literature on credit spreads determinants has employed U.S. bond market data, and consequently 

leaving the Eurobond market unexplored. 

1.1 What is credit spread? 

Investors who buy bonds bear an investment risk that consist of credit spread. Per Krainer (2004) 

and Longstaff, Mithal and Neis, (2004), credit spread is the difference between risk-free 

government interest rate and the yield of the bond. Authors additionally explain that both 

components must have the same maturity, otherwise the obtained credit spread will be inconsistent 

and misleading.  

Voss (2012) and Castagnetti and Rossi (2013) discuss that credit spread is the risk premium that an 

investor is rewarded with for bearing extra risk, and that the risk premium varies among companies 

as well as bond ratings. The risk premium is consequently influenced by external risk components 

that together determine and composite the credit spread, for example companies that are financially 

instable and have low bond rating have higher credit spread than companies which are stable and 

have investment grade rating. Despite the extensive research on credit spreads, researchers cannot 
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reach the consensus about which credit spread determinants are the driving factors behind credit 

spread, will be discussed in detail in Chapter 2. Despite the disagreement amidst researchers, they 

have reached an accord that probability of default is the most important risk factor with the highest 

explanatory power. Some researchers argue that probability of default accounts for approximately 

30% (Chen, 2010; Pienaar, Pereira, Landuyt, Joannas and Choudhry, 2010, pp. 60 – 65; Goldstein, 

2010), while other researchers say it is higher (Voss, 2012; Longstaff et al., 2004; Huang and Huang 

2002; Chen, Collin-Dufresne and Goldstein, 2009). Vast majority of previous literature focus on 

U.S bond market, while research conducted on Eurobond market is limited. The following Figure 

1.1, shows that credit spread of the U.S. bond market is higher than the Eurobond market.  

Figure 1.1 – Credit spreads of the U.S. bond and Eurobond market 

 

Source: Reuters Eikon (2017) 

Furthermore, Fabozzi (2006, pp. 17 – 36) discusses other components that influence credit spread 

such as liquidity risk, inflation, interest rate risk, volatility risk and exchange rate risk. These risk 

factors vary in their explanatory power, and certain determinants are more important in this sense 

than others, which will be discussed in detail in Chapter two. Further, researchers have employed 

various models to solve the credit spread problem and the first model which was used to study the 

credit spreads was a structural model implemented by Merton (1974), which will be discussed in 

chapter two. Additionally, different frameworks of structural models were applied to predict the 

credit spreads by considering multiple risk factors, but these models proved to be insufficient 

because the obtained credit spreads were underestimated in comparison to the observed credit 

spreads (Guo, 2013; Goldstein, 2010; Saebo, 2015). The presented puzzle is recognized as the credit 

spread puzzle which researchers have tried to resolve by adapting new models and investigating 

the statistical significance of credit spread determinants as well exploring new variables.  
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1.2 Problem 

Structural models that are widely used to predict credit spreads are limited in their predictability 

and cannot explain the observed credit spread to full extent. According to Saebo (2015), a structural 

model can explain 28.1% of the credit spread, as stated in research performed on the Norwegian 

bond market. Along the line of Saebo’s (2015) study, other researchers have come to the same 

conclusion, which will be discussed later in the study, that structural models are restrictive in 

predicting the future credit spread and incapable of explaining the credit spread curve movement. 

There have been various implications that contribute to the limited performance of structural 

models such as quantification of variables, limited research conducted on the topic and the 

complexity of adjusting structural models to new variables. Hence, more researchers are applying 

simpler models to test the significance of the risk factors.   

The extensive development in credit spread, bond market and other financial debt instruments 

contribute to explain the future business climate. Present literature examines credit spread 

determinants and concludes that idiosyncratic and systematic risk factors have an effect on 

predicting credit spreads, but the explanatory power varies among factors (Gemmill & Keswani, 

2011). Researchers strive to resolve the puzzle, but initially the structural models were testing the 

importance of few variables such as credit quality, assets value and taxes, which resulted in 

narrowed research (Jones, Manson and Rosenfield 1984; Longstaff and Schwartz, 1995). Along the 

way of rather poor performance of structural models, researchers started considering other 

variables such as market risk, liquidity, risk premium, inflation and exchange rate risk which 

potentially proved to be significant which lead to a new field of research, that is why credit spread 

is considered to be unexplored (Delianedis and Geske, 2001; Driessen, 2005; Huang and Huang, 

2012).  

Credit spread and its determinants are gaining more attention due to their importance for the bond 

market and influence on the global economy. Regardless of the findings of other researchers it is 

still not enough to explain the credit spread with high accuracy due to unknown determinants and 

driving forces behind the credit spread. Researchers are seeking for new significant components 

that will improve the predictability of the credit spread and contribute to resolve the puzzle (Guo, 

2013; Castagnetti and Rossi, 2013; Dbouk and Kryzanowski, 2010). 

1.3 Purpose  

The purpose of this study is to test the significance of two systematic and two idiosyncratic 

variables against the credit spread on the Eurobond market. Previous research has concentrated 

on the U.S. bond market because of its size and not much on other significant markets such as 
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Eurobond market. Furthermore, my primary objective is to analyse whether the chosen variables 

can improve the predictability of the credit spreads, and by testing the importance of the chosen 

variables on Eurobond market I want to conclude whether more focus should be reallocated to 

the selected variables or if the primary focus should be shifted to other risk factors. Also, this paper 

aims to contribute to further research on credit spreads on Eurobond market. Additionally, I aim 

to present the credit puzzle and credit spread determinants in details as well as to introduce the 

theoretical background of the structural models and empirical findings. 

The research question this thesis aims to answer is:  

• Can predictability of credit spread be improved by incorporating systematic and 

idiosyncratic determinants?  

Underlying question that also will be answered:  

• What individual explanatory factor is the most important in the model for lower-medium 

investment grade bonds and non-investment grade bonds? 

1.4 Delimitation 

A disadvantage that is rising to its existence when working with different countries, is that the 

underlying factors are different which disables me to use country specific variables such as risk-

free interest rate, business climate etc. Since my samples will focus on Eurobond market, systematic 

explanatory variables must be adapted to the Euro area.  

As the purpose of this study is to test the significance of systematic and idiosyncratic determinants, 

the idiosyncratic variable return on stock price requires that all bonds issuers are listed on stock 

market to qualify for the sample.  

Further this thesis discusses the literature of structural models without adapting these models, but 

to understand the credit spread determinants one must look into the findings of structural models 

as the credit spread puzzle origins from structural models. The purpose of this thesis is to study 

how systematic and idiosyncratic variables are influencing the credit spread and if the predictability 

can be improved by incorporating these two categories into a regression model. The reason why 

structural models are not employed is because it would require an extensive calibration for various 

variables and using an already existing model would result in replicating a study and not studying 

the significance of the explanatory variables. The implication of using an already existing model is 

that the outcome is to a larger extent known. Additionally, the probability of default and liquidity 
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were not included due to their already well documented influence on the credit spread. Therefore, 

this thesis will focus on other variables.   

Another limitation to consider it the sample size. This thesis does not aim to make a conclusion 

about the population, but rather focus to study how selected explanatory variables are affecting the 

credit spread among different bond ratings using the acquired samples. The obtained results are 

applicable to the samples collected and not to the whole population due to the limited number of 

available bonds.  

1.5 Structure of the study  

Having introduced the idea behind what this thesis will aim to analyse and answer, the following 

structure will take place: Chapter 2 will provide frame of references of the credit spread puzzle in 

detail and present previous findings of credit spread determinants. Furthermore, in Chapter 2 

theoretical background and empirical findings of the structural models will be presented. The 

following chapter (Chapter 3) will describe and discuss the choice of method that has been selected 

for analysing the research question as well as present the hypotheses that will be tested, and further 

provide the description of the Eurobond market sample and data collection. Furthermore, in 

Chapter 4 the results of the empirical study will be presented, whereas chapter five examines and 

analyses the results with comparison to present literature. To summarize the study, Chapters 6 and 

7 will respectively conclude and discuss the findings of the study. 
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2 Frame of references  

The present chapter examines existing literature on the topic. The first subchapter analyses the 

credit spread puzzle, while the following subchapter focus on credit spread determinants and how 

their significance effects credit spread. Additionally, in subchapters 2.3 and 2.4 a brief overview of 

structural models and their empirical findings is presented.  

2.1 The credit spread puzzle  

The credit spread puzzle aims to explain and examine why structural models such as the one 

presented by Merton (1974) experience underperformance and generate credit spreads that are 

lower compared to the observed credit spreads. Despite calibrating structural models for different 

variables such as default probabilities, stochastic interest rate, business cycle fluctuations and 

leverage ratio these models are continuously producing noncompatible credit spreads (Longstaff 

and Schwartz, 1995; Lyden and Saraniti, 2000; Collin-Dufresne and Goldstein and Martin, 2001; Huang and 

Huang, 2003; Chen, 2010; Bhamra, Kuehn and Strebulaev, 2010a; 2010b). Structural models and empirical 

findings of structural models will briefly be explained in subchapters 2.3 and 2.4.  

Amato and Remolona (2003) and Saebo (2015) explain that credit spread can be perceived as a premium 

for exposing an investment to two main risk types – default risk and recovery risk. Default risk is the 

probability that a bond issuer will default on its payments and recovery risk is the possibility to obtain a 

portion of the guaranteed payment in case of default. Amato and Remolona (2003) documented a spread 

of 170 bps per annum for BBB- rated bonds between 1997-2003. The authors also found that the probability 

of default for the same bonds and period accounted for 20 bps out of the 170bps observed. Their findings 

indicate that the credit spread accounts for more risk factors than just default, because the probability of 

default could explain limited part of the observed credit spread.   

According to Saebo (2015), structural model applied in his study explained 28.1% of the credit 

spread, the research was performed on the Norwegian bond market. In line with Saebo’s (2015) 

study, other researchers have come to the same conclusion that structural models are restrictive 

when predicting the future credit spread and incapable of explaining the credit spread curve 

movement. The first researchers to observe the underperformance of Merton-type models were 

Jones, Mason and Rosenfeld (1984) who showed that credit spreads generated by structural models 

are below the observed credit spreads. It was not until 2003, when Huang and Huang highlighted 

this matter by calibrating structural models for default probabilities, which will be explained later 

in more details, and presented strong evidence that support the existence of the credit spread 

puzzle.  
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Guo (2013) emphasises the importance of understanding the dynamic of the driving factors behind 

credit spread as they have proven to be highly important for future predictions. Further, Guo 

emphasizes how financial crisis has forced researchers to re-examine the credit spread determinants 

and to re-evaluate current models that are employed for pricing debt securities. The first structural 

model was developed by Merton (1974) and introduced 43 years agowas. During this period, the 

financial complexity has grown remarkably while the framework of the structural models is left 

unchanged. Not only has financial markets grown into complex wheels but there have also been 

several financial crisis, technological innovations, digitalization and computer implementation.  

Goldstein (2010) describes how structural models are limited of predicting future credit spread and 

explaining the historical credit spread due to the models simplified assumptions and structure. 

Goldstein further point out that these models are constructed from default rates, recovery rates 

and stochastic interest rate. Given that historical default rates are low, applied structural models 

will generate noncompatible under predicted credit spreads. Despite the calibration for various 

variables and different approaches, structural models have proven to be restrictive when predicting 

credit spread. The following examples of structural models show how explanatory variables have 

changed throughout time. Kim, Ramaswamy and Sundaresan (1993) and Longstaff and Schwartz 

(1995) adjust their models for stochastic interest rate and bankruptcy cost; Black and Cox (1976), 

Leland (1994) and Leland and Toft (1996) implement endogenous low default boundaries; 

Anderson, Sudaresan, and Tychon (1996), and Mella-Barral and Perraudin (1997) focus on 

shareholders and strategic possibility to default; Collin-Dufresne and Goldstein (2001) study how 

leverage ratios influence credit spreads.  

Huang and Huang (2002) emphasizes the lack of unanimity among researchers and point out that 

the structural models are sensitive depending on which variables are used, which assumptions are 

made, how models are calibrated and which data is used. Every factor has an impact on the model’s 

performance and this, in turn, will generates different credit spreads. Regardless of all calibrations 

and adjustment of variables, structural models can only explain part of the observed credit spread. 

Collin-Dufresne, Goldstein and Martin (2001) found in their study, which was carried out on the 

U.S. bond market between 1988-1997, that their model could explain 25% of the occurring credit 

spread. Similar results were achieved by Elton, Gruber, Agrawal, and Mann (2001) and Huang & 

Huang (2003). The former measures the default premium resulting from anticipated losses and find 

that their model can explain less than 20% of the historical credit spread, while the latter, by 

adjusting various models to account for default probabilities and past equity premium, document 

that their model can explain approximately 30% of the observed credit spreads for investment 

grade bonds. Huang and Huang (2012) document in their study that such factors as illiquidity, call 
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and conversion features, tax effects and transparency contribute to the credit spread. Nevertheless, 

even after adjusting the models to account for these factors, the obtained credit spreads were too 

high and not compatible to the actual credit spreads. Guo (2013) describes that the remaining 

unexplained portion of the observed credit spread is driven by an unknown common factor that 

researchers strive to define.  

Feldhütter and Schaefer (2013) finds critical evidence that those studies that support the existence 

of the credit spread puzzle lack statistical power and emphasize the importance of convexity bias. 

This means that a structural a structural model that is using average credit spread values are 

historically observed to be lower than average spreads for individual firms, which consequently 

leads to biased results. Furthermore, the authors develop a bias-free approach and test their model 

by calculating credit spreads for each bond transaction individually, and find that their model 

predicts credit spread for long-term bonds that are less over- and underestimated compared to the 

previous findings. Saebo (2015) chooses to replicate Feldhütter and Schaefer (2013) approach by 

adapting a bias-free model on the Norwegian bond market. In his study, he uses a sample of more 

than 10,000 bond transactions between 2008-2013 and presents evidence that the credit spread 

puzzle exists on the Norwegian bond market. Table 2.1 summarizes the author’s results. 

Table 2.1 - Actual and model Spreads for 10,595 bond transactions between 2008-2013(bps) 

Bond Grade  Actual Spread Model Spread  Mispricing 

A 107.1 9.7 97.5 

BBB 147.9 20.1 127.7 

BB 388.6 75.5 313.1 

B 832.6 465.5 367.2 

CCC- 1214.0 1081.3 132.7 

  

Source: Saebo (2015) 

Saebo (2015) and Feldhütter and Schaefer (2013) acknowledge that the puzzle is present but they 

emphasize that it does not exist to the same extent as in previous studies. The puzzle is smaller in 

terms of size of the difference between calculated credit spread and observed credit spread. But it 

is important to know that the credit spread puzzle remains unresolved, due to the inability to find 

the undefined common factors. 

Further, it is of a great importance to note that most previous literature, including the studies by 

Feldhütter and Schaefer, are carried out on the U.S market with the data collected on the U.S. 

companies. Not much emphasis is placed on the European debt securities market. This paper will 
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test the significance of two systematic and two idiosyncratic variables on the European debt 

securities market. 

2.2  Credit spread determinants  

According to Krainer (2004) a common misconception regarding the credit spread and the credit 

risk is made. Credit risk is a risk factor that influences the credit spread while the credit spread is 

made up by systematic and idiosyncratic risk factors, and these risk factors have different 

explanatory power. Krainer (2004) and Voss (2012) discusses that credit default risk has the highest 

explanatory power and accounts for 50 % of the credit spread approximately. More precisely, Voss 

(2012) refers to the study performed by Lin, Liu and Wu (2011) and Krainer refers to Longstaff, 

Mithal and Neis (2004) study. Lin et al. (2011) claim in their analysis that the credit default risk 

accounts for 47% of the credit spread and remaining 53% are applicable to other risk factors. Their 

study is in line with the research presented by Longstaff et al. (2004) who documented that 

explanatory power of default risk varies among bond ratings, and that for non-investment grade 

bonds as well as investment grade bonds default risk can individually explain up to 84 % and 50 % 

of the occurring credit spread.  

Krainer (2004) uses a structural model derived from the study by Collin-Dufrense and Goldstein 

(2001) to predict credit spreads between 1990 - 2004 and adjusts the model to the following 

variables; previous monthly changes in the credit spread, return on S&P 500, S&P 100 volatility 

changes and last month’s level of the credit spread. The author finds that these variables are of 

high importance but a composition of the mentioned variables cannot explain the credit spread to 

full extent and the model underestimates the predicted credit spreads.  

Gemmill and Keswani (2011) run a panel data regression and find that credit spread can be 

explained mainly by idiosyncratic risk factors as systematic risk factors have minor contribution to 

credit spreads according to their analysis. Further they find out that idiosyncratic bond yield 

volatility has a greater impact on credit spread than other firm-specific factors because bond yield 

volatility reflects distribution of a firm’s value and it can further be used as a proxy for liquidity 

risk. Additionally, the authors document that equity volatility is significant for predicting future 

credit spreads. In their study, Gemmill and Keswani (2011) work with a large data sample from 

1997-2004, and according to them, it is better to observe variables that are of economic importance 

among statistically significant variables. The reason why they focus on economic importance is 

because “… in a sample large as ours almost any variable is statistically significant but rather few 

are of economic importance” (Gemmill and Keswani, 2011, p. 1). Their findings can be compared 

to Campbell and Taksler (2003) findings who documented a strong positive relationship between 
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credit spreads and firm-specific equity volatility. One main observation that distinguish their studies 

is that the results provided by Campbell and Taksler (2003) are higher than the results obtained by 

Gemmill and Keswani (2011). Due to the high relationship between volatility of equity and credit 

spread, Campbell and Taksler (2003) reject its consistency with structural models of the credit 

spread while Gemmill and Keswani (2011) confirm its importance and emphasise its contribution 

to further explain the credit spread.  

Hibbert, Pavlova, Barber and Dandapani (2011) arrive at the same conclusion and provide evidence 

that the volatility of equity variable contributes to explanation of the credit spread dispersion. In 

addition to the equity variable, the authors prove that daily interest rate changes influence daily 

credit spread changes and emphasise that more valuable information can be extracted from daily 

data compared to weekly or monthly one. Further, the authors document that systematic risk 

factors influence the credit spreads, which differs from what Gemmill and Keswani (2011) found 

in their study.  

Previous literature adapts ex-post values and not many studies are based on ex-ante estimations. 

Dbouk and Kryzanowski (2010) use ex-ante estimations in their analysis and learn that expected 

values of GDP and inflation are better determinants of credit spread then ex-post values, which 

was concluded through an OLS regression model. In line with previous research, they also conclude 

that the default risk component is significant for the U.S. bond market. Collin-Dufresne, Goldstein 

and Martin (2001) account for several macroeconomic and financial variables in their paper but 

they are unable to explain the common systematic factor that is driving the larger part of the credit 

spread. According to Collin-Dufresne et al. (2001) the unidentified variable is strongly correlated 

to the bond market. Using a regression model, they conclude that the variables that are supposed 

to influence credit spread in theory have limited explanatory power in practice. There is no 

consensus among researchers regarding which determinants, besides default risk, could highly 

influence the credit spread. Some researchers argue that the liquidity of the bond market could be 

the missing link but their findings show that the liquidity factor can explain on average 20 bps of 

the credit spread for investment-grade bonds (Ericsson and Renault, 2005; Perraudin and Taylor, 

2003; Longstaff et al., 2004). Further, liquidity is defined as the possibility to buy and sell quickly, 

the higher the liquidity the lower the bid-ask spread is. Voss (2012) explains that the liquidity factor 

has a higher impact on the credit spread for non-investment grade bonds and emerging markets, 

where the outstanding volumes are small. The underlying explanation is that the investors bear a 

higher risk because of the market’s incapability of trading quickly, which consequently leads to 

higher risk premium demand. Demand for higher risk premium also occurs during recession 

because investors are exposed to more risk and uncertainty. The following Figure 2.2 visualizes 
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credit spreads for a low liquidity bond and a high liquidity bond. The high liquidity bond has an 

outstanding amount of 1.5 billion euros, whereas the low liquidity bond has an outstanding amount 

of 70 million euros. The credit spread for the low liquidity bond is higher due to the extra risk that 

the investors are bearing. Both bonds have the same credit rating and are issued by the same issuer, 

namely Volkswagen.    

Figure 2.2 – Credit spread for high and low liquidity bond 

 

Source: Reuters Eikon (2017) 

Studies that examine credit spread are to a big extent performed on the U.S. bond market with 

denomination in the U.S. dollar. These studies are conducted on a very large and liquid market and 

most of the bonds included in the studies were issued by companies that are located in the U.S. 

Hence the reason previous research mainly focuses on concrete risk factors and does not account 

for the exchange rate risk factor which has proven to be significant (Riedel, Thuraisamy and 

Wagner, 2013). Riedel et al. (2013) found that emerging countries’ unstable currencies influence, 

credit spread due to the high economic imbalance which is reflected as the country-specific risk 

factor. Riedel et al. (2013) also document that depreciation or appreciation of currencies such as 

euro or the U.S. dollar have an impact on credit spread. If euro appreciates against the U.S. dollar, 

the credit spread for bonds denominated in the U.S. dollar will widen.  

Not much research has been done on the Eurobond market and it is unclear whether the 

documented findings of the U.S. bond market are applicable to the Eurobond market. Castagnetti 

and Rossi (2011) argue that there are differences between the bond markets and one of them is 

that the Eurobond market is dominated by government bonds and financial corporations, while 

the U.S bond market is dominated by non-financial corporate sector. Credit spread determinants 

on the Eurobond market might have a different influence on credit spread compared to the credit 
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spread factors on the U.S. bond market. Furthermore, through a factor model framework 

Castagnetti and Rossi (2011) found in their study that the common systematic unobservable risk 

factors that can explain the credit spread puzzle is not only correlated to the fixed-income market 

as previously implied by Collin-Dufresne et al. (2001), but also to other financial markets. Authors 

also provide evidence that the liquidity has low explanatory power, standard deviation of daily 

returns is more significant than liquidity, and changes in the business climate have a positive 

influence on the credit spread. Due to the insufficient research on the Eurobond market it is too 

early to conclude whether there are any differences between the two bond markets. 

To additionally show the differences between the fixed-income markets, a study conducted on the 

Australian bond market presented small differences compared to the U.S. bond market. Darwin, 

Treepongkaruna and Faff (2012) find out that the default component has a weaker influence on 

the credit spread on the Australian bond market. In addition to the default factor, the risk-free 

interest rate is an important contributor to the credit spread on the Australian bond market which 

has also been documented on the U.S bond market.  

To illustrate differences between a developed market and a developing market, Chen, Yang, Wang 

and Tang (2014) conducted a study on the Chinese bond market using a panel data regression to 

capture the significance of the different risk factors. In their study, they obtain opposite results 

from what have previously been documented on the U.S. bond market. Chen et. al. (2014) argue 

that their findings can be explained by the development of the bond market and that the Chinese 

bond market is young and developing. Chen et al. (2014) provide evidence that the Shanghai stock 

market has a negative correlation to the Chinese bond market which is unusual as previous research 

carried out on the U.S. bond market found a positive relationship between these two components. 

Following this, in their study that was conducted between 2008-2011, bond market systematic risk 

factor has the largest contribution to the credit spread and can explain 33 % of the credit spread 

(Chen et al., 2014). The latter finding contradicts the U.S based studies as they find that the main 

component of the credit spread is probability of default (Voss, 2012; Krainer, 2004; Lin et. al., 

2011; Longstaff et. al., 2004; Goldstein, 2010). Unlike Gemmill and Keswani (2011) who emphasise 

that credit spread can mainly be explained by idiosyncratic risk factors, Chen et. al. (2014) find in 

their study that idiosyncratic risk factors have a small influence on credit spread. 

It can be postulated that different bond markets are exposed to and influenced by various factors. 

But it should also be noted that each study uses different data and tests for different periods that 

are not equal in length, and also employs different variables. Certain variables are more sensitive to 

data changes than others, also independent variables variables in each study are consequently driven 
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by other underlying factors. For example, business climate in Australia is not driven by same 

underlying factors as business climate in Europe. Therefore it is important to be careful and not to 

make any conclusions which can lead to wrong assumptions regarding bond markets.  

For a better overview, Table 2.2 summarizes the previous literature on credit spread determinants.  
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Table 2.2 – Overview of the credit spread determinants 

Author(s) Period Credit spread determinants Market 

 
Collin-Dufresne et 
al. (2001) 

 
 
1988-1997  

S&P 500 returns, changes in slope of S&P 500 
options, VIX volatility, firm leverage, slope of 
the yield curve 10 year and 2 year, treasury rate 
level 10-year government rate.  
 

 
 

U.S. bond market 

 
Elton et al. (2001) 

 
1987-1996 

Taxes, probability of default, return on index 
and premium required for bearing systematic 
risk.  
 

 
U.S. bond market 

 
 
Krainer (2004) 

 
 
1990-2004 

Previous monthly changes in credit spread, last 
month’s level of credit spread, monthly returns 
of S&P 500 and changes in the S&P 100 
volatility index. 
 

 
 

U.S. bond market 

Dbouk and 
Kryzanowski (2010) 

 
1990-1997 

Future expected GDP growth, future expected 
inflation, probability of default and undiversified 
risk.  
 

 
U.S. bond market 

 
Voss (2011) 

 
N/A 

Probability of default, liquidity, accounting 
transparency, unfunded pension liabilities and 
political business cycle component.  
 

 
N/A 

 
Hibbert et al. 
(2011) 

 
 
2002-2008 

Daily equity return from firms, average credit 
spread change of bond ratings, slope of the 10 – 
year and 2 - year government bond, change in the 
10 – year treasury rate and changes from market 
volatility index VIX. 
 

 
 

U.S. bond market 

Gemmill and 
Keswani (2011) 

 
1997-2004 

Bond value – at – risk, equity volatility, bond yield 
volatility, equity market covariance SMB and 
HML, S&P 500 volatility. 
 

 
U.S bond market 

 
 
Darwin et al. (2012) 

 
 
2004-2007 

Credit default swap premium, leverage ratio, 
volatility of firm’s stock return, market value of 
the firm, time to maturity, one year zero coupon 
government bond yield, slope of 10 and 2-year 
government bonds yield, liquidity and index 
returns. 
 

 
 

Australian bond market 

 
Riedel et al. (2013) 

 
2000-2011 

Changes in asset pricing for country’s capacity 
index, interest rates, market volatility, gold prices 
and foreign exchange rates.  
 

Brazil, Colombia, Mexico and 
Venezuela 

 
 
 
Castagnetti and 
Rossi (2013) 

 
 
 
2002-2004 

Credit spread from beginning of the month, 
average daily excess returns from a period of 180 
days, volatility from daily excess returns from a 
period of 180 days, bonds rating, delta credit 
spread for sector, Morgan Stanley euro monthly 
return, downgrade and upgrade of euro corporate 
bonds, German government curve convexity and 
slope.  
 

 
 
 

Eurobond market 

 
Guo (2013) 

 
N/A 

Liquidity risk, taxes, diversification risk, risk-free 
interest rate and probability of uncertainty.  
 

 
U.S. bond market 

 
Chen et al. (2014) 

 
2008-2011 

Adjusted yield of bond index, stock returns of 
individual firms, stock volatility, bond yield 
volatility and bond value- at-risk.  

 
China bond market 

Source: author’s compilation based on the literature review   
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2.3  Brief overview of structural models  

The first structural model was implemented and developed by Merton, who managed to apply the 

Black Scholes option pricing model in his own corporate debt valuation framework. Merton’s 

model, which was introduced in 1974, has been serving as a ground base for all other structural 

models (Wang, 2009). Merton’s theoretical account is developed to treat company’s equity as a call 

option on its assets, and it is assumed that the company has issued debt in form of a zero-coupon 

bond with predetermined maturity. According to the model, if the value of the firm’s assets falls 

under the face value of the issued debt at a maturity date, the company defaults. Consequently, the 

strike price of the call option on the equity should equal the face value of the debt (Merton, 1994).   

Geske’s (1977) framework builds on Merton’s model, but it differs in that sense that the coupon 

payments on the bond are treated as a compound option. Further, the author explains, if the 

shareholders of the company reach an agreement to pay coupons by issuing new equity on the 

coupon date, the company will continue to operate. If the firm defaults, the bondholders will 

receive the total value of the firm. The key improvement of Geske’s model is the internal default 

boundary.  

Longstaff and Schwartz (1995) simulated a model based on Vasicek’s (1977) work that considers a 

recovery rate and a constant external default boundary. Further, by applying Vasicek’s model they 

succeeded explaining the dynamics of the risk-free interest rate. The authors assume in their model 

that the valuation of the firm’s assets follows a diffusion process, Brownian motion, which allows 

the default of the firm before the maturity of the risky debt. In the occurrence of default, 

bondholders have the right to the principal and the coupon payment that corresponds to the 

constant external default boundary. The crucial finding in their model is the negative correlation 

between the credit spread and the risk-free treasury rate. Longstaff and Schwartz (1995) concluded 

that the credit spread is a decreasing function of the risk-free treasury rate, when risk-free interest 

rate rises credit spread decreases. To visualize their finding, Figure 2.3 below uses the U.S bond 

market data because their study was performed on the U.S. bond market. 
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Figure 2.3 – Credit spread vs. risk-free interest rate 

 

Source: Reuters Eikon (2017) 

Leland and Toft (1996) combine Leland’s (1994) model with Black and Cox’s (1976) model and 

make an assumption that the company can endlessly issue a predetermined sum of debt with set 

maturity and coupon payments. Through the construction of their model they managed to examine 

a unique stationary debt structure by calibrating their model to predetermined maturity of debt.  

To avoid default, equity holders must issue new equity. However, in the event of default when 

equity holders are incapable of raising additional equity, which occurs when cost of debt equals the 

anticipated equity return, bondholders will receive a portion of the company’s asset value whereas 

equity holders will obtain nothing. Key observation from their approach is that credit spread and 

the leverage ratio are affected by debt maturity. 

Collin-Dufrense and Goldstein (2001) further develop Longstaff and Schwartz’s (1995) model by 

constructing a structural model of default that uses a stochastic interest rate as the main component 

of a credit spread. In their structural model, they use the main determinant (stochastic interest rate) 

to forecast the target leverage ratio. Further by applying a multi-factor framework, the authors 

evolve an efficient method of pricing corporate debt that can be applied to their model as well as 

to the original Longstaff and Schwartz (1995) model. Additionally, they prove that the interest rate 

factor is influencing the optimal capital structure significantly and that credit spread predictions are 

affected by firm’s ability to control its issued debt.  
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Chen (2010) emphasizes the importance and investigates how business cycle risks influence firms’ 

financing decisions, and stress the importance of having an opportunity to restructure a company’s 

capital according to the occurrence of business cycle risks. In his structural model, Chen (2010) 

demonstrates how financing policies are influenced by the changes in expected GDP growth, 

economic uncertainty and risk premium. Further he explains that macroeconomic components will 

cause changes in risk prices, default probabilities, and default losses, which consequently will have 

an impact on the riskiness of the firm. Due to the correlation between risk prices, default 

probabilities, and default losses, business cycle risks tend to increase the credit spread for 

investment-grade firms.  

In 2013, Arnold, Wagner and Westermann set their minds to find a solution to the credit spread 

puzzle by studying how business cycles and firms’ aggregate investment are affecting the credit 

spread and the company risk. Their research combines both firm specific risk and macroeconomic 

risk factors. On a firm specific level, they include leverage ratios together with firm’s expansion 

policy, which further is combined with macroeconomic risk factors. In their research, they prove 

that cross-sectional differences in cost of debt, leverage and equity risk premium among companies 

are crucial to understand and explain further the occurrence of a credit spread.  

The following Table 2.3 summarizes previous studies conducted on structural model.  
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Table 2.3 - Brief overview of structural models 
Name (Year) Underlying Model(s) Developments of Authors(s) Results 

 
Merton (1974) 

 
Black and Scholes (1973) 

Analyses the valuation of corporate debt by 
using three different strategies: zero-coupon 
debt, coupon-bearing debt and callable debt.   

Asset of a firm is a lognormal 
process and the firm defaults 
when the value of the assets fall 
below a default boundary. 
 

 
 
Geske (1977) 

 
 
Merton (1974) 

Company’s liability claim is treated as a 
compound option and the company is 
assumed to have the possibility to issue new 
equity to service the debt. Default occurs 
when debt obligations cannot be fulfilled.  
 

A default boundary is market 
value of the debt issued that is 
internally computed and a 
recovery rate is the value of the 
firm.   

 
Longstaff and 
Schwartz (1995) 

 
Merton (1974), Black and 
Cox (1976) and Vasicek 
(1977) 

A new approach that accounts for default and 
interest rate risk is developed. External 
default barrier is fixed at a certain level and act 
as a safety line to protect bondholders, but at 
the same time to allow for stochastic interest 
rates.  
 

 
Credit spread is influenced by 
the correlation of default 
probability and interest rate. 

 
 
Leland and Toft 
(1996) 

 
 
Leland (1994) 

Evaluates how tax effects and bankruptcy 
costs are influencing the output of structural 
model. Authors assume that the firm can 
infinitely issue new debt with predetermined 
maturity and coupon payments. Default 
barrier is externally fixed due to the 
stockholders’ option to choose default at an 
early stage, which maximises the value of the 
firm.    

 
 
Found evidence that debt 
maturity influences credit 
spreads and leverage ratio.  

 
Collin-Dufresne 
and Goldstein 
(2001) 

 
 
Longstaff and Schwartz 
(1995) 

 
Target leverage ratio is introduced and 
incorporated in into the model, firms can 
deviate from their target leverage ratio only in 
the short run.  

A multi – factor framework 
approach is developed to 
efficiently price corporate debt. 
The author emphasizes the 
importance of a leverage ratio 
when calculating credit spreads.   
 

 
 
 
Chen (2010) 

Shleifer and Vishny (1992), 
Bansal and Yaron (2004), 
Longstaff, Mithal and Neis 
(2005), Hackbarth, Miao 
and Morellec (2006), Jobert 
and Rogers (2006). 

Constructs a dynamic capital structure model 
of default that is linked to the stability of 
business cycle and to re – financing. Main 
purpose is to observe how firms make 
financing decisions under the changes in 
business cycle.  

Firms financing and corporate 
decisions are influenced by 
macroeconomic components/ 
fluctuations and risk premia. 
Default of companies is more 
likely to occur in the presence of 
recessions. 

 
 
Bhamra Kuehn 
and Strebulaev 
(2010a; 2010b) 

Merton (1974), Lucas 
(1978), Fischer, Heinkel 
and Zechner (1989), Leland 
(1994), Goldstein, Ju and 
Leland (2001), Korajczyk 
and Levy (2003), Bansal 
and Yaron (2004), 
Hackbarth, Miao and 
Morellec (2006), Strebulaev 
(2007), Calvet and Fisher 
2008) 
 

 
 
Studying the influence of financial 
restructuring and business cycle. They focus 
on how credit spreads and default 
probabilities structure will be influenced by 
cross-sectional distribution of firms with 
different leverage ratios through time.  

 
 
Find evidence that: (1) during 
recession firms are more 
conventional when making a 
financing decision to refinance 
their obligations, (2) default 
limits and the aggregate 
dynamics of the capital 
structure are countercyclical.  

Arnold, Wagner 
and 
Westermann 
(2013) 

Mello & Parsons (1992), 
Bhamra, Kuehn and 
Strebulaev (2010) and Chen 
(2010) 

Accounts for inter -temporal macroeconomic 
risk and builds a structural equilibrium model. 
Incorporates the component that firms have 
different assets structure.   

Asset structure helps to explain 
differences in the cross-
sectional credit spread and 
leverage.  

Source: author’s compilation based on the literature review 
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2.4  Empirical findings from structural models  

Merton (1974) made a breakthrough when he applied the Black and Scholes (1973) model to his 

framework. Decades later, Merton’s model is used to such an extent that it has become the most 

crucial and ground setting model for studying credit spread. According to Ferry (2003: p. 23) 

“…Merton models are now so frequently used that they are actually driving the credit market”. 

Although this paper will focus on testing the significance of two systematic and two idiosyncratic 

determinants, it is important to understand which key findings were made by structural models and 

why their explanatory power is insufficient in explaining the existing credit spread. The reason it is 

important to understand the underlying concept behind structural models is that structural models 

are widely incorporated and used by financial institutions, banks and firms for pricing derivatives 

like bonds. Further, these models are used to analyse and predict the future credit spread, this is 

where the complexity of the credit spread arises. As previously mentioned, according to Saebo 

(2015), the structural model used in his study can explain 28.1% of the credit spread. 

Huang and Huang (2012) use structural models to study credit risk and excess return. Their findings 

show that the credit risk factor can only explain a portion of the occurring credit spread. Their 

discovery has made an important contribution to the research performed on credit spread puzzle, 

as they introduce new evidence that “the puzzle is not simply due to features such as jumps in the 

firm value process, time varying asset risk premia, endogenous default boundaries, or recovery risk” 

(Huang & Huang, 2012: p. 190). Existing literature cannot resolve the puzzle to the full extent due 

to the contribution of unidentified and unquantified factors. Present literature adapts new 

approaches to solve the credit spread puzzle such as exploration of systematic and idiosyncratic 

variables, and finds out that these factors have an important impact on the credit spread (Gemmill 

and Keswani, 2011; Chen, Collin-Dufresne and Goldstein, 2009; Huang and Huang, 2003). 

Nevertheless, to understand the credit spread puzzle and the credit spread determinants as outlined 

above, it is crucial to consider the empirical literature of the structural models and the findings that 

have been made. Following, this paper will briefly look into the evidence found supporting the 

under- and overvalued corporate bonds spreads performance, and evidence that have shown 

substantial progress and partially contributed to resolving a portion of the credit spread puzzle.  

Jones, Mason and Rosenfeld (1984), who were amidst the first economists to adjust Merton’s 

(1974) model for non-stochastic interest rates, found that the dispersion between obtained and 

observed credit spread was significantly large. Credit spreads acquired by using the structural model 

were not compatible with the actual credit spreads. The failing performance of the structural 
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models was explained by the simple structure of the models’ framework and according to Jones et. 

al. (1984), reality is more complex and accounts for more variables both systematic and 

idiosyncratic. In their study, they determine that Contingent Claims Analysis (CAA) model, with a 

typical capital structure, performance can significantly be improved by incorporating a stochastic 

risk-free interest rate and tax effects. 

Lyden and Saraniti (2000) are recognised as the first researchers to apply individual bond prices in 

the Merton (1974) and Longstaff and Schwartz (1995) model, as well as comparing the performance 

of the models to each other. Their data sample, which consistsed of 56 firms’ non-callable bonds, 

was collected from Bridge Information Systems’ database. The authors did not have any period for 

which they were testing for, but they adapteded five criterions which every bond must fulfil to be 

included in the sample. The results obtained from the study indicate that both models 

underestimate the predicted credit spreads compared to the observed credit spreads despite making 

an assumption regarding the stochastic interest rate. Their study confirms that the performance of 

the Merton model is in line with previous research and findings.  

Eom, Helwege, and Huang (2004) choose to evaluate the performance of the Merton (1974) model 

with four newer structural models Geske, 1977; Longstaff & Schwartz, 1995; Leland & Toft, 1996 

and Collin-Dufrense & Goldstein, 2011 by studying the enhancements of the structural models, 

and whether these models are pricing bonds accurately as well as generating credit spreads that are 

compatible with observed credit spreads. Eom et al. (2004) found that Merton (1974) and Geske 

(1977) models underestimate the prediction of the credit spread, which according to the authors is 

due to the high mean of the leverage ratio, asset volatility, or pay-out ratio. Models developed by 

Longstaff and Schwartz (1995), Leland and Toft (1996), and Collin-Dufrense and Goldstein (2011) 

solved this problem, but these models share the same incorrections as previous models as they, on 

the contrary, overestimate the prediction of the credit spread.  

Chen, Collin-Dufresne and Goldstein (2009) choose to implement a structural model of default 

within a habit-formation economy developed by Campbell and Cochrane (1999), and study how 

accurately the model can capture a historical credit spread. Their analysis shows that Campbell and 

Cochrane (1999) habit-formation economy model combined with certain external instruments to 

match the countercyclical nature of default (idiosyncratic volatility of bonds) provides closely 

matched results with the historical credit spread. 

Feldhütter and Schaefer (2013) approach the credit spread puzzle from a different perspective and 

instead of acknowledging the existence of the puzzle, they question whether it is a myth or a reality. 
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In their study, they focus on existing literature that provides qualified evidence that credit spreads 

acquired from structural models are lower than observed credit spreads and learn that standard 

methods used to examine structural models are exposed to high prejudices and have low statistical 

power. Alternatively, to avert the problem, convexity bias and statistical uncertainty could be 

employed, but instead researchers introduce a bias-free approach when using Merton’s model. By 

using bias-free approach structural models are tested by comparing model-implied and actual 

spread on a transaction-by-transaction basis. Their study provide evidence that the credit spread 

puzzle is significantly smaller than previously presented by other researchers. Feldhütter and 

Schaefer (2013) show in their study that the occurrence of the credit spread dispersion is not as 

large as it has formerly been observed and that the credit spread puzzle is limited between bond 

ratings. 

For simplicity and better overview of previous empirical findings, Table 2.4 summarizes the 

research mentioned in section 2.4. 
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Table 2.4 - Empirical findings from previous research on structural models 

Name (Year) Underlying model Data Sample Findings 

 
Jones, Mason 
and Rosenfeld 
(1984) 

 
Black and Scholes 
(1973) and Merton 
(1974). 

A monthly data sample of 27 firms’ 
capital structure from 1977-1981 is used. 
The firms have a modest capital structure, 
and Contingent Claim Analysis (CAA) 
model was applied to the predictive 
power.    
 

 
Model’s performance can be improved by 
adjusting the model for stochastic interest 
free rate and tax effects.  

Lyden and 
Saraniti (2001) 

Merton (1974) and 
Longstaff and Schwartz 
(1995). 

56 non-callable bonds prices from 
individual firms were used to compare the 
performance of Merton and Longstaff – 
Schwartz model. No period, but choose 
to focus on five criterions, which 
narrowed their sample. 
 

Making an assumption regarding the 
stochastic interest rate does not improve the 
qualitative nature of the finding as both 
models are underpredicting the credit 
spreads. 
 

 
 
 
Huang and 
Huang (2003) 

Longstaff and Schwartz 
(1995),  
Leland and Toft (1996), 
Anderson, Sundaresan 
and Tychon (1996), 
Mella-Barral and 
Perraudin (1997) and  
Collin-Dufresne and 
Goldstein (2001). 

These five structural models were 
calibrated to equal historical default 
probabilities, recovery rates, equity risk 
premia and leverage ratios of investment 
grade firms. Data sample is ranging from 
1973-1998, and is collected from Moody’s 
and Standard and Poor’s database. The 
rating of the firms is acquired at one point 
in time, and all companies with the same 
rating are incorporated.  
 

 
These five structural models are incapable 
of generating equivalent credit spreads 
despite being calibrated to the four 
variables. The authors documented that the 
explanatory power of credit risk account for 
a small portion of the credit spread for 
investment – grade bonds.  

 
 
Eom, Helwege 
and Huand 
(2004)  

Merton (1974), Geske 
(1977), Longstaff and 
Schwartz (1995), 
Leland and Toft (1996) 
and Collin-Dufresne 
and Goldstein (2001). 
 

Examine the improvements of four 
structural models and compares the 
occurrence of pricing errors using a data 
sample from 48 firms with standard 
capital structure. The data period ranges 
from 1986 -1997.   

 
Structural models that origin from Merton’s 
(1974) model underestimate and 
overestimate the credit spreads for 
investment grade bonds and non – 
investment grade bonds.  

 
 
 
 
Chen, Collin-
Dufresne and 
Goldstein 
(2009) 

 
 
 
 
Merton (1974) and 
Campbell and 
Cochrane (1999). 

 
 
Studying whether a structural model of 
default that is using historical aggregate 
consumption and equity return as main 
variables, as well implemented in habit – 
formation economy of Campbell and 
Cochrane (1999) can capture historical 
credit spreads using data from 1974-1998. 

The covariance between default probability 
and Sharpe ratio has contributed to further 
resolve the credit spread puzzle, the level of 
the variables must be increasing during 
recession and decreasing during booms. 
Combining Campbell and Cochrane habit – 
formation economy model with certain 
external instruments to match the 
countercyclical nature of default 
(idiosyncratic volatility or countercyclical 
default boundaries) provides excellent 
results of Baa -Aaa spreads which are well-
matched with historical credit spread. 
 

 
 
Feldhütter and 
Schaefer (2013)  

 
 
 
Merton (1974). 

 
 
A bias – free approach is applied to test 
the Merton model by using 534,660 
corporate bond transactions from 2002-
2012 

Average observed credit spreads are higher 
than firm average spreads. Past default rates 
are not suitable to be used as a proxy for 
estimation of expected default probabilities. 
On the contrary to previous models, they 
find no statistical support that can prove the 
under prediction of credit spreads. 
Occasionally they experience 
overestimation of spreads for high - quality 
long - term bonds.  

Source: author’s compilation based on the literature review 
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3 Methodology  

Chapter 3 aims to explain and discuss the analytical technique used in the empirical study. In 

subchapter 3.2 bond selection method is presented that is followed by data collection and time 

series. Further, the present chapter introduces the statistical model that is adapted for analysing the 

data and presents hypotheses that are tested. In the end, the set of selected variables (systematic 

and idiosyncratic) will be described.  

3.1 Study design 

Kothari (2004) describes that research is an academic activity that aims to examine a research 

problem by formulating a question that will be analysed and answered by applying scientific 

methods. According to Kothari, colleting, analysing, evaluating the data and discussing the process 

implications is one of the most decisive steps. 

To achieve the purpose of the study, to evaluate explanatory variables, this paper will conduct a 

quantitative research. According to Creswell (2014), quantitative research approach allows authors 

to test various theories by developing a study where the main objective is to examine the 

relationship among variables. Creswell (2014) explains that a quantitative approach is characterized 

by studying existing literature, developing hypotheses, collecting data for analysis and analysis of 

the results using a statistical procedure. This process is supported by Bax (2013) who states that a 

quantitative research approach aims to collect data which subsequently can be statistically tested. 

Additionally, the quantitative research approach can be perceived as a confirmatory method, 

meaning that researchers construct hypotheses with regard to previous literature that are tested by 

employing collected data, and through empirical tests a researcher decides whether to accept or 

reject the models using statistical rules (Johnson and Christensen, 2012).  

As previously mentioned in Chapter 2, most of the literature conducted on this topic is mainly 

supported by the U.S. bond market data. This study will focus on Eurobond market and since the 

literature regarding the credit spread determinants on Eurobond market is limited, this paper will 

contribute to further expanding the research by testing the significance of explanatory variables. 

Thus, a deductive approach will allow to meet the objectives of this thesis. According to Saunders, 

Lewis and Thornhill (2009) a deductive framework includes developing a model about a topic, and 

subsequently testing the performance of the framework using empirical tests.  

To use a quantitative approach and to make a generalized conclusion regarding a population that 

is based on a random sample, one is obliged to have strict control of variables and employ correct 

statistical approaches (Newman & Benz, 1998). Moreover, existing literature that examines credit 
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spread determinants has also used a deductive approach to test predetermined hypotheses and to 

evaluate the performance of the models (Castagnetti and Rossi, 2011; Darwin et. al., 2012; Chen 

et. al., 2014).     

3.2 Selection of bonds  

For bonds to qualify in this study the following criterions were used to create a suitable sample. 

The first criteria applied to sort over 700,000.00 available bonds across the whole world was 

maturity, all bonds must have five years to maturity from the day they were issued. Maturity 

criterion narrowed the number of bonds remarkably, but it further had to be decreased. The next 

requirement to additionally narrow the sample was currency. Since this study will focus on 

Eurobond market, all bonds must be denominated in euro. After these two criterions, samples 

were still unspecified as it included bonds that were issued on a country level. To exclude bonds 

that were issued on individual country market, Eurobond market was selected as the main market. 

Since this study is testing the significance of credit spreads determinants from investors perspective, 

the next criterion applied was to only include corporate bonds classified as “note or bond’. 

Moreover, one of the more important criterion that was used to further scale down the number of 

bonds is that all bonds are required to have a yield in order to calculate the credit spread. 

The last and the most important criterion adapted in this study was bond grade. All qualified bonds 

are following S&P Long-term Issue Credit Rating and Moody’s Long-term Issue credit rating. 

Long-term issue credit rating is used for all bonds that have a maturity longer than one year, and 

short term rating scale is used for bonds that have a maturity between one and 13 months (Emery, 

2016, pp. 1- 10). The rating scale for both agencies can be seen in Appendix 1. This thesis will 

focus on two samples of which one sample will consist of lower-medium investment grade bonds 

BBB+ to BBB- for S&P and Baa1 to Baa3 for Moddy’s, while the second sample will include all 

non-investment grade bonds. For S&P this would imply all bonds bellow BBB- and for Moody’s 

all bonds bellow Baa3. Since two rating scales are used, it is enough for a bond to be graded as a 

lower-medium investment grade bond on one scale to be included in the lower-medium investment 

grade bond sample, the same principle applies to non-investment grade bond sample. 

Conclusion, the following criterions are used:  

• Maturity  

• Denominated in euro 

• Bond market  

• Corporate bonds classified as Note and Bond 

• Must have a yield  

• Bond grade  
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Furthermore, I want to emphasize that bond rating acquired for each bond is obtained at one point 

in time. All ratings, of which the samples are based on, are the latest available rating information 

for each company published by Moody’s and S&P. Due to limited historical data availability about 

companies, constant rating is assumed in this paper. This implies that all firms in the sample are 

presumed to have the same rating throughout the period of which this paper will examine. Previous 

studies conducted on credit spread choose different approaches of how to handle this problem. 

Some researchers choose to collect data from bond indices depending on which credit rating they 

are incorporating in their sample (Krainer, 2004; Castagnetti and Rossi, 2013; Chen et. al 2015), 

while other researches choose to focus on one point in time (Huang & Huang, 2002). The reason 

why second approach is adapted in the paper is because I am working with two idiosyncratic and 

two systematic variables and the acquired credit spread must be firm individual. Additionally, 

companies that have several issued bonds during the predetermined period were only included 

once in the sample with one specific bond. No specific criteria is applied when deciding which 

bond of the several issued to include in the sample. Both samples were created chronologically 

with starting date in 2012 followed by 2013 and 2014.  

In total, the lower medium investment grade bonds issued in 2012, 2013 and 2014 make up a 

sample of 47 bonds issued by 47 different companies, while the non-investment grade bonds 

sample consists of 21 individual bonds and companies. For a more detailed view of which bonds 

are included in the sample, both lower-medium investment grade bonds and non-investment grade 

bonds, see Appendix 2.  

Table 3.2 - Number of bonds 

Years  Lower-medium investment grade Non-investment grade 

2012 18 3 

2013 12 4 

2014 17 14 

Total 47 21 

 

3.2.1 Time series 

Bonds that are employed in this paper have a maturity of five years. Gemmill and Keswani (2011) 

claim that all independent variables will prove to be significant if time length is too long. Therefore, 

in this paper will examine bonds on daily basis from 2012 till the end of 2016. Hibbert et. al. (2011) 
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document that more informative results are obtained if time series are daily instead of monthly or 

weekly. 

The oldest bonds that are included in the sample size are issued in 2012 and will mature during 

2017, while the newest bonds are issued in 2014 with a maturity date set in 2019. The first 180 days 

of the bonds’ life span are used to calculate the independent variable’s value, while the remaining 

days till the end on 2016 are used to study the relationship between the independent and dependent 

variables. What is important to notice is that the period for each bond will differentiate depending 

on when the bond was issued, which consequently will lead to an unbalanced panel-data set.  

3.2.2 Data collection 

Techniques and methods for collecting data are crucial part of the research paper as well as research 

process. As this study is conducted using quantitative approach, this paper relies on secondary data 

sources which are well-known and used worldwide. According to Johnson and Christensen (2012) 

secondary data is defined as the data that have been collected, recorded and stored by other people 

whose purposes is different in comparison to the purpose of the current study.  

The required data regarding the bonds issued on Eurobond market was collected from Thomson 

Reuters Eikon, while the inflation values and the risk-free interest rate five years to maturity were 

obtained from the European Central Bank (ECB) and Eurostat online database. Additionally, the 

bonds’ bid yield and stock price for each company was extracted from Thomson Reuters Eikon.  

After the data was collected, each bond was individually analysed and sorted because two different 

databases were used which caused implications with dates and missing values. Dates that had 

missing values were excluded from the time series and only those dates that had all values available 

for each day were included and used. In total, calculating each date individually for each bond, the 

panel data set for lower-medium investment grade bonds consists of 31,807 days and for non-

investment grade bonds 11,851 days.  

3.3 Statistical model  

Since the two samples consist of several companies which are measured over a predetermined 

period, the data acquired for analysing the credit spread had to be sorted and structured in a panel 

data structure. According to Greene (2010) there are two types of panel data, unbalanced and 

balanced panel. The balanced panel structure is made up of n-sets of observations for each unit 

that require that all units in the sample are observed same number of times. The unbalanced panel 

data set occurs when one or several units are observed unequal amount of times compared to the 

other observations because the obtained data for each unit is unique and is consequently missing 
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values. Compared to the structural models, panel data models are more flexible in terms of 

choosing different variables and implementing into the model. Also, panel data models allow 

researchers to study the significance of explanatory variables as well as their impact on credit 

spreads and their contribution. Structural models’ framework is already preadjusted and to 

implement new variables into the model would require new model calibrations. 

Fortin-Rittberger (2014) describes the panel data structure through two dimensions’ - cross section 

and time. The author emphasises the importance of time and that all incorporated variables can be 

followed over a predetermined period. Repeating the observations for all companies in the sample 

will automatically create a panel data set because values are observed and sorted according to time 

and firms. The advantages of panel data structure, following asymptotic theory, is if T (time) is held 

constant, N (observations) could grow to infinity (N → ∞). Given the assumption that N can grow 

unlimited allow researchers to study the cross-sectional changes over time and unit that vary among 

the companies but not over time. The occurring changes in explanatory variables can be assessed 

in detail and more precise results can be obtained. Further, the cross-sectional times series panel 

data enables researchers to work with a large amount of data that consequently increases the 

degrees of freedom and enriches the sample size with information as well as reduces the collinearity 

between independent variables and improves the efficiency (Hsiao, 2003, p. 3). However according 

to Greene (2010), despite the advantages of panel data, there are few disadvantages from statistical 

point of view such as heteroscedasticity, autocorrelation and cross correlation. These implications 

can be examined and controlled by using a proper statistical model. Grenne (2010) describes what 

characteristics a well-behaved panel data should possess:  

• Linearity: 𝑦𝑖 = 𝑥𝑖1
𝛽1 + 𝑥𝑖2

𝛽2+. . . +𝑥𝑖𝐾
𝛽𝐾 + 𝜀𝑖 

• Full rank: All explanatory variables are equally observed, n*K sample data matrix 

• Explanatory variables are uncorrelated with unobservable effect: 

𝐸 [𝜀𝑖|𝑥𝑗1
, 𝑥𝑗2

, … . , 𝑥𝑗𝐾
] = 0 

• Homoscedasticity and non-autocorrelation  

What is crucial to understand is that these characteristics are theory-based and in practice several 

of the guidelines will be violated, because the data acquired is different and does not follow any 

rules.   

The panel data capabilities have given researchers a tremendous analytical leverage of moving from 

two-dimensional analyses to three-dimensional analyses where both time and cross-sectional 

changes are captured simultaneously. 
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Figure 3.4a – Three-dimensional analysis 

 

Source: Fortin-Rittberger (2014, ch. 17, p. 2)  

 

As seen from Figure 3.4a, the two-dimensional object (a) allow only for single analyses of cross-

sectional data with the explanatory variables, and object (b) analyses the explanatory variables 

through time, while object (c) is three dimensional and accounts for all three parameters (variable, 

time and units). An extract from the panel data set created for this paper can be seen in Appendix 

3.  

To perform the statistical analyses and to study the panel data set, this paper will adapt a fixed 

effect model. For a more detailed explanation of how we arrive to the fixed effect model, see 

Appendix 4.  

The fixed effect model (FE) is primly adapted with the panel data regression and is a method that 

enables for casual statistical inference (Brüderl and Ludwig 2014). What is characteristic for FE 

model is that the individual-specific unobservable effect is a random variable that is correlated with 

independent variables (Schmidheiny, 2016; Allison, 2009, pp. 7 - 27). This is also the most 

important assumption regarding the model and if the assumption does not hold, another statistical 

model must be applied. In this paper, the panel data meets the assumption which allow to use FE 

model. Schimdheiny (2016) describes that the fixed effect model measures the variation in data 

only over time and that invariant independent variables drop out. Advantages of the FE model is 

that the model delivers consistent estimates and accounts as well as solves for the omitted variables 

bias. Disadvantages are that the FE model drops out time invariant repressors, if there are any, and 
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since each unit in the panel data set counts as one group the sample will experience loss of 

information due to the less degrees of freedom (Brüderl and Ludwig 2014). 

Figure 3.4b – Fixed effect structure 

 

Source: Torres-Reyna (2010) 

Normal Ordinary Least Square model (OLS) does not account for unobservable effects which 

consequently leads to bias results, while the FE model states that the unobservable effects are 

correlated with the explanatory variables and that these effects vary among units but not time and 

that no other variables are causing the changes in “Data 1”. Hence, the FE model provides a 

consistent within estimation that accounts for autocorrelation and omitted variable bias.  

The framework for FE model follows:  

                                             𝑦𝑖𝑡
= 𝑋1𝑖,𝑡

𝛽1 + ⋯ + 𝑋𝐾𝑖,𝑡
𝛽𝐾 + 𝛼𝑖 + 𝜀𝑖,𝑡                            (1) 

Where:  
y is the dependent variable  

i unit, in this paper “i” indicates firms  

t is the time variable 

X is the explanatory variable  

β is the coefficient for independent variable indicated by K 

α is the unobserved effect for each i 

ε is the error term that varies both among i and t.  

What is of great importance to notice is that the error component is divided into two parts, 

𝛼𝑖  & 𝜀𝑖,𝑡. The first mentioned error is the firm-specific unobservable effect that does not vary over 

time, but only among firms, is capturing the individual heterogeneity by being correlated with 

explanatory variables. The latter mentioned error is idiosyncratic that varies both among time and 

firms. The FE model exclude the standard intercept in regression due to the collinearity with the 
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first mentioned error, and only incorporates the firm -individual intercept (Brüderl and Ludwig 

2014).  

Applied fixed effect model assumptions:  

• Linearity 𝑦𝑖 = 𝑥𝑖1
𝛽1 + 𝑥𝑖2

𝛽2+. . . +𝑥𝑖𝐾
𝛽𝐾 + 𝜀𝑖  

• Unobservable firm-specific effect is correlated with explanatory variables: 

𝐸[𝛼𝑖|𝑥𝑖1
, 𝑥𝑖2

, … . , 𝑥𝑖𝐾
] ≠ 0  

• Omitted variables and heterogeneity are accounted for 

• 𝐸[𝜀𝑖,𝑡] = 0 

Further, Allison (2009, p. 7) explains that it is reasonable to assume that the 𝐸[𝜀𝑖,𝑡] = 0 in the FE 

model because unit-individual intercept is estimated. 

According to Fisher (1977, p.16) the test of significance involves two components, the null 

hypothesis and the alternative hypothesis. Author emphasises that the null hypothesis is never 

proved or established, but during the experimentation the null hypothesis can be disproved. 

According to Everitt and Skrondal (2010, p. 307) and Fisher (1977, p.15) the null hypothesis 

indicates that there is no association between the dependent and the independent variable unless 

statistical evidence is provided which proves the relationship between the variables. The alternative 

hypothesis is a hypothesis which the null hypothesis is tested against and if the relationship between 

the variables is significant the null hypothesis is rejected and the alternative hypothesis is accepted.  

The following hypotheses will be tested:  

Hypothesis 1: If volatility of credit spread increases, the credit spread will increase. 

Hypothesis 2: If return on stock prices increases, the credit spread will decrease. 

Hypothesis 3: If inflation increases, the credit spread will increase. 

Hypothesis 4: If volatility of interest rate increases, the credit spread will increase. 

3.4 Statistical software 

This paper uses the statistical tool called R which enables users to carry out more advanced 

statistical analyses than Excel. R-tool is free of charge and can be downloaded from the developer’s 

homepage. To use R one must know which statistical packages to install, I am using packages called 

“plm” which enables me to run various panel data regressions, “Formula” is a required package 

that needs to be installed in order for plm-package to work properly and the last package which is 
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used for analysing data is “stats” that has the capability to conduct various statistical analyses. All 

codes that are used in R-tool for analysing data are presented in Appendix 5. 

3.5 Variables  

According to “Econometrics Laboratory” (1999), variables are parameters which are divided in 

dependent and independent variables and used to estimate the relationship between these two 

categories. Independent variables are parameters that potentially can cause and explain variation of 

the dependent variable. Dependent variable is the parameter that is being explained by using one 

or several explanatory variables. 

3.5.1 Dependent variable 

Previous literature use credit spread as the dependent variable because the main purpose of all 

studies is to predict the credit spread and to examine how various explanatory variables effect the 

observed credit spread. Moreover, what is characteristic for credit spread is that it can be used as 

an indicator, if the credit spread appears to be high then the firm is considered unstable and 

classified as a risky investment, and if the credit spread is low than the stability of a firm is more 

secured. Further, dependent variable is the variable that the variation is tried to be explained by 

using independent variables. This paper focus on firm-specific credit spreads which are calculated 

by subtracting the Euro market risk-free interest rate from the bond yield. The following formula 

is applied:  

                                                                  𝐶𝑆𝑖,𝑡 =  𝐵𝑌𝑖.𝑡 − 𝑟𝑓𝑡                                                 (1) 

Where:  

CS is the credit spread for firm i at time t  

BY is the bond yield for firm i at time t  

rf is the Euro market risk-free interest rate at time t 

3.5.2 Independent variables 

Independent variable is an attribute or a factor that is theorized to potentially cause variation and 

is used to explain why the relationship between dependent and independent variable varies 

(Castree, Kitchin and Rogers, 2013). The independent variables were selected according to previous 

literature and purpose of the study which is to test the significance of a model consisting of two 

idiosyncratic and two systematic variables with primary focus reallocated to Eurobond market. The 

selected independent variables are:  

Systematic variables: 
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• Inflation  

• Volatility of risk-free interest rate 

Idiosyncratic variables:  

• Volatility of firm-individual credit spread 

• Return on historical firm individual stock prices 

The first systematic factor which is emphasized by Dbouk and Kryzanowski (2010) to have a great 

influence is inflation. In their study the authors are using expected yearly inflation, but due to the 

data unavailability and accuracy this factor will consist of historical monthly values since daily 

inflation is not documented by Eurostat. Furthermore, previous researchers who have employed 

structural models to study credit spread, seen from Table 2.4, and researchers who primary study 

credit spread determinants in their papers, seen form Table 2.2, did not included inflation in their 

framework except Dbouk and Kryzanowski (2010). This creates an opportunity to further explore 

the significance of inflation.  

Monthly inflation for euro area is extracted from the Harmonised Index on Consumer Price 

(HICP). Inflation is an economic indicator that measures price changes for goods and services over 

time in comparison to the base year prices. HICP focus primary on euro area countries that have 

euro as their currency for the purposes of monetary policy and other political questions. When 

inflation is calculated the following factors are considered in the equation; Food and non-alcoholic 

beverages, alcoholic beverages and tobacco, clothing and footwear, housing, water, electricity, and 

fuel, furnishing, health, transport, communication, leisure, education and restaurants and hotels 

(Eurostat, 2017). The HICP applied in this paper is monthly and representing annual rate of change 

in percentage.  

Eurostat (2017) ensures that the statistical values obtained through their calculations are strictly 

following the requirements of HICP’s methodology and that no data manipulation is occurring. 

Emphasising the gravity of data accuracy, data reliability and comparability of the HICP, Eurostat 

is strictly monitoring participating countries and ensures that all participants are complying with 

the regulations. In addition to quality, Eurostat ensures accuracy but due to the complexity of the 

consumer price index and limited samples, their results are subject to sampling errors. The primary 

cause behind sampling errors is that their calculations of consumer prices and household 

expenditure are conducted on a sample and not on the whole population. To minimize the 

sampling errors, Eurostat is regularly optimizing their models by indicating the number of prices 

that should be included from each country and category to acquire more precise and accurate 

results. 
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The second systematic factor which is widely adapted in previous literature is risk-free interest rate. 

Risk-free interest rate has acquired more attention in regression based models then structural based 

models. In structural models, risk-free interest rate was assumed to increase the performance of 

the models if it was assumed to be stochastic (Jones et al. 1984). This claim was later resolved by 

Lyden and Saraniti (2000) who showed that performance of the model continues to under predict 

the credit spreads compared to observed credit spreads despite the assumption about the risk-free 

interest rate being stochastic. Riedel et al. (2013) finds that historical daily changes of risk-free 

interest rate are extremely significant which is in line with Castagnetti and Rossi (2013) findings 

who uses historical monthly changes of risk-free interest rate. The authors document that risk – 

free interest component has a positive relationship towards the credit spread. Instead of using risk-

free changes on daily/monthly basis, I will apply daily risk-free interest rate volatility which is based 

on 180 previous days. The formula for standard deviation follows as:  

                                     𝜎 = √
1

𝑛−1
∑ (𝑋𝑖 − �̅�)2𝑛

𝑖=1                           (3) 

Where:  

• σ = standard deviation 

• ∑= sum of 

• n= number of days (period) 

• X = actual value for a specific day 

• �̅�= the mean value of the period 

Risk-free interest rate indicates how much investors can earn on their investments without 

exposing their capital to risk. ECB estimates risk-free interest rate by using daily AAA government 

bonds values with the same maturity from Euro area countries which follows Svensson 

methodology. The yield curves are then computed into one yield curve which subsequently 

becomes the representative risk-free interest rate curve for the Euro area (“Yield Curves”, 2017). 

In this paper, daily risk-free interest rate with five years to maturity for euro area is applied. 

Idiosyncratic variables are special in that sense that they are categorized as firm-specific risk factors, 

meaning that these risk factors are only applicable to each firm individually.  

The first idiosyncratic variable that is incorporated into the model is daily standard deviation of 

firm individual credit spread that is obtained by using 180 days and is calculated by employing 

formula (3). Best to my knowledge, previous reviewed literature does not include volatility from 

firm individual credit spreads which creates an opportunity to study a new variable and its 

significance on Eurobond market. Castagnetti and Rossi (2013) use monthly credit spread changes 
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in their panel-data regression model while Gemmill and Keswani (2011) and Chen et al. (2014) 

employ bond yield volatility in their framework. The authors further observe that volatility of credit 

spread has a positive relationship towards credit spread, meaning if volatility of credit spread 

increases the credit spread will also increase.   

The second idiosyncratic variable that this paper focus on is daily discrete returns from historical 

stock prices for each firm. This factor is commonly more adapted in present literature then previous 

discussed idiosyncratic variable. Researchers have used various forms of stock prices as well index 

prices in their models to study credit spread. Many researchers employ monthly returns on S&P 

500 Index, volatility of indices and volatility of individual stock prices (Krainer, 2004; Gemmill and 

Keswani, 2011; Riedel et al., 2013; Castagnetti and Rossi, 2013; Chen et al. 2015). Moreover, 

historical stock prices are providing investors with quick overview of company’s performance and 

historical stock trends that the company has experienced or is experiencing. In previous studies the 

return on stock prices was documented to have negative relationship with credit spread, meaning 

if the return on stocks increases the credit spread will decrease. The following formula to calculate 

return on stock price is applied:  

                                                                𝑟𝑖,𝑡 =
𝑆𝑖,𝑡

𝑆𝑖,𝑡−1
− 1                                                 (4) 

Where: 

r is the return for individual firm i at time t 

S is the stock price for firm i at time t  

S, t-1 is the stock price for firm i one day before 

3.6 Research validity and replicability 

According to Johnson and Christensen (2012) replicability of research indicates the possibility to 

perform the study again and receive the same results. Further, the authors describe that the research 

validity shows whether the conclusion of the performed study is accurate and honest.  

Since this paper relies on previous research many different articles have been critically analyzed in 

order to produce a high-quality study. Most of the articles come from well-known and peer-

reviewed journals like, The Journal of Finance, SAGE publications, European Central Bank, Risk 

Management, Journal of Banking & Finance etc. Even if the acquired material is recognized of high-

quality there is still a necessity to critically review authors’ approach and results. After a profound 

review of the studies, I regard these sources to be reliable and accurate. Moreover, this paper is 

objective and relies on a very comprehensive list of references.  
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To conduct the analysis, precise and consistent data is required which was obtained from Thomson 

Reuters Eikon, Eurostat and ECB. These databases are widely used by professionals and 

researchers to perform their analyses. The data acquired from these sources is the latest available 

data on the market and it is guaranteed by the provider to be of high accuracy. Despite the 

providers’ guarantee, a final inspection of the collected data was performed to ensure accuracy and 

reliability.  This paper relies primarily on Thomson Reuters Eikon database and if data is not 

accessible through Thomson Reuters Eikon, then other databases are used. 

To replicate this paper Thomson Reuters Eikon is needed. Thus, replicating this study is possible 

but with few restrictions and this study’s main objective is to deliver high-quality and accurate 

results.   
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4 Empirical findings 

In the present chapter, the results of the data analysis are presented while the next chapter will 

focus on profound interpretation of the results. Frist, the focus will be on lower-medium   

investment grade bonds and second on non-investment grade bonds.  

4.1 Lower-medium investment grade bonds 

In table 4.1a, characteristics for lower-medium investment grade bonds variables are summarized 

through the highest, lowest, median and mean values. The presented values are based on a sample 

size consisting of total 47 bonds issued by cross sectional companies within different industries 

and countries. All variables are daily except inflation, which is monthly. In total, 31,807 observation 

were made. The significance of the model and variables were tested at the 95% confidence level. 

Table 4.1a – Variable characteristics for lower-medium investment grade bonds 

 Credit Spread 

(CS) 

Volatility of 

credit spread 

(VCS) 

Return on 

stock price 

(RSP) 

Inflation Volatility of 

interest rate 

(VIR) 

Min. 0.01232% 0.02955% -30.06993% -0.6% 0.08501% 

1st Qu. 0.55204% 0.08625% -0.92059% 0.0000% 0.11493% 

Median 0.73724% 0.12467% 0.0000% 0.2% 0.14367% 

Mean 0.89378% 0.16487% 0.01557% 0.3% 0.14288% 

3rd Qu. 1.07066% 0.21057% 0.98522% 0.5% 0.16152% 

Max.  3.73105% 1.36819% 22.33055% 2.2% 0.22981% 

  

Observed from table 4.1a, the dependent variable, the credit spread, for lower-medium investment 

grade bonds have a minimum value of 0.01232%, maximum value of 3.73105% and a mean of 

0.89378%. The minimum value for the return on stock price is -30.06993% and the maximum is 

22.33055% followed by the inflation that has the second highest value of 2.2% among the 

explanatory variables, and a minimum value of -0.6%. The volatility of the interest rate and volatility 

of the credit spread have limited fluctuations as their values are derived from another factor. The 

volatility of the interest rate have a maximum value of 0.22981% and a minimum value of 

0.08501%, while volatility of the credit spread has a minimum value of 0.02955% and a maximum 

value of 1.36819%. The graphical movement of these variables between 2012 – 2017 can be seen 

in Appendix 6. 

The following table 4.1b provides a correlation matrix for the five variables.  
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Table 4.1b – Correlation matrix for lower-medium investment grade bonds 

 VCS Inflation VIR RSP CS 

VCS 1     

Inflation NA 1    

VIR 0.02940672 NA 1   

RSP 0.01083274 NA 0.018739685 1  

CS 0.47356135 NA -0.001505749 0.00762893 1 

 

What is of great importance to notice is that the inflation variable does not have any correlation 

with other variables. The reason behind the unobserved correlation is that the inflation is observed 

on monthly basis, while all other variables are daily. Thus, the inflation variable is not compatible 

with other explanatory variables. Another key observation seen from Table 4.1b is that the 

correlation among these five variables is close to zero, except the credit spread and the volatility of 

the credit spread which have a correlation of 0.47356135.   

In the following Table 4.1c, the obtained regression results are summarized and the significance of 

explanatory variable is shown.  

Table 4.1c – Regression results for lower-medium investment grade bonds 

Dependen

t variable 

Independen

t variables 

VCS RSP Inflation  VIR Model 

 

 

CS 

 

Coefficient  0.831971 0.005077 0.0804007 1.0712023  

P-value  < 2.2e-16 0.2041 6.507e-06 2.143e-05 < 2.22e-161 

R-squared      0.13544 

N-days     1520 

Hypotheses 1, accept 2, reject 3, accept 4, accept  

 

Table 4.1c provide us with crucial information regarding the independent variables and model. 

Three out of four independent variables are significant as their p-value falls within the threshold 

of 5%. Variables which are statistically significant are volatility of credit spread, inflation and 

                                                
1 P – values containing the following sign “<” in front indicate that the actual value obtained is smaller than the 

shown value and is almost close to zero as well as highly significant. 
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volatility of the interest rate, while the return on stock price is insignificant. Volatility of the credit 

spread has a positive coefficient of 0.831971 which means that with an increase of the volatility of 

the credit spread each 1 percent, the credit spread is anticipated to increase approximately 0.83 

percent. Further, the inflation has a coefficient of 0.0804007 and to put it into unattainable 

perspective, an increase of 10 percent in inflation is expected to cause the credit spread to increase 

with 0.8 percent. Moreover, the credit spread is expected to increase 7 percent more than the actual 

increase in volatility of interest rate. Meaning, if the volatility of the interest rate rises unexpectedly 

with 1 percent, the credit spread will increase with 1.07 percent. 

The following Figure 4.1d and Table 4.1e illustrate how residuals of the model are performing 

against fitted values and whether the model is a good fit or not.  

Figure 4.1d – Residuals of lower-medium investment grade bonds 

 

Table 4.1e – Residual statistics for lower-medium investment grade bonds 

 Residuals 

Min. -0.0129800 

Mean 0.0000000 

Max. 0.0163400 
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The residuals are randomly distributed which can been seen from Figure 4.1e and Table 4.1e that 

has a mean value of 0. 

To further assess the variables’ contribution and the model’s performance, the following Table 4.1f 

shows regression results of FE model without insignificant variables.  

Table 4.1f – Regression results without insignificant variables 

Dependen

t variable 

Independen

t variables 

VCS Inflation  VIR Model 

 

CS 

 

Coefficient  0.831033 0.081119 1.061842  

P-value  < 2.2e-16 5.350e-06 2.515e-05 < 2.22e-16 

R-squared     0.13449 

N-days    1520 

 

Comparing the results from Table 4.1f and Table 4.1c, minimal changes can be detected. The 

inflation coefficient increases with 0.0007, while the volatility of the interest rate decreases with 

0.00936. The volatility of the credit spread remains to larger extent unchanged, while the R-square 

decreases with 0.00095. 

4.2 Non-investment grade bonds    

In Table 4.2a, characteristics for non-investment grade bonds variables are summarized through 

highest, lowest, median and mean values. The presented values are based on a sample size 

consisting of total 21 bonds issued by cross sectional companies within different industries and 

countries. All variables are observed on daily basis except inflation, which is monthly. In total, 

11,851 observation were made. The significance of the model and variables was tested at the 95% 

confidence level. 

Table 4.2a – Variable characteristics for non-investment grade bonds 

 Credit Spread 

(CS) 

Volatility of 

credit spread 

(VCS) 

Return on 

stock price 

(RSP) 

Inflation Volatility of 

interest rate 

(VIR) 

Min. 0.458% 0.060% -39.773% -0.600% 0.091% 

1st Qu. 1.599% 0.224% -1.517% 0.000% 0.115% 

Median 2.570% 0.356% 0.000% 0.200% 0.145% 

Mean 3.934% 1.213% -0.001% 0.200% 0.145% 

3rd Qu. 4.061% 0.846% 1.451% 0.400% 0.162% 

Max.  86.477% 19.164% 43.137% 1.600% 0.264% 
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Analyzing Table 4.2a, the first thing that falls within the scope of extreme is the maximum value 

of the credit spread that is 86.477%. This value is the highest value observed from 11,851 

observations. Looking at the mean value of non-investment grade bonds, the credit spread is 

3.934% and the minimum value is 0.458%. Subsequently, the volatility of the credit spread is 

influenced by the credit spread which has a maximum value of 19.164% and a minimum value of 

0.060%. Additionally, the maximum one-day value for the return on stock price is 43.137% and 

the minimum value is -39.773%. The graphical movement of these variables between 2012 – 2017 

can be seen in Appendix 7. 

The following table 4.2b provides a correlation matrix for the five variables.  

Table 4.2b – Correlation matrix for non-investment grade bonds 

 VCS Inflation VIR RSP CS 

VCS 1     

Inflation NA 1    

VIR 0.348468469 NA 1   

RSP -0.008935178 NA 0.01393624 1  

CS 0.589353323 NA 0.19352901 -0.025803391 1 

 

Table 4.2b indicates a stronger correlation among variables in non-investment grade bonds sample 

than to lower-medium investment grade bonds. For non-investment grade bonds, the correlation 

between the credit spread and the volatility of the credit spread is 0.589. Another key observation 

which is not present for lower-medium investment grade bonds is the correlation between the 

volatility of the interest rate and the volatility of the credit spread which for non-investment grade 

bonds is 0.348.  

In the following Table 4.2c, the obtained regression results are summarized and the significance of 

explanatory variable is presented. 
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Table 4.2c – Regression results for non-investment grade bonds 

Dependen

t variable 

Independen

t variables 

VCS RSP Inflation  VIR Model 

 

 

CS 

 

Coefficient  0.336398 -0.273137 -0.46547 -7.310220  

P-value  0.000363 3.673e-08 0.344325 0.253319 7.8323e-10 

R-squared      0.085109 

N-days     568 

Hypotheses 1, accept 2, accept 3, reject 4, reject  

 

Table 4.2c shows that volatility of the credit spread and the return on stock price are significant at 

95% confidence interval, while the inflation and the volatility of the interest rate lack statistical 

power at 95% confidence interval. Further, what is of great importance for non-investment grade 

bond is the negative coefficient for the return on stock price. Meaning, the credit spread is expected 

to decrease 2.7% for every 10% increase in the return on stock price. Moreover, the model is 

statistically significant as p-value falls within the threshold of 5%, but the applied model can only 

explain a small portion of the observed credit spread which can be seen from the low R-square 

value that is 0.085. 

The following Figure 4.2d and Table 4.2e show the residuals values of the model and whether the 

model is a good fit or not. 

Figure 4.2d – Residuals of non-investment grade bonds 
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Table 4.2e – Residual statistics for non-investment grade bonds 

 Residuals 

Min. -0.125200 

Mean 0.000000 

Max. 0.647800 

 

Observed from Figure 4.2d, residuals are randomly distributed and lack predictive power. What 

also can be spotted from Figure 4.2d are few extreme values which were encountered previously 

in Table 4.2a. Seen from Table 4.2e the maximum value for residuals is 0.6478 and the minimum 

is -0.1252, while the mean value is zero. This indicates that the model is a good fit, and that there 

is no correlation between residuals and the fitted values.  

To further assess the variables’ contribution and the model’s performance, the following Table 4.2f 

presents the regression results without insignificant variables. 

Table 4.2f - Regression results without insignificant variables 

Dependen

t variable 

Independent 

variables 

VCS RSP Model 

 

CS 

 

Coefficient  0.3929602 -0.018542  

P-value  < 2e-16 0.03296 < 2.22e-16 

R-squared    0.045458 

N-days   568 

 

Seen from Table 4.2f, several important statistical changes have occurred after insignificant 

variables were excluded from the model. First, the R-square decreases from 0.085109 to 0.045458 

which indicates that the insignificant variables have an important contribution to the model. 

Second, the negative return on stock price coefficient continues to be negative but it increases from 

-0.273137 to -0.018542. As a result, if the return on stock price increases the credit spread will be 

less influenced.   



44 

 

5 Analysis 

The present chapter will interpret and discuss the empirical findings as well as compare them to 

the literature presented in Chapter 2. The obtained results provide a vast field for discussion as 

they confirmed the existence of similarities and differences among the two samples. In the analysis, 

the primary focus of the results will be placed on the statistically significant relationships. 

Nevertheless, relationships that were insignificant will also be considered and discussed as they 

proved to be important. Further, this chapter aims to deliver a profound understanding of why the 

acquired results are behaving the way they do and in the end a comparison of the two samples will 

be presented and discussed.  

5.1 Lower-medium investment grade bonds 

First, the overall performance of the model for lower-medium investment grade bonds is lower 

compared to structural models that can on average explain approximately 30% of the observed 

credit spread (see e.g. Seabo, 2015; Dbouk and Kryzanowski, 2010; Goldstein, 2010; Elton et al., 

2001; Collin-Dufresne et al., 2001), while the model in this study can explain 13.54% of the 

observed credit spread. The underperformance of the chosen model can be explained by the fact 

that crucial determinants such as probability of default and liquidity were not included, which has 

shown to have a high influence on the credit spread. These variables were excluded on purpose in 

order to study other variables, which potentially can have a high effect on a credit spread. Huang 

and Huang (2002) emphasizes that each model is extremely sensitive to the input data and the 

results will vary depending on the variables incorporated and assumptions made. Additionally, the 

low performance can be explained by the fact that the fixed-income market has already accounted 

for the variables used in the model and adjusted the credit spread accordingly. Due to the low 

explanatory power, the model will produce underestimated credit spreads that consequently will 

lead to high mispricing and inaccuracy that can be compared to Saebo’s (2015) study.  

Furthermore, Table 4.1b does not provide correlation between inflation and other variables in the 

model. The primary reason is that inflation is collected on a monthly basis while other variables are 

daily, which consequently makes inflation values incompatible to daily values. The low correlation 

amidst variables ensures that the obtained results are not biased and exposed to multicollinearity. 

In addition to the low correlations, the applied model for the panel data set is a good fit. This can 

be seen from Figure 4.1d which indicates that the residuals are randomly distributed and lack 

explanatory power, Table 4.1e documents that the mean value for the residuals is zero. Since the 

model is a good fit, the overall performance of the model can only be improved by replacing 

independent variables. 
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On the contrary to Gemmill and Keswani (2011) who found that systematic variables lack statistical 

power, this provides evidence that systematic variables are extremely important for lower-medium 

investment grade bonds. This can be explained by the fact that lower-medium investment bonds 

grade bonds are issued by big international corporations that are influenced by macroeconomic 

changes. If volatility of interest rate rises, this would imply higher fluctuations in the risk-free 

interest rate which consequently would cause the credit spread for individual firms to increase, and 

subsequently the volatility of the credit spread would rise too. 

The volatility of the interest rate has a positive coefficient in the model which indicates a positive 

relationship with the credit spread. When a credit spread is calculated, a risk-free interest rate is 

subtracted from the bond yield which means that a high risk-free interest rate will return a low 

credit spread and a low risk-free interest rate will return a high credit spread. Thus, greater 

movements in the risk-free interest rate will make volatility of the interest rate to increase that 

subsequently will affect the credit spread. This relationship was confirmed by Longstaff and 

Schwartz (1995) who documented that a credit spread is a decreasing function of a risk-free interest 

rate. The negative relationship can be explained as follows: when a risk-free interest rate rises, this 

is perceived as an indicator that the global economy is stable and developing. If the economy is 

perceived to be stable, investors will invest their capital in more risker assets such as stocks that 

yield higher return than bonds. Moreover, the fixed-income market will subsequently be exposed 

to less risk and investors will demand lower return for their investments which will lead to lower 

credit spreads. But if the risk-free interest rate decreases, this is an indicator that the global economy 

is shrinking and investors will reallocate their money to safer investments such as bonds. The 

unstable economy would cause investors to demand higher returns because their capital is exposed 

to risk, which additionally would cause the credit spread to raise. The reason why risk-free interest 

rate has limited explanatory power is because it does not affect the credit spread directly, but it 

affects various components which are linked to the credit spread and these components are then 

influencing the credit spread. This is also one of the reasons the probability of default rises during 

recession and declines during boom. Chen (2010) documents that firms are more likely to default 

during recession. 

The inflation variable is statistically significant, which can be seen in Table 4.1c and has a positive 

but low coefficient. This study relies on historical inflation values while Dbouk and Kryzanowski 

(2010) implement future expected inflation and find that expected future values proxy better than 

historical. The reason why future expected values proxy better is because inflation is assumed to 

rise in the long-run together with the risk-free interest rate. And as explained previously, if the risk-

free interest rate rises, the credit spread will decrease. When inflation is expected to increase, the 
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government tries to restrict the increase in inflation by raising the risk-free interest rate to keep the 

inflation stable. Thus, since the expected future inflation is anticipated to rise in the long run, it will 

have a negative relation towards the credit spread. Dbouk and Kryzanowski (2010) document the 

negative relation between inflation and a credit spread in their study. In contrast to their study, this 

paper observes a positive but low coefficient between inflation and the credit spread which is 

explained by the fact that this paper adapts historical data. The latter means that the applied 

inflation values have already occurred and after a critical review of the historical data I have 

observed that inflation does not move in correlation with the risk-free interest rate between 2012 

– 2017. When the risk-free interest rate was decreasing, the inflation was documented to have high 

stable values, while the credit spread was rising. The observed delays and opposite movements of 

these three variables cause inflation to have a positive but rather small coefficient with the credit 

spread, and if the tested period would have been longer, there is a high probability that the inflation 

would have had a negative coefficient. In the long run inflation and risk-free interest rates are 

anticipated to move in the same direction, while in the short run the movements of these two 

variables can vary. 

The return on stock price lacks statistical power in constructed model, while Campbell and Taksler 

(2003), Castagnetti and Rossi (2013) and Krainer (2004) document its significance. The difference 

between this study and theirs is that this paper adapts firm individual stock price returns, while they 

employ returns from large indices such as S&P500. As it will be discussed in the next subchapter, 

return on stock price have a higher influence on non-investment grade bonds sample than lower-

medium investment grade bonds sample. Approaching this observation critically and analytically, 

first, stock price is based on speculations and estimations. Second, if the stock price of a company 

increases, the market will perceive the change as a sign of good profitability and the risk of the 

company will decrease. The latter means that if the return of stock price rises the firm individual 

credit spread will decrease. Since the sample consists of lower-medium investment grade bonds 

that are issued by large international corporations, the idiosyncratic stock price changes will have 

small effect on credit spread because their daily business operations are not influenced by small 

fluctuations. Further, the overall business climate on the market is influenced by stock indices 

which in their turn affects the firms’ credit spread. After rerunning the regression without the return 

on stock price, this study observes that the overall performance of the model does not change 

which indicates that the return on stock price has minimal contribution to the credit spread and 

the model can be downsized to three significant explanatory variables.  

It was awaited that the volatility of the credit spread would have a positive relation with credit 

spread. When volatility of the credit spread increases, the credit spread is experiencing higher 
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fluctuation in the yield. As mentioned above, the risk-free interest rate has a negative relation with 

the credit spread, and if the risk-free interest rate increases and decreases rapidly the credit spread 

will follow the movements of the risk-free interest rate which would cause volatility of credit spread 

to increase. For the volatility of the credit spread to increase or decrease, there is a necessity for an 

external force to affect the credit spread which subsequently will cause the volatility of the credit 

spread to move.  

After a profound analysis of the selected variables the risk-free interest rate component is the most 

important factor for lower-medium investment grade bonds which makes volatility of the interest 

rate the most crucial explanatory variable for the model. This does not mean that the volatility of 

the interest rate is the most crucial component in general, this only means that in the created model 

for lower-medium investment grade bonds sample, the volatility of the interest rate has the highest 

influence on the credit spread. 

5.2 Non-investment grade bonds 

The predictivity of the model is restrictive and can explain 8.5% of the occurring credit spread for 

non-investment grade bonds which is indicated by R-square in Table 4.2c. As mentioned in 

previous subchapter, models from previous literature can on average explain 30 % while the applied 

model is experiencing underperformance. In the constructed model, the idiosyncratic variables are 

very significant while the systematic variables lack statistical power. The acquired results were to 

some extent anticipated because companies that are included in non-investment grade bonds 

sample are more influenced by firm-specific events than macroeconomic. The impact from 

macroeconomic effect can be seen in Table 4.2f where R-square dropped from 8.5% to 4.5% after 

rerunning the regression without the insignificant variables. Even if the presence of 

macroeconomic variables is not strong, the influence on credit spread is observed. Another key 

observation made in Table 4.2c and 4.2f is that the return on stock price coefficient increases from 

-0.27 to -0.018 after insignificant variables were excluded from the model. This can be explained 

by the fact that volatility of the interest rate and the inflation have a positive influence on the return 

on stock price. If the risk-free interest rate goes up, which is also an indicator for a more healthy 

economy while all other external variables are held constant, the stock price will follow in the same 

direction as the risk-free interest rate and return on the stock price will increase.  

For non-investment grade bonds liquidity and probability of default are the most influential 

components, which was documented by Riedel et al. (2013), Guo (2013) and Longstaff et al. (2004), 

but these two variables were left out in order to study other significant variables. In line with Riedel 

et al. (2013) study, this paper documents that the return on stock prices for non-investment grade 
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bonds have a negative relation with credit spreads. For non-investment grade bonds corporations, 

the stock market is heavily relying on the firm’s stock price performance which is also an indicator 

of a firm’s profitability and future expectations. If the return on stock price increases, the credit 

spread will decrease because the firm is performing better and the risk is decreasing. Further, a 

better profitability of the company will consequently lower the probability of default and attract 

more investors which potentially can lead to bond upgrading.  

Since the volatility of interest rate is insignificant, the volatility of the credit spread is affected by 

other underlying factors, such as return on stock price and probability of default that cause the 

credit spread to fluctuate. If the return on stock price increases, the credit spread will decrease, 

which potentially will cause the volatility of the credit spread to decrease. This can further be seen 

in Table 4.2b, where the volatility of the credit spread and the return on stock price have a negative 

but correlation. As previously mentioned, the volatility of credit spread is influenced by external 

risk factors which are causing credit spread to fluctuate and causes volatility to increase. 

Furthermore, inflation fails to be significant for the same reasons as volatility of interest rate 

because this variable is macroeconomic and does not affect non-investment grade bonds equally 

much as idiosyncratic variables. Guo (2013) and Riedel et al. (2013) documented that non-

investment grade bonds are more influenced by idiosyncratic variables than systematic variables. 

Table 4.2b does not show correlation between inflation and other variables in the model. The 

primary reason is because inflation is collected on monthly basis while other variables are daily, as 

it was previously discussed. In addition to the low correlations, the applied model for the panel 

data set is a good fit as the mean value for the residuals is zero. Figure 4.2d demonstrates few 

extreme values that were encountered in Table 4.2a, where the dependent variable, the credit 

spread, has a maximum value of 86.477% and a minimum value of 0.458. For non-investment 

grade bonds, the extreme values of the credit spread can only occur when a company is facing 

financial difficulties or is close to default, which consequently increases the credit spread 

significantly. This can further be seen as additional evidence that non-investment grade bonds are 

more influenced by idiosyncratic variables than systematic ones. The mean value of non-investment 

grade bonds credit spread is 3.93% which can be used as a guideline to determine the sample credit 

spread. Furthermore, since the model is a good fit, the overall performance of the model can only 

be improved by replacing the variables with other variables that are of idiosyncratic character. 

The most significant explanatory variable for non-investment grade bonds in the model is the 

return on stock price because this idiosyncratic independent variable can be used as a guideline to 

determine the profitability of the company. If the company’s stock price is experiencing high 
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returns, the credit spread will decrease due to the fact that stock market is perceiving the company 

as a safer one to invest in.  

5.3 Comparison of lower-medium and non-investment grade bonds 

After a profound analysis of the two samples several discoveries were made that are in line with 

the previous literature.  

Lower-medium investment grade bonds are more influenced by macroeconomic factors then 

idiosyncratic, while non-investment grade bonds are to a bigger extent influenced by idiosyncratic 

explanatory variables. The presence of systematic variables is observable in non-investment grade 

bonds even though the variables are insignificant. Further, the most important variable for both 

samples differs and for lower-medium investment grade bonds volatility of interest rate is the most 

important, while for non-investment grade bonds return on stock price has the highest influence 

in the model. For the latter, return on stock price is an indicator for how well the company is 

performing and it can be used as a tool to assess the credit spread. Moreover, despite the differences 

among the samples the most crucial finding is the underperformance of the model. For lower-

medium investment grade bonds the models could explain 13.5%, while for the non-investment 

grade bonds the model could explain 8.5%. Taken into consideration that probability of default 

and liquidity were left out to further assess other explanatory variables, the overall performance of 

the model is limited. The selected independent variables have limited explanatory power and can 

only explain small fraction of the occurring credit spread. Comparing the performance of the model 

to structural models that were discussed in Chapter 2, the structural models have higher explanatory 

power as they can explain larger portion of the credit spread. What is crucial to understand is that 

structural models’ performance considers probability of default which have shown to have high 

explanatory power. Moreover, despite all the models and their variables they all have one thing in 

common, underestimation of credit spreads. Collin-Dufresne et al. (2001) emphasizes that 

explanatory variables that are supposed to have high influence on credit spread in theory, have 

limited explanatory power in practice. This is where the problem arises, the predictability of credit 

spread models will be limited if the independent variables are known by the market. Meaning, if 

the market has already accounted for the selected variables and adjusted the credit spread, this will 

lead to the fact that the predictability of the models cannot be improved to such an extent to explain 

100% of the occurring credit spread. The predicted credit spreads will be underestimated and 

subsequently result in mispricing. What is also important to understand is that even if the models 

cannot explain 100% of the observed credit spread, the explanatory power of the models can be 

improved by selecting correct variables. The model applied in this study can be improved for non-



50 

 

investment grade bonds by incorporating the probability of default and liquidity, and for lower-

medium investment grade bonds it can improved by incorporating the probability of default and 

future anticipated macroeconomic values such as inflation, GDP or estimated risk-free interest 

rates for example.  
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6 Conclusion 

Present research paper was aimed to determine if the predictability of the credit spread can be 

improved by incorporating idiosyncratic and systematic variables. After critical review of previous 

literature, it was found that among the studies on this topic the results were pointing in the same 

direction. Majority of authors reached an accord that probability of default has the highest 

explanatory power, but the authors did not have consensus of what the unobservable missing link 

could constitute of. Furthermore, it was also found that independent variables have different 

explanatory power that vary among bonds ratings, and that structural models lack the capability to 

explain the credit spread puzzle. Several authors argue that structural models are too simple in their 

structure which limits the models’ predictability. Additionally, due to the poor performance of 

structural models researchers aimed to discover new credit spread determinants that can contribute 

to explain the credit spread puzzle. Several discoveries were made, especially that idiosyncratic 

variables have higher effect on non-investment grade bonds while systematic variables have higher 

influence on investment grade bonds. Regarding certain factors that contribute to explain the credit 

spread, the following ones are supported by the corresponding theory. First, credit spread volatility 

was documented to have positive effect on credit spread. Second, return on stock price is an 

indicator for firm’s profitability and has negative relation with credit spread. Third, inflation was 

documented to have mixed influence on credit spread depending on if historical or future data is 

employed. Fourth, volatility of interest rate has a positive influence on credit spread. Based on the 

selected independent variables, and developed hypotheses, the panel data regression fixed effect 

model was constructed and implemented.  

The results of the empirical study allowed to confirm different hypotheses for the two samples. 

For lower-medium investment grade bonds volatility of interest rate, volatility of credit spread and 

inflation have a positive influence on credit spread. For non-investment grade bonds return on 

stock price has a negative effect on credit spread and volatility of credit spread has a positive 

influence on credit spread. After a profound analysis and interpretation of the obtained results, the 

important variable for lower-medium investment grade bond is volatility of interest rate and for 

non-investment grade bonds it is return on stock price. Furthermore, the predictability of credit 

spread models will remain limited and incapable of explaining 100% of the credit spread if the 

market has already accounted for the independent variables. However, even if the predictability is 

limited, the models’ performance can be improved by selecting correct variables.  
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7 Discussion 

Throughout the process of examining the significance of systematic and idiosyncratic variables few 

implications were encountered, and contribution to present literature was made. Present paper 

found that selected explanatory variables on Eurobond market have same characteristics as on U.S. 

bond market. Additionally, the performance of the model can be improved by selecting correct 

variables which are applicable to certain bond ratings and that non-investment grade bonds are 

more influenced by idiosyncratic variables than systematic, while lower-medium investment grade 

bonds are more influenced by systematic factors, and lastly this paper documents that chosen 

independent variables have limited explanatory capabilities. Furthermore, since the samples are 

small no direct conclusion can be made about the population. Hence, why I choose to study how 

independent variables influence the current samples. What is also problematic with this type of 

study is that every model is unique and very sensitive to the input data which consequently limits 

for direct comparison to other models’ performance. The constructed model for his paper has 

lower performance than structural models. What is advantageous in having several panel data 

models is that independent variables are studied from different aspects and in correlation to other 

variables which allows researchers to examine which variables have higher explanatory power 

together than individually. The weak side of panel data models is that statistical models can produce 

biased results which will result in inaccurate conclusion. On the contrary, if correct statistical model 

is used the panel data approach will generate consistent and accurate results.  

Considering the weaknesses, strengths and limitations of the study, there are opportunities for 

future research to consider which will broader the research of credit spread. One of the suggestions 

is to look more closely into the cross sectional missing link and the unobservable variable that can 

contribute to additionally explain the observed credit spreads. Missing link and the unobservable 

variable can be studied by analysing the residuals of the explanatory variables. Furthermore, 

constructing a panel data model will allow to test for cross sectional correlation among residuals 

which will provide evidence if the unobservable variable is systematic or idiosyncratic, and based 

on those findings more precise models can be developed. Additionally, it would be very interesting 

to study how industry specific variables effect credit spreads and if the residuals are cross correlated.   
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Appendices 

Appendix 1 – Bond ratings Moody’s and S&P long-term. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Moody’s long-term S&P long-term Risk Characteristics 

Investment grade bonds 

Aaa AAA Highest quality 

Aa1 AA+  

High investment grade bond Aa2 AA 

Aa3 AA- 

A1 A+  

Upper - medium investment grade bond A2 A 

A3 A- 

Baa1 BBB+  

Lower - medium investment grade bond Baa2 BBB 

Baa3 BBB- 

Non-Investment grade bonds 

Ba1 BB+  

Non – investment grade speculative bond Ba2 BB 

Ba3 BB- 

B1 B+  

Highly speculative bond B2 B 

B3 B- 

Caa1 CCC+ High risk bond 

Caa2 CCC Extremely high risk bond 

Caa3 CCC-  

In default with low recovery probability Ca CC 

C C 

/ D Default 
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Appendix 2 - Bonds 

 

 

Lower – Medium Investment grade bonds 
 
 

Issuer Name 
Coupo

n 
Issue 
Date 

Preferred 
RIC 

Amount 
Issued 

Principal 
Currenc

y 
Country 
of Issue 

Issuer 
Type 

Instrume
nt Type 

Bond 
Grade 

Issuer 
Country 

Yield to 
Maturit

y 

S&P 
Rating 

Moody`
s Rating 

  
1.Erste Group 
Bank AG 

3.375 28. Mrz 
12 

XS07652996
55= 

500,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

Austria -
0.26602 

A- Baa1 

2.Volkswagen 
International 
Finance NV 

2.125 30. Mrz 
12 

DE07655979
1= 

50,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

Netherland
s 

0.11506 BBB+ A3 

3.Gas Natural 
Capital Markets SA 

4.125 23. Okt 
12 

ES08433009
4= 

500,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

Spain -0.0891 BBB Baa2 

4.Rci Banque SA 4.25 27. Apr 
12 

FR07758709
8= 

750,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

France -
0.03133 

BBB Baa1 

5.G4S 
International 
Finance PLC 

2.875 02. Mai 
12 

GB07770173
7= 

600,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

United 
Kingdom 

-
0.05388 

BBB-   

6.Accor SA 2.875 19. Jun 
12 

FR07942905
8= 

700,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

France -0.001 BBB-   

7.MTU Aero 
Engines AG 

3 21. Jun 
12 

DE07874836
2= 

250,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

Germany 0.34894   Baa3 

8.Telefonica 
Emisiones SAU 

5.811 19. Sep 
12 

ES08280128
6= 

1,000,000,00
0 

Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

Spain -
0.13232 

BBB Baa3 

9.Scania CV AB 1.625 14. Sep 
12 

DE08287361
9= 

350,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

Sweden 0.04617 BBB+   

10.EDP Finance BV 5.75 21. Sep 
12 

PT08318426
4= 

750,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

Netherland
s 

0.0163 BB+ Baa3 

11.Morgan 
Stanley 

3.75 21. Sep 
12 

US08324462
3= 

1,000,000,00
0 

Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

United 
States 

-0.146 BBB+ A3 

12.Iberdrola 
International BV 

4.5 21. Sep 
12 

ES08292091
9= 

1,000,000,00
0 

Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

Netherland
s 

-
0.08641 

BBB+ Baa1 
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13.FCE Bank PLC 2.875 03. Okt 
12 

US08388473
8= 

500,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

United 
Kingdom 

-
0.04561 

  Baa2 

14.Alstom SA 2.25 11. Okt 
12 

FR08420706
3= 

350,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

France 0.02063 NR Baa2 

15.Raiffeisen Bank 
International AG 

2.05 18. Okt 
12 

AT08411743
9= 

70,000,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

Austria 0.77247 BBB+ Baa1 

16.Standard 
Chartered PLC 

1.75 29. Okt 
12 

GB08496773
4= 

1,250,000,00
0 

Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

United 
Kingdom 

-
0.10535 

BBB+ A1 

17.Intesa 
Sanpaolo SpA 

2.25 05. Jun 
12 

IT07881389
0= 

342,150,000 Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

Italy 0.26253 BBB- Baa1 

18.Carrefour SA 1.875 19. Dez 
12 

FR08662789
2= 

1,000,000,00
0 

Euro Eurobond 
Markets 

Corporate Note Investmen
t Grade 

France -0.0573 BBB+ NR 
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Issued 
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of Issue 

Issuer 
Type 

Instrumen
t Type 

Bond 
Grade 

Issuer 
Country 

Yield to 
Maturity 

S&P 
Rating 

Moody`
s Rating 

  
19.Unione di 
Banche Italiane 
SpA 

2.75 28. 
Okt 

13 

IT098609016= 750,000,000 Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

Italy 0.00643
6 

BBB- Baa3 

20.Grenke 
Finance PLC 

2 07. 
Jun 
13 

IE094027870= 100,000,000 Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

Ireland 0.45421
2 

BBB+   

21.Volkswagen 
Bank GmbH 

0.081 27. 
Nov 

13 

DE099671181
= 

100,000,000 Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

Germany 0.22123
1 

BBB+ Aa3 

22.UniCredit Bank 
Austria AG 

2.625 30. 
Jan 
13 

XS088154428
1= 

750,000,000 Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

Austria 0.00354
3 

BBB Baa1 

23.Ferrovial 
Emisiones SA 

3.375 30. 
Jan 
13 

ES087908291
= 

500,000,000 Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

Spain 0.01254
9 

BBB   

24.Italcementi 
Finance SA 

6.125 21. 
Feb 

13 

IT089320143= 500,000,000 Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

France 0.12695
4 

BBB- Baa3 
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25.Prosegur 
Compania de 
Seguridad SA 

2.75 02. 
Apr 

13 

ES090482343
= 

500,000,000 Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

Spain 0.10248
2 

BBB   

26.Continental AG 3 16. 
Jul 13 

DE095319963
= 

750,000,000 Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

Germany 0.01687 BBB+ Baa1 

27.Acea SpA 3.75 12. 
Sep 

13 

IT097084009= 600,000,000 Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

Italy 0.00328
1 

NR Baa2 

28.SES Global 
Americas Holdings 
GP 

1.875 24. 
Okt 

13 

LU098475125
= 

500,000,000 Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

United 
States 

0.05869
9 

BBB Baa2 

29.Bharti Airtel 
International 
Netherlands BV 

4 10. 
Dez 

13 

IN099797924= 1,000,000,00
0 

Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

Netherland
s 

0.24264 BBB- Baa3 

30.Bank of 
America Corp 

1.875 10. 
Dez 

13 

US100297710
= 

1,250,000,00
0 

Euro Eurobon
d 
Markets 

Corporat
e 

Note Investmen
t Grade 

United 
States 

0.04217
8 

BBB+ Baa1 
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l 
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y 

Country of 
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Instrum
ent 
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Bond 
Grade 

Issuer 
Country 

Yield to 
Maturity 

S&P 
Ratin

g 
Moody`
s Rating 

Ratin
g Rating 

31.Bank of Ireland 3.25 15. 
Jan 
14 

IE101467023= 750,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Ireland 0.097569 BBB Baa2 

32.BBVA Senior 
Finance 
Unipersonal SA 

2.375 22. 
Jan 
14 

ES101672085= 1,000,000,00
0 

Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Spain 0.055784 BBB+ Baa1 

33.National Grid 
North America Inc 

0.322 24. 
Jan 
14 

GB102190521
= 

30,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

United 
States 

0.193179 BBB+ Baa1 
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34.Intermediate 
Capital Group PLC 

4.282 10. 
Mrz 

14 

GB104315046
= 

75,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

United 
Kingdom 

2.350343 BBB-   

35.Yorkshire 
Building Society 

2.125 18. 
Mrz 

14 

GB104623743
= 

600,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

United 
Kingdom 

0.192066   Baa1 

36.Mfinance France 
SA 

2.375 01. 
Apr 

14 

PL105066538= 500,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

France 0.37028 BBB NR 

37.Allied Irish Banks 
PLC 

2.75 16. 
Apr 

14 

IE105748108= 500,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Ireland 0.221493 BBB- Baa3 

38.Snam SpA 1.5 24. 
Apr 

14 

IT106141096= 500,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Italy 0.093882 BBB Baa1 

39.PGE Sweden AB 
(publ) 

1.625 09. 
Jun 
14 

PL107531262= 500,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Sweden 0.328925   Baa1 

40.British 
Telecommunication
s PLC 

1.125 10. 
Jun 
14 

GB107543074
= 

1,000,000,00
0 

Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

United 
Kingdom 

0.08887 BBB+ Baa1 

41.Petrol dd 
Ljubljana 

3.25 23. 
Jun 
14 

SI102895177= 265,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Slovenia 0.173448 BBB-   

42.Distribuidora 
Internacional de 
Alimentacion SA 

1.5 22. 
Jul 
14 

ES108813563= 500,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Spain 0.311516 BBB- Baa3 

43.Alfa Laval 
Treasury 
International AB 
(publ) 

0.221 12. 
Sep 

14 

SE110868162= 300,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Sweden 0.101408 BBB+   

44.Deutsche 
Lufthansa AG 

1.125 12. 
Sep 

14 

DE110911025
= 

500,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Germany 0.308786 BBB- Ba1 
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45.General Motors 
Financial 
International BV 

1.875 15. 
Okt 

14 

US112119809
= 

500,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Netherlan
ds 

0.239277 BBB Baa3 

46.Iss Global A/S 1.125 02. 
Dez 

14 

DK114552658
= 

700,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Denmark 0.352429 BBB Baa2 

47.Assicurazioni 
Generali SpA 

2.875 14. 
Jan 
14 

IT101475964= 1,250,000,00
0 

Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Italy 0.328218 NR Baa2 

              

 

Non – Investment grade bonds:  

Issuer 
Name Coupon 

Issue 
Date Preferred RIC 

Amount 
Issued 

Principal 
Currency 

Country 
of Issue 

Issuer 
Type 

Instrument 
Type 

Bond 
Grade 

Issuer 
Country 

Yield to 
Maturity 

Moody`s S&P 

Rating Rating 

1.Telecom 
Italia SpA 

4.5 20. 
Sep 

12 

IT083138998= 1,000,000,000 Euro Eurobond 
Markets 

Corporate Note High Yield Italy 0.152651 Ba1 BB+ 

2.EDP 
Finance BV 

5.75 21. 
Sep 

12 

PT083184264= 750,000,000 Euro Eurobond 
Markets 

Corporate Note Investment 
Grade 

Netherlands 0.016296 Baa3 BB+ 

3.Leonardo 
SpA 

4.375 05. 
Dez 

12 

IT086182840= 600,000,000 Euro Eurobond 
Markets 

Corporate Note High Yield Italy 0.302522 Ba1 BB+ 

              

 

Issuer Name Coupon Issue Date Preferred RIC 
Amount 
Issued 

Principal 
Currency 

Country 
of Issue 

Issuer 
Type 

Instrument 
Type 

Bond 
Grade 

Issuer 
Country 

Yield to 
Maturity 

Moody`s  S&P 

Rating Rating 

4.OTE PLC 7.875 07. Feb 13 GR088571878= 700,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

United 
Kingdom 

2.366801 Caa2 B+ 

5.Salini 
Impregilo SpA 

6.125 01. Aug 13 IT095626289= 400,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Italy 0.572134   BB+ 
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6.Thyssenkrupp 
AG 

4 25. Feb 13 DE089446899= 1,600,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Germany 0.539646 Ba2 BB 

7.K&S AG 3.125 06. Dez 13 DE099794119= 500,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Germany 0.641372   BB+ 

 

Issuer Name Coupon 
Issue 
Date Preferred RIC 

Amount 
Issued 

Principal 
Currency 

Country 
of Issue 

Issuer 
Type 

Instrument 
Type 

Bond 
Grade 

Issuer 
Country 

Yield to 
Maturity 

Moody`s  S&P 

Rating Rating 

8.Banco Bpm 
SpA 

2.375 22. Mai 
14 

IT107068139= 750,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Italy 0.926927 Ba2 NR 

9.Anglo 
American 
Capital PLC 

1.75 03. Apr 
14 

GB105267720= 750,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

United 
Kingdom 

0.232311 Ba1 BB+ 

10.ERB Hellas 
PLC 

4.25 26. Jun 
14 

GR108158808= 500,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

United 
Kingdom 

11.215427 Ca CCC+ 

11.CNH 
Industrial 
Finance Europe 
SA 

2.75 18. Mrz 
14 

NL104685102= 1,000,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Luxembourg 0.892874 Ba2 BB+ 

12.ArcelorMittal 
SA 

3 25. Mrz 
14 

LU104851835= 750,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Luxembourg 0.694351 Ba1 BB 

13.Banca Monte 
dei Paschi di 
Siena SpA 

3.625 01. Apr 
14 

IT105169639= 1,000,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Italy 6.506573 B3   

14.SSAB AB 3.875 10. Apr 
14 

SE105551541= 350,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Sweden 1.797576   B+ 

15.Public Power 
Corporation 
Finance PLC 

5.5 08. Mai 
14 

GR106383774= 500,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

United 
Kingdom 

20.252083   CCC- 

16.Turkiye 
Vakiflar Bankasi 
TAO 

3.5 17. Jun 
14 

TR107762922= 500,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Turkey 2.750999 Ba1   

17.Tesco 
Corporate 
Treasury 
Services PLC 

1.375 01. Jul 
14 

GB108297085= 1,250,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

United 
Kingdom 

0.655582 Ba1 BB+ 
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18.Turkiye 
Garanti Bankasi 
AS 

3.375 08. Jul 
14 

TR108483849= 500,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Turkey 2.157823 Ba1   

19.Titan Global 
Finance PLC 

4.25 10. Jul 
14 

GR108607114= 300,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

United 
Kingdom 

2.276723   BB 

20.PCF GmbH 7.875 07. Jul 
14 

LU108402091= 321,684,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Germany 6.117212 B2 B+ 

21.Nyrstar 
Netherlands 
Holdings BV 

8.5 12. Sep 
14 

BE110726813= 350,000,000 Euro Eurobond 
Markets 

Corporate Note High 
Yield 

Netherlands 4.849495 B3 B- 
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Appendix 3 – Panel data overview  

The following Figure 10.1 shows an extract of the lower – medium investment grade bonds two 

and three in the panel data. The structure of the panel data is the same for non – investment grade 

bonds. Since inflation is recorded on monthly basis, the empty cells are observed as NA.   

Figure 10.1 – Panel data overview 

 

Source: author’s data 
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Appendix 4 – Selection of model 

When one is supposed to analyse panel data set, according to Greene (2010) there are three 

commonly accepted and used models. These models are pooled regression (PR), fixed effect (FE) 

and random effect models (RE). Since PR and RE model are not applicable to this paper, I will 

briefly introduce the characteristics of these models and show how I arrive to the conclusion of 

using FE model. Further, to show how these models are biased a regression of respective model 

will be run and presented below.   

To being with, PR model or Ordinary least – squares model (OLS) is a standard linear modelling 

technique that can be employed for one or several explanatory variables (Hutcheson, 2011; 

Schimidheiny, 2016). Schimidheiny, 2016 explains that OLS model ignores the panel data structure 

and only estimates the required variables. The framework for OLS model follows:  

                                                  𝑌𝑖 = 𝛼 +  𝛽1𝑋𝑖1 + ⋯ 𝛽𝐾𝑋𝑖𝐾 + 𝜀𝑖                                           (5) 

Where: 

Y is the independent variable  

i is the indicator of units, in this case firms 

α is the intercept of the model 

β is the coefficient for each independent variable indicated by K 

X is the independent variable 

ε is the error term for each group  

Instead of approaching each unit with the assumption that every group has its own intercept, RE 

model measures each group intercept as a deviation from the mean intercept of the whole sample. 

Further what is additionally characteristics for RE model is that the information loss is much 

smaller compared to FE model which contains less degrees of freedom. RE model assumes that 

individual-effects are uncorrelated with explanatory variables and that variance is homoscedastic 

(Greene 2010; Schmidheiny, 2016).  The framework for RE model follows:  

                                         𝑦𝑖𝑡 = 𝑥1𝑖𝑡
𝛽1 + ⋯ 𝑋𝐾𝑖𝑡

𝛽𝐾 + 𝛼 + 𝑢𝑖 + 𝜀𝑖𝑡                                           (6) 

                                                               𝑉[𝑢𝑖|𝑋𝑖] = 𝜎𝑢
2                                                             (7) 

Where equation (6):  

Y is the independent variable  

t is the indicator of time  

i is the indicator of units, in this case firms 

α is the intercept of the model 

β is the coefficient for each independent variable indicated by K 

X is the independent variable 

ε is the error term for each group that varies both over time and unit 
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u is the group – individual intercept, also the measure of unobservable effect 

Where equation (7): 

u is the individual unobserved effects for each unit  

i is the indicator of units, in this case firms 

X is the explanatory variable  

𝜎2 is the variance  

Equation (6) expresses linear equation model anticipated to predict dependent variable, and 

equation (7) shows constant variance between individual effects and explanatory variables. 

According to Greene (2010), the most important distinction between RE model and FE model is 

whether unobservable effects are correlated with the explanatory variables in the framework and 

not if these effects are random or not. Furthermore, Williams (2015) discuss how one should 

proceed when choosing between RE model and FE model. If one assumes that the panel data set 

does not contain any omitted variables or if the omitted variables are uncorrelated with 

independent variables, the most suitable model to use is RE. Applying RE model to this situation 

will generate unbiased and consistent results. If above mentioned assumption is violated, the most 

suitable model to use is FE because RE will produce biased results due to the correlation between 

omitted variables and explanatory variables. However, assuming something that is not spottable 

can rather be hard and almost impossible. To distinguish whether unobservable effects are 

correlated with independent variables or not, Hausman test must be used (Torres – Reyna, 2010).  

Hausman test is categorized as specification test. According to Hausman (1978, pp. 1251 - 1255), 

specification test should be used to decide which model is inconsistent and which model is 

consistent under a predetermined assumption. Under Hausman test the following assumptions are 

tested in null hypothesis and alternative hypothesis:  

                                                                   𝐻0: 𝐸(𝜀|𝑋) = 0                                                         (8) 

                                                                   𝐻1: 𝐸(𝜀|X) ≠ 0                                                        (9) 

Equation (8) says that unobservable error components are uncorrelated with explanatory variables, 

while equation (9) says that unobservable error component are correlated with independent 

variables. Recalling the assumptions regarding the RE and FE model, RE falls under the null 

hypothesis and FE falls under the alternative hypothesis. Running the Hausman test in statistical 

tool R, the following results are obtained:  
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Figure 10.2a – Hausman test lower-medium investment bonds 

 

As we can see from the Figure 10.2a p-value is less than 5%, thus we reject the null hypothesis and 

accept the alternative hypothesis. This implies that unobservable effects are correlated with 

explanatory variables and I should use FE model. Further, running the Hausman test for non-

investment grade bonds I arrive to the same conclusion and reject the null hypothesis, meaning 

that FE model will also be applied to junk bonds sample.  

Additionally, to test whether to use OLS model or RE model one can apply Breusch-Pagan 

Lagrange multiplier (LM) test. (Torres-Reyna, 2010). LM test tests whether the variance among 

entities is zero, which is also the null hypothesis. Alternative hypothesis holds that the variance 

among firms is not zero. This is the obtained result:  

Figure 10.2b – Lagrange multiplier lower medium investment bonds 

 

The p-value, seen from Figure 10.2b, is less than 5%, thus we reject null hypothesis and accept the 

alternative hypothesis. This implies that the variance among firms is not zero, using OLS model 

will generate bias results. In this scenario RE model is suitable, but since our Hausman test rejected 

the null hypothesis we must use FE model which is consistent and provides unbiased results, while 

OLS and RE models are not consistent and produce biased results. Further, running the LM test 

for non – investment grade bonds I arrive to the same conclusion and reject null hypothesis. 

Conclusion, FE model is consistent and thus I apply it to this paper.  

Following, this is the regression results acquired by OLS and RE model: 
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Figure 10.2c – OLS regression for lower- medium investment bonds 

 

 

Figure 10.2d – RE regression for lower-medium investment bonds 
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If we compare the p-values from both models (Figure 10.2c and 10.2d), from statistical perspective 

of view we can conclude that they are significant. But if we compare their R-square values, OLS 

model has a R-square of 0.232 and RE models has 0.157. This is a clear indication of how OLS 

model is ignoring the structure of the panel data and only estimates the equation (5) parameters, 

which results in biased results.  

Figure 10.2e - RE regression for non-investment grade bonds  
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Figure 10.2f - OLS regression for non-investment grade bonds 

 

 

Seen from Figure 10.2e and 10.2f, the same conclusion as previously can be drawn. OLS model 

provides us with extremely bias results compared to RE model. Both models are within the 

threshold of 5%, but their R-square differs significantly, OLS has a R-square of 0.313 while RE 

model has 0.174.  
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Appendix 5 – R-Codes 

The same codes and packages are used for non-investment grade bonds and lower-medium 

investment grade bonds:    

 

library(plm) 

library(Formula) 

library(stats) 

 

PD<-read.csv2("C:\\Users\\Svetozar\\Documents\\R\\Bok1PD.csv", header=T) 

str(PD) 

summary(PD) 

fix(PD) 

 

attach(PD) 

 

X<-cbind(Volatility.of.Credit.Spread, Return.on.stock.price, Inflation, Volatility.of.interest.rate) 

Y<-cbind(Credit.Spread) 

 

pdata <- plm.data(PD, index=c("Bond", "Date")) 

 

pooling<- plm(Y~X, data=pdata, model="pooling") 

summary(pooling) 

 

random<- plm(Y~X, data=pdata, model="random") 

summary(random) 

 

fixed<- plm(Y~X, data=pdata, model="within") 

summary(fixed) 

 

plmtest(pooling) 

phtest(random, fixed) 

 

plot(fixed$residuals) 

summary(fixed$residuals) 

 

P<-data.frame(x1=Volatility.of.Credit.Spread, x2=Inflation, x3=Volatility.of.interest.rate, 

x4=Return.on.stock.price, x5=Credit.Spread) 

cor(P) 
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Appendix 6 – Graphical variable movement for lower-medium investment grade bonds 

Figure 10.3a – Credit spread vs. inflation 

 

Source: Reuters Eikon (2017) 

Figure 10.3b – Credit spread vs. volatility of interest rate 

 

Source: Reuters Eikon (2017) 
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Figure 10.3c – Credit spread vs. volatility of credit spread 

 

Source: Reuters Eikon (2017) 

Figure 10.3c – Credit spread vs. return on stock price 

 

Source: Reuters Eikon (2017) 
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Appendix 7 - Graphical variable movement for non-investment grade bonds 

Figure 10.4a – Credit spread vs. inflation 

 

Source: Reuters Eikon (2017) 

 

Figure 10.4b – Credit spread vs. volatility of interest rate 

 

Source: Reuters Eikon (2017) 
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Figure 10.4c – Credit spread vs. volatility of credit spread 

 

Source: Reuters Eikon (2017) 

Figure 10.4c – Credit spread vs. return on stock price 

 

Source: Reuters Eikon (2017) 
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