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This study investigates the determinants of corporate credit spread.
The aim is to test how well theoretical determinants are able to explain
credit spreads and whether there are other important determinants.
According to structural models of default, these theoretical
determinants are firm’s leverage, volatility and risk-free interest rate.

Credit default swap quotes are used as a proxy for corporate credit
spread. Explanatory variables include firm-specific as well as market-
wide factors. Monthly credit default swap and firm-specific data is
gathered for 50 non-financial companies from Eurozone countries, for
the time period from January 2003 to December 2006. Linear panel
data regressions are employed to find main determinants of credit
spread.

The empirical results of this study show that theoretical determinants
have rather limited explanatory power in explaining credit spread
changes over time. However, they perform much better in explaining
cross-sectional variation in credit spreads. Additional variables are able
to explain a large part of remaining variation in credit spreads.
Especially, general risk premium on the bond market have statistically
and economically significant impact on credit spreads. Results suggest
that theoretical credit risk models should be developed further to
account also for market-wide factors.
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Taman tutkielman tavoitteena on selvittaa, mitka tekijat vaikuttavat
yrityksen ja valtion velkakirjojen valiseen tuottoeroon. Strukturaalisten
luottoriskin hinnoittelumallien mukaan luottoriskiin vaikuttavia tekijoita
ovat yrityksen velkaantumisaste, volatiliteetti ja riskiton korkokanta.
Tavoitteena on erityisesti tutkia, kuinka hyvin nama teoreettiset tekijat
selittavat tuottoeroja ja onko olemassa muita tarkeita selittavia tekijoita.

Luottoriskinvaihtosopimusten noteerauksia kaytetdan tuottoerojen
maarittamiseen. Selittavat tekijat koostuvat seka yrityskohtaisista etta
markkinalaajuisista  muuttujista.  Luottoriskinvaihtosopimusten ja
yrityskohtaisten muuttujien data on keratty yhteensa 50 yritykselle
Euroalueen maista. Aineisto koostuu kuukausittaisista havainnoista
aikavaliltd 01.01.2003-31.12.2006.

Empiiriset tulokset osoittavat, etta strukturaalisten mallien mukaiset
tekijat selittdvat vain pienen osan tuottoeron muutoksista yli ajan.
Toisaalta nama teoreettiset tekijat selittavat huomattavasti paremmin
tuottoeron vaihtelua yli poikkileikkauksen. Muut kuin teoreettiset tekijat
pystyvat selittamaan suuren osan tuottoeron vaihtelusta. Erityisen
tarkedksi tuottoeron selittavaksi tekijaksi osoittautui yleinen
riskipreemio velkakirjamarkkinoilla. Tulokset osoittavat, etta luottoriskin
hinnoittelumalleja on kehitettdva edelleen niin, ettd ne ottaisivat
huomioon yrityskohtaisten tekijoiden lisaksi myos markkinalaajuisia
tekijoita.
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1 INTRODUCTION

1.1 Background and Motivation

Credit risk has attracted a lot of attention in the last decade among
scholars, risk-management practitioners and regulators. Several credit
crises of sovereigns and corporations in the recent past have increased
awareness of credit risk. Banks have employed more resources to the
assessment and management of credit risk, since under the Basel Il
Accord, regulatory capital may be determined using a bank’s internal
credit risk model. In addition to investors and banks, understanding of the
credit risk is also important from corporate finance perspective, since it
affects corporation’s credit spread and thus, may have an impact on
capital structure decisions as well as on timing of debt and equity

issuances.

At the same time credit derivatives market, which emerged at the
beginning of the 1990’s, have grown exponentially. The credit derivative
instruments enable market participants to manage credit risk in much
same way as market risks. Credit default swap (CDS) is the most common
type of credit derivative. CDS protects its buyer against default by a
particular company. It is supposed to allow the transfer of pure credit risk
from one market participant to another. The protection seller pays
compensation if a credit event occurs while in return the buyer of
protection makes periodic payments to the seller until the end of the life of
the CDS or until the credit event occurs. The rate of payments made per

year by the buyer is known as the CDS spread.

There are two main approaches to model credit risk: structural models and
reduced form models of default. Structural approach has its origins in
Black and Scholes (1973) and Merton (1974). In this approach firm is



assumed to default on its obligations when the firm’s assets fall below the
liability. Thus, the link with firm’s economic fundamentals is explicit. After
Merton’s (1974) seminal work, numerous extensions from basic structural
model have been introduced. While models in this approach differ from
each other in some way, they all have the same theoretical determinants
of default probability, which are: firm’s leverage, asset’s volatility and risk-
free rate. In contrast to structural approach reduced form models do not
consider the relation between default and firms economic variables in an
explicit manner. In reduced form approach default is determined by the
first jump of an exogenously given jump process. Market data such as

bond prices is used as a main input, which govern jump process.

Several papers have studied structural models’ theoretical determinants of
corporate credit spread. Collin-Dufresne et al. (2001) use these theoretical
variables as explanatory variables in regressions for changes in corporate
credit spread. They find that the variables have quite limited explanatory
power, explaining only 25% of the credit spread changes. Study by
Campbell and Taksler (2003) shows very strong relationship between
historical volatility of equity and credit spread. In a similar study, Cremers
et al. (2004) explore effect of option implied volatility on credit spread and
according to the results, implied volatility explains almost one third of total
variation in credit spreads. These previous studies use corporate bond
data to estimate credit spreads. However, recent availability of credit
default swap data provides researchers a new, more accurate way, to
study credit risk. To our knowledge, there are only studies by Cossin et al.
(2002), Ericsson et al. (2005) and Zhang et al. (2005) that use CDS data
to explore credit spread determinants. In these studies explanatory power
of theoretical variables is higher than in earlier studies based on bond

data.

However, all those previous studies, except Cossin et al. (2002), are
based purely on US datasets. Cossin et al. (2002) use worldwide data, but

their analysis is based only on 392 CDS quotes, majority of which are on



US companies. Therefore, it is of interest to study credit spread
determinants also on European dataset, especially when CDS market has
grown tremendously during past years, providing wider and more liquid

data.

Credit default swap data have many advantages compared to bond data in
exploring credit risk. Hull et al. (2004b) point out that CDS quotes are
already “credit spreads”, while bond yields require an assumption about
benchmark risk-free yield curve before credit spreads can be calculated. In
addition there is no need to remove coupon and call provision effects of
bonds. Blanco et al. (2004) shows that CDS market leads the bond market
in determining the price of credit risk. Also Hull et al. (2004b) shows same
kind of evidence. Finally, there is evidence that corporate bond credit
spreads include also non-credit risk components that are not captured by
credit risk models. Longstaff et al. (2005) and Chen et al. (2007) found
strong evidence of illiquidity component in credit spreads. Elton et al.
(2001) argue that in the US different tax treatment between corporate and

government bonds explains part of the observed credit spread.

1.2 Objectives of the Study

The aim of this study is to test how well theoretical determinants
suggested by structural approach are able to explain credit spread. In
addition, we also include number of additional determinants in analysis to
see, whether there are other important determinants of credit spread.
While this study is closely related to those by Ericsson et al. (2005) and
Collin-Dufresne et al. (2001), it contributes to previous studies by

extending the focus on European data.

To identify main determinants of credit spread we employ panel data
regressions. We use credit default swap quotes as a proxy for company’s

credit spread. Explanatory variables consist of firm-specific and market-



wide factors. Overall sample includes 50 non-financial companies from
Eurozone countries. Observations are on monthly basis during time period
of 01.01.2003-31.12.2006. Regression analyses are performed by using

changes and levels data as well as using different panel data techniques.

Results show that, even though leverage, volatility, and risk-free rate are
able to explain variation in credit spread at some extent, there is still large
part of variation that is explained by other variables. Overall results
suggest that theoretical credit risk models should be further developed to
account also for aggregate factors, such as general risk premium on the

bond market.

1.3 Structure of the Study

The remainder of this study is organized as follows. Next Section presents
basics of credit risk and introduces credit derivatives market, credit default
swaps as well as other main instruments and their applications. Section 3
introduces main credit risk models and Section 4 reviews results from
previous empirical studies. The empirical part of this thesis begins in
Section 5, which introduces main hypothesis as well as data and
methodology used in empirical analysis. Results are presented in Section
6. Finally, Section 7 concludes the study and suggests topics for further

research.



2 CREDIT RISK AND CREDIT DERIVATIVES MARKET

2.1 Credit Risk

Credit risk is one of the major risks in bank loans and corporate bonds.
Credit risk can be divided into three types: credit deterioration risk, default
risk and recovery risk. Credit deterioration risk is the risk that debtor’s
credit quality and credit rating decreases, for example from Aa to A.
Default risk is the risk that the issuer will fail to satisfy the terms of the
obligation with respect to the timely payment of interest and repayment of
the amount borrowed. Recovery risk refers to risk about the extent of the

loss incurred in the event of default.

2.1.1 Credit Deterioration Risk

Rating agencies such as Moody’s and Standard & Poor provide ratings
describing the creditworthiness of an issuer. Credit rating migration refers
to changes in creditworthiness that is manifested through rating changes.
Credit deterioration occurs when rating is downgraded, for example from
Aa to A. In that case, the value of the assets of debtor will decrease,
resulting in a financial loss for the creditor. Rating agencies produce credit
rating migration rate matrices from historical data. This shows the
percentage probability of an issuer moving from one rating to another

during a certain period of time.



Table 1. Average Annual Rating Migration Matrix. Table shows historical probabilities
of rating migrations during one year.

Rating at year-end

Initial
Aaa Aa A Baa Ba B Caa-C Default WR

rating

Aaa 8948 7.05 0.75 0.00 0.03 0.00 0.00 0.00 2.69
Aa 1.07 8841 735 025 0.07 0.01 0.00 0.00 283
A 0.05 232 8897 485 046 0.12 0.01 0.02 3.19
Baa 0.05 0.23 503 8450 460 0.74 015 0.16 4.54
Ba 0.01 0.04 046 528 7888 6.48 050 1.16 7.19
B 0.01 0.03 012 040 6.18 7745 293 6.03 6.85

Caa-C 0.00 0.00 0.00 0.52 157 4.00 62.68 23.12 8.11
(Source: Hamilton et al. (2005))

Table 1 shows annual data from Europe during 1970-2004 produced by
Moody’s. It shows that an issuer rated Aa has a 88.41% historical
probability of remaining in category Aa at the end of a year. The largest
values in the matrix are along the diagonal, reflecting that the most likely
rating for an issuer at the end of a year is the rating that the issuer had at
the beginning of the year. It is also noteworthy that probability of changes

more than one rating category is historically relatively low.

2.1.2 Default Risk

Default risk is the uncertainty surrounding a firm’s ability to meet its
obligations with respect to the timely payment of interest and repayment of
the amount borrowed. Moody’s definition of default includes three types of
default events: (i) missed or delayed disbursement of interest and/or
principal, including delayed payments made within a grace period; (ii) an
issuer files for bankruptcy, administration, legal receivership, or other legal
blocks to the timely payment of interest and/or principal; or (iii) distressed
exchange occurs. The central purpose of this definition is to capture
events which subject the bondholder to an economic loss (Hamilton et al.

(2002)). Table 2 presents typical information produced by rating agencies.



Table 2. Average Cumulative Default Rates (%). Table shows an average issuer-
weighted cumulative default rates, during 1970-2004.

Term (years)

Rating 1 2 3 4 5 7 10 15 20

Aaa 0.00 000 0.00 004 012 030 063 122 154
Aa 0.00 000 003 012 020 037 0.61 1.38 244
A 0.02 008 022 036 050 085 148 274 487
Baa 019 054 098 155 208 312 489 873 1205
Ba 122 334 579 827 10.72 1481 2011 29.67 37.07
B 5.81 1293 19.51 2533 3048 39.45 48.64 57.72 59.11

Caa-C 2243 3596 46.71 5419 59.72 68.06 76.77 78.53 78.53
(Source: Hamilton et al. (2005))

Table 2 shows the historical default probability through time of companies
that started with a certain credit rating. For example, since 1970 Ba-rated
issuer has had an 1.22% average historical probability of defaulting within

one year and 3.34% probability of doing so within two years, and so on.

2.1.3 Recovery Risk

In the event of default, the creditor will receive only some proportion of the
claimed amount, called recovery rate. In turn, rate of loss given default,
refers to the actual amount as a percentage of the original claim that
investors lose in the event that a default occurs. Some claims typically
have priorities over others and are met more fully. Table 3 shows historical
average recovery rates in different categories of claims in the United

States.



Table 3. Average Defaulted Debt Recovery Rate Estimates in
the U.S. Table shows average recovery rate estimates from the
U.S. during 1985-2001.1t can be seen that bank loans recover
on average more than bonds and that differences between
different priorities are large.

Seniority Average Recovery Rate  Count
Bank Loan- Senior Secured 66.8% 201
Senior Secured 56.9% 150
Senior Unsecured 50.1% 565
Senior Subordinated 32.9% 359
Subordinated 31.3% 342
All Bonds 42.8% 1416

(Source: Hamilton et al. (2002))

These defaulted bonds’ recovery rates are measured by their price in the
secondary market one month after the default date. Alternative
methodology would be to track all payments made to creditors involved in
the workout and discount them back to the date of default using an
appropriately risk-adjusted discount rate. However, the latter approach is

both analytically and practically quite difficult (Hamilton et al. (2002)).

When investors price credit risk they are interested in both default
probability and recovery rate, and also in changes of these factors.
Expected loss from credit instrument can be calculated by multiplying

default probability with (1 - recovery rate).

In addition to historical data, default probability can also be estimated from
market data, like prices of stocks, bonds or credit derivatives. But default
probabilities estimated from bond yield spread data are significantly higher
than corresponding historical default probabilities (See e.g. Altman (1989),
Amato and Remolona (2003)). Sundaresan (2002, p. 635) points out that
yield spreads are affected also by other factors than just credit risk. These
factors are liquidity (government securities are more liquid), taxes (in US,
government securities are exempt from state and city taxes) and

contractual provisions (government securities are typically noncallable).



However, as Hull (2005, p. 488) states, the most important theoretical
reason for differences between implicit and actual default probability rates
is that rates calculated from bond spread data are estimates in risk neutral
world. Thus, as investors are risk averse, credit spread should
compensate investors for the expected losses on credit risky bond and in
addition, it should include risk premium to reward investors for accepting
the risk to assume higher than expected losses. This explanation is

consistent with the pattern of Altman’s (1989) results.

Basically, credit spreads are affected by expected default probability as
well as by recovery rate and risk premium required. Thus, even if the
default probability remains constant, changes in credit spreads can occur
due to changes in the expected recovery rate or risk premium. Expected
recovery rates usually decrease in bad states of the economy, which leads
to higher credit spreads. Also risk premium changes over time, as
investors’ credit-risk aversion varies and is usually lower in good economic
times, resulting in lower vyield spreads. Figure 1 shows time series

variation of credit spread on BBB-rated European corporate bonds.

300
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150 -
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— Credit Spread on BBB-rated bonds

0 T T T T . .
April-99 July-00 October-01 January-03 April-04 July-05 October-06

Figure 1. Average Credit Spread. Figure shows average credit spread on BBB-rated
bonds included in “iBoxx Euro Corporate BBB” -index during April 1999 - December
2006. (Source: Datastream)



10

Figure 1 shows that credit spreads had increased during economic
recession at the beginning of the decade, but have then pulled back as the
economy started to grow faster. Generally, changes in investors’ risk
aversion and expected recovery rates can be seen most distinctly among
speculative-grade bonds, on which credit spreads may vary over 1 000

basis points.

2.2 Credit Derivatives Market

Credit derivatives are contingent claims with payoffs that are linked to the
creditworthiness of a given company or sovereign entity. These innovative
instruments allow market participants to lay off or to take on a credit risk.
Thus credit derivatives provide a new tool to manage and hedge the
exposure to credit risk. They are also supposed to improve efficiency in

the pricing and distribution of credit risk in financial markets.

Credit derivatives market has grown tremendously since they were
introduced at the International Swap and Derivatives Association (ISDA)
conference in 1992. ISDA (2006) estimates that from a total outstanding
notional principal $918.87 billion in 2001, the credit derivatives market
grew to $26.0 trillion by the end of first half of 2006. There are many
reasons for rapid market growth. One of the reasons is that several
serious credit crises of sovereigns and corporations in the recent past
have led to an increased awareness of credit risk. Among them are, the
Asian financial crisis in 1997, the Russian debt crisis in 1998, the
Argentinean crisis in 2001, and corporate bankruptcy filings such as Enron
in 2001 and WorldCom in 2002. Another reason is an ongoing
standardization work of ISDA, which has played a major role in creating
sound infrastructure for credit derivatives market. In 1999, ISDA published
credit derivatives definitions, which enabled smooth functioning and
standardization especially in the credit default swaps market. Later ISDA

has published new definitions for a wider range of instruments and for
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some different special issues, like restructuring. Increased standardization
in the credit derivatives market has been very important, since it has
reduced legal uncertainty, which hampered the market’'s growth in early
stages. According to British Bankers’ Association (2002) market survey, by
the end of 2001 over 90% of their respondents’ active credit derivative

portfolios were based on standard documentation.

The growth in the credit derivatives market is likely to continue as credit
risk models are developing and new instruments are introduced. For
example Eurex, European largest derivatives exchange, is preparing to list
in 2007 first future contracts on credit default swaps (Davies and
Simonian, 2006). This kind of exchange-traded credit derivatives products

could attract new investors on a large scale.

Credit derivative instruments can be divided into four categories: credit
default swaps, total return swaps, credit spread products, and synthetic

structures.

2.2.1 Credit Default Swap

The simplest and most common form of credit derivatives is the credit
default swap (CDS). This instrument is essentially an insurance contract
against the risk of default by a particular company. It is supposed to allow
the transfer of pure credit risk from one market participant to another. The
buyer of the CDS contract, the protection buyer, wishes to insure against
the possibility of default on a bond issued by a particular company. The
company is known as the reference entity and a default by the company is
known as a credit event. The seller of the contract, the protection seller, is
willing to bear the risk associated with default by the reference entity. The
protection seller agrees to buy the reference issue at its face value from
the protection buyer if the credit event occurs. In return the buyer of
protection makes periodic payments to the seller until the end of the life of

the CDS or until the credit event occurs. If credit event occurs between
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payment days, then at final settlement, the protection buyer pays the part
of the payment that has accrued since the last payment day. The rate of
payments made per year by the buyer is known as the CDS spread or
premium and it is quoted in basis points per €100 notional amount of the
reference obligation. So, it can also be seen as the cost per annum for
protection against a default by the company. (Hull et al. (2004b); Longstaff
et al. (2005))

For example, suppose that the CDS spread for a five-year contract on
certain company’s credit is 200 basis points and a principal is €10 million.
This means that a buyer of protection pays €200 000 per year and obtains
the right to sell a bond with face value of €10 million, issued by reference
entity, for the face value in the case of credit event. Structure of CDS

contract is illustrated in Figure 2.

Periodic payment

A 4

Credit Default Swap Credit Default Swap

__________________________ Seller
Buyer « Payment in case

of credit event

Figure 2. The Structure of the Credit Default Swap Contract. Figure shows structure
of basic CDS contract. CDS buyer i.e., protection buyer, makes periodic payments to
protection seller. In turn, the buyer of CDS contract has the right to sell bonds of
underlying company for face value to the protection seller in case of credit event.

It is important to note that CDS protects its buyer also from credit
deterioration risk. The buyer of CDS has essentially a short position in the
credit quality of the reference obligation. CDS spread increases, when the
credit quality and the price of the bond decrease. So, if after buying CDS,
credit quality of reference obligation decreases, then current CDS spread
on the market is higher than in the buyer’s original contract and buyer can

sell the contract at a higher spread with a profit.

Market participants have developed many indices to track credit default

swap spreads. For example, iTraxx Europe indices on different maturities,
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track the credit spread for 125 investment grade European companies. In
addition to monitoring credit spreads, these indices provide a convenient
way for market participants to buy or sell a portfolio of credit default swaps.
(Hull, 2005, p. 510)

2.2.2 Other Credit Derivatives

In total return swap counterparties make an agreement to exchange the
total return on a reference obligation for LIBOR plus a spread. The total
return includes a coupon and a price change of the reference obligation.
The structure of a total return swap is illustrated in Figure 3. The total
return swap can be viewed as a non-funded position in an obligation. The
total return swap receiver is synthetically long the obligation, which means
he will benefit if the price of the obligation increases, and the total return
swap payer is short the obligation. (Hull, 2005, p. 515)

< Libor +/- Spread

Total return swap Total return swap

Payer > Receiver
Y Total rate of return

(coupon + price change)

Figure 3. The Structure of the Total Rate of Return Contract. Figure shows the
structure of TROR contract. The payer gets LIBOR plus a spread, while the receiver
gets total return on bond. The total return includes coupons, interest and the gain or
loss on the asset over the life of the swap.

Credit spread products can have the form of options, futures, and swaps.
The most popular products are credit spread options. In these products
the payoff depends on the credit spread of the reference obligation relative
to some strike level and on duration of the obligation. For example, a
credit spread call option on a defaultable bond with maturity T and strike
spread K gives the holder the right to buy the defaultable bond at time T at
a price that corresponds to a credit spread K. Credit spread call buyer
profits if the spread narrows, because then he can buy the bond at a

higher spread K and thus at a lower price. Multiplying difference between
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K and particular credit spread at option maturity by bond’s duration and
notional amount we get the payoff of the credit spread call option.
(Meissner, 2005, p. 31-32)

A collateralized debt obligation (CDO) is a way to create securities with
different risk profiles from a portfolio of debt instruments. CDOs are usually
arranged by a special-purpose vehicle (SPV), which is a special entity of
financial institution. A typical cash CDO is shown in Figure 4. An
alternative structure which is more popular is a synthetic CDO. The
difference to the cash CDO is that the SPV in a synthetic CDO does not
acquire the original assets, but gains long credit exposure to the assets via

selling credit default swaps. (Meissner, 2005, p. 44-45)

Tranche 1
1st 5 % of loss
Bond 1 Yield = 25%
Bond 2
Bond 3 Tranche 2
2nd 10 % of loss
/ Yield = 10%
» SPV \ Tranche 3
. 3rd 10 % of loss
Sondn \ Yield =7 %
Average yield Tranche 4
Residual loss
7.5% Yield = 5 %

Figure 4. The Structure of the Cash CDO. Figure shows typical structure of
the cash CDO. In this type of CDO special-purpose vehicle creates four classes
of securities from a portfolio of corporate bonds.

In Figure 4 we see that the SPV has invested cash in a basket of n bonds.
It has then repackaged bonds and created four types of securities (or
tranches). A default of bonds in the basket during the life of the CDO leads
to a loss of the coupon and the notional principal for investors in the first

tranche until losses have reached 5% of the total bond principal. If the
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tranche is full, additional defaults (5%-15% of the principal) will lead to
losses for the holders of the second tranche. Correspondingly, the holders
of tranche 3 will be affected when default losses in the original portfolio
exceed 15% of principal and tranche 4 will be affected only when losses
exceed 25%. The yields in Figure 4 are the rates of interest paid on the
balance of the principal remaining in the tranche after losses have been
paid. Naturally, the first tranche has the highest risk and yield, while for
example third and fourth tranches are likely to be less risky than the
original portfolio. (Hull, 2005, p. 517)

2.2.3 Application of Credit Derivatives

There are many applications for credit derivative products. Meissner
(2005, p. 62-90) presents five applications, which are: hedging, yield
enhancement, cost reduction and convenience, arbitrage, and regulatory
capital relief. Naturally, these applications have interdependencies. One

instrument can be used for several applications at the same time.

Hedging of credit risk is clearly one of the strongest motivations for using
credit derivatives. An investor who owns corporate bond can hedge default
risk and credit deterioration risk by buying credit default swap or credit
spread put option on this particular reference entity or obligation. Total rate
of return swaps also hedge interest rate risk. Hedging with credit
derivatives is especially useful for banks that wish to reduce large client
exposures that may exist on their balance sheets. Banks can transfer
client’s credit risk to other counterparty by using credit default swaps. This
transaction does not require client consent or notification, since the bond
or loan officially remains in the balance sheet of the bank. Thus, it helps to

maintain good bank-client relationship.

Second important application of credit derivatives, is yield enhancement.
Since many instruments provide an unfunded way to manage the credit

risk, it is possible for investors to take leverage by using these



16

instruments. For example, in some CDO tranches the investor receives an
above market yield and at the same time bears more credit risk. There are
also many other strategies to enhance yield with credit derivatives. One of
those is such that, if an investor owns a bond of certain company, and he
believes that the company’s credit rating will not increase within the next
year, he can sell one-year credit spread call option with a strike which
equals to the current credit spread of the bond. If after one year the bond’s
credit spread is higher or the same as current spread, the investor will
keep the call premium as additional income. The main market participants,
who use credit derivatives to enhance yield, are investment banks, hedge

funds, third party asset managers and speculators.

Like other derivatives, credit derivatives provide more efficient and
convenient way to manage risk than cash instruments. For example it is
cheaper and more convenient to assume a short position in a bond by
using credit derivative than the cash market. Since in the latter one, an
investor first has to borrow the bond in the Repo market and then try to
sell it in the secondary bond market. In addition, certain companies might
be restricted to short the bond in the cash market due to legal, tax, and

accounting regulations.

Credit derivatives can also be used for arbitrage if there is discrepancy
between the cash market and the derivatives market prices. Under some
assumptions', there is parity relationship between corporate bond and
credit default swap markets, which can be expressed by the following

equation:

Return on risk-free bond = Return on corporate bond - CDS spread

' According to Hull and White (2000) major assumptions in this arbitrage argument are: (i) bonds
are traded at par and have same maturity as CDS, (ii) market participants can short corporate and
risk-free bonds, (iii) interest rates are constant, and (iv) there is no counterparty default risk in a
CDS. In addition there may be tax and liquidity reasons that cause investors to prefer a risk-free

bond to a corporate bond, i.e. tax and liquidity premium in corporate bond yield.
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An investor can make arbitrage profit if this relationship is violated. If CDS
spread is less than return on corporate bond minus return on risk-free
bond, an investor can realize profit by shorting the risk-free bond and
buying the corporate bond and the credit default swap on the same

corporation.

Banks can use credit derivatives and especially credit default swaps to
reduce their regulatory capital. The Basel Accord’s capital adequacy ratio
requires banks to hold a minimum of 8% capital against the risk weighted
notional amount of risky assets appearing on their balance sheet. In the
new Basel Il Accord risk weights can vary from 0% to 150% based on the
issuer. When bank buys protection on a loan existing in its portfolio, by
entering into a credit default swap contract, the risk weight of the debtor is
substituted with the risk weight of the CDS seller. Hence, if bank buys
protection on the loan of BB-rated corporate (risk weight 100%), from AA-
rated sovereign entity (risk weight 0%) its regulatory capital reduces by 8%

of notional amount.

2.2.4 Relationship between CDS Spreads and Bond Spreads

As already stated, there should be hand-in-hand relationship between
CDS spreads and corporate bond spreads. However, this relationship
argument holds only approximately, because it is subject to many
assumptions, some of which do not hold in practice. For example, it is
often difficult and costly to execute arbitrage if it requires shorting of
corporate bond. Thus, price differences may exist in the market, especially
on the short term. In addition, there is strong evidence about liquidity
premium, and in the U.S., also tax premium component in corporate bond
spreads. As some corporate bonds are very illiquid on secondary market,
investors require much higher yield spreads on these bonds. This would
naturally be reflected in spread difference between CDS and bond,

assuming that CDS contracts are more liquid.
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Blanco et al. (2004) test validity of this theoretical parity relationship by
using sample of 33 U.S. and European investment-grade firms. They find
that the relationship holds well on the long term, suggesting that both bond
market and CDS market price credit risk equally. However, most
importantly, they find short-lived deviations from parity, which are due to
clear lead for CDS prices over bond prices in the price discovery process.
Thus CDS market reacts faster on new information about credit risk than
bond market does. In addition, Blanco et al. (2004) examine determinants
of changes in prices on those two markets, finding that structural variables
have greater immediate effect on CDS prices than on bond prices. Also
Chan-Lan and Kim (2004) examine price relationship and price discovery
process in the CDS and bond markets. They use only data of sovereign
issuers from emerging markets and in their results CDS market does not
dominate price discovery process. Authors conclude that main reason for
this different result compared to the Blanco et al. (2004) study, is that
sovereign bond markets usually are very liquid and generally price
discovery occurs in the most liquid market. Thus, based on this evidence it
is preferable to use CDS data when analyzing corporate credit risk, since

CDS market tends to be more liquid than corporate bond market.
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3 CREDIT RISK MODELING

There are two main approaches to modeling credit risk: structural models
and reduced form models of default. These models can be used to price
credit risk sensitive securities such as corporate bonds and credit default

swaps.

Structural approach has its origins in Black and Scholes (1973) option
pricing theory and the first structural model was introduced by Merton
(1974). In structural models the link with firm’s economic fundamentals is
explicit. The firm is assumed to default on its obligations when the firm’s
assets fall below the liability. Main parameters affecting default probability
are firm’s financial leverage, assets volatility and risk-free interest rate.
After Merton’s (1974) seminal work, the basic structural model has been
extended in different ways by Black and Cox (1976), Geske (1977) and
Longstaff and Schwartz (1995) among others.

Reduced form approach is more recent. First reduced form models were
introduced by Litterman and Iben (1991) and Jarrow and Turnbull (1995).
In contrast to structural approach, these models do not consider the
relation between default and firms economic variables in an explicit
manner. In reduced form models default is modeled by a stochastic
process with an exogenous hazard rate, which multiplied by a certain time
frame, results in risk-neutral default probability (Meissner, 2005 p.128).
The parameters affecting the hazard rate are inferred from market data of
firm’s defaultable instruments such as liquid bond prices or credit default

swap spreads.

Differences between structural models and reduced form models can also
be seen from informational perspective. Jarrow and Protter (2004) show
that the difference between these two model types can be characterized in

terms of the information assumed known by the modeler. Structural
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models assume complete knowledge about all of the firm’'s assets and
liabilities, thus modeler is assumed to have the same information as firm’s
manager. This implies that in most cases firm’s default time is predictable
and there is no short term default risk. In contrast, reduced form models
assume that modeler has incomplete information about firm’s condition,
akin to that observed by the market. This informational assumption implies
that the firm’s default time is usually inaccessible. Jarrow and Protter
(2004) argue that structural models can be transformed to reduced form
models by changing the information set from that observable by the firm’s

management to that which is observed by the market.

3.1 Structural Models

In structural models the probability of default and recovery rate are
modeled endogenously by analyzing firm’s capital structure, especially the
value of the firm’s assets compared to the value of the firm’s debt. The
basic idea in this model family is that firm’s equity can be viewed as a call
option on firm’s assets. If firm’s assets fall below liabilities, or some other
threshold, shareholders may “walk away” from their obligations and leave
firm’s assets to bondholders. Probability of not exercising call option (i.e.,

probability of default) can be calculated by using the Black-Scholes model.

Structural models can be divided into firm value models, first passage
models, liquidation process models and state dependent models. In firm
value models default can occur only at the maturity of the debt, despite
how low the firm value has been before the maturity. The first passage
models are based on more realistic assumption, i.e., default occurs when
the assets value drops for the first time below a pre-defined, usually

exogenous barrier, allowing default to occur at any time.

Liquidation process models and state dependent models represent two

recent efforts to incorporate different real-world phenomena into structural
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models. In liquidation process models, unlike in firm value models, control
of the firm is not assumed to be taken over by bond investors immediately
when its assets value fall below predefined barrier but it begins the
process, which might or might not cause liquidation after it is completed.
Recent theoretical and empirical research supports this practice and it is

consistent, for example, with Chapter 11 of the US Bankruptcy Law.

State dependent models assume that some of the parameters affecting
the firm’s ability to generate cash flow or its funding costs are state
dependent, where states can represent the business cycle (recession vs.

expansion) or the firm’s external rating.

In this study we present in more detail the Merton’s model and important
extensions by Black and Cox (1976) as well as Longstaff and Schwartz
(1995).

3.1.1 The Merton (1974) Model

In seminal paper Merton (1974) introduced his classical model to value
corporate liabilities. He combined the Black-Scholes option pricing
framework with the simple equation, shareholders’ equity (E) = company’s

assets (V) - company'’s liabilities (D).

Merton model assumes that firm is financed by equity E and single zero-
coupon bond with maturity T and the face value of D. If at maturity T the
firm’s assets value V7 is below the face value of debt D, the firm could not
repay debt and it defaults, bondholders take over the firm, and
shareholders receive nothing. Respectively if Vr > D, the firm doesn'’t
default and shareholders receive V7 - D. This assumption of very simple
capital structure implies that default can occur only at the maturity of zero-
coupon debt T and thus enables to treat the firm’'s equity as a European

call option with maturity T and strike price D.
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The rest of the assumptions that Merton (1974) adopts are: perfect capital
market, the value of the firm is invariant to changes on its capital structure
(Modigliani-Miller Theorem), flat term structure, and the most important
ones: continuous time trading and the market value of the firm’s assets

follows diffusion process given by

dv, = (a~AW,di+0,V,dW, (1)

Where, « is the expected rate of return on firm’s assets value, 4 is the

pay out ratio, o, is the assets volatility and W, is a standard Brownian

motion.

By applying Black-Scholes pricing formula, we can write the value of

equity as follows:

E,=V,N(d,)—e " DN(d,) (2)

Where, N(.) are the cumulative standard normal distribution function and

the expressions for d, and d, are given by:

lnLerTVOJ+IG§ (7)
g = D 2 3)
1 O'V\/T ’

a’zzdl—aVﬁ. (4)

Value of debt at time t is V, — E,. When debt value is known, which in

Merton’s model equals to the zero-coupon bond value, it is easy to
calculate firm bond’s yield to maturity and further yield spread over risk-

free bond.

One of the properties of Black-Scholes model is that, the probability that
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call option on firm’s assets is at the maturity in-the-money (D < V7) is

N(d,). Thus the probability that call option is out-of-the-money at the
maturity (D > V7), i.e., probability of defaultis N(-d,).

Default probability and credit risk can also be expressed with the help of a
put option: when equity holders borrow capital, they at the same time
receive a put option on firm’'s assets (with strike D and maturity T) from
bondholders. If at maturity, firm’s assets value is below present value of
debt Vr < D, firm defaults and equity holders deliver assets to the
bondholders at a strike price D, which equals present value of their debt
obligations. In this case bondholder's loss is D-Vr. This assumption
implies following relationship: risk-free bond - risky bond = put option.
Thus it is possible to get same payoff as in long position on risky bond, by

buying risk-free bond and selling put option on the firm’s assets.

Value of this put option is given by

Py ==V N(~d,)+ De”"" N(~d,) (5)
Rewriting
| _ N(_dl) -rT _
P, _[ N(—dz)VO + De ]N( d,) (6)

Where P, is the current value of put option and other variables are defined

in equation (2). Probability that put option is in-the money at the maturity

(i.e., default probability) is again N(-d,).

N(_dl)

In equation (6) the term V, reflects the recovery value, in case of

2

N(_d1)

default. Term [—
N(_dz)

Vs +De"TJ represent current value of the loss in

the event of default (i.e., loss given default) and multiplying this with

default probability N(—d,) results in present value of the default risk,
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which equals the put option value P,. (Meissner, 2005, p. 120)

In the Merton model, like in structural models generally, there are three
major determinants of credit spread. First is leverage: if in equation (5) D

is increased relatively more than ¥, and other variables stay unchanged,

value of put option will increase and thus credit spread will become wider.
Second is asset volatility: higher volatility means higher value of put
option. Third is level of risk-free interest rate, which’s relationship to credit
spread is negative. Higher risk-free rate makes firm value process to drift
at a faster rate from the default boundary and thus reduces default

probability.

One important drawback of Merton’s model is that it can only evaluate
European style options. Thus firm can default only at the maturity of the
debt, despite how low the firm’s value has been before the maturity (see
Figure 5). This is an unrealistic assumption and unfavorable to
bondholders. In practice bond contracts include safety covenants that give
bond investors the right to reorganize a firm if its value falls below a
certain point. This drawback has led to the emergence of first passage

models, in which premature default is allowed.
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0 T “Time
Figure 5 Default in the Merton model. Figure illustrates default in the firm value
approach. Here, default occurs only if the firm’s assets value is lower than the debt
value (D) at the maturity of the debt claim.

Other drawbacks of Merton’s model are: too simple assumption about
firm’s capital structure and assumption about a constant and flat term
structure. However, as usually in model constructing there is a trade-off
between realistic assumptions and ease of implementations. Merton’s
model places itself to the latter one and it has been an excellent basis for

developing more realistic, complex models.
3.1.2 The Black-Cox (1976) Model

The Black and Cox (1976) model is considered to be the first of the so-
called first passage models. The model assumes that debt contracts
include safety covenant, which gives bondholders the right to force the
firm to bankruptcy or restructuring, if firm's assets’ value falls below
specified level. This feature protects bondholders from further deterioration

of the firm’s assets (See Figure 6). Black and Cox specified this default

boundary as ¥, = Ce”"™, where C and y are exogenous constants. If the
assets value V drops below V, during time t to T, the bondholders take

over the firm. So default can happen at any point of time, not just at the

maturity date of debt.
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Figure 6 Default in the first passage approach. Figure illustrates default in the
first passage approach. These models assume that default occurs when firm’s
assets value drops below value of debt for the first time. This feature protects
bondholders from a further deterioration of the firm’s assets. This Figure includes
also Black and Cox type default boundary and illustrates risk-neutral drift of the
firm value process.

By extending the Merton model to incorporate more realistic default
condition, the Black-Cox model is able to generate credit spreads that are
more consistent with those observed in corporate debt market. However,
despite this advance, the Black-Cox model still share drawback of the
classical Merton model about the assumption of constant interest rates.
According to Longstaff and Schwartz (1995), this is difficult to justify in a

valuation model for risky fixed-income securities.

3.1.3 The Longstaff-Schwartz (1995) Model

In often-cited paper, Longstaff and Schwartz (1995) introduce model which
extends the Black and Cox (1976) model in two ways. It relaxes
assumptions about constant interest rate and strict absolute priority. In
addition, the Longstaff-Schwartz model assumes simpler default
boundary, which is exogenous constant K and an exogenous and constant

recovery rate 1-w.
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The Longstaff-Schwartz model includes stochastic interest rate process
given by the Vasicek (1977) model. Thus in their valuation framework
credit spreads for risky bonds are driven by two factors: an asset-value
factor and an interest-rate factor. They also derive closed-form valuation

expressions for fixed-rate and floating-rate bond.

Main implication of their valuation framework is that the correlation
between credit spread and interest rate is negative. The reason for this is
that an increase in the interest rate increases the drift of the risk-neutral
process for firm value V. As a consequence, firm value V drifts away at a
faster rate from the default boundary K and makes risk-neutral default
probability lower. This implication suggests that interest-rate sensitivity of
credit spread depends on how strong is the correlation between assets
return and changes in the interest rate. Empirical results of Longstaff and
Schwartz (1995) study are consistent with the implications of this two-

factor model.

Relaxing assumption about strict absolute priority in the case of default is
based on empirical evidence, which shows that strict absolute priority is
rarely upheld in distressed reorganizations.? In the Longstaff-Schwartz
model allocation of the firm’'s assets among claimants in case of
restructuring or bankruptcy is taken as exogenously given. By allowing
deviations from strict absolute priority makes model to generate higher

credit spreads.
3.1.4 Drawbacks and Recent Extensions of Structural Models
Despite of these improvements structural models still suffer from some

drawbacks. To implement structural models we need as inputs firm’s

assets value and asset volatility, which both are directly unobservable

? For example, Franks and Torous (1989) show evidence of deviations from strict

absolute priority in favor of stockholders.
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variables. However, if a company is listed it is possible to extract these two

pieces of information from the equity market price data.

Another drawback of structural approach is the predictability of default.
Since models assume that the firm's assets value follows continuous
diffusion process and modeler has complete information about firm’s
current assets value and default boundary, default is not a surprise event.
If firm’s assets value is well above default boundary, there is no short-term
default risk, because assets value needs a certain time to drop near to
default boundary. Because of this, models generate too low short-term
credit spreads, which are not consistent with credit spreads observed in
the market. Especially Merton’s model tends to generate too low short-
term credit spreads. That tendency stems also from the fact that the

Merton model allows default to occur only at the maturity of debt.

According to Giesecke (2004) there are two solutions to eliminate
predictability of default. The first is to incorporate jumps in the assets value
process, as in Kijima and Suzuki (2001), Zhou (2001) and Hilberink and
Rogers (2002). In these frameworks there is always a chance that the
asset value of the firm can suddenly drop below the default boundary. So,

default is not a predictable event anymore.

Second solution which leads to that default can not be anticipated is based
on a re-examination of the informational assumptions in the traditional
structural models. These so-called incomplete information models were
introduced by Duffie and Lando (2001), Cetin et al. (2002) and Giesecke
(2006). These models assume the modeler to have imperfect information
about firm’s value and default boundary. Thus there is always uncertainty

about the distance to default, and short-term default risk.

Incomplete information models are good examples of ongoing research
among credit risk models. Current research is concentrated to develop

models that are trying to bridge the gap between two main approaches.
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These kinds of new models include best features of both approaches: the
structural approach’s link between firm’s economic fundamentals and
credit risk, as well as tractability and empirical fit of the reduced form

approach.

3.2 Reduced Form Models

The above mentioned drawbacks of structural form models have lead to
emergence of reduced form models. As Jarrow and Protter (2004) states,
reduced form models were originally constructed to be consistent with the
information that is available to the market. Accordingly, in these models
information set doesn’t require detailed knowledge about the firm’s assets

and liabilities.

Reduced form models were introduced by Litterman and Iben (1991) and
Jarrow and Turnbull (1995). The proceeding studies include among
others, Jarrow et al. (1997), Duffie and Singleton (1997, 1999) and Hull
and White (2000).

In this approach default event is only of statistical or probabilistic nature.
Default is taken to be the first jump of a point process (for example a Cox
or Poisson process). Intensity of the process is determined by exogenous

variables, such as firm’s bond prices, CDS spreads or credit ratings.

Most of the models are constructed to use bond prices as main input.
However, there are also so-called rating models which were introduced by
Jarrow et al. (1997). These models use credit ratings as a main input and
by using historical rating migration matrices they model credit deterioration

and default probabilities.

Schmid (2004, p. 121) presents some advantages of the reduced form

approach. First, models do not require underlying asset value as input.
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Second, the default time is unpredictable and therefore short term credit
spreads are clearly positive and consistent with actual data. This approach
is also mathematically tractable and flexible to fit with observed market

data.

However, reduced form models have some drawbacks as well. As the
firm-specific asset-liability structure and the firm’s liquidity are not parts of
the analysis, there is no direct economic reason for default. In addition,
bonds are often quite illiquid, so it is often difficult to determine a fair mid-
market price. While rating models avoid this latter problem, they suffer
from other drawbacks. Rating models assume that bonds in the same
credit class have the same credit spread and thus, credit spread should
change only when rating is changed, which is not consistent with market
data (Annaert and De Ceuster 1999). Moreover, ratings are often done

infrequently and may not be recent enough to reflect current credit risk.
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4 PREVIOUS EMPIRICAL STUDIES

4.1 Empirical Performance of Different Credit Risk Models

In the last decade, credit risk modeling has been subject to increasing
attention in academic research. Despite of that, empirical literature
concerning credit risk pricing models is still relatively scarce. There is
especially little to tell us how well different reduced form models perform
and which approach, structural or reduced form, better represents default

risk.

Empirical literature on structural credit risk models has so far ended in
mixed results. Early studies by Jones et al. (1984) and Ogden (1987) test
the Merton’s model ability to predict credit spreads observed in the bond
market. In both studies the Merton model clearly underpredicts credit
spreads and according to authors there is evidence that introducing
stochastic interest rates in the model should improve the model's
performance. Eom et al. (2002) states that these early studies suffer, at
least at some extend, from the fact that until about 1982, nearly all
corporate bonds were callable. Thus, to be able to calculate yield spreads,

the estimates for the call option values are required.

Lyden and Saraniti (2001) use purely noncallable bond data and find that
the Merton model underpredicts spreads, but at a smaller extend than in
the studies of Jones et al. (1984) and Ogden (1987). In addition, Lyden
and Saraniti test the Longstaff-Schwartz (1995) model, which in their
sample also underpredicts spreads and does not perform better than the
Merton model in respect of prediction accuracy. A more comprehensive
study by Eom et al. (2002) examines the Merton model and four
improvements of it, introduced by Geske (1977), Leland and Toft (1996),
Longstaff and Schwartz (1995) and Collin-Dufresne and Goldstein (2001).
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The bonds in their sample are all noncallable bonds of firms with simple
capital structures during the period 1986-1997. In contrast to previous
studies they find that structural models do not systematically underpredict
spreads. In particular they find that the Merton and the Geske models
generate too small spreads, but the latter one to a considerably lesser
extent. The models of Leland and Toft, Longstaff and Schwartz, and
Collin-Dufresne and Goldstein lead to spreads that are too high on
average. However, the excessive spreads occur for the riskiest bonds,
while among very safety bonds in terms of high ratings, low leverage and
low volatility, most models still have underprediction problem. Authors
suggest that this can be explained by liquidity premium in credit spreads,

which is relatively higher in safety bonds.

Andersson and Sundaresan (2000) use slightly different methodology to
compare the original Merton model and some of more recent models
which incorporate endogenous default boundaries. To estimate these
models they use aggregate monthly time series data and test how well
spreads given by models correlate with observed yield spreads. They find
that the performance of the more recent models is somewhat superior to
the original Merton model. In addition, they find that models produce
default probabilities which are in line with the historical experience
reported by Moody’s. Same kinds of results were found also by Tarashev
(2005). He examines five different structural models by comparing model-
based default probabilities with the corresponding ex post default rates.
He concludes that, in general, theory-based default probabilities track
closely ex post default rates, also in different forecast horizons. Models
which incorporate endogenous default boundaries perform better than

models with exogenous default boundaries.

Papers by Ericsson and Reneby (2002), and Hull et al. (2004a) have
made an attempt to improve implementation of structural models. Both
papers also show that introduced new implementation approaches

provides a better fit to the observed credit spreads. Hull et al. (2004a)
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introduce a new way of implementing Merton’s model by using implied
volatilities of option. Ericsson and Reneby suggest maximum likelihood
method to estimate parameters of structural models. Their empirical
results strongly support this new approach and they suggest that
inefficiency of traditional estimating approach may explain weak empirical

performance of structural models in the past.

Duffee (1999) is one of the first to study how well reduced form model can
describe the behavior of individual corporate bond prices. He adapts the
Duffie and Singleton (1997) model and results suggest that the model is
reasonably successful at fitting corporate bond yields, as average error is
less than 10 basis points. In addition, the model produces more steeply-
sloped term structures of credit spreads for lower quality firms than term
structures for higher quality firms, which is consistent with observed credit

spreads.

Houweling and Vorst (2003) compare market prices of credit default
swaps with reduced form model prices. They show that, for investment
grade issuer, reduced form models, with a constant recovery rate and
polynomial hazard rate function, give more accurate estimates of default

swap premiums than bonds’ yield spreads do.

Gunduz and Uhrig-Homburg (2005) compare empirically the basic forms of
structural (Merton 1974) and reduced form (Jarrow and Turnbull 1995)
models by using credit default swap data. They show that although these
two models handle default timing and interest rates differently, the
prediction performances in cross-sectional and time series analyses are
on average similar. Also Arora et al. (2005) compared empirically these
two approaches. They find that more sophisticated structural model and
the reduced form model of Hull and White (2000) substantially outperform
the simple Merton model. The Hull and White (2000) model outperforms
sophisticated structural model in cases when a given firm had more than

10 bonds issued. These results confirm that reduced form models need for
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implementation a sufficient amount of liquid bond prices.

These findings of underprediction problem in structural models can be
explained by results of Huang and Huang (2003); they investigate how
much of the observed corporate-Treasury yield spread can be explained
by credit risk. After calibrating a wide range of structural models to match
historical default loss experience data, they find that credit risk accounts
for only a small fraction of observed yield spreads among safety bonds.
Results show that credit risk explains about 30% of observed spreads in
Baa-rated bonds, while in junk bonds credit risk accounts for a much

higher proportion.

Another possible explanation is liquidity premium component in credit
spreads, reported e.g. by Longstaff et al. (2005) and Chen et al. (2007).
Chen et al. (2007) examine relationship between corporate bond liquidity
and yield spreads. Their data set includes 4 000 corporate bonds and they
use three different measures of liquidity. In cross-sectional analysis,
depending on measure, liquidity alone explains 7% of variation in
investment grade bonds and as much as 22% of variation in speculative
grade bonds. Also results from analysis on changes in credit spreads
show that an increase in illiquidity is significantly and positively correlated
with an increase in yield spreads. So, authors argue that liquidity risk is
priced in the yield spreads and that the nondefault portion of the yield
spread is due to liquidity. Longstaff et al. (2005) use information from
credit default swaps market to investigate the size of the default and
nondefault components in corporate bond yield spreads. In contrast to
Huang and Huang (2003) they find that the default component accounts
for the majority of the corporate spread across all credit ratings. For
example, for A-rated bonds, the default component represents 56% of the
spread and for BB-rated bonds 83% of the spread. However, nondefault
component is still significant and authors test further whether it is related
to taxes or the illiquidity. They find that the nondefault component is

strongly related to measures of individual corporate bond illiquidity such as
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the size of the bid/ask spread and the principal amount outstanding.

Thus, based on this evidence credit risk models do not need to generate
as high credit spreads as observed spreads are, unless model is
constructed to also take into account non-credit risk components of actual
credit spreads. One example of such models is the Ericsson and Renault

(2002) model, which captures simultaneously liquidity and credit risk.

4.2 Empirical Evidence on Determinants of Credit Spread

Collin-Dufresne et al. (2001) investigate the determinants of credit spread
changes. They use monthly observations of straight U.S. industrial bonds
during the period of time from July 1988 through December 1997 and run
two kinds of regressions. In first regression they test the ability of
theoretical determinants, given by structural approach, to explain credit
spread changes. Results from this regression analysis show that impacts
of changes in leverage, risk-free rate and implied volatility are statistically
significant and signs of the estimated coefficients are in line with the
theory. However, these variables are able to explain only about 25 percent
of the observed credit spread changes. In addition, the results show that
residuals in this regression are highly cross-correlated and that they are
mostly driven by a single common factor. Therefore they run another
regression in which they include several financial and economic variables
as candidate proxies for this factor. This second regression has slightly
higher explanatory power, but still, none of these added non-theoretical
variables are able to explain common systematic factor that drives credit
spread changes and residuals were still highly cross-correlated. Authors
conclude that their findings suggest that credit spread changes in the

corporate bond market are mainly driven by local supply/demand shocks.

Zhang et al. (2005) explore the determinants of credit spreads by using

data from credit default swaps market. They concentrate especially on
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effects of volatility and jump risk, but use also credit rating, macro-financial
conditions and firms’ balance sheet information as explanatory variables.
In contrast to Collin-Dufresne et al. (2001) they use levels (not changes) of
CDS spreads as well as lagged explanatory variables. In their study CDS
data consists of monthly quotes on 307 reference entities from January
2001 to December 2003. The results show that the regression with
volatility and jump variables alone explains 54 percent of credit spreads.
After including in regression all other variables R? increases to 77%, and
volatility and jump measures are still the most significant factors. In
addition, authors find that the sensitivity of volatility and jump risks is
clearly higher among lower rated entities and measures of these two types
of risks show strong nonlinear effects. Overall, they conclude that their
results are consistent with the implications from structural models which

incorporate stochastic volatility and jumps.

Also Ericsson et al. (2005) investigate the relationship between theoretical
determinants of credit risk and actual CDS spreads. They use daily data
on U.S. companies from years 1999-2002. Regressions are implemented
in various ways as well as based on both levels and differences in
variables. Results show that in every regression the estimated sign for the
coefficient on leverage and volatility is positive. Moreover results on these
two variables are robust across specification, that is, whether regression is
done on cross-sectional or time-series dimension and whether the
estimation is based on levels or differences. Also results on riskless
interest rate are in line with theory as it gets mostly the negative sign. The
explanatory power of the theoretical variables for levels and differences in
CDS spreads is 60% and 23%, respectively. To understand the structure
of the remaining variation in the data better, the authors perform principal
components analysis on the residuals. Unlike in study by Collin-Dufresne

et al. (2001) only weak evidence for a residual common factor is found.

Campbell and Taksler (2003) and Cremers et al. (2004) study the effect of

volatility on corporate bond spreads. Although using different measures for
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volatility, both studies confirm that it is an important determinant of credit
spread. Campbell and Taksler (2003) investigate particularly the influence
of idiosyncratic volatility, which can move differently from market-wide
volatility. They find that aggregate corporate credit spreads widen during
periods of higher idiosyncratic risk. Based on long-term time-series
analysis, they argue that upward trended idiosyncratic volatility is able to
partly explain simultaneous increases in credit spreads and in stock prices
in the late 1990s. Cremers et al. (2004) use implied volatilities from at-the-
money and out-of-the-money stock options as measures for volatility and
jump risk variables. Their results show that forward-looking option-based
volatility contains important information for credit spreads. In their
benchmark regression implied volatility and implied-volatility skew, which
they use as a measure of jump risk, are able to explain 32% of variation in
credit spreads. Also after including historical volatility and other control
variables in regression, the effect of these two variables remain statistically

and economically significant.

Comparison of results from these different studies is quite difficult for a
number of reasons. First of all, these studies are performed on different
types of data, either CDS or bond data is used and also frequency of
observations varies across studies. Results can also be affected by
choices about measures of determinants, number of variables used in
regressions and type of regression model used in analysis. In addition,
when comparing results, a difference should be made between whether
analysis is performed using levels or changes in variables. Before we
present our own empirical analysis, we summarize results from relevant
previous studies in Table 1 to get a clearer and more detailed picture of
results from these studies. As many different regressions are performed in
these studies, we choose to present results that are in our view the most

representative of overall results.
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Table 1. Results from Previous Studies. Table presents an overview of the relevant
previous studies on determinants of corporate credit spread. First column presents
explanatory variables used in these regressions. Horizontal plane show estimated
coefficient and t-statistics in parentheses for each variable in particular regression. Two
lowest rows show explanatory power and number of different bonds or CDSs used in
regression.

Collin- . .
Authors Dufresne Ericsson Ericsson Cremers
et al. (2001) et al. (2005) et al. (2005) et al. (2004)
Monthl Dail Dail Weekl
Data type Changeys Changes Leve)lls Levelg
Bond/CDS data Bond CDS CDS Bond
Sample period 1988-1997 1999-2002 1999-2002 1996-2002
Intercept 0.016 0.012 7.304 -0.552
(t-stat) (10.00) (1.74) (1.90) (-8.69)
Leverage 0.007 0.048 0.054
(4.89) (6.18) (6.09)
10-year yield -0.140
(-30.23)
2-year yield -0.118 -0.625
(-1.93) (-1.62)
(10-year yield)? -0.001 -0.116 0.064
(-0.05) (-1.23) (1.71)
Slope of yield 0.001 -0.055 -0.064
curve (0.07) (-0.61) (-0.43)
S&P 500 return -0.015 -1.104 -1.122
(-29.56) (-2.79) (-1.72)
S&P500 0.004 -0.003 0.631
volatility smirk (18.50) (-0.01) (1.39)
S&P 500 0.002 -1.528
implied volatility (3.44) (-7.07)
S&P 500 -0.237
volatility skew (-4.87)
S&P 500 5.016
hist. volatility (20.05)
Equity 0.007 0.012 0.608
hist. volatility (4.81) (4.36) (6.16)
Firm-specific 2.908
implied volatility (23.13)
Firm-specific imp. 0.200
volatility skew (11.95)
Adjusted R? 0.23 0.30 0.73 0.41
N 162 78 81 189

As can be seen from Table 1, results for the structural variables are quite
in line with each other across different studies. Impacts of leverage, risk-
free interest rate and volatility are statistically significant with a same sign

as predicted by the theory. However, there is a lot of variation in overall
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explanatory power of these different regressions. Main reason for this is
differences in methodologies employed in analyses. Collin-Dufresne et al.
(2001) and Ericsson et al. (2005) use similar methodology in which they
run time-series regressions for every individual company in sample,
whereas Cremers et al. (2004) use panel data technique. Ericsson et al.
(2005) use also panel regressions (results are not reported here) and
results from these regressions show clearly lower explanatory power than
results using series of time-series regressions. Large difference in
explanatory power of different regressions may also arise from the choice
of datatype. Generally, regressions based on levels indicate much higher

explanatory power than regressions based on changes data.
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5 EMPIRICAL ANALYSIS

5.1 Hypotheses

We begin our empirical part by presenting main hypotheses. As already
stated, we investigate the determinants of CDS spread. In particular, we
concentrate on testing the explanatory power of the factors implied by
structural credit risk models, but in addition, we also use other explanatory
variables to test whether there are other important determinants of credit
spread. We follow Collin-Dufresne et al. (2001) and refer to factors implied
by structural approach as theoretical determinants of credit spread and to
other factors as non-theoretical determinants. Compared to previous
studies we use slightly different measures for some variables. As new
variables we introduce firm equity’s abnormal return and spread difference

between high and low-rated bonds.

5.1.1 Hypotheses on Theoretical Determinants

H1: The relationship between leverage and CDS spread is positive.

In structural approach, a firm is assumed to default when its assets’ value
drops below value of debt, that is, when its leverage ratio exceeds one.
Increase in leverage leads to higher default probability and thus to higher
CDS spread. Also equity return should affect in the same way, since in

practice leverage is calculated using market value of equity capital.

H2: The relationship between volatility and CDS spread is positive.

The structural approach implies that the debt claim has features similar to
short position in a put option. Increase in volatility leads to higher option
value and lower value of debt claim, resulting in higher credit spread. This
prediction is intuitive since higher volatility makes assets value more likely

to reach default boundary. In this study we use two different measures for
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volatility, historical volatility and implied volatility, due to its forward looking

nature.

H3: The relationship between risk-free spot rate and CDS spread is
negative.

Risk-free spot rate is another factor that appears in all structural models.
Spot rate affects default probability through the risk-neutral drift of the firm
value process. Higher spot rate makes firm value process to drift at a
faster rate from the default boundary and thus reduces default probability.
So, theory predicts that an increase in the riskless interest rate will lead to

a decrease in credit spreads.

5.1.2 Hypotheses on Non-Theoretical Determinants

H4: The relationship between economic condition and CDS spread is
positive.

In addition to default probability, changes in credit spreads can occur due
to changes in the expected recovery rate or risk premium. By including
business climate as one of the determinants in our analysis, we expect to
capture some variation in these two variables. Altman and Kishore (1996)
show that recovery rates are not constant over time and it is reasonable to
believe that expected recovery rates are lower at the time of weak
economic conditions. Also variation in risk premiums is related to
economic conditions, as premiums are higher in times of recession. We
use purchasing managers’ index and equity market return as measures of

economic condition.

H5: The relationship between yield curve slope and CDS spread is
negative.

The slope of the yield curve does not appear in most of the structural
models directly. However, for example in Longstaff and Schwartz (1995)
model with stochastic interest rate, short-term interest rates are in the long

run expected to converge to long-term interest rate. Hence, an increase in
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the slope should lead to an increase in the expected future spot rate and
lower CDS spread, as has been pointed out above. On the other hand, an
increase in yield curve slope may also imply an improving economy and

thus lead to lower CDS spread.

H6: The relationship between credit spread difference of BBB and
AAA -rated bonds and CDS spread is positive.

To be able to capture variation in risk premiums, we include spread
difference between BBB and AAA -rated bonds as an explanatory variable
in our analysis. As pointed out by Fama and French (1989) the variation in
risk premium is stronger for low-grade bonds than for high-grade bonds.
Thus, narrowing credit spread between these two rating categories
suggests lower risk premium. Naturally we expect a positive relationship

between spread difference and corporate CDS spread.

5.2 Data

All data, except book value of total liabilities, is obtained from Datastream
and it consists of monthly observations during time period 01.01.2003-
31.12.2006. The reason for the use of monthly observations is the aim to
reduce noise, because for some reference entities, available CDS data is
not liquid enough to be used on weekly basis. This is the case especially
at the beginning of the sample period and at some generally quiet periods
on the market. To better illustrate features of CDS data and change in its
liquidity, we display in Figure 7 time series graph of Nokia’s CDS spread

during our sample period.
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Figure 7. Nokia’s credit default swap spread. Figure shows time series of Nokia
Corporation’s CDS spread during January 2003-December 2006. Figure demonstrates
how the liquidity has improved from the beginning to the end of the period. Also the
changes of the CDS spread of Nokia represent well overall development of CDS spreads
of companies included in our sample. (Source: Datastream)

All companies in our sample are listed companies, since our analysis
requires stock price information. We include in our sample only non-
financial companies from the Eurozone countries. This makes companies’
balance sheet information (i.e., leverage ratio) more comparable and
allows us to use single risk-free interest rate for all entities. In addition, we
excluded from our final sample such companies, for which not enough
high quality data was available. Our final sample consists of CDS and firm-
specific data on 50 companies and of 48 monthly observations on each
company. Appendix 1 presents companies that are included in final

sample.

Following most previous studies we do not use lagged variables. This
means that our CDS and explanatory variables values are from the same
date which is the last trading day of the month. This is because we
concentrate more on finding main determinants of credit spread changes,

not on a prediction of credit spread.
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It should also be noted that for the first month in our sample period
(January 2003) changes are calculated relative to the first day of the same
month, since our CDS data is available only from the beginning of year
2003. However, data for subsequent months is calculated normally using

month end values.

Credit Default Swap Spread: We use monthly quotes on 5-year CDS
contracts, since CDS with this maturity are most liquid. In particular we use
credit default swaps only with senior secure priority. Quotes used are so-
called mid-quotes that are averages of bid and offer quotes. CDS spread

of firm i at time t is denoted as cds, .

Leverage: For each corporate we calculate monthly leverage ratios by
using market value of equity and book value of total liabilities obtained

from Thomson One Banker. The leverage ratio (lev, ) is defined as:

Book Value of Total Liabilities

(7)
Market Value of Equity + Book Value of Total Liabilities

Book values of total liabilities are usually available at the quarterly level
but for some companies in our sample only semi-annually. In addition total
liability values are available from database on every last day of the
account period, not on their release date. Since we update debt values at
the end of each quarter, in our sample debt values are updated earlier
than they are actually released. However, this should not bias our results,
since on average, markets are able to estimate future debt values fairly

well and surprises in this balance sheet item are rare.

Equity return: In addition to leverage we use firm’s equity return (egret, )

as a proxy for firm’s health. Even thought equity market information is
included in leverage equation, use of pure equity return variable allows us

to test the effect of equity market information more directly. We calculate
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continuously compounded monthly returns (i.e., log-returns) from total
return indexes on each firm’s equity. Use of log-returns is motivated by the

fact that they are better normally distributed and symmetrical.

Abnormal return: As in addition to firm’s equity return, our analysis
includes also market’s return, there may be some multicollinearity
problem, because equity returns includes also systematic risk. Therefore
we choose to use also firm equity’s abnormal return as another alternative
proxy for firm’s health. We expect that this variable enables us to capture
better changes in firm-specific information. In addition we expect that
equity’s abnormal return together with market’s return provide better
information than market return and basic equity return, since they both add

different type of information in our regression. We measure firm equity’s

abnormal return (abnret, ) as follows:

abnretit = Rit - E(th) (8)
where

E(R,) = ry + Bi(ER,,)- rf) 9)

Since expected market return, E(R,), is not available, we use realized
market return to estimate expected equity return, E(R,). Because f3-

coefficients changes over time, we estimate betas on every month by
using running window of 250 past daily returns. DJ STOXX 50 Index is
used as a proxy for the market portfolio, relative to which each firm’s beta

is calculated.

Historical volatility: Each firm’s equity prices and a running window of

250 days are used to estimate historical volatility (kistvol,) for every

month.

Implied volatility: As another measure of volatility, we use firm-specific
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implied volatility (implvol,) Continuous implied volatility time-series, on
each firm, are obtained from Datastream. This time-series data is
calculated on a daily basis from the two put options nearest to at-the-
money strike, one with strike price above and another with strike below the

underlying price.

Risk-free interest rate: We use the yield of the 2-year German

government bond as the proxy for the risk-free rate (»>*). As all

t
companies in our sample are from euro area, we are able to use this rate

for all companies.

Yield curve: In order to measure the slope of the yield curve (slope, ) we

use the difference between 10-year and 2-year German government bond
yields. We interpret the economic influence of the yield curve as conveying

information on business conditions.

Market return: We use monthly log-returns on the DJ STOXX 50 Index as
the proxy for the overall business climate. Monthly market returns

(mrktret,) are calculated using total return index.

Purchasing managers index: U.S. ISM Purchasing Managers Index

(ism,) is used as another measure of economic condition. We use U.S.

index because it is one of the leading and one of the most followed
indicator of the U.S. and world economy. In addition majority of companies
in our sample act on global markets, so they are affected by the

development of world’s economy.

Spread difference: Spread difference (sprdiff,) is calculated using yields

on “Merrill Lynch EMU Corporation AAA 5-7Y” index and “Merrill Lynch
EMU Corporation BBB 5-7Y” index. Former index consists of AAA-rated
bonds and the latter one of BBB-rated bonds. Average yield-to-maturity on

bonds in these indices represents the yield which investor can earn at
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certain point of time by investing for example in AAA-rated bonds with
maturity of 5-7 years. We collect yield-to-maturity time-series data on
these particular indices from Datastream. By subtracting the yield on AAA-
rated bonds from the yield on BBB-rated bonds we get the risk premium,

which is required by investors for bearing the additional credit risk.

Overall we have ten different explanatory variables to be used in
regressions. For all of these variables except implicit volatility we have
complete datasets, that is, for each company i we have 48 monthly
observations. In case of implied volatility, data is not available for six
companies in our sample and for some companies data is available only

for shorter period than our sample period is.

Since in previous studies determinants of credit spread are investigated
using changes and levels of credit spread, we follow Ericsson et al. (2005)
and perform our benchmark analysis also on both changes and levels.
Thus, we collect two different datasets. One of which includes changes
over past month in CDS spread and explanatory variables. Another
dataset includes actual levels in CDS spread and explanatory variables.
However, in both datasets equity returns and market returns are in the
same form. Table 2 shows explanatory variables that are used in both

types of our regressions.



48

Table 2. Explanatory Variables and Their Expected Signs. Table show used
explanatory variables and their expected signs of the coefficients in changes and levels
regressions.

Predicted
Variable Description Sign
lev, Firm’s leverage ratio +
Alev, Change in firm’s leverage ratio +
histvol,, | Firm’s equity historical volatility +
Ahistvol,, Change in firm’s equity historical volatility +
implvol, | Firm-specific implied volatility +
Aimplvol,, Change in firm-specific implied volatility +
777" | Yield on 2-year German government bond -
Ar e Change in yield on 2-year German government ]
bond
slope, 10-year minus 2-year German government bond -
Aslope, Change in 10-year minus 2-year German ]
government bond
ism, ISM Purchasing Managers Index -
Aism, Change in ISM Purchasing Managers Index -
sprdiff Spread difference between AAA-rated and N
BBB-rated bonds
Asprdiff Change in spread difference between AAA- N
rated and BBB-rated bonds
eqret, | Return on firm’s equity -
abnret, | Abnormal return of firm's equity -
mrktret, | Return on DJ STOXX 50 Index -

5.3 Descriptive statistics

This subsection illustrates the descriptive statistics related to the
dependent variable and to the explanatory variables used in our analysis.
Also pairwise correlations between all variables are discussed here. Table
3 shows descriptive statistics and correlation matrixes are displayed in

Appendix 2.
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Table 3. Descriptive statistics. Table shows descriptive statistics for all variables that
are used in changes and levels regressions. Due to unavailability of implied volatility for
certain companies, total number of observations is slightly lower for implied volatility than
for other variables.

Variable Mean Max. Min. S;(\j, Skewness Kurtosis Obs.
cds,, 50.638  460.000 6.000 37.895 3.657 27.358 2400
Acds,, -1.654 182500 -152.500 11.851 -0.706 55.340 2400
lev, 55.225 91.328 4360 17.703 -0.404 2.865 2400
Alev, -0.235 36.692 -25.953  2.395 2.450 54590 2400
histvol,, 26.380 110.423 10.807 11.810 1.792 7.324 2400
Ahistvol,, -0.503 20.726  -19.077 1.980 -1.008 20.921 2400
rf‘y “r 2.695 3.888 2.009 0.484 0.904 2.748 2400
Arf’ye“’ 0.022 0.374 -0.389  0.167 -0.114 2546 2400
slope, 1.120 1.784 0.041 0.552 -0.499 1.923 2400
Aslope, -0.027 0.217 -0.229  0.092 0.168 3.129 2400
ism, 55.777 63.200 46.400  4.201 -0.040 2,565 2400
Aism, -0.035 4.500 -3.200 1.825 0.540 2.664 2400
sprdiff, 75.860 182.100 52.000 29.425 2.418 8.051 2400
Asprdiff, -2.258 11.400 -37.300 7.920 -1.726 9.074 2400
implvol, 26.446 76.970 4740 9.248 1.553 6.200 1880
Aimplvol,  -0.404 66.240 -35.370 6.364 1.894 27.503 2018
eqret, 1.642 32170 -40.629 6.812 -0.206 5.421 2400
abnret, 0.691 27.821  -38.012  5.960 -0.228 5.565 2400
mrktret, 1.048 10.406 -11.127  3.156 -0.770 6.977 2400

Average changes in variables showed in Table 3, are quite intuitive when
take into account general development of markets and economy during
our sample period. Due to improving economical conditions 2-year interest
rate has increased, yield curve has changed from upward-sloping to
almost flat, stock prices have risen and volatility decreased. Also CDS
spreads have decreased during sample period as their average change is
about -1.65 basis points. Interestingly, abnormal return is on average

clearly positive.

When examining distributions of variables, we find that none of the

variables is normally distributed. Distributions on CDS spreads and on
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majority of explanatory variables are leptokurtic, which is typical for data in
financial research, particularly with large sample size. Only for leverage
ratio and change in slope a kurtosis coefficient is close to 3, which is the
level of kurtosis for normally distributed data. However, a skewness
coefficient on these variables and also for other variables shows that they
are not symmetrically distributed. So, Jarque-Bera test for normality, which
is based on skewness and kurtosis, rejects null hypothesis in case of each
variable. Since one of the assumptions in regression analysis is the
assumption of normally distributed residuals, clear non-normality of

variables may lead to violation of this assumption in further regressions.

Pairwise correlations between individual variables are shown in Appendix
2. Correlation matrix is used to investigate possible multicollinearity
between pairs of explanatory variables. Not surprisingly, correlation
between equity return and abnormal return is very high, over 90 percent.
Thus, due to this strong collinear relationship it is clear that these variables
can not be used as explanatory variables in the same regression. To
choose which one of these alternative measures of firm's health is
preferable to use in regressions, we analyze which one of these variables
is less collinear with other explanatory variables. When checking other
correlations, equity return turns out to be much more correlated with
market return as well as slightly more correlated with leverage, than

abnormal return is.

However, collinear relationship may involve more than two of the
explanatory variables, which may not be detected by examining pairwise
correlations. Thus, to get a better insight of the collinearity of equity and
abnormal return with all other explanatory variables we estimate so-called
“auxiliary regressions”. In these OLS regressions we explain variation in
each explanatory variable by variation in all other remaining explanatory
variables. Results from these auxiliary regressions are shown in Appendix
3. From these results we can see that other explanatory variables explain

equity returns clearly better than abnormal returns. Thus, it is presumable
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that equity return is more collinear with other variables than abnormal
return is. Based on this analysis we choose to use abnormal return as a

measure of firms’ health in our regressions.

In Appendix 2, Panel B shows correlations for variables in levels. From
these correlations we find one too high correlation, which is between
historical volatility and implied volatility. In this case we choose to not
include implied volatility as an explanatory variable in our regressions that
are based on levels data. This would also increase number of
observations included in regressions, since our implied volatility data is

incomplete.

5.4 Methodology

We use linear OLS regression model to investigate the determinants of
CDS spread. Since our data contains both cross-sectional and a time
series dimensions we are able to use panel data regression framework.
Previous studies on determinants of credit spread that have used panel
data regressions are Campbell and Taksler (2003), Cremers et al. (2004)
and Ericsson et al. (2005). We introduce first some benefits of panel data
and basic concepts of panel regression. At the end of this subsection we
introduce regression models that are employed in our analysis.
Regressions are estimated using econometrical program EViews 5.1.

Panel data methodology presented here is based on Baltagi (2001).

Panel data obviously includes more information than pure time series or
cross-sectional samples. Thus, use of panel data gives more degrees of
freedom and permits more efficient estimation. It also reduces collinearity
among variables, compared to pure time series data, since the cross-
section dimension adds more variability. Another important benefit of
panel data is that it is able to account for heterogeneity of individual cross-

sections. This is especially important feature if there are some e.g. firm-
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specific variables that are hard to observe or difficult to measure and thus

include in the regression.

The panel data regression differs from a regular time-series or cross-

sectional regression in that it has a double subscript on its variables, i.e.,

yit:a+X'itﬂ+uit (10)

with / denoting companies and t denoting time. So, the subscript i denotes
the cross-section dimension while t denotes the time-series dimension. «
is a constant term, S is a slope vector of each explanatory variable and

X' t th

is the it ™ observation on each explanatory variable. Usually in panel

it

data applications error component u, is divided on two parts:

u, =H;, +&, (11)

where x4, denotes the unobservable heterogeneity and ¢, denotes the
remainder disturbance. u, is constant over time and it accounts for any
individual-specific effect that is not included in the regression, whereas ¢,

varies with individuals and time and can be thought of as the usual

disturbance in the regression.

There are a lot of different model specifications that can be applied in
panel data regressions to detect additional features of the data. Here we
briefly introduce three different specifications, which are: basic panel data

regression model, fixed effects model and random effect model.

Basic Panel Regression: The basic model assumes that there is no
unobservable heterogeneity between cross-sections. So, in this case the
regression model would be as in equation (10) and ordinary least squares

provide consistent and efficient estimates of the common « and the slope
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vector .

Fixed Effects Model: If there is individual-specific effect, that is not
included in the regression and which is correlated with X, , then the least
squares estimator of g is biased and inconsistent as a consequence of

omitted variable. However, in this case we can use the following model:

yix:ai+X'iz/8+gir (12)

In this model, the p are assumed to be fixed parameters and ¢, are

assumed to be independent and normally distributed for all individuals and
in all time periods. It follows that all behavioral differences between
individual cross-sections are captured by the intercept. The fixed effects
model is an appropriate specification if we are focusing e.g. on a specific
set of companies and our inference is restricted to the behavior of these

sets of firms.

Random Effects Model: If there is unobserved individual heterogeneity
which is assumed to be uncorrelated with the included variables, then it is

possible to use following model:

vi=a+X', B+u teg, (13)

This model specification assumes that x are random and are not

correlated with explanatory variables. Here the unobserved heterogeneity

is captured by the error component  and intercept is the same for all

cross-sections.

The fixed effects model is also called a dummy variable model and the
random effects model sometimes bears the name error component model.

The main distinction between these two model specifications is whether
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the unobserved individual effect contains elements that are correlated with
the regressors, and thus, the way in which the intercept is treated. In
addition to these two extensions of basic panel regression it is also
possible to perform such regression model in which intercept can vary

over time. Alternatively, it is also possible to allow slope vector g to vary

across individuals and/or over time.

However, we use only the basic panel regression and the panel regression
with fixed effects over cross-sections in our analysis. Fixed effects
specification is used to capture possible firm-specific effects that are not
included in our regressions. It is also more appropriate for our analysis
than random effects specification, because we assume that omitted firm-
specific features correlate with regressors. Examples of such features are
e.g., firm’s industry, liquidity of firm’s CDS instruments, firm’s reputation as

a borrower and corporate governance.

Regression analysis requires that data of the dependent variable is
stationary. From this point of view the use of changes data is preferable,
because data in levels may be integrated, especially if the time period
covered by the data is relatively short as it is in our case. Therefore,
before using levels data in our regressions, we perform a panel unit root
test for it. Test results show that our CDS data in levels is stationary. Thus,
we are able to test the theory with both changes and levels data. It is
worth to mention that changes are harder to explain than levels and a
regression on changes should therefore provide a more challenging test of

the theory.

Our regression analysis can be divided on three parts; first we perform
regressions based on changes data and then in second part we use
similar regressions for levels data. Using both datasets we estimate two
kinds of regressions. In first regression we include only explanatory
variables that are according to the theory the main determinants of credit

spread, that is, the leverage, the firm’s equity volatility, and the risk-free
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interest rate. In particular, we use historical volatility because our implied
volatility data is incomplete. In the second regression, which we estimate
using both datasets, we include all other explanatory variables to see how
well these additional variables can explain variation in CDS spread. Note
however, that from changes regression we exclude equity return variable
and from levels regression we exclude equity return and implied volatility
due to near collinearity. In third part of our empirical analysis we perform
regressions with fixed effects over cross-section on both datasets, but
using only regression models with all explanatory variables, since this
would be sufficient to make the point about possible heterogeneity of

individual companies.

So, for the changes data we estimate following two regressions:

(i) Acds, = a+ B,Alev, + B,Ahistvol, + B,Ar 7" + &, (14)

Acds, = a + BAlev, + B,Ahistvol, + B,Ar "
(i) + p,abnret, + Bsmrktret, + S Aimplvol, (15)
+ B, Aslope, + P Asprdiff, + ByAism, + &,

These regressions, based on changes data, can be thought to represent
more time-series dimension, because they indicate for example, how CDS
spread changes for a given company as the company’s equity volatility
changes. Thus, from a managerial perspective of corporate finance these

regressions are of most interest.

For the levels data we estimate following two regressions:

(iii) cds, = a+ Blev, + B,histvol + B +& (16)

it

cds, = a+ Blev, + B,histvol, + B, + B,abnret,

(iv)
+ psmrktret, + Bgslope, + B sprdiff, + Pgism, + ¢,

(17)
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These regressions in levels have more cross-sectional perspective and
they indicate how CDS spreads differ between companies because of

differences in leverage, for example.

Finally, in the third part we estimate following regressions with cross-

sectional fixed effects:

Acds, = a, + f,Alev, + B, Ahistvol, + By Ar, "
(v) + B,abnret, + Psmrktret, + B, Aimplvol, (18)
+ [, Aslope, + [, Asprdiff, + B,Aism, + &,

cds, = a, + Blev, + B,histvol, + B,r> " + B,abnret,
+ Bsmrktret, + Bislope, + B, sprdiff, + Pgism, + &,

(vi) (19)

In these regressions the only difference to the previous ones is that the
intercept is estimated for each company. In the former regression the
intercept shows does the company-specific information, omitted from the
regression, affect CDS spread changes over time. In the latter regression
the intercept captures such company-specific information that affects

levels of CDS spread.

All regressions are performed using the White diagonal method for
computing coefficient covariances. This method is robust to observation-
specific heteroskedasticity in the disturbance terms and it is more
restrictive than the White cross-section or period methods. Diagonal
method is more appropriate if observations in the same cross-section or

period have different variances.
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6 RESULTS

In this Section we present and discuss results of regressions. The results
are presented of regressions using changes data, levels data and fixed
effects, respectively. In robustness analysis we perform two additional
regressions; in first of those we split our sample into two groups by
creditworthiness of companies and in another we split our sample into two

parts by time period.

6.1 Results from Regressions Using Changes Data

The results from changes regressions (i) and (ii) are presented in Table 4.

Table 4. Results from Regressions Based on Changes Data. Table
shows results from OLS panel data regressions (i) and (ii). Two lowest
rows show total explanatory power and number of observations included
in regression. Associated t-statistics are reported in parentheses under
the coefficient estimates. *** Indicates significance at 1% level, ** at 5%
level, and * at 10% level.

Variable Prtnéc_iicted Regression
'on (i (i1

Intercept -0.882 0.350

(t-stat) (-3.40)** (0.93)

Leverage + 0.468 -0.021

(4.16)*** (-0.23)

Historical volatility + 1.239 0.670
(5.42)*** (3.04)***

Risk-free rate - -1.826 -1.923

(-1.21) (-1.24)

Slope of yield curve - -7.437
(-1.98)**

Spread difference + 0.459
(7.28)***

DJ STOXX 50 return - -0.503
(-3.56)***

Abnormal return - -0.134
(-2.30)**

Implied volatility + 0.037

(0.67)

ISM - 0.049

(0.33)

Adjusted R? 0.056 0.199

N 2400 2018
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Results in Table 4 show that in regression model including only theoretical
variables, leverage and volatility are statistically significant, whereas risk-
free interest rate is not. In addition, total explanatory power from this
regression is surprisingly low. However when we turn to regression (ii)
results, which include additional variables, the explanatory power
increases substantially and most interestingly, leverage become
insignificant as its f-statistic drops close to zero. Thus, additional variables

are able to explain quite well changes in CDS spread.

The most surprising result from regression (ii) is that change in leverage
ratio is not statistically significant determinant of change in CDS spread.
Our view is that main reason for this result is the way how leverage is
calculated. Changes in leverage are affected by two ways; change in total
liabilities and change in equity market value. Since amount of total
liabilities is updated quarterly or even semiannually, the effect of change in
total liabilities, during that particular time period, comes at once in that
month when it is updated. This is quite unrealistic. On the other hand,
changes in market value of equity are observed much more frequently and
they contain important information about firm’s financial health. As market
value of equity is updated every month it adds variability on monthly basis
in leverage ratio. This is why leverage ratio is able to explain CDS spread
in regression (i), but when we include additional variables in regression (ii),
abnormal return and market return are able to capture the same
information as market value of equity in leverage equation. Thus, leverage
is not able to explain changes in CDS spread anymore. This result
confirms that equity price include important information about firm’s
financial health and credit risk. The challenge is to include changes in total
liabilities more realistically in the analysis. Otherwise it is better to use
equity return as the measure of firm’s financial health instead of leverage

ratio.

Historical volatility is statistically significant in both regressions and

estimated sign for it is positive. This is consistent with theory and empirical
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findings of previous studies. Results from equation (ii) suggest that, other
things equal, an increase of one percent in historical volatility should
increase spread on firm’s CDS contracts by about 0.67 basis points. In
contrast to Cremers et al. (2004), changes in implied volatility are not able

to explain changes in CDS spread in our study.

Slightly surprisingly, our results show that risk-free interest rate is not
statistically significant determinant of CDS spread. However, closely
related variable, slope of the yield curve, is shown to have statistically and
economically significant effect. An increase in the yield difference between
10-year and 2-year risk-free rates by 100 basis points is associated with a
CDS spread decrease of about 7.44 basis points. These results are in
contrast to previous studies in which risk-free interest rate have been
generally significant determinant and slope of the yield curve insignificant.
Despite that, these results are somewhat intuitive, because slope of the
yield curve affects expectations about future short-term rate. Thus, purely
theoretically, only unexpected changes in 2-year interest rate should have
impact on CDS spread. This finding also supports structural models with
stochastic interest rate, such as the Longstaff-Schwartz (1995) model,

which include yield curve as one of the inputs.

ISM Purchasing Managers index, which we use as a measure of economic
condition, perform very poorly in explaining CDS spread changes. To get a
better insight of its ability explain spread, we performed additional
regression from which we excluded market return, another measure of
economical condition. Thus, we are able to see whether market return
captures and includes the same information as ISM in regression model.
However, results show that even though t-statistic of ISM increases in
regression without market return, it is still very low. Reason behind weak
explanatory power of ISM index might be the nature of the index. ISM
index value above 50 indicates that the manufacturing economy is
generally expanding and value over 42.7 indicates that overall economy or

GDP is generally expanding and vice versa. So if the index value is for
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example 60 and it decreases couple of points, it still means that economy
grows very fast and thus credit spreads does not necessarily need to

increase.

Interestingly, change in risk premium, measured as change in spread
difference between AAA-rated and BBB-rated bonds, has the highest -
statistic. In addition its economical impact is significant. This result is at
some extend in line with findings of the Collin-Dufresne et al. (2001) study,
which suggests that the major component of monthly credit spread
changes in the corporate bond market is driven by local supply/demand
shocks. One of such shocks may be change in liquidity, measured as
money supply or amount of cash hold by investors. When there is a lot of
liquidity on the market, i.e., a lot of capital to invest, risk premiums and

thus credit spreads tend to decrease and vice versa.

Concerning fulfillment of assumptions of OLS regression model, we find
that residuals from both regressions are not normally distributed. Like for
input data, distributions of residuals are highly leptokurtic. However, since
we have relatively large sample size, violation of the normality assumption
is virtually inconsequential. Durbin-Watson statistics show that serial

correlation is not affecting our results.

6.2 Results from Regressions Using Levels Data

We also perform two regressions using levels data. Due to type of the
data, these regressions provide us different information, which has more
cross-sectional perspective. We are also able to compare results with
previous studies that have used levels data. Table 5 presents results from
regression (iii) and regression (iv). Note that these regressions do not

include implied volatility, due to near collinearity.
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Table 5. Results from Regressions Based on Levels Data. Table
shows results from OLS panel data regressions (iii) and (iv) that are
based on levels data. Two lowest rows show total explanatory power and
number of observations included in regression. Associated t-statistics are
reported in parentheses under the coefficient estimates. *** Indicates
significance at 1% level, ** at 5% level, and * at 10% level.

. Predicted Regression
Variable Si
'gn (iii) (iv)
Intercept -3.964 -63.502
(t-stat) (-0.75) (-4.17)
Leverage + 0.531 0.526
(16.40)*** (16.60)***
Historical volatility + 1.672 1.287
(12.66)*** (6.62)***
Risk-free rate - -6.989 -13.977
(-6.84)*** (-6.09)***
Slope of yield curve - -12.672
(-3.85)***
Spread difference + 0.406
(7.67)"**
DJ STOXX 50 return - -0.235
(-0.90)
Abnormal return - -0.058
(-0.39)
ISM - 1.300
(4.45)***
Adjusted R? 0.405 0.442
N 2400 2400

As can be seen from Table 5, regressions on levels generate clearly
higher total explanatory power than regressions based on changes data.
Other important differences to changes data are clearly different t-statistics
for some variables as well as absolutely and relatively much smaller

increase in adjusted R? after inclusion of additional variables.

However, when checking fulfilment of assumptions of OLS regression
model, we find some evidence of positive serial correlation in residuals.
Thus, t-statistics for some variables may be too high and lead incorrectly
to rejection of null hypothesis. Despite that the results of these regressions
are to some extend hard to interpret, we are still able to make some
conclusions about variables’ ability to explain CDS spread levels.

Only a small increase in adjusted R? from inclusion of additional variables
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suggest that theoretical variables are able to explain variation in CDS
spread levels fairly well. This improvement in explanatory power of
theoretical variables is mostly because of better ability of leverage to
explain CDS spread in levels than it was in changes. But also t-statistics

for risk-free rate and volatility have increased.

First of all, in contrast to changes data, the explanatory power of leverage
is significant. However, such sharp difference between these two
datatypes is easy to understand when we think about how this variable is
calculated. Rare update of total liabilities creates more bias in changes
data than in levels data, in which leverage ratios are at every month
relatively close to their true values. This result may also implicate that
leverage explains better cross-sectional variation in CDS spread than
changes over time. The results from regression (iv) suggest that if we have
two companies that differ from each other only in respect of leverage ratio,
the company which has for example 10 percentage points higher leverage,

should have about 5.3 basis points higher CDS spread.

When investigating significances of non-theoretical variables, it can be
seen that ISM, slope of the yield curve and spread difference are
statistically significant whereas abnormal and market returns are not.
Reason for weak explanatory power of returns might be that used monthly
returns are too frequent to explain variations in levels. That is, there is
relatively much more variation in monthly returns than in levels of spread
and credit spread might not fully respond to short-term variation in equity
market. Probably it would be better in this context to use abnormal and
market returns over past one year, since this would reflect firms’ health

and economic condition better than monthly returns.

Contrary to results from changes regressions, the explanatory power of
ISM index is statistically significant, but with a different sign than predicted.
This surprising result might be due to nature of the index or due to that we

use index from the U.S. Finally, another interesting result from regression



63

(iv) is that spread difference has very similar slope coefficient and -

statistic than it has in regression (ii).

When we compare results from regressions (iii) and (iv) to the results from
previous studies based on similar regression approach, we find that our
adjusted R-squares are quite same as in those studies. Ericsson et al.
(2005) employ regression model which is very closely related to our
regression (iii). Their results show similar t-statistics, but in their results
slope coefficients for theoretical variables are significantly higher. For
example 1 percentage point increase in leverage, increased CDS spread
in their sample on average 2.5 basis points. However, this higher
sensitivity of CDS spread to changes in explanatory variables might be
due to that they have, on average, lower rated companies in the sample

than we have.

6.3 Results from Regressions with Fixed Effects

Finally, we estimate regressions (v) and (vi), which are similar to
regressions (ii) and (iv). The difference is however, that here we include
cross-section fixed effects in regressions. This allows us to take into
account possible heterogeneity among companies, which is not captured
by our explanatory variables. Results from these regressions are

displayed in Table 6.
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Table 6. Results from Regressions with Fixed Effects. Table shows
results from OLS panel data regressions (v) and (vi) that include cross-
section fixed effects. Two lowest rows show total explanatory power and
number of observations included in regression. Associated t-statistics are
reported in parentheses under the coefficient estimates. *** Indicates
significance at 1% level, ** at 5% level, and * at 10% level.

. Predicted Regression
Variable Sian .
I (v) (vi)
Leverage + -0.065 1.147
(-0.72) (10.99)***
Historical volatility + 0.591 1.261
(2.88)*** (6.11)***
Risk-free rate - -1.778 -14.252
(-1.14) (-6.82)***
Slope of yield curve - -7.510 -15.897
(-1.98)** (-4.77)
Spread difference + 0.462 0.382
(7.32)*** (8.32)***
DJ STOXX 50 return - -0.512 -0.207
(-3.61)** (1.15)
Abnormal return - -0.141 -0.044
(-2.34)* (0.42)
Implied volatility + 0.040
(0.73)
ISM - 0.028 1.409
(0.19) (6.05)***
Adjusted R? 0.193 0.736
N 2018 2400

When we compare results from Table 6 with the results from our previous
regressions without fixed effects, we can see that there are no significant
differences in changes regression (v). On the other hand, there is
substantial increase in adjusted R? and also some differences in t-statistics
as well as slope coefficients in levels regression (vi). The adjusted R?
increases to a very high level of 73.6%, while in regression (iv) it was
approximately 44.2%. For the most explanatory variables there are only
slight changes in slope coefficients and t-statistics, but for leverage the
changes are relatively large. Slope coefficient for leverage increases to

approximately 1.15 and t-statistic decreases to 11.

We can draw a couple of important conclusions from these results; first of

all, results indicate a lot of heterogeneity among companies which cannot
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be captured by variables included in our analysis. Moreover, this
heterogeneity affects only levels of CDS spread, but not the way how
spreads change over time. Thus, it is more appropriate to use fixed effects
specification for levels regressions, whereas for changes regressions,
fixed effects specification over cross-section is shown to be redundant.
Results also indicate that unobserved heterogeneity of companies (e.g.,

industry) correlate mostly with leverage in this study.

6.4 Robustness Analysis

To further investigate the robustness of the regressions results presented
above and to get additional information on variables ability to explain CDS
spread, we perform two additional regression analyses. These regressions
are estimated using only changes data, since it is statistically more

appropriate in this context.

The first analysis splits our sample into two equal subsamples by an
average creditworthiness of company during sample period.
Creditworthiness is determined by a level of CDS spread, which can be
thought to be implied credit-rating. Thus, in this analysis one subsample
includes 25 companies with the highest average CDS spreads during
whole sample period, and another subsample includes 25 companies with
the lowest average CDS spreads. In the second analysis we split our
sample into two equal subsamples by time period. One subsample include
all companies during time period of 01.01.2003-31.12.2004 and another
subsample all companies during time period 01.01.2005-31.12.2006.

For each subsample we estimate following regression:

Acds, = a + B,Alev, + B,Ahistvol, + B,Ar "
(vii) + p,abnret, + f.mrktret, + [, Aslope, (20)
+ B, Asprdiff, + B Aism, + &,



66

This is similar to regression (ii), but differs in that implied volatility is not
included. Excluding implied volatility, which has missing values for some
companies, enables us to estimate regression with equal subsamples. To
get a new benchmark results, we also estimate regression (vii) using the
full sample. Results from new benchmark regression and results from the

first robustness analysis are shown in Table 7.

Table 7. Results from Regressions using Creditworthiness Subsamples.
Table shows results from new benchmark regression (vii) and from subsample
regressions. Companies are divided on two subsamples by average
creditworthiness during total sample period. Two lowest rows show total
explanatory power and number of observations included in regression. Associated
t-statistics are reported in parentheses under the coefficient estimates. ***
Indicates significance at 1% level, ** at 5% level, and * at 10% level.

Regression (vii)

. Predicted
Variable Sign Benchmark CDS a.bove CDSs b_elow
median median
Intercept 0.002 -0.398 0.391
(t-stat) (0.01) (-1.40) (0.67)
Leverage + -0.006 (-0.001) -0.032
(-0.09) (-0.02) (-0.21)
Historical volatility + 0.623 0.216 0.934
(3.16)*** (1.64) (2.82)***
Risk-free rate - -1.212 -0.611 -1.270
(-0.87) (-0.40) (-0.56)
Slope of yield curve - -7.157 -6.037 -7.978
(-2.20)** (-1.90)* (-1.41)
Spread difference + 0.468 0.341 0.594
(8.46)*** (7.24)*** (6.21)***
DJ STOXX 50 return - -0.333 -0.024 -0.647
(-2.60)*** (-0.24) (-2.78)***
Abnormal return - -0.154 -0.114 -0.191
(-2.77)*** (-2.00)** (-1.95)*
ISM - 0.029 -0.134 0.155
(0.22) (-1.06) (0.70)
Adjusted R? 0.190 0.167 0.229
N 2400 1200 1200

Results from this analysis show that there are differences between
companies with higher and lower credit quality. Explanatory variables
included in these regressions are able to explain 22.9% of total variation in
CDS spread for lower credit quality companies, whereas for higher credit

quality companies they are able to explain only 16.7% of variation in CDS
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spread. There are also major differences in explanatory power of some
variables. While market return is clearly insignificant determinant among
high credit quality companies, it is very significant among lower credit
quality companies. Historical volatility is also clearly more significant factor
among lower credit quality companies. Important result is also that
regression with lower credit quality subsample shows much higher slope
coefficient for every significant variable. It is noteworthy that companies in
our higher and lower credit quality subsamples have average CDS spread
of 34.69 and 78.65, respectively. Thus, there is quite small difference in
CDS spread between subsamples and the differences in results should be
even larger if we divide our sample on quartiles and then examine highest

and lowest quartiles.

These results together suggest that our explanatory variables are able to
explain CDS spreads better among lower rated companies and also that
these companies are more sensitive to changes in theoretical and other
variables. The results are quite intuitive since lower-rated companies are
closer to default boundary and thus they should be more sensitive to
changes in variables. It looks like that credit spreads on higher-rated
companies are driven more by market-wide factors, like changes in risk

premium, than by structural variables.

In the second robustness analysis we split our sample on two subsamples
by time period. The first subsample consists of observations during first
two years from our full sample and the second subsample of the latter two
years. Data in these subsamples differ from each other in some extent.
The liquidity of CDS market was generally weaker at the beginning of the
sample period. Also CDS spreads developed generally differently at the
first half of the sample period than at the second half. Average CDS
spread change is in first subsample -3.11 basis points, while in the second
subsample it is -0.20 basis points. Results from regression (vii) for both

subsamples are presented in Table 8.
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Table 8. Results from Regressions using Creditworthiness Subsamples.
Table shows results from subsample regressions. Subsamples are created by
dividing whole sample period into two equal parts by time period. Two lowest
rows show total explanatory power and number of observations included in
regression. Associated f-statistics are reported in parentheses under the
coefficient estimates. *** Indicates significance at 1% level, ** at 5% level, and
*at 10% level.

Regression (vii)
Predicted Subsample period

Variable

SIgN T 01/2003-12/2004  01/2005-12/2006
Intercept 0.783 0.635
(t-stat) (1.23) (1.68)*
Leverage + -0.033 0.055
(-0.35) (0.58)
Historical volatility + 1.022 0.136
(3.05)*** (0.73)
Risk-free rate - 2.872 -5.884
(1.43) (-2.73)***
Slope of yield curve - 2.080 -14.586
(0.43) (-3.73)***
Spread difference + 0.523 0.362
(7.08)*** (7.28)***
DJ STOXX 50 return - -0.255 -0.826
(-1.46) (-6.18)***
Abnormal return - -0.243 0.029
(-3.08)*** (0.54)
ISM - 0.413 0.209
(1.79)* (1.58)
Adjusted R? 0.209 0.129
N 1200 1200

As can be seen from Table 8, there are surprisingly large differences in
results between these two subsamples. All variables except leverage and
spread difference have very different t-statistics between subsamples.
Adjusted R? for the first subsample is 0.209, which is much higher than
that for the second subsample. To our view, the main reason behind these
differences in results is different stage of the economy and clearly different
development in CDS spreads. During first subsample period economy
started growing faster, CDS spreads generally decreased and have then

stayed on historically low levels during second subsample period.



69

When comparing results from these subsamples, we see that firm-specific
variables, volatility and abnormal return, explain CDS spread very well in
first subsample. That is, when spreads were higher but decreasing fast. By
contrast, during the latter period of low credit spreads firm-specific
variables were insignificant determinants of CDS spread, whereas market-
wide variables, such as risk-free interest rate, equity market return and
slope of the yield curve became very significant. These results support our
earlier results that structural factors explain credit spread better when

credit risk is higher.

6.5 Discussion

Generally, our results show that theoretical factors are able to explain
corporate credit spreads in same extent. However, we find that a large
part of the variation in credit spreads is explained by aggregate factors,
common to all corporate CDSs. Moreover, we find that relative explanatory
power of structural factors and aggregate factors varies with corporate
creditworthiness. Structural factors are more important determinants of
CDS spread for corporations with higher credit risk, while aggregate
factors are more significant in explaining credit spreads of corporations

with low credit risk.

These findings are able to explain weak performance of structural credit
risk models in prior empirical studies. In some of those studies structural
models have underpredicted and in other overpredicted credit spreads.
Together our findings suggest that credit risk models should be developed
further in the direction of the so-called incomplete information models.
These are models that include features of both structural and reduced
form models. Thus, it is possible to use structural framework and at the
same time adjust credit spread levels to reflect for example current risk

premiums on the market.
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Results of our study are quite in line with results of the studies performed
with the U.S. data. This is interesting finding, since in the U.S. corporate
bond market tends to be more developed than in Europe. Most significant
difference lies in the results on interest rate variables. Reasons for this
difference might be that in the U.S., the interest rate policy is more active,
and that interaction between Treasury and corporate bond market is more

stronger than it is in European fixed-income markets.

Collin-Dufresne et al. (2001) suggest that explanation, for their finding of
surprisingly low relationship between equity and corporate bond markets,
is segmentation of these markets. Although our results from benchmark
regression support their argument, the results from subsample regressions
show that among low credit quality companies, the relationship between
equity market and credit spreads is substantially stronger. Thus, equity
prices are shown to contain important information about credit risk for the

companies that are financially in weaker condition.
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7 CONCLUSIONS

This study investigates main determinants of credit spread by using a
panel data set on credit default swap quotes. Factors that are used to
explain CDS spreads consist of theoretical determinants, suggested by
structural models of default, and also of numerous other non-theoretical
determinants. Particularly, we are interested in how well theoretical
determinants are able to explain CDS spreads and whether there are
other important determinants of CDS spreads. These theoretical
determinants are firm’s leverage, volatility and risk-free interest rate. To
identify main determinants we employ regression analyses that are
implemented by using data in changes and levels as well as using

different panel data techniques.

Empirical results concerning theoretical determinants are mixed, but
mainly in line with the previous studies. Leverage ratio is not able to
explain changes in CDS spread in changes regression including all
explanatory variables. However, in levels regression, which takes into
account also cross-sectional variation, leverage ratio is shown to be the
most significant determinant of CDS spread. Also risk-free interest rate
performs better in levels regression than in changes, but historical equity
volatility is statistically significant determinant in all regressions. In
addition, these determinants receive the signs that are predicted by the

theory.

Non-theoretical variables add a lot of explanatory power in changes
regression, but in levels regression their impact is much smaller. Spread
difference between BBB-rated and AAA-rated bonds is the most significant
determinant of CDS spread among additional variables. Moreover, results
for this variable are very robust across different model specification. Equity
market return and slope of the yield curve are in most regressions

statistically significant determinants with predicted signs. Most surprising
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result among additional variables is for ISM Purchasing Managers Index,
which is in levels regressions significant, but with a different sign than
predicted. This result might be due to nature of this index or due to the fact
that we use index from the U.S. In spite of some difficulties to test
relationship between economic conditions and CDS spread, based on
results for yield curve and market return, we are able to cautiously
conclude that there is negative, even though weak relationship between

economic conditions and credit spread.

Overall, our results show that theoretical variables are important
determinants of CDS spread and that they are able to explain much better
cross-sectional variation of CDS spread than their changes over time. In
addition, a large part of variation in CDS spreads is explained by
aggregate factors, such as general risk premium on bond market. These
findings together suggest that credit risk models should be further
developed in the way of the so-called incomplete information models,
which are able to adjust credit spreads to current market environment and

at the same time use economically intuitive structural framework.

There is a lot of space for a further research among credit risk literature.
Concerning determinants of credit spread, there is a need for a better
insight about interdependency between bond and equity market. It would
also be interesting to investigate relationship between changes in risk
premiums on those two markets. Furthermore, it will be interesting to test
whether the amount of bond issues or general liquidity on the market,
measured by money supply, has impact on average credit spreads. As a
new credit spread determinants, it is worthwhile to test explanatory power
of firm’s other key financial ratios than leverage. Change in expected
profitability might be one of the important factors. Finally, because CDS
market is still fairly young and fast growing, it might also be worthwhile to
examine credit spread determinants later with a more extensive data. This
will enable to examine different dimensions more accurately and test

whether economic cycle impacts on what drives credit spread.
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APPENDICES

Appendix 1. Companies Used in Regressions.

Company Country
Accor France
Air France-KLM France
Arcelor Luxembourg
Autostrade Italy
Sanofi-Aventis France
BASF Germany
BMW Germany
Bouygues France
Carrefour France
Casino France
Continental Germany
DaimlerChrysler Germany
Deutsche Lufthansa Germany
Deutsche Telekom Germany
EADS Netherlands
Elisa Finland
Energie-Versorgung Niederoesterreich Austria
Finmeccanica Italy
Koninklijke KPN Nederland
LVMH France
Metro Germany
Nokia Finland
Pernod-Ricard France
PPR France
Porsche Germany
Red Electrica De Espana Spain
Repsol YPF Spain
RWE Germany
Schneider Electric France
SES Luxembourg
Sodexho Alliance France
Solvay Belgium
STMicroelectronics France
Stora Enso Finland
Suez France
Technip France
Telecom ltalia Italy
Telefonica Spain
Thales France
Thomson France
Thyssen Krupp Germany
Total France
Unibail Holding France
Unilever Netherlands
UPM-Kymmene Finland
Valeo France
Veolia Environnement France
Vinci France
Vivendi France
Volkswagen Germany
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Appendix 2. Correlation Matrices.

Table shows pairwise correlations between variables that are used in regression. Panel A displays correlations of changes data and Panel B shows
correlations of levels data. Panel A shows that equity return and abnormal return have very high correlation and therefore we include only abnormal
return in our regressions. In levels data there is too high correlation between historical and implied volatility. As implied volatility also has missing
values, we include only historical volatility in levels regressions.

Panel A: Changes data

Acds, Alev,  Ahistvol,  Ar>7*  Aimplvol, eqret,  abnret, mrkiret, Aslope, Asprdiff,  Aism,
Acds,, 1.000

Alev, 0.135 1.000

Ahistvol, 0225 0.127 1.000

APy -0.039  -0.117 0.059 1.000

Aimplvol,  0.093 0.143 0158  -0.076 1.000

eqret, 0238 0588  -0.160 0138  -0.199 1.000

abnret, 0129  -0522  -0.070 0052  -0.124 0.913 1.000

mrktret,  -0300 0339 -0.227 0234  -0.216 0.505 0.142 1.000

Aslope, -0.176 0.021 0117 -0.318 0.049 0016  -0.007 0.076 1.000

Asprdiff, ~ 0.408 0.152 0260  -0.017 0079  -0277 0129 0436  -0.360 1.000

Aism, -0.140 -0.162 -0.257 0.260 -0.168 0.213 0.098 0.328 -0.110 -0.230 1.000




Appendix 2 Continued

Panel B: Levels data

cds,,
cds, 1.000
lev, 0.339
histvol, 0.577
e -0.181
implvol 0.546
slope, 0.262

sprdiff, 0.512
ism, -0.219

lev.

1.000
0.165
-0.106
0.149
0.155
0.149
-0.043

histvol,

1.000
-0.157
0.845
0.400
0.727
-0.363

2—year

1.000
-0.096
-0.743
-0.134
-0.138

implvol

1.000
0.286
0.699
-0.357

slope, sprdiff, ism,

1.000
0.273 1.000
0.330 -0.562 1.000
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Appendix 3. Auxiliary Regressions for Identifying Multicollinearity.

Table shows explanatory power and regression coefficients from auxiliary regressions. In these regressions we explain each explanatory
variable by all other explanatory variables. Adjusted R? value is bolded and other values are regression coefficients. Table shows that other
variables explain equity return much better than they explain abnormal return. The biggest difference in results on these two variables is
regression coefficient on market return. Results implicate that equity return is more collinear with other variables and especially with market
return.

Alev, Ahistvol, — Ar>*" Aslope, Aism, Asprdiff, Aimplvol,  eqret, abnret,  mrktret,

t

Alev, 34.91% 0.037 -0.002 0.001 -0.010 -0.155 0.065 -1.438 -1.416 -0.029
Ahistvol,, 0.032 11.50% 0.011 0.001 -0.149 0.650 0.298 -0.037 0.013 0.018
Artzfym" -0.285 1.734 20.13% -0.180 2.110 -0.888 -0.002 -0.084 -0.196 0.494
Aslope, 0.207 0.665 -0.548 13.19% -1.096 -23.46 2.285 -2.757 -1.944 0.523
Aism, -0.012 -0.190 0.017 -0.003 17.08% -0.331 -0.302 0.019 0.036 0.048
Asprdiff, -0.011 0.052 -0.001 -0.004 -0.021 29.10% -0.037 -0.075 -0.072 -0.026
Aimplvol,, 0.005 0.028 -1.22E-06 0.001 -0.022 -0.044 7.63% -0.062 -0.053 -0.002
eqret,, -0.131 -0.169 0.002 -0.006 -0.041 -0.159 -0.326 45.63% 0.970
abnret, -0.050 0.168 -0.002 0.005 0.045 0.028 0.241 27.96% -0.963

mrktret, -0.077 0.052 0.009 0.003 0.110 -0.946 -0.050 0.685 -0.154 87.19%
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