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Abstract 

This paper examines the difference between CDS-implied and actual default 

probabilities, also known as the “credit spread puzzle”, and its drivers over 

the sample period from 2002 to 2019 in the US. In line with previous research, 

our study confirms the presence of a credit spread puzzle in the CDS market 

and, by extension, that CDS spreads cannot be considered a pure measure of 

credit risk. Moreover, we find evidence that the absolute spread between 

actual and CDS-implied default probabilities is time-varying reaching 

elevated levels during the financial crisis. Following this analysis, the drivers 

of the credit spread puzzle are examined. Firstly, an increasing, concave 

relationship between deteriorating credit quality and the difference between 

actual and CDS-implied default probabilities is identified. Furthermore, both 

asset-specific illiquidity and firm-specific volatility are found to be strong 

drivers with a magnified impact during the crisis period. Moreover, financial 

leverage has a significant, positive impact on the credit spread puzzle in the 

post-crisis era, whereas counterparty risk seemingly has no impact in any 

period. Finally, systematic variables are found to be less important predictors 

of the credit spread puzzle. 

Key words: Credit spread puzzle, actual default probabilities, risk-neutral 

default probabilities, CDS spreads, credit risk premium 
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Executive Summary 

The “credit spread puzzle” has entertained numerous scholars over the years and refers to the 

tendency of default probabilities derived from credit spreads to far exceed those implied by 

historical default data. The bond yield spread has hitherto been the primary subject of analysis to 

researchers, but the introduction and rapid expansion of the Credit Default Swap (CDS) market in 

the 2000s constitutes a new, interesting perspective on the credit spread puzzle further motivated 

by the largely frictionless nature of the CDS market. Moreover, as CDS spreads reached new 

heights during the financial crisis as risk aversion rose to unprecedented levels, it seems prudent to 

examine how the credit spread puzzle in the CDS market behaves in times of economic distress as 

opposed to economic tranquility. Thus, this thesis sets out to examine, firstly, if there even is a 

difference between CDS-implied and actual default probabilities, and, secondly, what idiosyncratic 

and systemic factors drive this discrepancy in different distinct time periods, namely, before, 

during, and after the financial crisis of 2007-2009 in the US.  

The thesis contributes to existing literature on several accounts, firstly, by confirming that there is 

indeed a credit spread puzzle present in the CDS market and, by extension, that CDS spreads cannot 

be considered a pure measure of credit risk despite the low frictions in the CDS market. 

Furthermore, the credit spread puzzle is found to be time-varying. More specifically, the difference 

between CDS-spreads and actual default probabilities widens during times of crisis.  

Following this analysis, the primary contribution of this paper is the examination of what factors 

drive the observed discrepancy in the CDS market. In a panel regression framework, it is, firstly, 

identified that the relationship between the credit spread puzzle and credit quality is increasing and 

concave. Moreover, asset-specific illiquidity is found to be the strongest driver of the credit spread 

puzzle, hereby, indicating the presence of an illiquidity risk premium in CDS spreads captured by 

the protection seller. In addition, evidence of an inherent volatility risk premium in CDS spreads 

is found, as firm-specific volatility has a larger economic impact on CDS-implied rather than actual 

default probabilities. Likewise, financial leverage is also found to have a stronger impact on CDS-

implied default probabilities compared to actual default probabilities, but only in the post-crisis 

period. Interestingly, counterparty risk seemingly has no impact on the credit spread puzzle. 

Finally, in contrast to previous literature, our results show that when accounting for idiosyncratic 

factors, systemic factors do not have any consistent, significant impact on the credit spread puzzle. 
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1 Introduction 

The “credit spread puzzle”, a term coined by Amato and Remolona (2003), is arguably one of the 

most heavily debated conundrums in modern-day finance. More specifically, it refers to the 

curiosity that risk-neutral default probabilities implied by credit spreads tend to far exceed default 

probabilities based on historical data (Heynderickx et al., 2016). In a risk-neutral world, actual and 

risk-neutral default probabilities would be equal, and credit spreads would accurately reflect the 

additional compensation required by investors from undertaking credit risk. However, the world is 

not risk-neutral, and credit spreads are a reflection of considerably more than realized credit risk. 

Most existing literature on the topic has focused on the bond yield spread – namely the difference 

between the yield of a corporate bond and a similar risk-free bond – when explaining the credit 

spread puzzle and has come up with a variety of potential solutions. These include illiquidity, taxes, 

risk aversion, and systematic risk (Amato & Remolona, 2003; Hull, 2018). 

 

The emergence and rapid expansion of the Credit Default Swap (CDS) market in the 2000s, 

however, poses a new, interesting perspective on the credit spread puzzle (Ehlers & Aldasoro, 

2018)). A CDS contract provides the buyer with insurance against the potential default of a 

company in exchange for a regular premium, known as the CDS spread. Hereby, the CDS spread 

contains important information regarding the perceived default probability associated with the firm. 

The synthetic nature of the CDS market as a platform for trading credit risk has often been argued 

to drive market frictions to a minimum, hereby leaving the CDS spread as a “pure” measure of 

credit risk (Longstaff et al., 2004). The relative purity of CDS spreads as a credit risk measure as 

compared to bond yield spreads is also evident from figure 1.A. While both credit spreads reached 

elevated levels during the financial crisis as default risk skyrocketed, bond yield spreads were 

relatively more affected and remain higher than CDS spreads to this day1: 

 

 

 

 

 

 

 
1 The relationship between the CDS spread and the bond yield spread is known as the CDS-bond basis. It is an 

arbitrage relationship and, in theory, these credit spreads should be equal (Hull, 2018). 
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Figure 1.A: The bond yield spread and the CDS spread 

 

                          Source: Bloomberg (n.d.) & Markit (n.d.). 

 

Thus, if the market is so frictionless, is there even a credit spread puzzle in the CDS market? Or 

can CDS spreads readily be used by investors to infer actual default probabilities? More recent 

literature examining the CDS spread has found evidence that this is not the case, especially in the 

wake of the financial crisis (Ericsson et al., 2009; Longstaff et al., 2011; Armen & Pedro, 2016). 

They find factors seemingly unrelated to credit risk such as illiquidity and counterparty risk to be 

priced in CDS spreads and, hence, conclude that this is not, in fact, a pure measure of credit risk. 

Thus, albeit on a smaller scale, a credit spread puzzle must be present in the CDS markets as well 

(Heynderickx et al., 2016). 

While figure 1.A shows that CDS spreads can be considered a more condensed measure of credit 

risk than bond yield spreads, it also clearly illustrates that the CDS spreads were greatly affected 

by the financial crisis. While part of the effect is attributable to a drastic increase in credit risk, 

illiquidity levels soared and transaction costs in the CDS market reached new heights as uncertainty 

increased (Armen & Pedro, 2016). In this largely frictionless market, how has the credit spread 

puzzle and its drivers evolved from the risk-seeking prosperity of US financial markets in the early 

00’s to a world in financial crisis with unprecedented levels of risk aversion? And in the financial 

tranquility largely characterizing the post-crisis era, is there even a noteworthy difference between 

risk-neutral and actual default probabilities? 
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1.1 Research Question 

On the basis of the perspectives outlined above, the aim of this thesis is to answer the following 

research question: 

 

What factors, idiosyncratic or systemic, explain any potential discrepancy between 

the CDS-implied and actual default probabilities in the US before, during, and after 

the financial crisis? 

 

In order to further focus the contribution of this paper to existing literature, the following guiding 

questions will provide a structure for the subsequent analysis: 

1) What is the credit spread puzzle, and what can be inferred from both CDS market 

characteristics and existing literature on what drives the spread between the CDS-implied 

and the actual default probabilities? 

2) How has the difference between the CDS-implied and the actual default probabilities 

developed before, during, and after the financial crisis? 

3) What drives the difference between the CDS-implied and the actual default probabilities, 

and how has this evolved over the sample period? 

1.2 Motivation 

These research questions carry relevance in several different regards, all of which are related to the 

credit spread puzzle and the derivation of default probabilities. Firstly, while there is an abundance 

of research on, 1) what explains the spread between actual default probabilities and those implied 

by the bond yield spread and, 2) what drives the CDS spread, no study has – to the extent of our 

knowledge – sought to combine these two related fields of research and examined the drivers of 

the credit spread puzzle in the CDS market. As such, our research bridges two different, albeit 

related, fields of research to yield new perspectives on the dynamics of the credit spread puzzle in 

a largely frictionless market. Secondly, few papers have examined how the difference between 

actual and risk-neutral default probabilities has evolved over time, and our study is seemingly the 

first to employ a time span of up to nearly 20 years, capturing both the pre-crisis, crisis, and post-

crisis periods in the US. By extension, most of the research on drivers of the spread between actual 

and risk-neutral default probabilities has provided a snapshot of the dynamics at the time of writing, 
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whereas our study has the explicit aim of examining how these drivers and their impact on the 

credit spread puzzle has developed over the distinct time periods. Thus, our research yields 

important insights as to how the spread between risk-neutral and actual default probabilities 

behaves during both times of prosperity and times of economic downturn. 

Furthermore, our research also has important implications for practitioners. The derivation of actual 

default probabilities is instrumental in the pricing of all credit securities (Bodie et al., 2018) and, 

hence, this thesis is relevant to both financial institutions and investors. Moreover, the prominent 

role of credit rating agencies in the financial crisis also left investors with lost confidence in their 

ability to effectively and accurately assess default risk (Blinder, 2013). This highlights the 

importance of the average investor being able to compute default probabilities by different means. 

An intuitive and accessible way to do this, is to derive them from CDS spreads. Hence, by 

examining what drives the difference between CDS-implied and actual default probabilities, we 

also provide practitioners with the resources to convert the CDS-implied default probabilities to 

actual default probabilities by “purging” this measure of effects unrelated to credit risk hereby 

becoming less reliant on credit rating agencies. 

By chance, this thesis is arguably even more relevant today than when the topic was first selected. 

The current COVID-19 pandemic has forced lock-downs all over the world, causing numerous 

businesses to file for bankruptcy (Maqbool, 2020; Tucker, 2020). As such, the study of default 

probabilities, especially during times of distress, becomes even more important. Although the 

global outbreak occurred too late to be incorporated in this study, the results of our research will 

be discussed in a COVID-19 context to conclude the paper. 

1.3 Scope and Delimitations 

The difference between actual and risk-neutral default probabilities is embedded in a very 

comprehensive research field, namely credit risk modelling and, hence, it is necessary to address 

the scope of this thesis.  

While both the impact of idiosyncratic and systemic factors on the difference between CDS-

implied and actual default probabilities will be examined and discussed, the primary focus of the 

paper will be on the impact of idiosyncratic factors. This is because there are many potential drivers 

of the credit spread puzzle and, as such, this allows for a more focused and nuanced analysis. 
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However, the importance of systematic variables, such as the state of the economy, cannot be 

neglected. As such, it was deemed necessary to incorporate both types of variables in the analysis, 

although the systematic variables have been included as control variables and have, generally, been 

given relatively less focus. 

As evident from the research question, the study has the US as its focal point and it has not been 

deemed necessary to consider other markets. The choice of the US was motivated by several 

factors, namely 1) existing literature on the bond yield market has focused on the US so it facilitates 

the inference of findings from bond yield spreads to CDS spreads, 2) data availability was far 

superior for US companies, and 3) as this is where the financial crisis originated, it was deemed 

the best environment to examine the impact of the crisis on the spread between actual and risk-

neutral default probabilities. 

Moreover, this study will only focus on a single CDS-maturity and default probability, namely 5 

years. While interesting to examine how the difference between actual and risk-neutral default 

probabilities changes with maturities, it would have been far too comprehensive to include and 

would have diluted the focus of this thesis. Instead, this is suggested as a point of further research. 

Keeping the aim of this paper in mind, it is necessary to address that this is not a study of how to 

best model credit risk and default probabilities but, rather, on what drives the difference between 

two distinct types of default probabilities, CDS-implied and actual default probabilities derived 

from historical default data. As such, this study will not provide a comprehensive overview of the 

different methodologies employed within credit risk modelling and, notably, the technicalities of 

reduced-form modelling will not be covered. While the findings of studies deriving complex credit 

risk models have been utilized as part of the literature survey, only the methodologies employed in 

this study and the most relevant alternative options will be covered extensively. 

Finally, it is assumed that the reader has basic knowledge of the constituents of credit risk as well 

as essential models within finance such as the Black-Scholes model for option pricing. Thus, these 

will not be covered. 
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1.4 Overview and Structure of the Paper 

Following the research question outlined above, this thesis follows a 6-section structure covering 

a broad outline of existing theory and literature, the methodological approach and considerations 

employed in the paper, the empirical results of the analysis, as well as an interpretation of the results 

and a conclusion. Finally, a concluding remark will be tied to the implications of our research to 

the current COVID-19 pandemic. 

Section 1: This section sets the scene of the paper, providing the reader with both an introduction 

to the topic along with the motivation for the research question. Moreover, the relevance to both 

academics and practitioners has been outlined. Finally, the scope and delimitations has been 

clarified, as this paper could have employed various approaches in answering the same research 

question. 

Section 2: The second section of this paper aims to answer the first guiding question hereby 

providing the reader with an understanding of the necessary concepts, theory, and prior literature 

as the foundation of our research. Firstly, the basics of a CDS contract as well as an overview of 

the market characteristics and its development will be outlined. Secondly, the most important 

theoretical concepts will be covered, namely how actual default probabilities are determined, how 

risk-neutral default probabilities can be derived from credit spreads and, notably, theoretical 

explanations for the credit spread puzzle are proposed. Moreover, a brief introduction to structural 

models will be provided, as these propose important determinants of credit risk. Finally, relevant 

literature from two related bodies of literature and their intersection will be covered, namely 1) 

literature on the credit spread puzzle, and 2) drivers of CDS spreads. On the basis of theory and the 

previous literature, hypotheses have been proposed to further structure the analysis. 

Section 3: In continuation of section 2, section 3 outlines the methodological choices made in this 

paper. More specifically, the research approach, sampling method, the utilized data, construction 

of key variables, and the econometric methodology will be outlined. Finally, a data description has 

been provided, in order to identify preliminary tendencies and adjust the analytical approach 

accordingly. 

Section 4: Based on the methodology and data employed, the results from the analysis is presented. 

As illustrated by figure 1.B, our analysis can be divided into two phases. Firstly, it is formally 

tested whether or not the spread between actual and CDS-implied default probabilities is different 
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from 0. In addition, it is examined how the spread has developed in three distinct sub-periods, 

namely before, during, and after the financial crisis of 2007-2009. The second phase, in turn, 

focuses on identifying the drivers of the spread between actual and risk-neutral default probabilities 

and their development through the different time periods. More specifically, the individual effect 

of each variable on the spread in each period has, firstly, been examined in a univariate framework. 

Following this, the joint effect of all the explanatory variables on the spread is examined in a 

multivariate setting across the distinct time periods. Thus, this section will directly address guiding 

questions 2 and 3. 

Section 5: In the fifth section, we make inferences about the spread between actual and risk-neutral 

default probabilities based on the presented results. Moreover, the implications for both financial 

market participants as well as academic research on the credit spread puzzle during normal times 

and during times of crisis will be discussed. When relevant, a historical perspective has also been 

applied to explain the observed tendencies. 

Section 6: The sixth, and final, section will tie all the preceding sections together and provide the 

reader with a conclusion to the initial research question. Given the scope and timing of the paper, 

several interesting topics for further research have been left out. More specifically, the 

implications of the COVID-19 pandemic on the credit spread puzzle will be briefly discussed and 

suggested as a point of further research. 
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Figure 1.B: Structure of the paper 
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2 Credit Default Swaps 

In order to understand why a default probability can be derived from a Credit Default Swap (CDS), 

it is important to understand how the instrument is structured along with the market dynamics. A 

CDS is a derivative invented in 1994 by J.P. Morgan, Inc., which allows banks and other market 

participants to trade credit risk (Augustin et al., 2016). They are often used to hedge positions in 

corporate bonds allowing the buyer of the CDS to convert a bond into an approximately risk-free 

bond (Hull, 2018). 

The CDS market quickly became popular in the early 2000s and was considered one of the most 

important innovations in the derivatives market (Allen & Yago, 2010). The rapid growth in both 

market size and complexity has led to substantive changes in the market. It started as Over-The-

Counter (OTC) products with no substantial regulation or standardization, but due to the size of 

the market and its role in the financial crisis, it has become increasingly standardized (Ehlers & 

Aldasoro, 2018). Furthermore, the CDS market consists of both multi-name reference indices 

(Index CDSs) with more than one reference entity and single-name entities with only one reference 

entity (O’Kane, 2008). The latter is the object of the analysis and is, hence, the primary focus of 

the following sections. These will further elaborate on the dynamics of CDS contracts and examine 

the market to gain a better understanding of the size, its participants and how the market has 

changed. 

2.1 The Formal Structure of a CDS Contract 

A CDS is a bilateral OTC contract that typically consists of a protection buyer and a protection 

seller. The purpose of a CDS is to provide the protection buyer insurance against the risk of default 

by a particular company, i.e. the reference entity (Hull, 2018; O’Kane, 2008). In return for the 

insurance, the buyer of the CDS agrees to pay periodic installments, usually made in quarterly or 

semiannual arrears, to the protection seller until either of two events occur, namely 1) the maturity 

of the contract is reached, or 2) the reference entity defaults. The total amount paid per year (as a 

percent of the notional principal) by the protection buyer is known as the premium or the CDS 

spread. In the event of default, there are two types of settlement, namely cash settlement and 

physical settlement. In a cash settlement, the protection seller is obligated to pay the protection 

buyer the difference between the notional value of the bond and the value of the bond after default, 

i.e. (1 − 𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 𝑅𝑎𝑡𝑒) ∗ 𝑁𝑜𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑟𝑖𝑛𝑐𝑖𝑝𝑎𝑙 (Hull, 2018). The recovery rate, i.e. the payout 

from a default, is determined based on the mid-market value of the cheapest deliverable bond 
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shortly after default at an auction organized by International Swaps and Derivatives Association 

(ISDA) (Hull, 2018). A cash settlement is the most common method today. Alternatively, a 

physical settlement can be agreed upon giving the protection buyer the right to sell bonds issued 

by the defaulted reference entity with a face value matching the notional principal to the protection 

seller (Hull, 2018). An example of the dynamics of a simple CDS is illustrated in figure 2.A. 

 

Figure 2.A: Stylized example of a long position in a simple CDS 

 

 

Suppose that the two parties illustrated in figure 2.A enter a five-year CDS contract, where the 

buyer agrees to pay a spread of 80 bps per year made in semiannual arrears on a notional principal 

of $10 million for protection against potential default by the reference entity. Given no default by 

the reference entity in the five-year period, the buyer pays the semiannual premiums and receives 

no payoff. At maturity, the contract is terminated with no parties having further obligations. 

However, if a default by the reference entity occurs, the regular payments of the buyer would cease, 

but, as these are made in arrears, a final accrual payment is typically required (Hull, 2018). Suppose 

that 1) the reference entity defaults after three years and five months, 2) the CDS is settled in cash, 

and 3) the estimated price of the cheapest deliverable bond, i.e. the recovery rate, is 40%. In this 

case, the protection buyer’s loss would amount to $6 million, which the protection seller would be 

liable to compensate the protection buyer for. As a CDS provides insurance against the default of 

the reference entity, the CDS spread can be considered a good indicator of the credit risk associated 

with this entity. As such, an implicit default probability determined by the market is priced in the 

CDS as will be covered more in-depth later.  

 

The possible cash flows in each scenario are demonstrated in figure 2.B exhibiting how the 

protection buyer has converted the credit risk to fixed regular payments. 

Protection Buyer Protection Seller

Premium 

Contingent  Payment

Reference Entity
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Figure 2.B: Example cash flows of a CDS (cash settlement) 

 

Source: Own construction based on Hull (2018). 

 

The above example is an illustration of the simplest type of a CDS and is, thus, very simplified. In 

reality, several technicalities can increase the complexity of a CDS. In the given example, the credit 

event involves a default by the reference entity, however, credit events can have several triggers. 

The most common credit events defined by ISDA are listed in table 2.A below (O’Kane, 2008): 

  

Table 2.A: CDS credit events 

Credit event Hard or soft Description 

Bankruptcy Hard The reference entity becomes insolvent or is 

unable to pay its debt. 

Failure to pay Hard Failure of the reference entity to make due 

payments. 

Obligation acceleration Hard Obligations have become due and payable earlier 

than they would have been due to default and have 

been accelerated.  

Obligation default Hard Obligations have become due and payable prior to 

maturity. 

Repudiation/moratorium: Hard  The reference entity rejects or challenges the 

validity of their debt, effectively refusing to pay 

interest and principal. 

Debt restructuring Soft The configuration of the debt obligation is changed 

in such a way that the credit holders are 

unfavorably affected. 

Source: O’Kane (2008). 

  

CDS contracts typically allow for different bonds to be qualified as deliverable in the case of a 

credit event, which gives the protection buyer a delivery option (Hull, 2018). While bonds will 

Scenario 2: default after 3 years and 5 
months

Scenario 1: No default

Payment to buyer:
(1-0.4) x 10 USDm 
= 6 UDSm

Payments from buyer:
0.5 x 0.008 x 10 USDm = 0.4 USDm 

Final payment from 
buyer: 5/12 x 0.008 x 10 
USDm = 0.33 USDm

0 0T T
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often have the same seniority, other bond characteristics such as payment rank or liquidity may 

entail price differences between bonds after a default. This gives the protection buyer the incentive 

to choose the cheapest bond qualifying as deliverable. This is known as the cheapest-to-deliver 

option (Hull, 2018). For example, if the cheapest-to-deliver bond is worth $35 per $100 of face 

value, the cash payoff of the protection buyer would be $65 million. 

  

In continuation hereof, the market distinguishes between hard and soft credit events. Hard credit 

events entail that all the debt of the reference entity will become due immediately after the credit 

event and, hence, trade at the same price hereby eliminating the cheapest-to-deliver option (Hull, 

2018). However, with soft credit events, i.e. debt restructuring, the debt of the reference entity can 

continue to trade at different term structures and hereby prices. Short-dated bonds will tend to trade 

at a higher price compared to long-dated bonds, and bonds with higher coupons tend to trade at a 

higher price compared to bonds with lower coupons (O’Kane, 2008). This may incentivize the 

protection buyer to behave opportunistically by exploiting the cheapest-to-deliver option in the 

restructuring clause for a profit. Hence, the restructuring clause is often perceived as the most 

difficult contingency in the CDS (O’Kane, 2008). Different standardized contracts have been 

introduced to the CDS market to minimize the potential gain from speculating in delivery options, 

whilst still giving the protection buyer the advantages of having a basket of deliverables to choose 

from following a restructuring. These include Full Restructuring (CR), Modified Restructuring 

(MR), Modified-Modified Restructuring (MM) and No Restructuring (XR). The modified 

restructuring was introduced in the US in 2001 imposing limitations on what qualifies as a 

deliverable bond. This restricted the number of deliverable options after a restructuring credit event 

(O’Kane, 2008). Similarly, the modified-modified restructuring was introduced on the European 

market and allows for a somewhat broader range of deliverables compared to the US standard 

(O’Kane, 2008). The choice of the restructuring clause has implications for the CDS spread, as the 

protection buyer should expect to pay a slightly higher spread for having a higher optionality as 

compared to if the CDS contract has no delivery option. Therefore, the following statement 

regarding the CDS spread, S, under the different restructuring clauses should hold: 

 

𝑆𝐶𝑅 > 𝑆𝑀𝑀 > 𝑆𝑀𝑅 > 𝑆𝑋𝑅    (2.1) 
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The exact impact on the spread is difficult to estimate due to two reasons, namely 1) the difficulty 

of determining whether a specific credit event will turn out to be a restructuring, and 2) if a 

restructuring occurs, a dispersion in the prices of the deliverable bond would need to be determined 

(O’Kane, 2008). Given this paper’s focus on the US market, CDS contracts with modified 

restructuring are considered to give the purest measure of credit risk, as this clause protects the 

buyer from losses following a restructuring while mitigating the cheapest-to-deliver option. Thus, 

deviations from the true credit risk should be smaller under the MR clause.  

2.2 The CDS Market  

In general, the CDS market has been argued to serve a standardization and liquidity role (Oehmke 

& Zawadowski, 2016). More specifically, bond markets tend to be highly fragmented and bonds 

issued by the same firm have very different cash flows driving transaction costs in the bond market 

up. This, in turn, makes the CDS market relatively more attractive for trading credit risk resulting 

in higher trading volumes and high levels of liquidity. As such, the CDS market generally exhibits 

lower levels of transaction costs and higher levels of liquidity than the bond market. While a CDS 

can be classified as a hedging instrument, the high standardization and liquidity of the CDS market 

also facilitates speculation in credit risk (Oehmke & Zawadowski, 2016). 

These favorable characteristics contributed to the rapid surge in growth of the CDS market during 

the early 2000s. By 2007, when the market peaked, the market had reached an outstanding notional 

value of approximately $62 trillion. However, during the global financial crisis of 2008, the value 

of the market dropped drastically, and it has experienced a continuous decline ever since. In June 

2019, the market reached its lowest point since 2007 with an outstanding notional value of 

approximately $8 trillion (BIS, n.d.). 
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Figure 2.C: The development of the outstanding notional on the CDS market 

 

 

Source: Own construction based on data from BIS (n.d.)  

 

CDS contracts played a prominent role in the emergence of the financial crisis due to various 

reasons (Stultz, 2010). Firstly, it allowed financial institutions to hedge their credit risk exposure 

facilitating excessive risk-taking (Stultz, 2010). Secondly, CDS contracts have been argued to 

contribute to the financial crisis by increasing counterparty risk. More specifically, financial 

institutions created a huge web of exposures by dealing CDS contracts amongst each other. Hence, 

if one financial institution in this web fails, it can lead other institutions to fail as they incur losses 

on their exposure hereby increasing systematic risk. This is further enhanced by the fact that the 

value of a CDS changes drastically and immediately in the event of default (Stultz, 2010). Hence, 

the lack of transparency in the CDS market posed some important challenges leading up to the 

crisis. Since the financial crisis, however, the CDS market has undergone major changes. Post-

crisis reforms were introduced to the market to reduce the extreme exposure market participants 

carried prior to the crisis and, moreover, to eliminate redundant contracts. This has made the market 

increasingly standardized (Ehlers & Aldasoro, 2018). In the immediate years after the financial 

crisis, compression of contracts was the primary driver of the substantial decline in outstanding 

notional. Compression involves a technique through which two or more counterparties tear up 

existing contracts and replace them with new ones, hereby reducing both the number of contracts 

and the gross notional amounts while the net exposures remain the same (Ehlers & Aldasoro, 2018).  
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Figure 2.C illustrates some of the more recent changes in the CDS market, namely the decline of 

the inter-dealer positions and the rise of central counterparties (CCPs). In the last decade, inter-

dealer positions have declined faster than the overall market, going from $16.9 trillion at the end 

of 2011 to $2.3 trillion at the end of 2017. This decline has coincided with the rising importance of 

CCPs in 2010, starting with a market share of 14% in 2010 to a market share of 54% at the end of 

2019. In the aftermath of the financial crisis, authorities in the US and EU imposed that it should 

be mandatory to centrally clear all multi-name CDS products through a CCP, while single-name 

CDS products generally remained outside the scope of the new clearing initiatives (Ehlers & 

Aldasoro, 2018). 

  

Central clearing through a CCP is concentrated on a handful of CCPs. CCPs aim to reduce 

systematic risk by facilitating the settlement and clearing of a transaction between two parties in 

the OTC derivatives market (Davi, 2009). If two dealers agree to enter a centrally cleared CDS 

contract, they will novate, i.e. transfer, their position to the CCP, who will act as a counterparty to 

both the buyer and the seller of the agreement (Davi, 2009). Thus, transactions will be wired 

through the CCP rather than directly to and from the two dealers. For example, suppose a given 

transaction where dealer A buys protection from dealer B. After novating their positions to the 

CCP, dealer A will now buy protection from the CCP, which is sold to the CCP by dealer B. By 

centralizing transactions at one entity, it allows CCPs to control the level of collateral that ensures 

that the market as a whole is adequately capitalized at all times (Davi, 2009). Hence, CCPs can 

help reduce systematic risk. For instance, suppose that an important market participant cannot 

collateralize its position. Without a CCP, this could trigger a default, which could further trigger a 

cascade of defaults in the market (Davi, 2009). However, in situations like these, the CCP can draw 

from its capital to make up for the shortage and hereby limit the possibility of a ‘knock-on’ effect 

(Davi, 2009). Despite the advantages of central clearing, it can also be argued that under central 

clearing the counterparty risk will be concentrated at a single entity rather than spread out between 

the dealers, which enhances systematic risk.  
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3 Estimating Default Probabilities: Concepts and Underlying 

Theory  

In order to understand why a credit spread puzzle exists, it is firstly necessary to review the different 

methodologies for estimating default probabilities. In this section, three alternative approaches will 

be reviewed, namely 1) estimation based on historical data, 2) deriving default probabilities from 

credit spreads, and 3) estimation from structural models, namely Merton’s framework (1974).  

3.1 Default Probabilities from Historical Data 

In the following section, estimation of default probabilities based on historical default rates will be 

evaluated. As data regarding historical default rates is typically obtained from credit rating agencies 

(CRAs), a brief introduction to their purpose and methodologies will be provided prior to diving 

into the concrete methodology for deriving default probabilities from actual default rates. 

  

3.1.1 Credit Rating Agencies: The Source of Default Rate Data 

An inherent information asymmetry can be found in the bond market, as companies have better 

information regarding their own credit risk than investors do (Hull, 2018). As such, it is the role of 

CRAs such as Moody’s, S&P, and Fitch to provide bonds with credit ratings in order to portray the 

creditworthiness of the corporate bonds issued hereby mitigating this market inefficiency (Hull, 

2018). CRAs aim to maintain rating stability to avoid rating reversals. This is because bond traders 

often rely on these ratings, and some traders are even subject to restrictions regarding the credit 

quality of the bonds in their portfolio. Hence, CRAs only change the rating if a long-term change 

in creditworthiness is expected (Hull, 2018). In continuation hereof, they aim to rate through the 

cycle, i.e. CRAs usually do not change the credit ratings of corporate bonds in times where the 

economy exhibits a downturn (Hull, 2018). A recession might imply higher default probabilities in 

the short term, however, in the long term, the probability of default for the individual firm is usually 

not significantly affected conditional on survival in the first few months (Hull, 2018). Of course, 

exceptions can be found to this rule as more downgrades can be observed during the financial crisis, 

for instance (Moody’s, n.d.). Thus, it is important to keep the objectives of CRAs in mind when 

interpreting default probabilities based on historical default rates. 
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3.1.2 Deriving Default Probabilities from Historical Default Rates 

In this section, it will be illustrated how to determine historical default probabilities based on data 

from CRAs. Table 3.A constructed by Moody’s is a typical example of historical default data 

produced by rating agencies. The table shows the percentage, cumulative, issuer-weighted default 

rates in the given period (1970-2019) for different maturities and different credit ratings. The 

default rate of the company is determined by its initial credit rating. For example, an initially Ba-

rated company has a 1.17% chance of defaulting by the end of year 1, and a 2.77% chance of 

defaulting by the end of year 2, and so forth. Thus, the in-year probability that an initially Ba-rated 

bond will default during year 2 is 1.60% at time 0.  

  

Table 3.A: Cumulative Issuer-Weighted Default Rates (%), 1970-2019 

Time (years) 1 2 3 4 5 10 15 

Aaa 0.00 0.01 0.03 0.07 0.14 0.69 1.08 

Aa 0.06 0.17 0.28 0.43 0.65 1.91 3.34 

A 0.08 0.25 0.50 0.79 1.10 2.91 4.82 

Baa 0.24 0.69 1.20 1.78 2.37 5.36 8.34 

Ba 1.17 2.77 4.54 6.40 8.21 16.19 22.54 

B 3.26 7.45 11.70 15.59 19.05 30.95 38.75 

Caa-C 9.58 16.97 22.98 27.96 32.12 45.33 53.85 
Source: Moody’s (n.d.). 

  

From the table, it is evident that for investment-grade bonds (Aaa-Baa), in-year default 

probabilities tend to increase with time while the opposite is evident for speculative-grade bonds 

(Ba-C). The reason for this is that issuers of investment-grade bonds are initially considered to be 

creditworthy and, therefore, the chance of a decline in its financial health will increase with time 

as uncertainty increases (Hull, 2018). However, issuers of bonds within lower-rating categories 

will typically either default quickly or improve their credit standing. An issuer’s survival of the 

first critical years will therefore often imply an improvement in their financial health over time 

(Hull, 2018).  

 

In order to find the default probabilities associated with a specific credit rating category, it is 

important to understand the difference between the unconditional and conditional default 

probabilities. The in-year default probability is also known as the unconditional default probability 

and is the probability of default during a specific year at time 0 for the rating category. The 
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conditional default probability, on the other hand, is the probability of a bond defaulting during a 

certain year conditional on no earlier default (Hull, 2018). For example, the unconditional default 

probability of a Caa-C bond during the fourth year is 27.96%− 22.98% = 4.98%, and the 

probability of that the bond survives until the end of year 3 is 1 − 22.98% = 77.02%. The 

probability of the bond defaulting in year 4 conditional on surviving 3 previous years is 
4.98%

77.02%
=

6.47%. This is also known as the hazard rate or default intensity. More specifically, the hazard 

rate yields the default probability for a short period of time (between 𝑡 and 𝑡 + ∆𝑡) conditional on 

no earlier defaults (from time 0 to 𝑡) (Hull, 2018). Thus, if Q from Table 3.A is the cumulative 

default rate for T years and 𝜆 is the hazard rate over the T years, it can be shown that: 

 

�̅� (t) = −
1

t
𝑙𝑛(1 − 𝑄(𝑡))   (3.1) 

 

For example, the average, annual default probability of an Aa rated company within 5 years 

conditional on no earlier defaults can be found: 

 

�̅� (5) = −
1

5
𝑙𝑛(1 − 0.65%) = 0.13% 

 

Thus, the above formula can be used to find the average, annual default probability of a firm within 

a specific time frame based on its credit rating conditional on no earlier defaults. As these default 

probabilities are estimated on the basis of historical default rates, this method will yield the actual 

default probabilities (Hull, 2018). It is important to note, however, that there are several different 

methodologies to calculate Q from historical default data, but the derivation from Q to 𝜆 is 

applicable in all instances. 

3.2 Default Probabilities from Credit Spreads 

The following section will briefly review credit spreads as a measure of credit risk and explain how 

default probabilities can be derived from these. In general, credit spreads are the extra rate of 

interest per annum that investors require as compensation for bearing credit risk (Hull, 2018). There 

are overall three types of credit spreads: 
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1.  CDS spreads for a given maturity 

2.  Bond yield spreads for a given bond with a given maturity 

3.  Asset-swap spread for a given bond 

 

As CDS spreads and how they can be considered a measure for credit risk have already been 

covered extensively, these will not be further elaborated. The bond yield spread, however, can be 

defined as the amount by which the yield on a corporate bond exceeds the yield on a similar risk-

free bond as compensation for taking on credit risk (Hull, 2018). Finally, it can be shown that the 

present value of the asset-swap spread is the amount by which the price of a corporate bond is 

exceeded by the price of a similar risk-free bond where the risk-free rate is assumed to be given by 

the LIBOR/swap curve. As such, the present value of the asset-swap spread reflects the 

compensation for bearing credit risk (Hull, 2018). Thus, each of these credit spreads can be 

considered a measure of credit risk and, moreover, an implicit default rate can be derived from 

either one. For the remainder of this paper, however, asset-swap spreads will not be considered. In 

order to illustrate how to derive default probabilities from credit spreads in practice, an example 

will be reviewed to demonstrate the relationship between the credit spread and the probability of 

default. An arbitrary five-year credit spread for a given company is 300 bps and the expected 

recovery rate of the given bond is 40% in the event of a default. With a recovery rate of 40%, the 

investor stands to lose 60% of the notional amount in case of default. Therefore, the credit spread 

– or the premium required for undertaking credit risk – must roughly equal the probability of default 

multiplied by the loss you will incur in the event of default:  

 

𝐶𝑟𝑒𝑑𝑖𝑡 𝑠𝑝𝑟𝑒𝑎𝑑 ≈ 𝐷𝑒𝑓𝑎𝑢𝑙𝑡 𝑟𝑎𝑡𝑒 ∗ (1 − 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑦 𝑟𝑎𝑡𝑒)  (3.2) 

 

As the credit spread and the recovery rate is oftentimes known - or can be approximated - the 

default probability of the given bond can be inferred by:  

 

𝑠(𝑇) ≈ �̅�(𝑇)(1 − 𝑅)       ⟺      �̅�(𝑇) ≈
𝑠(𝑇)

(1 − 𝑅) 
   (3.3)  
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Where s(T) is the credit spread with a maturity of T, R is the recovery rate, and �̅�(𝑇) is the average 

hazard rate per year until maturity of the bond at year T (Hull, 2018). Thus, in the above example 

the average, yearly probability of default within 5 years will approximately be 
0.03

1−0.4
= 0.05. 

 

While this estimation holds well for CDS spreads, it is a more questionable estimation for the bond 

yield spread and asset swap spread if the underlying bond sells for close to its face value (Hull, 

2018). The default probabilities derived via this method are classified as risk-neutral default 

probabilities (Hull, 2018). 

3.3 The Credit Spread Puzzle 

As has been illustrated by previous sections, there are two different types of default probabilities, 

1) historical or “real-world” default probabilities, and 2) risk-neutral default probabilities. The 

historical default probabilities are based on actual default data and therefore reflect the “real-world” 

default probabilities, whereas the default probabilities deriving from the various credit spreads are 

considered risk-neutral default probabilities. In a risk-neutral world, risk-neutral default 

probabilities would be equal to the actual default probabilities. These credit spreads would then 

merely compensate for the expected credit loss and, by extension, they would be pure measures of 

credit risk. In practice, however, large differences between the real-world and risk-neutral default 

probabilities can be observed. More specifically, risk-neutral default probabilities tend to be higher 

than real-world default probabilities (Hull, 2018). The observed discrepancy between actual and 

risk-neutral default probabilities is often referred to as “the credit spread puzzle” (Amato & 

Remolona, 2003; Heynderickx et al., 2016). While the credit spread puzzle is evident for both the 

CDS spread and the bond yield spread, there are some notable differences in practice between 

them, which will also affect the credit spread puzzle (Hull, 2018; Heynderickx et al., 2016). 

 

As both CDSs and bonds reflect the credit risk of a company, the CDS spread and the bond yield 

spread should be equal as any discrepancy between the two gives rise to arbitrage opportunities. If 

the CDS spread is smaller than the bond yield spread, the investor can earn more than the risk-free 

rate by buying both the corporate bond and the CDS. If, on the other hand, the CDS spread is larger 

than the bond yield spread, the investor can then short the corporate bond and sell the CDS 

protection in order to borrow for less than the risk-free rate (Hull, 2018). However, these strategies 

are not perfect arbitrage strategies and differences between the bond yield spread and the CDS 
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spread, called the CDS-Bond Basis, are observed in practice. Typically, the CDS spread is lower 

than the bond yield spread. This can be explained by several factors such as, for instance, lower 

liquidity in the bond market as opposed to the CDS market (Hull, 2018). Hence, the CDS spread is 

typically considered a purer measure of credit risk as compared to bond yield spreads, which also 

results in a narrower credit spread puzzle (Heynderickx et al., 2016). 

 

The vast amount of current literature examines the credit spread puzzle in relation to the bond yield 

spread. Overall, theory points to the following reasons, namely 1) illiquidity, 2) different default 

expectations of investors, 3) that bondholders require a systematic risk premium as equity-holders 

do, 4) idiosyncratic risk of bondholders, and 5) recovery rate risk (Hull, 2018; Amato & Remolona, 

2003; Berg, 2009). 

 

Firstly, the fact that corporate bonds are relatively illiquid will result in a higher required return for 

bond investors as compensation for undertaking liquidity risk hereby increasing the bond yield 

spread and the associated default probability (Hull, 2018). Secondly, bond traders’ subjective 

estimations of actual default probabilities tend to be higher than the default probabilities based on 

historical data, for instance, if bond traders allow for worse down-turn scenarios than previously 

observed in the period covered by the historical data (Hull, 2018). Thirdly, Hull (2018) argues that 

the most important driver of the observed difference is that bonds do not default independently of 

each other. This implies that default correlations are present in financial markets, which increases 

the systematic risk that cannot be diversified away by bond traders. This implies that bondholders 

require an additional risk premium for bearing systematic risk – just as equity holders do. High 

default correlations can predominantly be explained by the economy, as bad macroeconomic 

conditions increase the probability of default for all companies and vice versa (Hull, 2018). One 

highly relevant example could be the COVID-19 crisis, which is likely to increase the annual 

default rate of 2020.  

 

Furthermore, in contrast to equity holders, Amato and Remolona (2003) argue that bond holders 

might also require an additional return for bearing idiosyncratic risk associated with a specific 

bond. For instance, suppose a bond might have a 99.5% chance of 5% return if no default and a 

0.5% chance of -65% return in the case of default. This illustrates that bond returns are highly 

skewed with only a limited upside, but with potential for a very large down-side in case of default. 
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This is different from investments in equity, where the potential upside is correspondingly large. 

Therefore, it would require a very large portfolio of thousands of different bonds to diversify the 

nonsystematic risk away, which is difficult for most investors to obtain in practice (Amato & 

Remolona, 2003). This results in a higher expected excess return for bond investors in order to 

compensate for undertaking idiosyncratic risk as well. 

 

Finally, recovery rate risk could also increase the bond yield spread (Berg, 2009). In the previous 

sections, the recovery rate has been taken as given. In reality, however, recovery rates tend to be 

volatile and decrease in times of economic crisis (Altman, 2006). When uncertainty arises about 

how much bondholders will receive in the event of default, this will also be reflected in a higher 

required return and, hence, drive the bond yield spread up (Altman, 2006). 

 

While the drivers of the credit spread puzzle in the CDS market has – to the extent of our knowledge 

– yet to be examined empirically, several inferences can be drawn from the theories on the bond 

yield spread. Both illiquidity, different default expectations, a systematic risk premium stemming 

from default correlations, and recovery rate risk are also plausible reasons for the existence of a 

credit spread puzzle in the CDS market (Armen & Pedro, 2016; Berg, 2009). In terms of 

idiosyncratic risk, the payoff structure of a CDS is also heavily skewed as explained earlier 

indicating that an idiosyncratic risk premium could be priced in the CDS as well. While these 

theoretical explanations are incredibly interesting and will be included in the discussion, only 

illiquidity will be tested formally. 

3.4 Structural Models 

The following section will review structural models for determining default probabilities and, more 

specifically, Merton’s (1974) framework will be examined in-depth. Structural models rely on the 

impact of firm-specific variables – such as capital structure – in determining the default probability 

(Hull, 2018; Berg, 2009; O’Kane, 2008). The key advantages of structural models is 1) that they 

provide insights as to when and in what situations a firm might default on their debt, and 2) they 

can be used to analyze how a change in capital structure will affect the probability of default 

(O’Kane, 2008). Thus, these models propose important determinants of both actual and risk-neutral 

default probabilities, and their impact on the credit spread puzzle will be examined in the 

subsequent analysis. 
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Merton was the very first to introduce a structural model to estimate the probability of default 

associated with a specific firm in 1974 (Berg, 2009). He proposed an option-based model for 

corporate default, building on the Black-Scholes formula for option valuation (Merton, 1974; 

O’Kane, 2018). Merton’s model was based on the idea that default occurs at time T if the value of 

the company’s debt exceeds the value of the company’s assets (O’Kane, 2008). Merton assumes a 

highly simplistic capital structure where the company’s debt is comprised of a single outstanding 

zero-coupon bonds maturing at time T with a face value of F and a market value of D, and the 

company’s equity is comprised of shares paying no dividend with a value of E (O’Kane, 2008). If, 

at time T, the value of the firm’s debt exceeds the value of its assets, the company defaults leaving 

the equity-holders with a payoff of 0. If the value of the firm’s assets exceeds the value of its debt, 

the firm remains solvent and equity holders get a payoff of, 𝑉𝑡 − 𝐹. Therefore, the payoff of the 

company’s equity holders at time T can be written as: 

 

𝐸𝑇 = max(𝑉𝑇 − 𝐹, 0)   (3.4) 

 

And the payoff for debt holders at time T can be described by: 

 

𝐷𝑇 = 𝐹 −max(𝐹 − 𝑉𝑇 , 0) = min(𝐹, 𝑉𝑇)   (3.5) 

 

As such, the payoff of equity holders can be described by a call option on the company’s assets 

with a strike price of F, and, hence, the value of equity can be valued in the option-pricing 

framework developed by Black-Scholes. Thus, under the same assumptions as the Black-Scholes 

model, we can use these relationships to estimate a probability of default for the company. Black 

Scholes assumes that the underlying asset follows a Geometric Brownian motion, i.e.: 

 

𝑑𝑉𝑡 = 𝜇𝑉𝑡𝑑𝑡 + 𝜎𝑉𝑉𝑡𝑑𝑧𝑡   (3.6) 

 

From Ito’s lemma, it can be found that: 

 

𝑉𝑇 = 𝑉0 exp {(𝜇 −
1

2
𝜎𝑉
2)𝑇 + 𝜎𝑉√𝑇𝑍}   (3.7),  
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where 𝑍~𝑁(0,1). In order to estimate the probability of default, we need to find the probability of 

the company being insolvent at time T, namely the probability that 𝑉𝑇 < 𝐹: 

 

𝑃𝑟𝑜𝑏(𝑉𝑇 < 𝐹) = 𝑃𝑟𝑜𝑏 (𝑉0 exp {(𝜇 −
1

2
𝜎𝑉
2)𝑇 + 𝜎𝑉√𝑇𝑍} < 𝐹)   (3.8) 

 

Since we’ve assumed that 𝑍~𝑁(0,1), it can be showed that: 

 

𝑃𝑟𝑜𝑏(𝑉𝑇 < 𝐹) = 𝑁(
ln (

𝐹
𝑉0
) − (𝜇 −

1
2
𝜎𝑉
2)𝑇

𝜎𝑉√𝑇
)   (3.9) 

 

Thus, under the simplifying assumptions of Merton and the Black-Scholes formula, the probability 

of default can be found based on the maturity and the value of debt, the volatility of the assets, and 

the value of the company’s assets. Merton’s model can yield both the risk-free and the historical 

probability of default depending on what rate of asset return (μ) is employed. If the risk-free rate, 

r, is employed as asset return, then the formula will yield the risk-neutral default probability. If the 

expected return on the company’s assets is used, it will yield the real-world default probability. 

From this probability, a fraction describing the distance to default (DD) can be derived (Hull, 

2018):  

 

𝐷𝐷 =
ln (
𝑉0
𝐹 ) + (𝜇 −

1
2𝜎𝑉

2)𝑇

𝜎𝑉√𝑇
   (3.10)  

 

From the derivation above, several important relationships regarding a company’s probability of 

default can be derived. Firstly, if 𝜇 > 𝑟, the real-world default probability will be lower than the 

risk-neutral default probability. Secondly, the higher the expected return on assets, the lower the 

probability of default. Thirdly, the higher the volatility of the value of the company’s assets, the 

higher the probability of default will be for the specific firm. This is intuitive, because the more 

volatile the value of the company’s assets, the greater the risk that it will be exceeded by the value 

of debt resulting in default. Fourthly, the greater the distance between the face value of debt and 

the value of the company’s assets, the lower the firm’s default probability will be. Again, this is 
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intuitive because a higher leverage ratio, reflected in a lower fraction 
𝑉0

𝐹
,  increases the probability 

that the value of debt will exceed the value of the company’s assets (O’Kane, 2008). 

 

The Merton model requires the volatility of the company’s assets along with the value of the assets 

in order to determine the default probability. These parameters, however, are rarely directly 

observable on a daily basis, as a company typically will only disclose asset value quarterly, if at all 

(Hull, 2018). If the company is publicly traded, the value of equity, 𝐸0, can be directly observed 

on a daily basis and the volatility of equity, 𝜎𝐸, can be estimated. From Black-Scholes it can be 

derived: 

 

𝐸0 = 𝑉0𝑁(𝑑1) − 𝐹𝑒
−𝑟𝑇𝑁(𝑑2)   (3.11), 

 

 and from Ito’s lemma the following can be derived: 

 

𝐸0𝜎𝐸 =
𝜕𝐸

𝜕𝑉
𝜎𝑉𝑉0 = 𝑁(𝑑1)𝜎𝑉𝑉0   (3.12) 

 

Thus, we have two equations with two unknowns, which solved simultaneously can be used to 

solve for 𝜎𝑉 and 𝑉0. To sum up, Merton’s model (1974) states that the risk-neutral default 

probability of a company can be found using the value of equity, the volatility of equity, the risk-

free rate, and the face value and maturity of debt. 

 

This is a relatively simple model to determine the probability of default based on information, 

which is largely available for most publicly traded firms. It does, however, have limited practical 

applications due to its many assumptions (O’Kane, 2008). The assumptions regarding the capital 

structure and timing of default are highly simplified, which greatly limits the practical usage of the 

model. Moreover, the model builds on the same assumptions of the Black Scholes model namely, 

1) that the risk-free rate is constant, 2) that the volatility of assets is constant, 3) that markets are 

efficient without arbitrage opportunities and there are no taxes, transaction costs, or short selling 

restrictions, and 4) that the value of the company’s assets follows a Geometric Brownian Motion 

(O’Kane, 2008).  
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Several extensions have been made to mitigate the short-comings of the Merton model. For 

instance, Moody’s has developed their own model, the KMV model, to estimate default 

probabilities of specific firms. This is based on the Merton model, but is adapted to specific 

industries on the basis of empirical research. One of the major advantages of the KMV model as 

opposed to credit ratings is, that the resulting estimates of default probabilities do not have stability 

as one of their main objectives, which entails that they tend to respond more quickly to market 

information than credit ratings (Hull, 2018). 

4 Literature Survey 

While the previous sections went over the theoretical foundation for this thesis, the following 

sections are dedicated to examining the empirical findings and methodologies of previous research. 

As the aim of this research is to examine what drives the spread between CDS-implied and actual 

default probabilities, two branches of research will be examined in-depth, namely the literature 

concerning, 1) the difference between risk-neutral and actual default probabilities, and 2) the 

drivers of the CDS spread. The latter has been included because the drivers of the CDS spread has 

a direct impact on the risk-neutral, implied default probability, so this research will yield insights 

as to what drives the discrepancy between CDS-implied default rates and actual default rates. On 

the basis of the empirical findings of other scholars, hypotheses will be proposed in order to further 

structure the subsequent analysis. 

4.1 The Credit Spread Puzzle: Empirical Evidence 

There is a vast amount of literature examining the relationship between risk-neutral and actual 

default probabilities, and how the observed discrepancy can be explained. Broadly, the literature 

can be categorized based on how they derive the risk-neutral default probability, namely, 1) via 

CDS spreads, 2) via the bond yield spread, and 3) via structural models. Naturally, the literature 

employing the first method is most relevant to this specific research, however, as this body of 

literature is scarce, it is also necessary to review the latter two methods for inspiration. 

  

4.1.1 CDS Spreads 

While the literature examining the difference between actual and CDS-implied default probabilities 

is sparse given the novelty of the CDS market, Heynderickx and colleagues (2016) empirically 

examined the coverage ratio between risk-neutral, as implied by CDS spreads, and actual default 
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intensities on a sample of 550 private, European companies in the period of 2004-2014. As such, 

they were able to include the pre-crisis period, the global financial crisis, the European sovereign 

debt crisis, and the post crisis period. They estimated the actual default probabilities by multiplying 

yearly transition matrices extracted from Moody’s to find default intensities for different 

maturities. Their results showed that the ratio of risk-neutral to actual default probabilities was 

almost consistently larger than 1, and, hence, that risk-neutral default probabilities were larger than 

the actual. More specifically, the coverage ratio for average credit quality (Aa-Baa) was between 

2 and 5 prior to the financial crisis. Moreover, they identify different patterns across different credit 

quality classes, namely that higher credit quality results in a higher coverage ratio of up to 13.51 

prior to the crisis (Heynderickx et al., 2016). It is, however, important to note that this is likely due 

to the very low actual default probabilities of high credit quality bonds. Furthermore, they find that 

the coverage ratio has increased substantially since 2008, and that the post-crisis levels after the 

sovereign debt crisis of 2012 were still significantly higher than their pre-crisis value. They find 

that for high-rated corporates, the coverage ratio was more than twice as high prior to the crisis 

(Heynderickx et. al., 2016). This indicates a significantly higher risk premium incorporated in CDS 

spreads post-crisis as compared to pre-crisis. Notably, Heynderickx and colleagues (2016) only 

examine the level of the credit spread puzzle but not the drivers of this discrepancy. Similar results 

were reached by Berndt and colleagues (2004), who examined the default risk premia inherent in 

CDS spreads using Moody’s KMV EDFs as actual default probabilities for 69 US firms for 2001 

to 2003. 

 

4.1.2 Bond Yield Spread 

Due to the very sparse literature using CDS-implied default probabilities as the risk-neutral default 

probabilities, it is necessary to rely on the vast body of literature concerning the difference between 

risk-neutral and actual default probabilities using the bond yield spread. 

 

Hull, Predescu, and White (2005) have calculated coverage ratios using corporate bond yields over 

the risk-free rate. The corporate bond yields were retrieved from the Merrill Lynch bond indices 

for different credit ratings with an average bond maturity of around 7 years. They used 10 bps less 

than the 7-year swap-rate as the risk-free rate and assumed a recovery rate of 40%. The actual 

default intensities were found using statistics from Moody’s on the average, cumulative default 

rates between 1970-2003 (Hull et al., 2005). Their results show that for all credit ratings, the ratio 
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of risk-neutral to actual default probabilities was above 1. Furthermore, similar to Heynderickx and 

colleagues (2016), they find that the ratio is increasing in credit quality from around 17 for the 

highest rated bonds to around 1 for the lowest rated. The absolute difference between the two, 

however, is largely decreasing as credit quality improves although not consistently. The absolute 

difference ranges from 63 bps to 440 bps on an aggregated basis (Hull et al., 2005). 

  

Driessen (2005) examined the credit spread puzzle by decomposing the corporate bond yield spread 

into 3 broad categories, namely the risk premium, tax, and liquidity effects via an intensity-based 

model in a reduced-form setting for a sample of 104 US firms. Furthermore, he decomposed the 

risk premium category into 4 different factors, namely market-wide changes, a firm-specific 

component, dependency of the risk premium on the risk-free rate, and the risk premium on default 

jumps. Default jump risk is the risk of a very sudden default from a bond considered to be of high 

credit quality (Driessen, 2005). He finds that, when excluding the liquidity and tax effects, the 

coverage ratio is somewhere between 1 and 3 depending on maturity and credit quality. However, 

it is important to note that it cannot be concluded with statistical certainty that the coverage ratio 

is above 1, indicating the liquidity and tax effects are important components of the credit spread 

puzzle. Furthermore, he finds that, besides tax and liquidity effects, the common market factors are 

incredibly important hereby emphasizing the importance of systemic risk. Moreover, the impact of 

firm-specific factors is vanishingly small when accounting for common market factors (Driessen, 

2005). Liquidity and common market factors may very well affect the spread between CDS-implied 

and actual default probabilities, but taxes are unlikely to have an impact. While there is differential 

tax treatment between corporate and Treasury bonds impacting the bond yield spread, this is not 

the case for CDS-implied default probabilities (Heynderickx et al., 2016). As such, tax effect will 

not be considered for the remainder of this paper.  

  

Amato & Remolona (2003) focus on expected losses in assessing the difference between actual 

and risk-neutral default probabilities. Firstly, they find the spread of corporate bond yields over the 

risk-free rate using the option-adjusted spread indices provided by Merill Lynch from 1997-2003. 

They find the expected loss by using the unconditional one-year rating transition matrix from 

Moody’s to estimate a default probability and by assuming that the recovery rate is a constant share 

of the bond’s face value. The expected loss is then the probability of default over the next T years 

multiplied by 1 minus the recovery rate. They find that expected losses only account for a very 
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small share of the credit spreads. Moreover, they observe that the coverage ratio increases in credit 

quality. In absolute terms, however, the difference between the bond yield spread and the expected 

loss decreases as credit quality improves, in line with Hull and colleagues (2005). They find the 

absolute difference to range from 64 bps to 692 bps for maturities of 3-5 years. Finally, they find 

that the coverage ratio is decreasing in maturity, i.e. that the relative importance of expected losses 

in explaining the spread increases with maturity (Amato & Remolona, 2003). 

  

4.1.3 Structural Models 

Another part of the literature has based their analysis on structural models in order to determine 

risk-neutral default probability. In general, these structural models take their starting point in 

Merton’s model (1974) but with several extensions. For instance, Huang and Huang (2003) use 

structural frameworks to estimate how much of the corporate-Treasury yield spread is attributable 

to credit risk. More specifically, they calibrate structural models with different specifications to 

match US historical default data (Huang & Huang, 2003). They conclude that credit risk only 

accounts for a small part of the bond yield spread and this fraction is smaller for bonds with short 

maturity. Furthermore, credit risk accounts for a much higher fraction of the bond yield spread for 

junk bonds and, correspondingly, they find the highest coverage ratios for the AAA and AA rated 

bonds. This is in line with the findings covered in the previous sections (Huang & Huang, 2003). 

  

Furthermore, Berg (2009) discovers that whilst the absolute level of risk-neutral and actual default 

probabilities does change depending on the specific model employed, the difference between the 

risk-neutral and actual default probability does not change significantly when switching from one 

structural model to another. The reason for this is that several of the parameters included in these 

models tend to affect the risk-neutral and the actual default probability equally. Berg (2009) also 

uncovers that the relationship between risk-neutral and actual default probabilities can be captured 

by the Sharpe ratio of asset return to the risk-free rate over the asset volatility, and, on the basis of 

this, he derives the theoretical risk premiums for given values of the Sharpe ratio. He finds that the 

coverage ratio is decreasing and convex in the actual default probability. In absolute terms, the 

difference between risk-neutral and actual default probabilities is an increasing, concave function 

of actual default probabilities (Berg, 2009). Both findings are consistent with previous literature.  
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On the basis of the literature covered above, we present the following hypotheses: 

 

H1: The absolute difference between the CDS-implied and actual default probabilities is 

positive. 

 

H2: The difference between the CDS-implied and actual default probabilities will be the 

highest during the financial crisis and, moreover, the post-crisis level will be higher than 

the pre-crisis level. 

 

H3: The absolute difference between the CDS-implied and actual default probabilities is 

increasing and concave in deteriorating credit quality. 

4.2 Drivers of the CDS Spread 

In the following sections, the drivers of the CDS spread will be discussed. This is highly necessary 

as our methodology is centered around the use of CDS-implied default probabilities as the risk-

neutral default probability. As such, what drives the CDS spread could be a potential driver of any 

observed discrepancy between the CDS-implied and the actual default probability. The CDS spread 

can be divided into two components, namely 1) a default component embodying credit risk, and 2) 

a non-default component. Past work suggests that there are three dominant determinants of the 

default component, which can be reduced to a firm’s financial leverage, volatility, and the risk-free 

rate as derived by Merton’s structural model (e.g. Ericsson et al., 2009). In theory, these 

components should be reflected in the actual default probabilities. However, some of these 

variables could potentially impact CDS spreads and the actual default rates differently and are, 

therefore, still relevant to examine and discuss. Furthermore, the non-default component can be 

affected by variables such as illiquidity, counterparty risk, and risk aversion (Pires, Pereira & 

Martins, 2014; Longstaff et al., 2011). Given the main focus of this study on the impact of 

idiosyncratic factors on the spread between actual and CDS-implied default probabilities, these 

will, correspondingly, be the primary focus in the following literature survey. However, the 

importance of systemic variables cannot be neglected as previously mentioned (Driessen, 2005), 

so these will also briefly be discussed. 
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4.2.1 Asset-Specific Illiquidity 

The OTC nature of the CDS market and the resulting opaque and dealer-dominated structure 

especially prevalent prior to the financial crisis, entails that the CDS market is likely to be exposed 

to many potential sources of illiquidity, e.g. funding and capital constraints of financial 

intermediaries (Junge & Trolle, 2015). The impact of illiquidity on the CDS spread is, however, 

less straightforward than on bond and equity markets (Pires, Pereira & Martins, 2014). From an 

insurance perspective, information asymmetries will cause the insurance premium, i.e. the CDS 

spread, to increase. As illiquidity can be viewed as an expression of information asymmetries, we 

would expect higher illiquidity to drive the price of the CDS contract up (Pires, Pereira & Martins, 

2014; Acharya & Johnson, 2007). Hence, this would imply that any potential illiquidity premium 

should be captured by the protection seller. In support of this argument, numerous empirical studies 

find that the CDS spread increases with contract specific illiquidity by running panel regressions 

on the CDS spreads with several liquidity proxies (e.g. Pires, Pereira & Martins, 2014; Armen & 

Pedro, 2016; Lesplingart, Majois & Petitjean, 2012; Qui & Yu, 2012). These liquidity proxies 

include – but are not limited to – the Fitch liquidity score, the number of contributors providing 

quotes, and the bid-ask spread in either relative or absolute form. Overall, the bid-ask spread is the 

most commonly used and has been found to be the best liquidity proxy in the CDS market (Armen 

& Pedro, 2016). Moreover, the evidence in favor of a liquidity premium with this proxy is quite 

compelling (e.g. Armen & Pedro, 2016; Pires, Pereira & Martins, 2014). Interestingly, empirical 

evidence finds that the impact of the bid-ask spread on the CDS spread depends on whether the 

relative or the absolute bid-ask spread is used (Pires, Pereira & Martins, 2014; Acharya & Johnson, 

2007; Tang & Yan, 2007). More specifically, absolute bid-ask spreads tend to result in a strong, 

positive correlation with the CDS spread (Armen & Pedro, 2016; Pires, Pereira & Martins, 2014). 

Relative bid-ask, on the other hand, tend to have a weak, negative impact on the CDS spread (e.g. 

Acharya & Johnson, 2007). However, Pires, Pereira and Martins (2014) argue that proxying 

illiquidity with absolute, rather than relative, bid-ask spreads is the best approach. This is because 

CDS spreads and, by extension bid and ask quotes, are already expressed in a comparable way 

across different CDS contracts, namely in bps per annum of the notional amount. Thus, using 

relative bid-ask spreads by dividing the CDS bid-ask spread by the CDS mid quote can bias the 

comparison of liquidity between different CDS contracts. Thus, they argue that this is likely what 

is causing the conflicting results between relative and actual bid-ask spreads (Pires, Pereira & 

Martins, 2014). 
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Interestingly, Junge and Trolle (2015) find that once the systematic liquidity risk in the CDS market 

is accounted for, the impact of the contract-specific level of liquidity on the CDS spread becomes 

less pronounced (Junge & Trolle, 2015). More specifically, they propose a measure for CDS market 

illiquidity by considering the law-of-one-price relation between the four most liquid CDS indices 

in Europe and North America and a basket of single-name CDSs referencing 666 entities in the 

same markets replicating the cash flow of the respective indices. In addition, they use absolute 

CDS bid-ask spreads to control for contract-specific liquidity. Their findings suggest that the CDS 

contracts with higher liquidity exposures trade with wider CDS spreads (Junge & Trolle, 2015). 

Moreover, a decomposition of their CDS spreads across the portfolios exhibit that, on average, 

liquidity risk accounts for 24% of the model-implied CDS spreads whereas default risk accounts 

for 47% and expected default losses account for 29% (Junge & Trolle, 2015). 

 

Thus, contract-specific illiquidity appears to have a significant, positive impact on the CDS spread. 

As illiquidity in the CDS market should not affect the actual default rates, we would expect the 

following impact on the difference between risk-neutral and actual default probabilities: 

 

H4: The spread between actual and CDS-implied default probabilities is increasing in 

asset-specific illiquidity. 

 

4.2.2 Counterparty Risk 

Counterparty risk is a vital component of credit risk and was one of the key components leading to 

the global financial crisis of 2008. For instance, the CDS market drew much attention in 2008, as 

the default of Lehman Brothers caused AIG (protection seller) massive losses on their CDS 

positions, which led to a $182.5 billion bailout of AIG by the Federal Reserve (Longstaff et al., 

2011). The effect of counterparty risk on the CDS spread should be negative, as investors factor in 

the possibility of the counterparty defaulting prior to the maturity of the CDS contract and hereby 

not being able to honor their obligations (Bai & Collin-Dufresne, 2018). As such, if the 

counterparty defaults prior to the reference entity and the reference entity defaults prior to the 

maturity of the contract, the CDS is rendered worthless to the protection buyer (Bai & Collin-

Dufresne, 2018). Moreover, Bai and Collin-Dufresne (2018) argue that if the counterparty defaults 

prior to the reference entity and marking to market works perfectly, then the investor could simply 
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open a new CDS contract with a new counterparty at no cost and sustain no losses. Therefore, the 

investor is, theoretically, only exposed to counterparty risk if the reference entity and the 

counterparty defaults simultaneously (Bai & Collin-Dufresne, 2018). Naturally, the risk of this 

happening is extremely low and, hence, during normal times, the effect of counterparty risk on the 

CDS spread is likely to be relatively small. In reality, however, financial markets are imperfect and 

during times of distress, such as the financial crisis, investors were exposed to substantial 

counterparty risk (Bai & Collin-Dufresne, 2018). 

 

However, few empirical studies have examined how counterparty credit risk impacts the prices of 

CDS contracts with defaultable counterparties. Longstaff and colleagues (2011) examine how 

counterparty risk affects the pricing of CDS contracts using data on CDS transaction prices and 

quotations from 14 large CDS traders selling protection on the same underlying reference entity. 

This is in order to examine the effects of different counterparties on the price of comparable CDS 

contracts. They examined the period of March 2008 to January 2009, where fears of counterparty 

default arguably reached elevated levels (Longstaff et al., 2011). In order to obtain a measure of 

counterparty risk for each of the dealers included in the study, they used mid-market CDS spreads 

referencing the dealer entities hereby reflecting the market’s perception of their counterparty risk 

(Longstaff et al., 2011). They find a significant and negative relation between counterparty risk 

and CDS spreads as expected and, moreover, they show that the economic impact of counterparty 

risk is quite small. More specifically, they illustrate that an increase in the dealers’ credit risk of 

645 bps can be converted into an average decline of 1 bps in the dealers’ spread for selling 

protection (Longstaff et al., 2011). The introduction and rise of CCPs in the post-crisis period, 

however, should dramatically decrease the impact of counterparty risk as discussed in section 2.2. 

 

As the specific counterparty risk associated with a CDS contract should have a negative impact on 

the CDS spread and no direct impact on the actual default probability, the following hypothesis is 

proposed: 

 

H5: The impact of counterparty risk on the spread between CDS-implied and actual default 

probabilities is negative. 
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4.2.3 Firm-Specific Volatility 

Following Merton’s framework (1974), several studies find that the firm-specific equity volatility 

is one of the primary drivers of the default component of CDS spreads (Ericsson et al., 2009). 

Overall, two methodologies for determining volatility can be identified in the existing bulk of 

literature, namely 1) using historical stock market data, and 2) using option-implied volatility. 

Option-implied volatility is the most commonly used method, but Ericsson and colleagues (2009) 

opted for historical data in their study of the drivers of the CDS spread. More specifically, they 

examine the spread by performing regressions with the risk-free rate, financial leverage, and firm-

specific volatility as explanatory variables amongst others. In order to estimate the firm-specific 

volatility, they used the Exponentially-Weighted-Moving-Average (EWMA) model on the daily 

stock returns hereby attributing more weight to the most recent observations. They find a positive 

correlation between the CDS spread and volatility (Ericsson et al., 2009). 

 

Although some studies have used historical data to determine the volatility, the option-implied 

volatility is arguably a better measure as it is forward-looking (Goodhart & O’Hara, 1997). In 

support of this, Benkert conducted a study in 2004 examining the effects of the historical versus 

the option-implied equity volatility on the CDS premium. Benkert (2004) performs panel 

regressions on a data set including CDS spreads for 120 international firms in the period from 1999 

to mid 2002, where he includes the two different volatility measures. He finds that both measures 

of volatility are statistically significant, although the option-implied volatility is more important 

when explaining the variation of the CDS premia than the historical volatility (Benkert, 2004). 

These findings are consistent with newer research within this field (e.g. Cao, Yu & Zhong, 2010; 

Zhong & Yo, 2020). It is, however, important to note that option-implied volatility is not a pure 

measure of expected volatility but, rather, also incorporates a volatility risk premium, which likely 

has implications for its predictive power on the CDS spread (Kourtis, Markellos & Symeonidis, 

2016). On this note, Wang and colleagues (2010) find the variance risk premium, measured as the 

difference between option-implied and expected variance, to be a very strong predictor of CDS 

spreads. Thus, they justify empirically that the variance risk premium provides a risk-based 

explanation for the credit spread variations. 

 

For our purposes, it is evident from Merton’s model (1974) that firm-specific volatility arguably 

has an impact on both the CDS-implied default probabilities and the actual default probabilities, 
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suggesting that the impact on the spread between the two is ambiguous. Based on the findings of 

Wang and colleagues (2010), however, it seems plausible to hypothesize that an additional variance 

risk premium is priced in the CDS spreads, which would then not be captured by the actual default 

probabilities. Thus, the following hypothesis is proposed: 

 

H6: Firm-specific volatility will have a positive impact on the spread between CDS-implied 

and actual default probabilities. 

 

4.2.4 Financial Leverage 

The second factor inherent in the default component derived from Merton’s model (1974) is the 

financial leverage of the firm. The level of firm leverage has an impact on the default probability, 

as high levels of debt to firm value will make it more likely that the firm will default on its debt 

(O’Kane, 2008). Furthermore, major changes in the leverage ratios of the firm may be an indicator 

of improving or deteriorating firm health (Hull, 2018). Wang and colleagues (2012) investigated 

the impact of, amongst other things, leverage on the CDS spread with a dataset of 382 US entities 

spanning from 2001 to 2011 in panel regressions. They estimate a leverage ratio using the market 

value of firm equity and the book value of debt: 

 

𝐵𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑑𝑒𝑏𝑡

𝑀𝑎𝑟𝑘𝑒𝑡 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑒𝑞𝑢𝑖𝑡𝑦 + 𝐵𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑑𝑒𝑏𝑡
   (4.1) 

 

Their findings suggest that debt is a highly significant determinant of CDS spreads with a large 

economic impact (Wang et al., 2010). In addition, Ericsson and colleagues (2009) find similar 

results in their study on US firms from 1999 to 2002. Moreover, they find largely the same impact 

on the CDS spread regardless of whether using changes in leverage ratios or the level of leverage 

ratios as explanatory variables. 

 

As with idiosyncratic volatility, we would expect the leverage ratio to impact both actual and risk-

neutral default probabilities. However, it is hypothesized that CDS-markets will be subject to a 

larger economic impact than the actual default probabilities due to potential risk aversion 

associated with highly levered firms. This will cause protection buyers to be willing to pay 

correspondingly more for insurance hereby driving CDS-implied default probabilities up. Hence, 

the following hypothesis is proposed: 
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H7: The difference between actual and CDS-implied default probabilities is 

increasing in the leverage ratio. 

 4.3 Systemic Factors 

In the previous sections, the most important idiosyncratic determinants of the spread between CDS-

implied and actual default probabilities have been covered. The aim of the following section, 

however, is to review the most important systematic factors impacting the spread, namely risk 

aversion, the slope of the yield curve, and the risk-free rate. Please note, that a comprehensive 

overview will not be provided but only the factors deemed most relevant for the subsequent analysis 

will be covered. 

 

One of the most difficult tasks in practice is to distinguish between how much changes in asset 

prices can be explained by economic factors and how much can be explained by changes in risk 

premiums due to investors’ risk aversion. In general, the risk premium associated with a given 

security can be defined as the compensation required by the investor to undertake various types of 

risk. Naturally, this depends on the overall risk level, but the magnitude of the risk premium also 

depends on the investors’ risk aversion (Bodie et al., 2018). It is, however, difficult to estimate risk 

aversion in practice and, hence, there is only limited empirical literature regarding how risk 

aversion affects asset prices in the CDS market. While Amato (2005) does examine risk aversion 

in the CDS market, he uses the inherent risk premium in CDS spreads, i.e. the credit spread puzzle, 

to infer a risk aversion measure. As such, his findings do not yield any insight as to how risk 

aversion in itself affects the CDS spreads and, moreover, it ignores the impact of other factors such 

as liquidity on the CDS spread by assuming that the entire risk premium is attributable to credit 

risk. Hence, this approach is not viable in examining the drivers of the credit spread puzzle. From 

a logical perspective, however, it is expected that when risk aversion is high, protection against 

credit risk becomes more attractive driving the prices of CDS spreads up. As risk aversion should 

have no direct impact on actual default probabilities – although they are likely to be somewhat 

correlated – it is expected that risk aversion drives the difference between risk-neutral and actual 

default probabilities up.  

 



 40 out of 118  

Furthermore, the economic state is also likely to have an impact on the spread between actual and 

risk-neutral default probabilities. The yield-slope has by several scholars been found to be a good 

predictor of recession. When the curve inverts, i.e. when the yield on short-term bonds becomes 

larger than the yield on long-term bonds, it is an indication that investors expect an impending 

recession in the short-term (Fisher, 2001). In these times, both illiquidity, counterparty risk, and 

risk aversion tend to reach elevated levels and, as such, this is a highly important control variable 

to include in our study. In addition, Collin-Dufresne (2001) argues that recovery rates are likely to 

decrease during times of recession, increasing recovery rate risk and hereby the CDS spread. 

Recovery rate risk, however, should not have an impact on the actual default probabilities so we 

would expect the yield curve to have a negative correlation with the difference between actual and 

risk-neutral default probabilities (Collin-Dufresne, 2001). It is, however, important to note that 

there are several factors shaping the yield curve, such as investors’ expectations of the future path 

of short-term interest rates, illiquidity as well as risk aversion, so caution is necessary when 

interpreting the implications of this factor for the credit spread puzzle (Fisher, 2001; Bodie et al., 

2018). 

 

Finally, the risk-free rate is important in the pricing of any financial contract and, hence, also in 

the pricing of CDS spreads (Hull, 2018). As can be inferred from Merton’s structural framework 

(1974), the risk-free rate determines the risk-adjusted drift of firm value and, hence, should have a 

negative impact on the risk-neutral, i.e. CDS-implied, default probabilities (Ericsson et al., 2009). 

This is in line with previous literature, in which the risk-free rate has been found to correlate 

negatively with the CDS spread (Ericsson et al., 2009). Moreover, as interest rate risk has been 

found to affect the spread between actual and risk-neutral default probabilities negatively using the 

bond yield spread (Driessen, 2005), it is also expected that the risk-free rate will have a negative 

impact on the difference between the CDS-implied and the actual default probabilities. 
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5 Methodology and Data 

The following section will elucidate the research approach of this thesis, the underlying data 

collection, and applied methodology in constructing our dependent, independent and control 

variables. The strengths and limitations of the applied method will be discussed continuously. 

Finally, a description of the final dataset will be provided. 

5.1 Research Approach 

Taking our overall problem statement as a starting point, this research is nested in a vast amount 

of existing literature and theories. Hence, for the purpose of this thesis a deductive approach in the 

investigation of the observed discrepancies between actual default probabilities and CDS-implied 

default probabilities was deemed most appropriate, as it allowed us to utilize preceding findings 

for hypotheses creation. As such, the initial processes of generating a knowledge foundation based 

on existing literature, shaping our research question as well as our dataset and overall methodology 

selection has been conducted through deductive reasoning (Andersen, 2014). However, in our 

empirical analysis, the validity, reliability as well as generalizability of our empirical results must 

be deliberated. Hence, when interpreting our empirical observations and translating these into 

general findings, a more inductive approach is hereby introduced (Andersen, 2014). 

  

To investigate our research question, we have solely employed secondary, quantitative data 

extracted from numerous sources, namely Bloomberg, Markit, Moody’s, Capital IQ, and Yahoo 

Finance. In general, data availability has been an obstacle in answering our research question. This 

is first and foremost due the current COVID-19 pandemic forcing lockdowns on all sections of 

society, including the access to Bloomberg terminals via Copenhagen Business School. It has 

therefore, for instance, been necessary to obtain CDS bid-ask data from different databases. This 

will be addressed further in section 5.3.5. Furthermore, a panel data approach has been utilized in 

structuring the data, as many of the employed variables, including the dependent variable, are 

idiosyncratic and time-varying in nature, the data employed has two important identifiers, namely 

date and firm (Woolridge, 2009). For the analysis of the data, three statistical methodologies has 

been employed, namely 1) t-tests to examine if there is a statistical difference between actual and 

risk-neutral default probabilities, 2) univariate panel regressions to examine the impact of each 

variable in isolation on the dependent variable, and 3) multivariate panel regressions to examine 



 42 out of 118  

the joint impact of the explanatory variables on the dependent. All statistical analysis has been 

conducted in R. 

5.2 Sample Selection 

This thesis is based on a sample consisting solely of US companies, as our study has the US as its 

focal market. The relevant companies were determined based on a list published by the Depository 

Trust & Clearing Corporation’s (DTCC) containing the top 1,000 most traded CDS contracts 

globally in 2019. This is done to ensure that the CDS contracts included in the analysis are highly 

liquid, in order to get as pure a measure of credit risk as possible and hereby minimize noise in the 

study. After filtering the list to only include the firms within the US, we ended up with a short-list 

of 287 companies. Furthermore, it is important to note that by constructing our sample based on 

DTCC’s list of the most traded companies in 2019, our sample will not include any defaulted 

companies during the time period of the study – although two of the initial sample companies have 

subsequently defaulted as a result of the COVID-19 pandemic (Capital IQ, n.d.). Thus, our 

empirical analysis will be subject to a survival bias, which might cause overly optimistic results as 

defaults are ignored. Survival biases tend to conflate correlation with causation (Donohue, 2018).  

5.3 Construction of Variables 

The collection, construction, and cleaning process of the dependent, independent, and control 

variables along with the associated considerations are outlined in-depth throughout the following 

sections. In general, data was extracted from the period 01-01-2000 to 31-01-2020 when possible. 

In line with our research question, we wanted to examine the spread between risk-neutral and actual 

default probabilities in different economic states, namely before, during, and after the financial 

crisis. Accordingly, it was essential to collect a significant amount of data prior to and after the 

global financial crisis to examine whether the spread and drivers of the spread changes during 

different economic periods, hereby motivating our choice of initial sample period. 

For the explanatory variables, the main regressors are the idiosyncratic variables as covered in the 

literature review, whereas the market variables are considered to be control variables given the 

primary focus of our study on idiosyncratic variables. 
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5.3.1 From CDS Spreads to CDS-Implied Default Probabilities 

Several criteria were deliberated and applied for each firm in the CDS picking process to obtain 

the purest measure of credit risk. By obtaining the purest measure of credit risk, we are minimizing 

the amount of noise captured in the study, hereby better allowing us to examine what actually drives 

the difference between CDS-implied and actual default probabilities. Firstly, as previous scholars 

have found that the 5-year CDS contracts are by far the most liquid instrument in the credit 

derivatives market, this thesis will solely employ the 5-year maturity CDS contracts to minimize 

illiquidity effects on the CDS premium (e.g. Bai & Collin-Dufresne, 2018; Blanco et. al., 2005). 

As the purpose of this study is to examine what drives the difference between actual and risk-

neutral default probabilities over time and not how it behaves across different maturities, we 

decided to only include this CDS maturity in this study. It is, however, considered an interesting 

point for further research. Secondly, CDSs can be traded with different standardized contracts 

specifying what qualifies as a credit event and, moreover, which bonds qualify as deliverable. As 

emphasized in section 2.1, using different restructuring clauses can cause pricing differences in the 

CDS given in the following order FR>MM>MR>XR. Packer and Zhu (2005) found empirical 

evidence for this, namely that the average difference between the FR and MR clauses was 

approximately 4 bps while the difference between the MM and MR clauses was approximately 2 

bps for high yield CDSs in their empirical study. This difference can be attributed to the higher 

optionality in deliverable bonds in the MM clause leading to a cheapest-to-deliver-option as 

explained in section 2.1. Therefore, when calculating the risk-neutral default probabilities, it has 

been chosen to only include the MR clause in order to minimize this effect and to ensure 

consistency throughout time and companies. Furthermore, as we are focused on obtaining the 

purest measure of credit risk for the entities, all CDSs on subordinated, collateralized, and 

convertible bonds have been excluded following previous literature (Driessen, 2005; Heynderickx 

et al., 2016). Thus, only CDSs on senior unsecured debt have been included to reduce the possibility 

of special clauses skewing the valuation of the CDS spreads. Finally, only dollar issuances are 

included. The reason for this is that the study focuses on US companies and, moreover, only 

including one currency ensures that no potential cross-currency differences between the CDS and 

the underlying bond affect the difference between CDS-implied and actual default probabilities. 

 

Once the CDS type was determined, the CDS spreads for each entity in our sample were extracted 

from Markit. As such, the CDS spreads collected include only MR clauses, 5-year maturities, senior 
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unsecured debt, and dollar-denominated contracts to obtain the purest measure of credit risk and to 

ensure consistency in our sample. The earliest available data in Markit was from 2002, and, thus, 

the CDS spreads were collected on a daily basis for the period 01-01-2002 to 31-01-2020. Markit 

is widely regarded as the best database for CDS data, both in terms of data availability and 

reliability, and has been used to collect CDS data in studies on the CDS spread (Armen & Pedro, 

2016). Thus, there is no apparent reason to question the validity of the data extracted from Markit. 

  

In addition to the CDS spreads, we also collected the corresponding recovery rates from Markit. 

Recovery rates are an essential part of valuing a CDS contract as these reflect the post-default value 

of a contract, and hereby, affect the subsequent cash flows (Hull, 2018). For CDS contracts on 

investment grade bonds (Aaa-Baa), Markit has generally assumed a 40% recovery rate. For high 

yield bonds, on the other hand, Markit (2014) has estimated the recovery rate more precisely based 

on firm-specific factors with an undisclosed methodology. This distinction is made because high 

yield bonds have higher default probabilities and, hence, a precise recovery rate arguably becomes 

more important. Moreover, the estimated recovery rates for high yield firms tend to be lower 

(Markit, 2014). Previous literature has either largely assumed a recovery rate of 40% across rating 

categories (Heynderickx et al., 2016) or used the estimates provided by Altman and Kishore (1998) 

by credit rating (Amato & Remolona, 2003). It was selected to extract recovery rates from Markit 

rather than these approaches for various reasons. Firstly, because Markit’s (2014) estimate is firm-

specific for high yield bonds, which is an important advantage as several variables are examined 

at the firm-level. Furthermore, the estimates provided by Altman and Kishore (1998) are relatively 

old and, moreover, likely to overestimate recovery rates for the crisis period where recovery rates 

tend to decrease (Collin-Dufresne, 2001). Ideally, this paper would have provided unique estimates 

of recovery rates for each firm included in the sample, as has been done by Altman and Kishore 

(1998), since the Markit recovery rates are simply assumed for investment grade firms. This was, 

however, deemed far beyond the scope of this thesis and would only have had an impact for 

investment grade firms.  

  

From the collected data it was possible to calculate the risk-neutral default probability by utilizing 

the relationship between credit spreads, recovery rates, and default rates demonstrated in section 

3.2: 
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�̅�(𝑇) =
𝑠(𝑇)

(1 − 𝑅)
   (5.1) 

 

Where �̅�  denotes the hazard rate, i.e. the default intensity, at time T, s(T) denotes the CDS spread 

at time T, and R is the recovery rate. As the study only employs 5-year CDS spreads, this will yield 

the 5-year risk-neutral default intensity. It is, of course, important to note that this methodology is 

only an approximation of the hazard rates. However, this approximation holds very well for CDS 

spreads, unlike for bond yield spreads, so this is not deemed too worrisome (Hull, 2018).  

 

5.3.2 From Transition Matrices to Actual Default Probabilities 

Estimating actual default intensities is arguably the most important – and most difficult – technical 

aspect of this thesis. Several methodologies were considered, but, ultimately, the approach of 

Heynderickx and colleagues (2016), Amato and Remolona (2003), Elton and colleagues (2001), 

Jarrow, Turnbull and Lando (1997), and Feng and colleagues (2004) was applied, although other 

methodologies were tested to ensure robustness of our results. 

More specifically, a Markov chain has been assumed and applied on rating transition matrices from 

Moody’s in order to obtain 5-year actual default probabilities. A Markov chain is a stochastic model 

describing a sequence of possible events in which the probability of each event depends only on 

the state attained in the previous event in a discrete time setting (Norris, 1998). In our case, the 

events will be rating transitions. The transition matrices have been extracted from Moody’s Annual 

Default studies from 2002-2019. These matrices show the transition rates based on an average from 

1981 to the year in question. It was selected to use the average, yearly transition matrices rather 

than the transition matrices based on data for a single year following Jarrow, Lando & Turnbull 

(1997). This was, most importantly, because it would be misleading to base the actual default 

probabilities on yearly transition matrices, as these tend to underestimate default probabilities in 

good times and overestimate default probabilities in bad times, notably during the financial crisis 

(Heynderickx, 2016; Nickell et al., 2000). Hence, using average transition matrices has a smoothing 

effect on the actual default probabilities over time, while still accounting for higher default 

probabilities in times of crisis. The migration matrices were extracted using alphanumeric ratings 

(i.e. Aa1, Aa2 etc.) to heighten the precision of the actual default rate by selecting the smallest 

cohort possible. The average, one-year rating migration matrices take the following form when 

extracted from Moody’s: 
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𝑇𝑀𝑡,1 = (

𝑡𝑟𝐴𝑎𝑎,𝐴𝑎𝑎|𝑡,1 𝑡𝑟𝐴𝑎𝑎,𝐴𝑎1|𝑡,1 … 𝑡𝑟𝐴𝑎𝑎,𝐶𝑎−𝐶|𝑡,1 𝑡𝑟𝐴𝑎𝑎,𝑊𝑅|𝑡,1 𝑡𝑟𝐴𝑎𝑎,𝐷|𝑡,1
𝑡𝑟𝐴𝑎1,𝐴𝑎𝑎|𝑡,1 𝑡𝑟𝐴𝑎1,𝐴𝑎1|𝑡,1 … 𝑡𝑟𝐴𝑎1,𝐶𝑎−𝐶|𝑡,1 𝑡𝑟𝐴𝑎1,𝑊𝑅|𝑡,1 𝑡𝑟𝐴𝑎1,𝐷|𝑡,1

⋮ ⋮ ⋱ ⋮ ⋮ ⋮
𝑡𝑟𝐶𝑎−𝐶,𝐴𝑎𝑎|𝑡,1 𝑡𝑟𝐶𝑎−𝐶,𝐴𝑎1|𝑡,1 … 𝑡𝑟𝐶𝑎−𝐶,𝐶𝑎−𝐶|𝑡,1 𝑡𝑟𝐶𝑎−𝐶,𝑊𝑅|𝑡,1 𝑡𝑟𝐶𝑎−𝐶,𝐷|𝑡,1

)(5.2) 

 

The rows indicate the rating at the beginning of the year, and the columns indicate the rating or 

state at the end of the year. There are two additional possible end-of-year states, namely withdrawn 

rating (WR) and default (D). WR comprises the companies, who had a given Moody’s rating at the 

beginning of the year but has withdrawn it during the year, e.g. if the issuer has repaid its 

outstanding public debt using private funds or the debt matures (Cantor & Hamilton, 2006). As the 

name suggests, D comprises the companies within the given rating class who defaulted during the 

year. Thus, the rates listed under D are the 1-year default probabilities. As evident from the above 

equation, the rating migration matrices extracted from Moody’s are not square and, hence, need to 

be adjusted for our purpose in order to obtain multiple-year default probabilities. There are two 

overall ways to deal with this problem, namely 1) to add WR as a row, or 2) to remove WR (Feng 

et al., 2004). Adding WR as a row would require knowledge of the number of firms without a rating 

at the beginning of the year along with what rating they received, which is not easily obtained 

(Feng et al., 2004). Therefore, the second option was selected, and the WR were distributed 

proportionally to the other rating classes, so that the sum of each row would still be 100%. Thus, 

we are implicitly assuming that the companies withdrawing their ratings during the year would 

have followed the same transition pattern as their beginning-of-year rating category, had they 

maintained their rating. More formally, the adjusted transition rate for the given rating class, rc1, 

to the end of year rating class, rc2, can be found (Feng et al., 2004; Heynderickx, 2016; Elton et 

al., 2001; Jarrow, Turnbull & Lando, 1997): 

 

𝑡�̃�𝑟𝑐1,𝑟𝑐2|𝑡,1 =
𝑡𝑟𝑟𝑐1,𝑟𝑐2|𝑡,1

(1 − 𝑡𝑟𝑟𝑐1,𝑊𝑅|𝑡,1)
   (5.3) 

  

To deal with the default class, a final row has been added with a value of 0 for each of the rating 

classes and 1 for the default state. This row indicates the absorbing default state, in which we 

assume that once a company is defaulted, it will not re-enter into a rating class. It is possible to 

relax this assumption (view e.g. Jarrow & Turnbull, 1995), but for our purposes it would just add 
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an unnecessary layer of complexity (Jarrow, Lando & Turnbull, 1997). Implementing these 

adjustments, yields the following adjusted matrix format2: 

 

𝑇�̃�𝑡,1 =

(

  
 

𝑡�̃�𝐴𝑎𝑎,𝐴𝑎𝑎|𝑡,1 𝑡�̃�𝐴𝑎𝑎,𝐴𝑎1|𝑡,1 … 𝑡�̃�𝐴𝑎𝑎,𝐶𝑎−𝐶|𝑡,1 𝑡�̃�𝐴𝑎𝑎,𝐷|𝑡,1

𝑡�̃�𝐴𝑎1,𝐴𝑎𝑎|𝑡,1 𝑡�̃�𝐴𝑎1,𝐴𝑎1|𝑡,1 … 𝑡�̃�𝐴𝑎1,𝐶𝑎−𝐶|𝑡,1 𝑡�̃�𝐴𝑎1,𝐷|𝑡,1
⋮ ⋮ ⋱ ⋮ ⋮

𝑡�̃�𝐶𝑎−𝐶,𝐴𝑎𝑎|𝑡,1 𝑡�̃�𝐶𝑎−𝐶,𝐴𝑎1|𝑡,1 … 𝑡�̃�𝐶𝑎−𝐶,𝐶𝑎−𝐶|𝑡,1 𝑡�̃�𝐶𝑎−𝐶,𝐷|𝑡,1
0 0 … 0 1 )

  
 
   (5.4) 

 

Moreover, the adjusted one-year transition matrices can be used to find the n-year default 

probabilities. For instance, to get the year two defaults, we first use the one-year transition matrix 

to calculate the ratings going into year two for any bond starting with a particular rating in year 

one. Year two defaults can then be found as the proportion in each rating class times the probability 

that a bond in that class defaults by year end. In practice, this would be found by multiplying the 

one-year transition matrix by itself and then the last column in state D would yield the two-year 

default probabilities (Elton et al., 2001). The reason we can use this methodology is that we are 

dealing with discrete rather than continuous time steps (Jarrow, Lando & Turnbull, 1997). Building 

on the same logic, the 5-year default probability, conditional on no earlier default, can be found by 

taking the adjusted transition matrix to the 5th power: 

 

𝑇�̃�𝑡,5 =

(

  
 

𝑡�̃�𝐴𝑎𝑎,𝐴𝑎𝑎|𝑡,1 𝑡�̃�𝐴𝑎𝑎,𝐴𝑎1|𝑡,1 … 𝑡�̃�𝐴𝑎𝑎,𝐶𝑎−𝐶|𝑡,1 𝑡�̃�𝐴𝑎𝑎,𝐷|𝑡,1

𝑡�̃�𝐴𝑎1,𝐴𝑎𝑎|𝑡,1 𝑡�̃�𝐴𝑎1,𝐴𝑎1|𝑡,1 … 𝑡�̃�𝐴𝑎1,𝐶𝑎−𝐶|𝑡,1 𝑡�̃�𝐴𝑎1,𝐷|𝑡,1
⋮ ⋮ ⋱ ⋮ ⋮

𝑡�̃�𝐶𝑎−𝐶,𝐴𝑎𝑎|𝑡,1 𝑡�̃�𝐶𝑎−𝐶,𝐴𝑎1|𝑡,1 … 𝑡�̃�𝐶𝑎−𝐶,𝐶𝑎−𝐶|𝑡,1 𝑡�̃�𝐶𝑎−𝐶,𝐷|𝑡,1
0 0 … 0 1 )

  
 

5

   (5.5) 

 

               

For example, to find the default probability in 2019, we take the adjusted, average, one-year 

transition matrix based on default data from 1981-2019 to the power of five. The final column in 

 
2 For the yearly transition matrices from 2006-2019, the Caa-C categories were broken down into Caa1, Caa2, Caa3 

and Ca-C. For 2002-2005, however, the categories had been combined to one Caa-C category. It was chosen to adjust 

the 2002-2005 matrices as the period from 2006-2019 both comprises more years but also provide more detailed 

information. In this process, it was assumed for the columns that the distribution of Caa-C to Caa1, Caa2, Caa3, and 

Ca-C followed the same distribution as the pre-crisis average extracted from the 2006 average yearly transition matrix. 

This approach could not be implemented for the rows as each sub-category needed to sum to one. Therefore, it was 

chosen to apply the average pre-crisis transitioning rates for the Caa1, Caa2, Caa3 and Ca-C categories, also extracted 

from the 2006, average, yearly transition matrix from Moody’s. 
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the new, 5-year transition matrix will then yield the actual probability of default for each 

alphanumerical rating in 2019 (Jarrow, Lando & Turnbull, 1997): 

 

𝑡�̃�𝑟𝑐1,𝐷|2019,5 = 𝐴𝑐𝑡𝑢𝑎𝑙 𝑃𝐷𝑟𝑐1|2019,5   (5.6) 

 

In Appendix 1, a comprehensive example of the actual default probability computations in practice 

can be found. This approach has been applied to find the actual 5-year default probabilities for each 

year in the period 2002-2019 summarized in Appendix 2. In order to find the default intensity 

comparable to the risk-neutral default intensity, the following equation has been used, as covered 

in section 3.1.2: 

  

𝜆𝑟𝑐1|𝑦,5 = −
1

5
ln(1 − 𝑡�̃�𝑟𝑐1,𝐷|𝑦,5)  (5.7) 

 

There are several reasons why this specific methodology has been chosen. Firstly, it is an intuitive 

way of calculating default probabilities without being too computationally difficult and only builds 

on data, which was readily available to us. Secondly, it has achieved widespread acceptance within 

the literature as a method for computing actual default probabilities and has generally performed 

well empirically (Elton et al., 2001; Jarrow, Lando & Turnbull, 1997; Heynderickx et al., 2016). 

Thirdly, it efficiently handles the problem of default probabilities of 0 (Heynderickx et al., 2016). 

More specifically, rating agencies publish annual default frequencies per rating class for different 

maturities, but many of these rates are 0 for high credit quality bonds even with long maturities. 

While the actual, observed default frequencies by the rating agencies may be 0, the default 

probabilities for a given company cannot be 0 regardless of its credit quality. It may approximate 

0, but a company will always face some default risk. Hence, Moody’s raw default frequencies do 

not capture the incredibly small chance of a Aaa company defaulting, also known as default jump 

risk (Driessen, 2005). This is possibly due to their sample size only comprising companies with a 

Moody’s rating (Cantor & Hamilton, 2006). Using average, yearly transition matrices, allows us 

to better account for this (Heynderickx et al., 2016). Furthermore, this methodology allowed us to 

break down the default rates on alphanumeric ratings. As we are interested in the idiosyncratic 

differences driving the spread between risk-neutral and actual default probabilities, it was 

preferable to allocate default rates based on alphanumeric ratings as opposed to the letter ratings as 

these cohorts are narrower. Moody’s does publish annual, cumulative default rates from 1970 to 
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the year in question as employed by Driessen (2005), but these are only divided by letter rating and 

not alphanumeric ratings (Moody’s, n.d.) and were, hence, not selected for our purposes. 

 

Although the employed methodology is arguably the best given the scope and purpose of this thesis, 

it does impose certain limitations that are necessary to address. Firstly, the use of a Markov chain 

for actual default probabilities imposes certain challenges, namely 1) that it only allows us to derive 

the actual default probabilities on a yearly basis, 2) that it only takes the current state into account, 

and 3) transition matrices may yield default probabilities that are higher than what is observed in 

reality. As the Markov chain employed for our purposes is in a discrete time setting, it only allows 

us to find the actual default probabilities for integer years rather than in continuous time (Jarrow, 

Lando & Turnbull, 1997). This could have been accounted for by using an empirically well-

performing structural model such as Moody’s KMV EDFs, as has been employed in several other 

studies (Amato, 2005; Armen & Pedro, 2016). Unfortunately, this data was inaccessible to us, 

although it would arguably have been a better option by allowing us to examine the credit spread 

puzzle on a daily basis. Moreover, it needs to be stressed that when using a Markov chain, it only 

takes the current state into account (Heynderickx, 2016). As such, the transitioning probability is 

only determined based on the current rating and is not affected by whether the current rating was 

preceded by an upgrade or a downgrade. This assumption is, however, violated in reality, as 

downgrades are more likely to be followed by downgrades (Altman & Kao, 1992). Furthermore, 

Driessen (2005) has found that the default probabilities estimated via a Markov chain are higher 

compared to what is observed in reality. More specifically, Driessen (2005) compares the results 

of other researchers obtained using average, yearly transition matrices to the average cumulative 

default rates posted by the rating agencies and find transition matrices to yield much higher default 

probabilities. This is likely due to the proportional distribution of the WR-grade across the 

remaining rating categories, and the validity of this assumption can be questioned. Furthermore, 

this simplification especially affects high yield firms were a large share of the WR category is 

allocated to the default state. This assumption is, however, very common in prior literature (Feng 

et al., 2004; Jarrow, Lando & Turnbull, 1997; Heynderickx et al., 2016), and the advantages of 

using transition matrices outweigh the cons as it allows us to use smaller cohorts. 

Furthermore, as Moody’s only publishes the global transition matrices, there is a slight mismatch 

between the actual default probabilities and our sample comprising of US firms. By extension, 

large differences in default rates can be identified across industries (Moody’s, n.d.), which will not 
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be captured by the elected methodology. Moreover, the elected methodology determines the actual 

default probability based solely on the credit rating of the company in question. This entails that 

all companies with the same rating, e.g. A1, have been assumed to have the same actual probability 

of default. Naturally, two different companies with different characteristics will not have the exact 

same probability of default despite receiving the same credit rating. As this thesis is also concerned 

with the idiosyncratic firm characteristics driving the difference between risk-neutral and actual 

default probabilities, this limitation becomes more important. This difficulty has, however, been 

mitigated by using the lowest possible grouping from Moody’s, namely alphanumeric ratings.  

 

5.3.3 Deriving the Spread between CDS-Implied and Actual Default Probabilities 

As both the risk-neutral and actual default intensities have now been estimated, the difference 

between the two can be found. As such, only the problem of “matching” the risk-neutral default 

intensities with the actual default intensities remains, as the CDS data was obtained on a daily basis, 

whereas it was only possible to estimate the actual default intensities on a yearly basis. It would be 

misleading to enter the same actual default probability for each daily CDS spread entry during that 

year, as the fluctuations in the CDS spread during the year would then incorrectly indicate 

fluctuations in the credit spread puzzle keeping the actual default probability constant. Therefore, 

it was chosen to aggregate the CDS spreads yearly and match them with the corresponding actual 

default probability during that year. More specifically, for each company in each year, a simple 

average was taken of the daily CDS spreads and recovery rates in order to estimate the risk-neutral 

default probability on a yearly basis. An average was selected in order to mitigate the impact of 

fluctuations in the CDS spread during the year. Moreover, an actual default probability has been 

allocated to each firm based on its alphanumeric rating as described in the section above. However, 

as firms often have different ratings throughout a given year, it would be a misrepresentation to 

simply allocate an actual default intensity on the basis of the beginning-of-year rating. Instead, a 

weighted average of the actual default intensities was employed, where the weights were estimated 

as the number of days out of the year (252 days) during which the company had the given rating. 

The average, risk-neutral default probability was then matched with the weighted average of the 

actual default intensity during the year. The spread between the risk-neutral and the actual default 

probability for each firm was found as the difference between the two. The analysis was conducted 

on the basis in absolute, rather than relative terms, in order to facilitate the interpretation of the 
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specific drivers from the regression results, unlike some of the previous literature (e.g. Heynderickx 

et al., 2016). 

 

5.3.4 Credit Quality 

Moody’s credit ratings were extracted from Bloomberg on senior, unsecured debt from 01-01-2000 

to 31-01-2020. An overview of Moody’s rating scale can be found in Appendix 3. Moreover, these 

were collected on a daily basis in order to capture the precise moment of rating migrations. 

Whenever a credit rating was not available, these records were completely removed from our 

dataset rather than allocating the corresponding S&P rating. These rating scales are largely 

comparable (Elton et al., 2001; Hull, 2018) and would have increased our sample size, but were 

unfortunately unavailable due to COVID-19. After collection, credit ratings were converted to a 

numerical value, starting with the top rating (Aaa) having a score of 1 and the bottom rating (C) 

having a score of 21. Withdrawn ratings (WR) were removed from the sample, as they cannot be 

allocated an actual default probability. In addition to the credit ratings, credit rating announcements 

from Moody’s were also collected. This was done as Kiesel and Kolarik (2018) argue that markets 

anticipate credit rating changes prior to the announcement. Thus, by adjusting for outlook changes 

we might partially capture this effect. As such, whenever a credit rating announcement regarding 

an entity was published, 0.5 was either subtracted from the numerical value given a positive outlook 

or added to the numerical value given a negative outlook. This was also converted to annual data 

via a weighted average of the numerical rating scale including the outlook changes over the year, 

similar to the actual default intensities. 

 

5.3.5 Asset-Specific Illiquidity 

Following the literature on drivers of the CDS spread, this study employs absolute bid-ask spreads 

as a measure of contract-specific CDS illiquidity as this has been found to be a strong liquidity 

proxy (Pires, Pireira & Martins, 2014; Armen & Pedro, 2016). Moreover, this study employs the 

absolute bid-ask spreads, as the use of relative bid-ask spreads could potentially bias our results as 

discussed in section 4.2.1 (Pires, Pireira & Martins, 2014). The bid-ask spreads were found by 

subtracting bid prices from ask prices on the CDS in question: 

  

𝐵𝑖𝑑 − 𝐴𝑠𝑘 𝑆𝑝𝑟𝑒𝑎𝑑5𝑌 𝐶𝐷𝑆 = 𝐴𝑠𝑘 𝑝𝑟𝑖𝑐𝑒5𝑌 𝐶𝐷𝑆 − 𝑏𝑖𝑑 𝑝𝑟𝑖𝑐𝑒5𝑌 𝐶𝐷𝑆    (5.8) 
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Bid and ask prices for 5-year CDS contracts on the reference entities were collected from 

Bloomberg and Capital IQ for the time period 01-01-2000 and 31-01-2020 on a daily basis, as they 

were unavailable through Markit. Thus, we have combined bid-ask data from two different 

databases in our dataset, as neither database had sufficient data points on their own. Capital IQ both 

had better data quality and more data as compared to Bloomberg in terms of daily observations. As 

such, if data was available from Capital IQ this was elected and then supplemented with Bloomberg 

data for the years where no data was available from Capital IQ. Data quality from Capital IQ was 

deemed superior to Bloomberg, as Copenhagen Business School only had access to the CBIN 

database – rather than the CMA price database – which had fewer data points and often exhibited 

negative bid-ask spreads, potentially due to the undisclosed methodology of Bloomberg in 

determining the CDS bid and ask prices. Negative bid-ask spreads are counterintuitive and, hence, 

for the years in which data from Bloomberg was used, all negative bid-ask spreads from Bloomberg 

were removed. Naturally, it is not ideal to combine databases for bid-ask spreads, however, this 

was deemed preferable to the alternative of fewer observations. Finally, bid-ask prices were only 

available with the XR clause both from Capital IQ and Bloomberg. The CDS spreads extracted 

from Markit, however, had the MR clause hereby resulting in a slight mismatch between the bid-

ask spreads and the CDS spreads employed in the study. This discrepancy is further enhanced by 

the fact that CDS spreads and bid-ask prices were extracted from different databases. Using the 

XR rather than MR spreads could result in higher absolute levels of bid-ask spreads, as CDS 

contracts with this clause tend to be less liquid (O’Kane, 2008). However, as this study is interested 

in the correlation between the bid-ask spreads and the difference between risk-neutral and actual 

default probabilities, this is less important, as it is consistent for all observations. 

 

5.3.6 Counterparty Risk 

The nature of the OTC CDS market makes it impossible to identify and measure market dealers’ 

net CDS exposure to a company and, hereby, the counterparty risk associated with a specific CDS 

contract (Augustin, 2012). Thus, a proxy for counterparty risk facing protection buyers must be 

constructed for a given reference entity. To do so, we employ a method proposed by Augustin 

(2012), who created an index consisting of the primary market dealers. The primary government 

security dealers are appointed by the Federal Reserve Bank of New York (n.d.) and are amongst 

the most active and competitive counterparties in the CDS market as they deal 90% of the CDS 

market (Bai & Collin-Dufresne, 2018). These dealers can therefore be perceived as a proxy for the 
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market for CDS exposure (Augustin, 2012) A snapshot of the primary dealers list as of March 2020 

is provided in Appendix 4. It is, however, important to note that for our purposes the index is not 

rebalanced through time and does therefore not capture changes in the primary government security 

dealers. As the list is comprised of more companies today than historically, it was considered better 

to use more data than to try to rebalance it (Federal Reserve Bank of New York, n.d.). The index 

is created based on daily returns of each entity and a weight is assigned to each entity by their 

market capitalization at the given point in time. The market capitalizations of each primary dealer 

were extracted from Capital IQ. To determine the excess return of the index over the market, the 

market return is subtracted from the index return. The market return is estimated by the daily return 

of S&P500 extracted from Yahoo Finance (n.d.). The counterparty exposure can now be measured 

as the beta between a given company’s stock return and the excess return of the constructed index 

over the market, defined as: 

 

𝛽𝑖𝑡 =
𝐶𝑜𝑣(𝑅𝑖𝑡 , 𝑅𝑖𝑛𝑑𝑒𝑥𝑡 − 𝑅𝑚𝑡)

𝑉𝑎𝑟(𝑅𝑖𝑛𝑑𝑒𝑥𝑡 − 𝑅𝑚𝑡)
   (5.9) 

 

Where 𝑅𝑖𝑡 denotes the daily stock return of the reference entity, at day t. The intuition behind this 

as a proxy for counterparty risk is that for counterparty risk to be realized for the protection buyer, 

two things need to happen – in theory – simultaneously, 1) the reference entity needs to default, 

and 2) the counterparty needs to default. Therefore, the beta of the stock returns between the 

counterparty (as proxied by the index) and the reference entity is relevant. If they are highly 

correlated, the counterparty risk is high, if they are not correlated or even negatively correlated, it 

seems highly unlikely that both should default at the same time hereby indicating low counterparty 

risk. As such, the proxy uses stock price returns as an indicator of default, which is obviously not 

a perfect indicator, although this specific proxy has been employed by previous literature in their 

examination of the CDS bond basis (Augustin, 2012). The daily stock prices of the individual 

reference entities have been extracted from Bloomberg from 01-01-2000 to 31-01-2020. Ideally, 

all of the data for counterparty risk would have been extracted from Bloomberg, however, given 

the COVID-19 pandemic, it was necessary to combine data from 3 different databases to construct 

the measure. The beta is determined as the rolling one-year, i.e. 252 trading days, covariance 

between a company’s daily stock return and the index’ daily excess return over the one-year 

variance of the daily index’ excess return. Thus, we get counterparty risk on a daily basis as well, 



 54 out of 118  

and an average was taken of the daily observations for each company for each year to get the data 

on an annual basis. 

 

 5.3.7 Idiosyncratic Volatility 

As evident from section 4.2.3, there are two overall options in order to determine idiosyncratic 

volatility, namely to 1) use historical stock return volatility, and 2) using option-implied volatility. 

Most of the literature on the CDS spread have used option-implied volatilities and have found a 

strong predictive power of this variable, indicating that CDS contracts are mostly affected by 

investor expectations of volatility – and the inherent variance risk premium – rather than past 

movements (Benkert, 2004; Ericsson et al., 2009; Wang et al., 2010). Hence, option-implied 

volatility would arguably have been the best option for our purposes. However, it was only possible 

to get a scarce amount of data on 30-day put-implied volatility from Bloomberg prior to the 

COVID-19 pandemic. As such, data was only available from 2004 at the earliest, and in most 

instances only few observations were available each year for the given company. This data would, 

hence, be problematic to use for our purposes for two major reasons, namely 1) because it would 

heavily constrain data availability in the pre-crisis period, hereby compromising the quality of our 

analysis in this time period, and, 2) the few observations per year would entail skewed matching 

when comparing an average of five daily observations to an average CDS spread based on daily 

data from the entire year. Thus, option-implied volatility has not been used for the purpose of this 

thesis and, instead, a GARCH model based on historical equity volatility has been employed to 

estimate expected volatility. Empirical evidence has found that volatility forecasts from GARCH 

models and option-implied volatilities tend to compare quite well (Goodhart & O’Hara, 1997). 

There is, however, one notable difference, namely that option-implied volatility also has an 

inherent variance risk premium, which is not captured by GARCH models (Kourtis, Markellos & 

Symeonidis, 2016). GARCH models are the predominant model within the field of volatility 

forecasting (Goodhart & O’Hara, 1997), because they take into account that volatility is time-

varying and, hence, attribute more weight to the latest observations (Hull, 2018). Thus, any shock 

to the share price causing an exceptionally high or low return on the given day will also cause the 

variance to be high the following day and slowly decay back to the normal long-run average 

“unconditional” value (Castellano & D’Ecclesia, 2013). For the purposes of GARCH modelling, 

returns are given by the process: 
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𝑟𝑡 = 𝜇 + 휀𝑡   (5.10) 

 

Where 𝜇 is the constant mean and 휀𝑡 = 𝜎𝑡𝑧𝑡 is the innovation component, where 𝜎𝑡 is the daily 

variance and 𝑧𝑡~𝑁(0,1), although possible to relax the normality assumption (Kambouroudis et 

al., 2016). The original GARCH(1,1) model as proposed by Bollerslev (1986) and Engle (1982) 

involves a joint estimation of the mean equation stated above and the conditional variance equation 

(Kambouroudis et al., 2016): 

 

𝜎𝑡
2 = 𝛼0 + 𝛼1휀𝑡−1

2 + 𝛽1𝜎𝑡−1
2    (5.11) 

 

Many extensions and modifications have been added to GARCH models to overcome some of the 

shortcomings of the standard GARCH(1,1) model. For instance, the Exponential GARCH model 

(“EGARCH”) incorporates the “leverage effect”, namely the tendency of losses to impact future 

volatilities more than gains and, hence, are a better predictor of volatility of stock returns than the 

standard GARCH(1,1) model (Nelson, 1991). Prior to deciding on a final model, both a GARCH 

and an EGARCH model was fitted on a randomly selected subsample of our total sample, and both 

the AIC and the BIC pointed to the EGARCH being the better fit for our data (View Appendix 5 

for example). Thus, an EGARCH(1,1) model has been fitted to the logarithmic stock returns, for 

the period 01-01-2000 to 31-01-2020, for each of the sample companies in R. On the basis of this 

model, a one-day rolling forecast of expected volatility has been constructed. More specifically, 

the maximum likelihood method has been used to estimate the volatility, 𝜎, using an interval of 

252 days, as our time horizon is one year.  Thus, the last 252 days’ observations have been used to 

forecast volatility one day ahead, and the model has been refitted daily. Finally, the innovation 

term has been modeled by the Normal Inverse Gaussian distribution, rather than the normal 

distribution, as this allows the conditional distribution to be leptokurtic and skewed (Stentoft, 

2008). This is important, as stock returns tend to not be normally distributed but, rather, tend to 

have fat tails (Bonato, 2009). 

 

Comparing this estimate of expected volatility to the put-implied data, we see that the correlation 

between the scarce data obtained from Bloomberg and our EGARCH estimate is 0.96. This 

supports the findings of prior research that GARCH model estimates and option-implied estimates 

tend to follow each other quite well and, in turn, that our results would not be significantly different 
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had we been able to use a comprehensive dataset of option-implied volatilities.  It was selected not 

to formally annualize the daily volatilities prior to constructing a yearly average, as this would 

simply imply a corresponding level shift and, hence, have no impact on our results. Instead, an 

average of the daily volatilities has been employed to make the data comparable with the other 

variables. 

 

5.3.8 Leverage Ratio 

Several debt measures were tested and considered for our purposes, including debt to EBITDA, 

debt to assets, debt to enterprise value, and debt to value. The former three variables were extracted 

directly from Bloomberg for the time period 01-01-2000 to 31-01-2020, whereas debt to value was 

computed using total assets, debt to assets and market cap extracted from Bloomberg for the same 

time period. More specifically, we found the book value of debt by: 

  

𝐵𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑑𝑒𝑏𝑡 = 𝐷𝑒𝑏𝑡 𝑡𝑜 𝑎𝑠𝑠𝑒𝑡𝑠 ∗ 𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠   (5.12) 

 

Then, we estimated debt to value following the same approach as Collin-Dufresne and colleagues 

(2001) in their examination on credit spreads from the bond market by: 

  

𝐷𝑒𝑏𝑡 𝑡𝑜 𝑣𝑎𝑙𝑢𝑒 =  
𝐵𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑑𝑒𝑏𝑡

𝑀𝑎𝑟𝑘𝑒𝑡 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑒𝑞𝑢𝑖𝑡𝑦 + 𝑏𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑑𝑒𝑏𝑡
   (5.13) 

 

Where the market value of equity is the market cap. The correlations with the basis are presented 

below, and we ultimately selected to go with the debt to value measure as this had the best 

correlation with spread between actual and risk-neutral default probabilities: 

  

Table 5.A: Correlation matrix of debt measures 

 

 

Debt to Assets Debt to EV Debt to EBITDA Debt to value RN-Actual PD

Debt to Assets 1

Debt to EV 0.5030 1

Debt to EBITDA 0.2569 0.3059 1

Debt to value 0.6318 0.8771 0.3485 1

RN-Actual PD 0.0550 0.2524 0.1170 0.2548 1
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One potential drawback of this approach is that we are employing book value rather than market 

value of debt. Market values are generally preferred in finance as it exhibits the current, rather than 

historical, value (Bodie, Kane & Marcus, 2018). However, the same and similar approaches have 

been used by previous scholars, so this is not too worrisome (Ericsson et al., 2009; Collin-Dufresne 

et al., 2001). 

 

5.3.9 Systemic Variables as Control Variables 

In the literature review, we presented measures such as risk aversion, the state of the economy, and 

the risk-free rate as important control variables. All of the variables mentioned below have been 

collected with a daily frequency and converted to an annual basis via a simple average. 

 

Firstly, as risk aversion is completely individual, it is impossible to obtain a precise, aggregate 

measure of risk aversion. With no concrete measure of risk aversion, we employ the difference 

between Moody’s Aaa and Baa indices as a proxy, following the method of several other scholars 

(e.g. Augustin, 2012; Armen & Pedro, 2016). Moody’s Aaa index consists of all Aaa rated 

companies, while the Baa index is comprised of all companies possessing a credit rating in the 

range of Baa1 to Baa3 (Augustin, 2012). Both indices are collected from Bloomberg in the time 

period 01-01-2000 to 31-01-20203. The spread reflects the credit risk premium expected by 

investors when investing in bonds with lower credit quality, and it can thus be an indicator of the 

perceived credit risk in the overall market and should capture the effects of “flight to quality” 

(Augustin, 2012). The spread is calculated as:  

  

𝐼𝑛𝑑𝑒𝑥 𝑠𝑝𝑟𝑒𝑎𝑑𝑀𝑜𝑜𝑑𝑦′𝑠 = 𝐵𝑎𝑎𝑀𝑜𝑜𝑑𝑦′𝑠 − 𝐴𝑎𝑎𝑀𝑜𝑜𝑑𝑦′𝑠   (5.14) 

 

Secondly, as argued in the literature review, the state of the economy may also have an impact on 

the spread between actual and risk-neutral default probabilities (Collin-Dufresne et al., 2001). The 

yield slope, in this case calculated as the difference between a 10-year Treasury note and a 3-month 

Treasury, following the approach of Augustin (2012), can reflect investors’ expectations of future 

market conditions and possesses a predictive power in forecasting recessions over a one-year 

 
3 Bloomberg code: MOODCAAA (Moody’s Aaa) and MOODCBAA (Moody’s Baa) 
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horizon (Benzoni et al., 2018). Both daily rates have been sourced from Bloomberg for the period 

01-01-2000 to 31-01-20204, and defined as: 

 

𝑌𝑖𝑒𝑙𝑑 𝑠𝑙𝑜𝑝𝑒 = 10 𝑦𝑒𝑎𝑟 𝑇𝑏𝑖𝑙𝑙 − 3 𝑚𝑜𝑛𝑡ℎ 𝑇𝑏𝑖𝑙𝑙  (5.15) 

 

Thirdly, following Merton’s (1974) structural model of default, it was deemed beneficial to include 

the risk-free rate as a control variable. Usually, bond traders use the US Treasury yield as the risk-

free rate, as treasury bonds are perceived to have no default risk (Hull, Predescu & White, 2005). 

However, empirical evidence shows that the treasury rate is not always the most accurate choice 

of risk-free rate in practice (Hull, Predescu & White, 2005). This is, most notably, due to the US 

tax exemption on treasury bond coupon income (Hull, Predescu & White, 2005). These factors 

entail that the Treasury rate may be artificially low (Hull, Predescu & White, 2005). Furthermore, 

Hull, Predescu & White (2004), used the arbitrage relationship between the price of a CDS and the 

bond yield to estimate the risk-free rate used by participants in the CDS market. They estimate that 

the risk-free rate used in the CDS market is approximately the swap rate minus 10 bps (Hull, 

Predescu & White, 2004). Thus, data on the US dollar swap rate was extracted from Bloomberg 

for the time period 01-01-2000 to 31-01-20205 and used as the risk-free rate. 

 

Finally, it was considered to include other control variables in the final model. More specifically, 

market volatility has also been found to have an impact on credit spreads (Collin-Dufresne et al., 

2001). Hence, data was also extracted on the Chicago Board Options Exchange’s volatility index, 

the VIX, which is a market index using option-implied volatility for the S&P500 firms. The VIX 

is generally perceived as a good indicator of risk aversion and is oftentimes referred to as the “fear” 

index in the financial markets (Augustin, 2012). This data was retrieved from Bloomberg for the 

time period 01-01-2000 to 31-01-2020. Moreover, Driessen (2005) and Giesecke and colleagues 

(2011) found “common factors” to be important in explaining credit spreads in their work on the 

bond yield market. Thus, data was also extracted on US GDP growth, inflation, and unemployment 

from the FRED from 01-01-2000 and 31-01-2020. However, as evident from the correlation matrix 

below, all of the elected control variables exhibited very high correlations with each other. This 

was further facilitated by the necessity of using yearly, rather than daily data, as this entails our 

 
4 Bloomberg code: H15T3M (3-month Treasury) and H15T10Y (10-year Treasury) 
5 Bloomberg code: ussw5 cmpn curncy (USD 5-year swap rate) 
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data points do not capture the daily fluctuations. As such, the inclusion of all the control variables 

would have resulted in both multicollinearity issues but also overparameterization of the model 

(Woolridge, 2009). Ultimately, we selected the variables which improved the adjusted R2 of the 

model and had the best theoretical foundation for inclusion. Thus, the final systemic control 

variables included in the model were Moody’s Aaa-Baa index, the yield slope, and the risk-free 

rate. 

 

Table 5.B: Correlation matrix of systemic factors 

 

5.3.10 Expected Signs 

Based on the preceding theory, literature review, and the subsequent hypotheses, we expect the 

variables as outlined above to have the following impact on the spread between actual and CDS-

implied default probabilities, as illustrated in table 5.C. Please note, that both credit rating and 

credit rating squared has been included, to account for the concave relationship between the spread 

and deteriorating credit quality as hypothesized. 

 

Table 5.C: Expected signs of the explanatory variables 

 

Moody's Aaa-Baa Yield Slope Risk-Free Rate VIX Unemployment GDP Inflation

Moody's Aaa-Baa 1

Yield Slop 0.3639 1

Risk-Free Rate -0.0106 -0.3988 1

VIX 0.8932 0.5424 0.0466 1

Unemployment 0.4515 0.7239 -0.3991 0.5440 1

GDP -0.6825 0.7239 0.1434 -0.6563 -0.5081 1

Inflation -0.5447 -0.4494 0.3516 -0.5483 -0.2112 0.5240 1

Explanatory Variable Expected Sign

Credit Rating +

Credit Rating Squared -

Asset-specific Illiquidity +

Counterparty Risk -

Firm-specific Volatility +

Debt to Value +

Moody's Aaa-Baa Index +

Yield Slope -

Risk-free Rate -
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5.4 Data Description 

The following sections will provide an overview of the final data set. When collecting our data, we 

aimed to construct a large sample across firms, industries and time to ensure a robust and valid 

measure of the observed spread between actual and CDS-implied default probabilities. As evident 

from the previous section regarding data extraction, it was necessary to decrease the sample size 

and period due to data availability. Firstly, the CDS data sourced from Markit was only available 

from 01-01-2002 and onwards. Secondly, we have included variables that are determined based on 

a rolling one-year estimate, namely counterparty risk and idiosyncratic volatility, which further 

decreased the sample size. Thus, our final sample starts on the 01-01-2002. As discussed in the 

construction of variables, we converted our data from daily to yearly data, mostly via averages to 

account for daily fluctuations, which further decreased the sample size. Once having the yearly 

dataset, we further proceed with a cleaning process of the data. In general, we filtered out missing 

observations in the dependent, independent, or control variables. Altogether, this leaves us with a 

final sample that comprises a total of 182 US firms in the period 01-01-2002 to 31-12-2019 using 

unbalanced panel data. More specifically, our final sample set consists of 2,644 records. 

 

The sample has then been further divided into three sub-periods, namely 1) pre-crisis, 2) crisis, and 

3) post-crisis. in order to examine how the spread between actual and CDS-implied default 

probabilities and its determinants behave during both times of economic strain and times of 

tranquility. The pre-crisis period has been defined as 2002 to 2006, the financial crisis as 2007 to 

2009, and the post-crisis period is defined as 2010 to 2019. It was selected to include 2007 in the 

crisis period, as the financial crisis commenced in 2007 with the depreciation of the subprime 

mortgage market in the US (Williams, 2010). By August 2007, it became evident that the financial 

markets would not be able to solve the crisis on their own, and, by extension, the CDS market 

began to capture the effects of the crisis around this time (Williams, 2010). Thus, ideally the first 

part of 2007 would be included in the pre-crisis period, whereas only the second part would have 

been included in the crisis period. As we are conducting the regressions on a yearly basis, however, 

this was impossible and 2007 was included in the crisis period. 

 

The subsequent sections will provide descriptive statistics of the final sample to gain better insights 

into the collected data. Firstly, our sample firm composition will be reviewed. Secondly, summary 

statistics regarding our dependent variable, the difference between actual and risk-neutral default 
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probabilities, will be examined. Finally, summary statistics of the explanatory variables showing 

the most interesting tendencies will be presented. Similar graphs for the explanatory variables not 

covered in this section, can be found in Appendix 6. 

  

5.4.1 Sample Composition 

The final sample comprising of 182 firms is considered to be of a decent size compared to previous 

studies. Driessen (2005) and Amato and Remolona (2003) utilize samples that comprise 104 and 

136 firms, respectively, while Heynderickx and colleagues (2016) by far have the largest sample 

size of 550 companies. However, as the collected daily data has been transformed into average, 

yearly data, a larger sample size would have been preferable to ensure validity of the sub-analyses 

conducted on distinct time periods and segments. 

  

Each company has been assigned sector based on DTCC’s own industry classification with minor 

modifications, in order to examine industry differences. As evident from table 5.D below, most 

sectors are well represented in our sample, with no industry constituting more than 20% or less 

than 5%. 

 

Table 5.D: Summary statistics on industry 

 
 

Table 5.E presents the average yearly credit ratings for the firms included in our sample. All firms 

are not present throughout the entire sample period, as the study has an unbalanced panel data set. 

The entire analysis has been performed on alphanumeric rating classes. 

 

 

  

# of firms # of obs RN-Actual PD (bps) σ

Avg Min Max Avg

Healthcare 19 273 14 2 18 33 117

Consumer goods 33 522 16 8 18 155 357

Utilities 26 384 15 4 18 117 188

Financials 24 350 15 3 18 227 371

Technology 11 154 14 4 18 172 307

Consumer services 34 469 14 1 18 106 334

Industrials 25 346 14 2 18 111 204

Basic materials 10 146 14 0 18 151 205

Entire sample 182 2644 14 0 18 133 292

# obs per firm
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Table 5.E: Credit rating evolution over the sample period 

 
Count of sample firms for each alphanumeric rating in each year. Please note that the annual credit ratings have been 

found as an average of the credit ratings during the year for each firm rounded to the nearest integer rating. 

 

As shown in table 5.E, the majority of the firms are rated in the range of Aa2 to Baa3, i.e. 

investment grade firms. On average, 72% of the companies lie within this range over the span of 

the sample. In addition, we have included a relatively high proportion of companies categorized as 

high yield, i.e. from Ba1 and below. These constitute on average 22% of all the firms over the span 

of the sample (see Appendix 7). Several studies have excluded high yield firms in their research on 

drivers of the credit spread puzzle, since these produce a lot of noise and tend to exhibit irregular 

movements given the relatively low trading volumes and high uncertainty surrounding these bonds 

(e.g. Driessen, 2005). However, several researchers within this field have included high yield 

companies (e.g. Heyndrickx et al., 2016; Amato & Remolona, 2003; Hull et al., 2005). Notably, 

they analyze each rating category separately as well to account for these differences between the 

credit qualities. As parts of this thesis focus on the idiosyncratic factors driving the spread, we 

2002 2004 2006 2008 2010 2012 2014 2016 2018 2019

Aaa 5 5 3 2 1 1 0 1 2 2

Aa1 2 2 3 2 1 1 1 0 0 0

Aa2 19 14 14 18 19 19 18 8 12 14

Aa3 7 7 10 2 5 6 5 4 1 1

A1 7 7 6 10 8 5 5 5 6 4

A2 19 14 14 18 19 19 18 8 12 14

A3 16 18 17 15 12 13 16 18 14 13

Baa1 16 20 20 18 18 22 21 34 29 29

Baa2 28 28 34 31 23 28 27 23 29 32

Baa3 15 22 20 19 25 18 22 25 15 14

Ba1 5 7 5 8 6 10 6 12 8 9

Ba2 6 7 7 10 11 7 7 10 8 10

Ba3 3 4 4 3 7 7 9 10 6 4

B1 2 0 5 6 7 7 4 6 4 5

B2 0 4 2 5 3 5 4 4 7 3

B3 0 4 1 1 3 3 3 3 9 9

Caa1 1 1 2 2 3 1 3 1 2 3

Caa2 0 1 1 2 3 2 1 3 1 1

Caa3 1 0 0 0 1 1 0 0 0 0

Ca1 0 0 0 0 0 0 0 0 0 0

Ca2 0 0 0 0 0 0 0 0 0 0

Ca3 0 0 0 0 0 0 0 0 0 0

C 0 0 0 0 0 0 0 0 0 0

152 165 168 172 175 175 170 175 165 167
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found it essential to include high yield companies to obtain a deeper understanding of what drives 

the difference between actual and risk-neutral default probabilities. However, sub-analyses have 

also been conducted both in which high yield bonds have been excluded and where they are the 

sole focus of analysis in order to account for any potential noise and irregular behavior introduced 

by these firms6. 

  

Furthermore, in order to get an overview of how our sample compares to Moody’s and identify any 

behavioral irregularities in the credit quality movements of our sample, an average yearly rating 

transition matrix has been constructed based on the entire sample period including all 182 firms, 

presented in table 5.F. The left-most column is the beginning of year rating whereas the top row is 

the end of year rating. The percentages in the table is the share of the companies with a specific 

end of year rating out of the total number of firms with that initial rating during the entire time 

period. Although we do see more variation as compared to the rating transition matrices from 

Moody’s – which are obviously based on a much larger sample size – investment grade firms 

generally exhibit relatively stable credit rating behavior in our sample. There are, of course, minor 

exceptions such as the firm Mbia Inc. which was downgraded a total of 8 notches from an Aa2 

rating to a Ba1 rating during 2008, i.e. from investment grade to high yield. Naturally, a larger 

sample size would have mitigated the effects of large jumps in credit quality. When looking at high 

yield companies, however, it can be observed – much like in the rating transition matrices posted 

by credit rating agencies – that credit rating movements become much more volatile. Naturally, it 

is important to keep the credit rating volatility in mind when interpreting our results, and this 

highlights the importance of including idiosyncratic variables in this analysis as companies with 

the same credit rating clearly behave differently over time. 

 

  

 
6 Please note, that despite the very lowest credit rating categories, such as Caa3, being somewhat underrepresented in 

the sample, these have still been included due to the reasons listed above. 
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Table 5.F: Transition matrix based on the sample data 

 
 

5.4.2 The Spread Between CDS-Implied and Actual Default Probabilities 

To obtain a better understanding of the spread between the risk-neutral and actual default 

probabilities and its development over time, summary statistics for the spread has been calculated 

for 1) each of the four distinct time periods, 2) the different subsegments in our dataset, and 3) the 

average difference of the individual companies (Appendix 8). For the entire sample, the spread 

appears to exhibit distinct time patterns. In 2002 after the dotcom bubble, it can be observed that 

the spread reached a high level followed by a decrease until 2004, where it reaches the lowest level 

present in our sample period. In the period spanning from 2004 to 2007, the spread is relatively 

low and stable. The pre-crisis average was 70 bps. During the crisis, a drastic increase in the spread 

is shown, peaking in 2008 with 359 bps. The average during the crisis was then drastically higher 

than the pre-crisis period with 252 bps. Following the crisis, a new normal emerges, which is 

fluctuating around 128 bps on average. These trends are both in line with our expectations and 

prior literature (Heynderickx et al., 2016). In general, the average historical default probabilities 

exhibit relatively stable movements across time with a slow decrease after the crisis. This is likely 

facilitated by the use of average transition matrices in the construction of the actual default 

probabilities. The risk-neutral default probabilities, on the other hand, demonstrate a more volatile 

pattern over time. As with the spread between the two default probabilities, the risk-neutral default 

probabilities peak during the financial crisis indicating a perception of increased credit risk, driving 

CDS spreads up. 

 

 

  

Aaa Aa1 Aa2 Aa3 A1 A2 A3 Baa1 Baa2 Baa3 Ba1 Ba2 Ba3 B1 B2 B3 Caa1 Caa2 Caa3 Ca C

Aaa 90.9% 1.8% 7.3% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

Aa1 0.0% 82.6% 4.3% 4.3% 8.7% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

Aa2 0.0% 1.9% 82.7% 9.6% 1.9% 0.0% 1.9% 0.0% 0.0% 0.0% 1.9% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

Aa3 0.0% 0.0% 2.1% 83.5% 9.3% 4.1% 0.0% 1.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

A1 0.0% 0.0% 0.0% 2.5% 80.7% 15.1% 1.7% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

A2 0.0% 0.0% 0.0% 0.0% 0.9% 86.2% 8.2% 2.8% 1.3% 0.3% 0.3% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

A3 0.0% 0.0% 0.0% 0.0% 0.3% 4.3% 81.3% 9.4% 3.3% 1.3% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

Baa1 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 5.2% 84.4% 7.1% 1.7% 0.7% 0.5% 0.2% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

Baa2 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 6.3% 87.6% 4.7% 0.5% 0.2% 0.2% 0.0% 0.0% 0.2% 0.3% 0.0% 0.0% 0.0% 0.0%

Baa3 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.3% 10.2% 81.5% 3.8% 1.9% 0.3% 1.6% 0.3% 0.3% 0.0% 0.0% 0.0% 0.0% 0.0%

Ba1 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 15.4% 69.2% 2.1% 8.4% 0.7% 0.7% 2.8% 0.7% 0.0% 0.0% 0.0% 0.0%

Ba2 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 4.4% 15.9% 72.6% 6.2% 0.9% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

Ba3 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 3.3% 13.2% 65.3% 8.3% 5.0% 4.1% 0.0% 0.8% 0.0% 0.0% 0.0%

B1 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 1.1% 3.2% 18.3% 63.4% 8.6% 5.4% 0.0% 0.0% 0.0% 0.0% 0.0%

B2 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 6.8% 16.9% 61.0% 6.8% 6.8% 1.7% 0.0% 0.0% 0.0%

B3 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 1.2% 4.8% 10.7% 67.9% 11.9% 1.2% 2.4% 0.0% 0.0%

Caa1 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 3.6% 5.4% 3.6% 21.4% 53.6% 10.7% 0.0% 1.8% 0.0%

Caa2 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 40.0% 40.0% 20.0% 0.0% 0.0%

Caa3 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 11.1% 11.1% 33.3% 44.4% 0.0% 0.0%

Ca 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 100.0% 0.0% 0.0% 0.0% 0.0%

C 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
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Figure 5.A: Absolute average spread between risk-neutral and actual default probabilities 

(bps) 

 

 

When dividing the sample into financial firms and non-financial firms (Figure 5.B), we find that 

the spread between CDS-implied and actual default probabilities became significantly higher for 

financial firms during the crisis and in the years that followed. This is as expected, since financials 

were one of the sectors suffering the most during the crisis, which would hereby warrant a higher 

risk premium for investors and hereby higher CDS spreads (Williams, 2010). Financials reached 

their highest level in 2009 with an average spread of 805 bps. In comparison, non-financials had 

an average spread of 268 bps illustrated in the graph below. Thus, in line with prior research 

(Armen & Pedro, 2016), it appears as though there are important differences between financials 

and non-financials, and the subsequent analysis will be further divided into these two segments. 

 

Figure 5.B: Comparison of the absolute, average spread between the risk-neutral and 

actual default probabilities (bps) for financials and non-financials 
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Comparing investment grade and high yield reference entities over time (Figure 5.C), we find that 

the spread is significantly more volatile for high yield firms fluctuating around a mean of 172 bps, 

while investment grade firms are more stable with a mean of 121 bps on average. High yield 

companies reached their highest level in 2008 with a spread of 737 bps compared to investment 

grade companies at 254 bps in 2008. Interestingly, the average spread is negative for high yield 

companies in 2004 and 2005 indicating an overly optimistic perception of the default risk of high 

yield companies prior to the crisis and a negative risk premium. The same trend can be observed 

in 2013 to 2014 albeit on a smaller scale. In comparison, the average spread for investment grade 

companies is positive throughout the entire sample period. Hence, there are notably differences 

between the spread for investment grade and high yield firms and, as such, we will perform sub-

analyses on each of these segments. 

  

  

Figure 5.C: Comparison of the absolute, average spread between the risk-neutral and 

actual default probabilities (bps) for investment grade and high yield companies 

 
 

 

In addition, a break-down across the alphanumeric ratings in the different time-periods is provided 

below. Overall, we observe a decreasing trend can be observed when moving down the rating scale, 

as observed by Amato & Remolona (2003), Heynderickx and colleagues (2016), and Hull and 

colleagues (2005) although not without exceptions. Notably, we observe average, negative spreads 

for the lowest credit ratings, although based on relatively few observations.  
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Table 5.G: Average, absolute difference between risk-neutral and actual default 

probabilities on alphanumeric rating across different time periods 

 

 

Finally, a scatterplot of the relationship between credit rating and the spread between actual and 

risk-neutral default probabilities is presented below in figure 5.D. Two important findings can be 

drawn from this graph namely, 1) that the relationship between the absolute spread and the rating 

scale appears to be concave, and 2) the lower the credit quality, the higher the volatility in the 

difference between CDS-implied and actual default probabilities. The concave relationship 

between the absolute spread and credit quality, or actual default probability, is in line with the 

results of other scholars (e.g. Berg, 2009). Moreover, this entails that we need to include two credit 

quality variables in the analysis, namely credit rating and credit rating squared to account for this 

relationship. It is also important to note that the relationship largely appears to be linear for 

investment grade companies and convex for high yield bonds, which is an important distinction.  

 

#Obs

Entire sample Pre-crisis Crisis Post-Crisis

Aaa 45 48 32 88 41

Aa1 20 52 35 74 64

Aa2 47 85 52 137 66

Aa3 89 63 46 108 41

A1 108 87 51 132 50

A2 278 108 73 173 80

A3 265 139 56 269 88

Baa1 376 109 77 141 94

Baa2 516 131 77 221 106

Baa3 323 146 75 192 136

Ba1 119 203 199 169 242

Ba2 97 251 18 587 186

Ba3 86 261 85 328 120

B1 82 237 249 499 127

B2 61 203 -393 740 120

B3 66 14 -328 1530 73

Caa1 42 243 -773 581 791

Caa2 17 -297 n.a. 392 265

Caa3 7 -327 n.a. 807 487

Ca n.a. n.a. n.a. n.a. n.a.

C n.a. n.a. n.a. n.a. n.a.

Average absolute RN-Actual PD (bps)
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Figure 5.D: Absolute, average spread between risk-neutral and actual default probabilities 

(bps) plotted against the average credit rating for each firm 

 
 

5.4.3 The Explanatory Variables 

In the figures below, the yearly averages of selected dependent variables including measures for 

illiquidity (upper left), counterparty risk (upper right), implied volatility (lower right), and Moody’s 

Baa-Aaa index (lower left) have been plotted against the average spread across time. 
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Figure 5.G: Average absolute RN-Actual PD and 
Moody's Aaa-Baa index
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Figure 5.E: Average absolute RN-Actual PD and 
asset-specific illiquidity 
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Figure 5.F: Average absolute RN-Actual PD and 
counterpart risk
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Figure 5.H: Average absolute RN-Actual and  firm-
specific volatility
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Starting with our asset-specific illiquidity measure, bid-ask spreads, it is evident that asset 

illiquidity is highly correlated with the spread. This is interesting because the CDS market is far 

more liquid than bond markets and, in turn, we have chosen to focus on the most liquid of all CDS 

contracts namely 5-year CDS contracts with MR clause. We see that illiquidity and the spread 

largely follow the same fluctuations and, moreover, that even liquidity in the CDS market was 

clearly also affected by the financial crisis. 

 

Counterparty risk, on the other hand, does not seem to correlate as much with the spread and, 

moreover, it appears to have the opposite sign of what we expect, namely a positive correlation. 

This is an interesting finding, which can likely be explained by the fact that both variables are 

affected by underlying economic variables. In times of crisis, counterparty risk tends to increase 

(Longstaff et al., 2011) and, moreover, prior research has found the spread between CDS-implied 

and actual default probabilities to increase in these time periods, which can likely be explained by 

an increase in risk aversion (Heynderickx et al., 2016). This is, however, likely to be correlation 

rather than causation. In “normal” times, however, counterparty risk appears to better exhibit the 

expected behavior, namely, counterparty risk becomes negative and is decreasing in the period 

between 2004 and 2006 while the spread between actual and risk-neutral default probabilities, on 

the other hand, is increasing. From the post-crisis period, the evidence appears to be more mixed. 

Thus, this eyeball inspection might indicate that counterparty risk is not a significant driver of the 

spread, but we will need to verify this with formal statistical analyses.  

 

Finally, both Moody’s Baa-Aaa Index and the firm-specific volatility seem to have a very good 

correlation with the spread between actual and CDS-implied default probabilities, especially during 

the crisis. 
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6 Empirical Results 

In the following section, an empirical analysis will be performed in order to, firstly, examine if we 

can conclude with statistical significance that the spread between actual and risk-neutral default 

probabilities is different from 0. Secondly, the explanatory variables’ impact on the spread will be 

analyzed empirically. This will be done in two steps, namely 1) in a univariate framework, and 2) 

in a multivariate framework. In the univariate framework, each explanatory variable will be 

projected onto the difference between the actual and risk-neutral default probabilities in order to 

isolate the individual effects of each variable. Following the univariate regressions, the variables 

are examined in a multivariate setting. Using the variables defined in section 5.3, namely credit 

rating (CR), credit rating squared (CR2), asset-specific illiquidity (AI), counterparty risk (CP), firm-

specific volatility (FV), debt to value (DV), we construct the regression model presented below: 

 

𝐵𝑖,𝑡 = 𝛽1𝐶𝑅𝑖,𝑡 + 𝛽2𝐶𝑅𝑖,𝑡
2 + 𝛽3𝐴𝐼𝑖,𝑡 + 𝛽4𝐶𝑃𝑖,𝑡 + 𝛽5𝐹𝑉𝑖,𝑡 + 𝛽6𝐷𝑉𝑖,𝑡 + 휀𝑖,𝑡 + 𝑎𝑖   (6.1) 

 

This model is further expanded to include different control variables, namely the slope of the yield 

curve, Moody’s Aaa-Baa index, and the risk-free rate, simply referred to as controls below: 

 

𝐵𝑖,𝑡 = 𝛽1𝐶𝑅𝑖,𝑡 + 𝛽2𝐶𝑅𝑖,𝑡
2 + 𝛽3𝐴𝐼𝑖,𝑡 + 𝛽4𝐶𝑃𝑖,𝑡 + 𝛽5𝐹𝑉𝑖,𝑡 + 𝛽6𝐷𝑉𝑖,𝑡+𝛿𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 휀𝑖,𝑡 + 𝑎𝑖   (6.2) 

 

Where 𝑎𝑖 represents the firm-specific error term, which will be addressed further in section 5.2.  

Prior to the multivariate analysis, we performed a correlation matrix to examine whether our 

variables exhibit signs of multicollinearity (Appendix 9). 

6.1 Is There a Difference Between Actual and CDS-Implied Default 

Probabilities? 

Prior to conducting a statistical analysis on what drives the spread between risk-neutral and actual 

default probabilities, it is relevant to formally test if there actually is a statistical difference between 

the two. As such, t-tests have been conducted on the absolute spread for the entire sample and each 

of the sub-periods and sub-segments, hereby testing if we can reject the null hypothesis that the 

mean spread is, in fact, 0. This will also lay the foundation for the discussion regarding the 

development of the risk premium captured by the CDS-implied default probabilities over the 

sample period. The results have been summarized in the table below: 
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Table 6.A: T-tests on the difference between risk-neutral and actual default probabilities 

 

Note, *p<0.1, **p<0.05, and ***p<0.01. 

 

As evident from the t-tests, we can conclude with 99% certainty that the spread between risk-

neutral and actual default probabilities is in fact higher than 0 across all sub-segments and periods. 

There is, however, one exception to this finding, namely, for high yield firms prior to the crisis. In 

this period, it cannot be concluded with statistical certainty that the spread is above 0 and, 

moreover, it appears to approximate negative territory. This indicates a negative risk premium in 

this period for high yield firms, which is an interesting development. A negative risk premium in 

the pre-crisis period for high yield firms, would indicate risk-seeking behavior in this segment as 

protection sellers are not even compensated for the undertaken credit risk. However, it is important 

to note that this could also be due to methodological considerations, namely the computation of 

our actual default rates. More specifically, transition matrices have been argued to result in 

artificially high actual default probabilities especially for low credit qualities (Driessen, 2005).  

 

Furthermore, as Heynderickx and colleagues (2016) also found, when looking at the entire sample, 

the spread was lower prior to the financial crisis, only to become much larger during the financial 

crisis. After the crisis, the spreads have decreased but are still higher than the pre-crisis levels 

indicating an increased risk premium. As the descriptive statistics also suggested, the volatility of 

high yield firms does in fact seem to be much higher compared to investment grade as the 

confidence intervals are much wider for all periods. Furthermore, the level of the spreads of high 

yield firms was much higher as compared to investment grade firms as one might expect. Finally, 

financials also appear to have a significantly higher spread compared to non-financials throughout 

all the subperiods, even prior to the crisis, and are subject to more volatile spreads, especially during 

and after the crisis. Finally, although the post-crisis levels are higher than before the crisis for both 

financials and non-financials, the spread of non-financials are closer to their pre-crisis values as 

compared to financials.  As such, it can be statistically confirmed that the spread exhibits large 

Lower Upper Lower Upper Lower Upper Lower Upper

All firms 23.4*** 121.8 143.9 73.7*** 38.2 65.9 13.7*** 216.3 288.9 18.2*** 114.1 141.6

Investment grade 31.7*** 112.0 126.8 15.4*** 60.9 78.7 12.7*** 155.8 212.6 29.5*** 113.5 129.7

High yield 8.0*** 137.7 227.3 -1.7* -169.5 14.0 8.1*** 381.2 628.4 5.8*** 96.8 197.0

Financials 11.4*** 187.6 265.7 10.9*** 50.7 73.4 6.9*** 362.9 660.8 9.5*** 168.7 257.2

Non-financials 20.6*** 107.1 129.7 6.1*** 34.3 66.5 12.4*** 180.4 248.9 15.8*** 101.0 129.5

Entire sample

Confidence interval

Pre-crisis

Confidence interval

During crisis

Confidence interval
t-stat

Post crisis

Confidence interval
t-statt-stat t-stat
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variations across different time periods and sub-segments, which confirms our choice of adjusting 

for industry, credit quality, and different time periods in the analysis. 

6.2 The Univariate Framework 

We start our research on the observed discrepancy between risk-neutral and actual default 

probabilities by performing a univariate regression for each of our constructed, explanatory 

variables with the spread as dependent variable. The purpose of performing a univariate analysis 

is to identify variables that provide a significant predictive power on a stand-alone basis 

(Woolridge, 2009). In continuation hereof, prior research suggests the importance of examining 

the effects of the explanatory variables separately in different time periods (e.g. Augustin, 2012). 

As such, the univariate analysis has been performed for each variable on the entire dataset as well 

as on the three defined subperiods; Pre-crisis, Crisis, and Post-crisis. 

  

Thus, to begin our analysis, a univariate OLS regression for each variable is performed on the 

following form, exemplified by the asset-specific illiquidity, AI, variable: 

  

𝐵𝑖,𝑡 (𝐸𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑) = 𝛽1𝐴𝐼𝑖,𝑡 (𝐸𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑) + 𝛼𝑖 + 휀𝑖,𝑡 (𝐸𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑)   (6.3), 

  

Where 𝛼𝑖 denotes a firm-specific error term that is fixed over time (Woolridge, 2009). Hence, as 

the above model does not adjust for this firm-specific error term, a fixed effect transformation – 

also known as within transformation – is applied to eliminate the fixed effect, 𝛼𝑖, giving us: 

 

𝐵𝑖,𝑡 (𝐸𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑)
𝐹𝐸 = 𝛽1𝐴𝐼𝑖,𝑡 (𝐸𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑) + 휀𝑖,𝑡 (𝐸𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑)   (6.4) 

 

The above model is estimated using a fixed effects model based on the time-demeaned variables. 

Hence, the model uses the time variation in the dependent variable and independent variable within 

each cross-sectional observation (Woolridge, 2009). From a theoretical point of view, the fixed 

effects model should be a better fit for our data because intra-firm effects are likely to be present 

(Woolridge, 2009). However, in order to be absolutely certain, a complementary Hausman test has 

been conducted where both the fixed and the random effects model are provided as inputs. This 

test follows a χ2 distribution and yields a test statistic of 6.1971 and a P-value of 0.0128, 

exemplified with our asset-specific illiquidity measure. Hence, as the P-value is below 5%, we can 
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reject the null hypothesis and conclude that a fixed effects model is indeed the best fit for our data. 

Thus, using this model, the asset-specific illiquidity variable yields a coefficient of 10.5. 

  

Panel data tend to exhibit cross-sectional and temporal dependencies even after introducing a fixed 

effect transformation and it is thus necessary to test for heteroscedasticity. Therefore, we perform 

a Breusch-Pagan (BP) test on the univariate frameworks to test whether we have to reject the null 

hypothesis of homoscedasticity and, hence, whether heteroscedasticity is present. The BP test is 

based on LM statistics for heteroskedasticity, which under the null hypothesis can be shown to 

have an approximately 𝜒2 distribution. The BP test is calculated as 𝐿𝑀 = 𝑛 ∗ 𝑅𝑢2
2 , where n denotes 

the number of observations and 𝑅𝑢2
2  is the 𝑅2 obtained by regressing the explanatory variable onto 

the squared residuals, 𝑢2, obtained from the original univariate model (Woolridge, 2009): 

 

𝑢𝑡
2 = 𝛿0 + 𝛿1 + 𝐴𝐼𝑖,𝑡 (𝐸𝑛𝑡𝑖𝑟𝑒 𝑃𝑒𝑟𝑖𝑜𝑑) + 휀𝑖,𝑡(𝐸𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑)   (6.5) 

  

The BP test on the above regression is performed in R. The BP test yields a value of 289, and is 

significant with a p-value below 0.01%. We can therefore reject the null hypothesis, and thus, 

heteroscedasticity is present despite the introduction of a fixed effect transformation. 

  

Given the presence of heteroscedasticity, the standard errors must be adjusted accordingly 

(Hoechle, 2007). Many scholars argue that the best way to deal with cross-sectional and temporal 

dependencies is to use Driscoll and Kraay’s non-parametric standard errors (1998) (Hoechle, 2007; 

Augustin, 2012). Driscoll and Kraay (1998) proposed a non-parametric covariance matrix 

estimator that produces heteroskedasticity and autocorrelation-consistent standard errors, which 

have been shown to be robust to general form of spatial and temporal dependencies. Unfortunately, 

certain characteristics of our dataset entail that we cannot employ the Driscoll and Kraay (1998) 

standard errors. More specifically, as the aim of this paper is not only to analyze the drivers of the 

difference between CDS-implied and actual default probabilities but also to examine how these 

change over time, it has been necessary to break down the data into smaller subperiods. In addition, 

the fact that it has been necessary to convert our data to yearly data entails that in the crisis period, 

we only have T=3 with an n of 164 for an n-to-T ratio of 55. Driscoll and Kraay’s non-parametric 

standard errors (1998) are based on large T asymptotic theory and, hence, do not work well on 

panels with a large cross-section (n) if the time dimension (T) is too small (Driscoll & Kraay, 1998; 
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Hoechle, 2007). For practical implications, Driscoll and Kraay (1998) estimated, via Monte Carlo 

simulations, that the minimum time dimension is 20-25 for their standard errors to be reliable 

(Millo, 2017). As our data does not possess these characteristics – not even for the entire sample 

period – Driscoll and Kraay’s (1998) non-parametric standard errors cannot be employed for our 

purposes. Instead, we have employed clustered standard errors as estimated by Arellano (1987) as 

an extension to White’s (1984) heteroskedasticity consistent covariance matrix (Millo, 2017). More 

specifically, the observations have been clustered by group rather than time because, 1) we have a 

large n and a short time period T, and 2) this clustering is based on n rather than T asymptotics, 

which should help overcome the difficulties we would incur using the Driscoll and Kraay (1998) 

standard errors. Furthermore, the usage of the fixed effects estimator with the time-demeaning of 

data entails that the Arellano estimator for clustered standard errors based on group is the best 

approach (Millo, 2017). This is because the fixed-effects methodology introduces serial correlation 

in the demeaned residuals, i.e. in the time dimension, and by using Arellano’s estimator and 

clustering across group, rather than time, the methodology is robust against cross-sectional 

heteroskedasticity and serial correlation in the time series. As such, these are arguably sufficiently 

robust for our purposes and the most correct standard errors given the short time periods7.  

 

The regression is performed on each variable and assessed on a 95% confidence level. The 

coefficients across the different time periods are presented in the table below with Arellano’s 

clustered standard errors presented in the parentheses: 

 

  

 
7 In R, the HC3 type of estimator has been applied as it has been found to be the best for smaller sample sizes (Ervin 

& Long, 2000). 
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Table 6.B: The univariate framework 

 

  

Starting with credit quality – as measured by the credit rating and the credit rating squared – we 

find evidence of a concave relationship in all time periods as expected. This is in line with the 

findings of Berg (2009), who also found evidence of a concave relationship in actual default 

probabilities when considering the absolute rather than the relative spreads. 

  

Moving on to the asset-specific illiquidity measured by absolute bid-ask spreads, we can see that 

it has the expected sign for all periods and is highly significant with a P-value below 1%. For the 

entire period, the bid-ask spread has a standard deviation of 19.6 and it is therefore expected that a 

change of one standard deviation will increase the spread between risk-neutral and actual default 

probabilities by 206 bps. Thus, the model predicts a huge economic impact of bid-ask spreads. The 

effect is smaller before the crisis where the bid-ask spreads are less volatile, and the coefficient is 

smaller (8.5). During the crisis, however, the volatility of bid-ask spreads increased as is reflected 
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by the standard deviation increasing to 28.4 with a coefficient of 10.6. This predicts that the spread 

will increase by 300 bps from a one standard deviation change. In the post-crisis period, however, 

the standard deviation of the bid-ask spread decreases to 18.5 indicating an expected impact of 178 

bps. Although this effect may seem very large, some of it is likely explained by omitted variable 

bias. More specifically, the univariate framework attributes all of the variation in the spread to a 

single explanatory factor. In reality, however, asset-specific illiquidity correlates with some of the 

other explanatory variables and, hence, the introduction of the other variables should decrease the 

expected impact of asset-specific illiquidity (Woolridge, 2009). 

  

As for counterparty risk, it can be observed that it does not have the expected sign in any of the 

periods, and it is significant at either a 99% or 95% confidence level in all of the time periods. This 

is an interesting development, as was foreshadowed in the descriptive statistics. As briefly 

discussed, however, this is likely explained by the positive correlation of the dependent variable 

and counterparty risk with a potential lurking variable, namely, the state of the economy and hereby 

risk aversion. As such, we would expect that, in the multivariate framework, the introduction of 

the other control variables, and most notably the yield curve, will alleviate this effect rendering the 

variable either insignificant or negative as expected on the basis of prior literature (Woolridge, 

2009). To briefly touch upon the economic impact of the variable, counterparty risk has a standard 

deviation of 0.45 resulting in an expected increase in the spread of around 95 bps from an increase 

in counterparty risk of one standard deviation in the entire period. When comparing across periods, 

we find that, prior to the crisis, a move of one standard deviation in counterparty risk would only 

increase the spread by 33 bps. During the crisis, counterparty risk peaks in terms of volatility levels 

and the overall economic impact of counterparty risk appears to be the highest in this period with 

an impact of 231 bps from a one standard deviation move. The fact that the effect is magnified 

during the crisis supports our initial hypothesis of the presence of a lurking variable increasing both 

counterparty risk and the spread. After the crisis, the economic impact from one standard deviation 

increase in counterparty risk decreases to 48 bps. 

  

Our measure for firm-specific volatility, based on the constructed EGARCH-estimate, affects the 

spread as expected and is significant at a 99%-level in all periods. With a standard deviation of 

1.02 for the entire period, the expected impact from a one standard deviation increase in the 

explanatory variable is an increase in the spread of 176 bps. Prior to the crisis, firm-specific 
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volatility only increased the spread by 89 bps from a one standard deviation move. During the 

crisis, however, this changed radically as firm-specific volatility became more volatile with a 

standard deviation of 1.63 resulting in one standard deviation move increasing the spread by 282 

bps. In the wake of the crisis, the coefficient has increased whilst the standard deviation decreases 

resulting in an economic impact of around 136 bps. 

  

When turning to debt to value, this also seems to have the expected sign and is significant at the 

99%-level for all periods except prior to the crisis. Over the entire period, an increase of 1 

percentage point results in an increase of 10 bps in the spread. The effect is much smaller prior to 

the crisis, with an impact of 3 bps. During the crisis, however, the impact of debt to became much 

larger with an economic impact of 21 bps from an increase of 1 percentage point. In the post crisis 

period, the effect becomes somewhat subdued with an impact of 9 bps. 

  

Moody’s Aaa-Baa index also appears to have a significant, positive impact in all the time periods 

at 99%. More specifically, it has an expected impact of around 85 bps on the spread for the entire 

period from one standard deviation increase. Before the crisis, this value was around 49 bps, and 

during the crisis the economic impact peaks to around 131 bps as the standard deviation of the 

variable increases. For the post-crisis period, however, the variable is expected to increase the 

spread by only 17 bps from a move of one standard deviation. Turning to the yield slope, however, 

this does not appear to be as good a predictor of the spread as the other explanatory variables. It 

only exhibits the expected sign in the post crisis period, where it is insignificant. For the entire 

period, pre-crisis, and the crisis period, it has a positive sign, but is only significant during the 

crisis. Although it is potentially not a strong predictor of the spread, it is still important to include 

as a control variable in the multivariate framework as evident from the discussion on the impact of 

the counterparty risk variable. Regarding the risk-free rate, we can see that it does actually have 

the expected sign but these effects are only significant in the entire period and during the crisis 

period. As such, the risk-free rate does not appear to be a strong predictor of the spread in isolation. 
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6.3 The Multivariate Framework 

Following the univariate regressions, the variables have been combined into a multivariate 

framework. In addition, the analysis has been extended by distinguishing between 1) investment 

grade and high yield companies, and 2) financial and non-financial companies in separate 

regressions while maintaining the periodic division from the univariate framework. As clearly 

became evident in section 6.1, large differences are present within each sub-segment leading us to 

believe that different drivers of the spread between the risk-neutral and actual default probabilities 

may persist. Both the periodic division and the division between high yield and investment grade 

are supported by prior research (e.g. Heyndercixk et al., 2016; Amato & Remolona, 2003; Hull et 

al., 2005). Moreover, Armen and Pedro (2016) found that CDS spreads on financial firms have 

different drivers as compared to non-financial firms hereby supporting the industry distinction. 

  

Firstly, we have run the multiple regressions for our main variables excluding controls: 

 

𝐵𝑖,𝑡 = 𝛽1𝐶𝑅𝑖,𝑡 + 𝛽2𝐶𝑅𝑖,𝑡
2 + 𝛽3𝐴𝐼𝑖,𝑡 + 𝛽4𝐶𝑃𝑖,𝑡 + 𝛽5𝐹𝑉𝑖,𝑡 + 𝛽6𝐷𝑉𝑖,𝑡 + 휀𝑖,𝑡 + 𝑎𝑖   (6.5) 

 

As in the univariate framework, a firm-specific fixed effect transformation is applied to remove the 

error term, 𝑎𝑖. We then apply a Breusch-Pagan test to test for heteroscedasticity in the multivariate 

framework. Again, we can reject the null hypothesis indicating that heteroscedasticity is present in 

our model despite the introduction of the fixed effect transformation. As discussed in the univariate 

framework, the Arellano (1987) standard errors clustered by group are the best fit for our data, so 

these have been applied in order to correct for the heteroscedasticity. After running the regressions 

on the main regressors, control variables are introduced to the model. The following sections will 

focus on, firstly, the entire period and afterwards each of the periods will be examined in-depth 

separately. A side-by-side overview of the drivers of the spread across all the time periods can be 

found in Appendix 10. As in the univariate analysis, a significance-level of 95% is applied.  

 

6.3.1 The Entire Sample Period 

Table 6.C presents the multiple regression results for the entire sample period stretching from 2002 

to 2019. Column (1) and (2) shows the results for all firms in the entire period. Column (1) applies 

only the main, idiosyncratic, regressors while the remaining control variables are introduced in 
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column (2). The same approach is applied to each sub-segment. Overall, the explanatory power of 

our model, as measured by 𝑅2, is around 0.7, which is quite high. 

 

Table 6.C: Multivariate regressions performed on the entire sample period 

 

 

At first glance, most of our coefficients align with our expectations and, hereby, affect the spread 

between actual and risk-neutral default probabilities largely as anticipated. Starting from the top 

with credit quality measured by both the rating scale and the rating scale squared, we find evidence 

of a concave relationship for the entire sample as observed in the univariate setting. More 

specifically, a one-notch downgrade is associated with an increase in the credit spread puzzle until 

rating A3, where the effect of a one-notch downgrade to Baa1 becomes slightly negative and the 

effect becomes increasingly negative as the initial rating becomes lower. For investment grade 

firms, however, we discovered that a linear relationship between the spread and credit quality was 
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more appropriate in section 5.4. Taking this into account, we still do not find a significant 

relationship between the credit quality and the spread between risk-neutral and actual default 

probabilities for investment grade firms. In contrast, the concave relationship persists for high yield 

firms, which is highly significant at 99% for both (5) and (6). When comparing high yield with the 

entire sample, credit quality has a much higher impact with coefficients of 713 bps and -32 bps in 

(6), indicating that the spread for high yield companies is much more sensitive to credit rating 

changes as compared to the entire sample. When comparing financials with non-financials, we find 

evidence of a concave relationship with a significance-level of 99% in both segments. However, a 

credit rating downgrade seems to have a larger economic impact on non-financials than financials 

for the entire period and, moreover, the concave relationship appears to have a steeper slope with 

a higher maximum. Moreover, the sign of the impact of a one-notch downgrade occurs at a later 

point for financials, namely from Baa1 to Baa2. 

 

Turning to the asset-specific illiquidity measure, we observe the expected, positive sign across both 

the entire sample along with all the sub-segments. In addition, the effect is significant at the 95% 

or 99%-level for all the groups. Moreover, it is interesting to note that the explanatory power, 

namely adjusted R2, of the model including controls increases from 0.41 to 0.66 simply by adding 

asset-specific illiquidity. As argued in the univariate setting, asset-specific illiquidity has a large 

economic impact on the spread, although it has been reduced by introducing more explanatory 

variables. Thus, this predicts that the spread will increase by 173 bps from a one standard deviation 

increase in (2). This effect becomes smaller for investment grade firms yielding an impact of 93 

bps in (4), whereas the effect is larger for high yield firms with an expected economic impact of 

281 bps (6) driven by both higher volatility and a higher coefficient. These results suggest that high 

yield firms are more susceptible to fluctuations compared to investment grade firms. In addition, 

the same can be observed for financial and non-financial firms. More specifically, an expected 

economic impact of 170 bps is found for non-financials, while an expected economic impact of 

204 bps is found for financial firms in (8) and (10) respectively. This indicates that financials are 

more sensitive to changes in illiquidity compared to non-financials. Moreover, it is interesting to 

note that credit rating and asset-specific illiquidity appear to be the only two significant drivers of 

the spread for financials. 
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As in the univariate framework, we do not observe the expected signs for counterparty risk in the 

entire period. Moreover, as hypothesized in the univariate framework, we observe that the effect 

largely becomes insignificant when introducing control variables. This suggests that the positive 

effect observed in the univariate framework was, in fact, due to missing variables explaining both 

the increase in counterparty risk and the spread between risk-neutral and actual default 

probabilities. Interestingly, the positive effect of counterparty risk remains significant at the 99%-

level for investment grade firms even after introducing controls. For investment grade firms, 

counterparty risk has an economic impact of 12 bps from a one standard deviation move in (4) and, 

as such, the observed effect is quite small. This does however raise the question of whether there 

is an additional lurking variable affecting only investment grade that we have yet to identify, or if 

the impact of counterparty risk is simply positive for investment grade firms in contrast to theory. 

  

Firm-specific volatility – as measured by our EGARCH model – drives the spread in the expected 

direction for all segments and is significant at the 99%-level for both the entire sample and all the 

subgroups, except financials. This indicates while both actual and risk-neutral default probabilities 

should be affected by volatility, the CDS-implied default probabilities are relatively more affected. 

A decomposition of the credit spread puzzle in Appendix 11 confirms this. Both default 

probabilities are affected, but the economic impact differs significantly with 122 bps and 17 bps 

from an increase of one standard deviation for CDS-implied and actual default probabilities 

respectively. With a standard deviation of 1.03 for all firms, the expected economic impact from a 

one standard deviation increase in firm-specific volatility is 104 bps when including control 

variables. For high yield firms the economic impact is significantly higher and the economic effect 

on the spread is 235 bps in (6). Investment grade, on the other hand, seems to be less sensitive to 

changes in volatility, only having an impact of 47 bps from a one standard deviation move in (4). 

Moreover, the expected impact of firm-specific volatility on the spread is 115 bps for non-

financials. However, when turning our attention to financials, both regressions become 

insignificant. This indicates that CDS sellers do not require an additional volatility risk premium 

when the reference entity is a financial firm. This finding suggests that other factors are driving the 

spread amongst financials. However, it is important to keep in mind that our financial sub-segment 

is quite small and, hence, caution is advised when interpreting these results. 
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The same pattern can be observed for debt to value. As such, we see that debt to value has a positive 

impact on the spread in line with our expectations and is significant at the 99%-level for all 

subgroups except financials. In addition, debt to value has an economic impact of 35 bps from an 

increase of 1 percentage point in (2). For high yield companies an increase of one percentage point 

yields an increase of 73 bps while the economic impact is only 22 bps for investment grade firms 

when including controls. Thus, the impact is much higher for high yield compared to investment 

grade companies. Turning to non-financials, the economic impact from an increase of 1 percentage 

point is 40 bps in (10). The effect is, however, insignificant for financials. This is likely because 

financial firms are subject to specific regulations regarding their capital structure and, hence, it is 

intuitive that investors in the CDS market are unwilling to pay an additional premium for higher 

leverage ratios (Hull, 2018). 

  

Moving to the control variables, we find that the perceived credit risk premia as measured by 

Moody’s Aaa-Baa index does not have the expected signs for any of the regressions except for 

financials and, moreover, the variable is insignificant at the 95%-level for all categories. Thus, our 

results differ from the univariate setting where we found a significant, positive relationship.  

  

A negative relationship between the yield slope and the spread is observed in most of the sub-

segments as expected. It is, however, important to note that this is the exact opposite of the trend 

we observed in the univariate framework. This is worrisome, as it could indicate multicollinearity 

issues despite our careful examination of correlations. Moreover, the variable is significant at either 

the 99% or the 95% level for all segments except financials. In terms of economic impact, an 

increase in the standard deviations of the yield slope results in a decrease in the spread of 14 bps 

for all firms in (2), 5 bps for investment grade in (4), 63 bps for high yields in (6), and 19 bps for 

non-financials in (10). 

 

Finally, the risk-free rate, as proxied by the US dollar swap rate, also exhibits the expected negative 

sign for all sub-segments. Moreover, it is a highly significant driver at 99%-level for all segments, 

except financials. In terms of economic impact, an increase of one standard deviation in the swap 

rate results in a decrease in the spread of 19 bps for all firms in (2), 15 bps for investment grade in 

(4), 63 bps for high yields in (6), and 19 bps non-financials (10). This indicates that financial firms 

are less sensitive to interest rate changes. 
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6.3.2 Pre-Crisis Period 

The regression outputs for the pre-crisis period, ranging from 2002 to 2006, are presented in table 

6.D. It is important to note that in general we have quite few observations in this period – especially 

for financials and high yield firms – so caution is advised when interpreting the results. 

Furthermore, we observe that the explanatory power of our model has decreased slightly from the 

entire period indicating that more noise is present in the pre-crisis period, which is not captured by 

our model (Woolridge, 2009). However, the 𝑅2 is still quite high for most of the segments around 

0.6. 

 

Table 6.D: Multivariate regressions performed on the pre-crisis sample period 

 

 
  



 84 out of 118  

Firstly, we see that credit quality still exhibits a concave and positive relation with the spread for 

all sample firms significant at the 99%-level. Comparing to the entire period, it is evident that the 

impact of credit rating appears to be greater before the financial crisis as both coefficients are higher 

in numerical terms. Interestingly, the impact of one-notch downgrade is now positive until from 

Baa2 to Baa3, where the effect turns negative. As such, the reversal of the impact of a downgrade 

on the credit spread puzzle occurs later in the pre-crisis period. Although insignificant, we further 

notice that for investment grade firms, the impact direction has changed exhibiting a negative, 

albeit still linear, relation. In contrast, high yield firms remain concave, positive and significant at 

the 99%-level. Moreover, the impact of credit rating on high yield firms has increased drastically 

as compared to the entire period with coefficients of 1199 bps and -49 bps in (6). Moreover, the 

impact of a one-notch downgrade turns negative from Ba2 to Ba3, which is at a lower credit rating 

than for the entire period. As such, deteriorating credit quality appears to have had a higher impact 

on high yield firms in the pre-crisis period. We further notice that the results for financial firms 

have turned insignificant, while non-financials still exhibit a concave relationship significant at a 

99% confidence level. 

  

As seen for the entire period, the asset-specific illiquidity continues to behave exactly as expected 

with a positive coefficient and remains statistically significant at the 95% or 99%-level for all 

segments. In terms of economic impact, it has become smaller compared to the entire period for all 

sample firms with an expected economic impact of 75 bps for one standard deviation move in (2). 

This tendency can also be observed for all the subsegments. This could be a reflection of higher 

investor confidence in the CDS market in this time period, which generally exhibited relatively 

high levels of liquidity at the time. As we observed in the entire period, the expected economic 

impact of one standard deviation change is higher for high yield companies, 144 bps in (6), as 

compared to investment grade, 52 bps in (4). However, in contrast to what we observed during the 

entire period, we notice that non-financials are more affected by changes in asset-specific 

illiquidity, 77 bps in (10), compared to financials, 10 bps in (8), in the pre-crisis period. 

  

For the pre-crisis period, the sign of counterparty risk is mainly negative, in line with our initial 

expectations. This contrasts with our findings in the univariate analysis and the regression results 

for the entire period. However, as observed for the entire period, the effect becomes insignificant 
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when introducing controls and, as such, we cannot conclude that counterparty has any significant, 

negative impact on the spread in the pre-crisis period. 

 

As in the entire period, the firm-specific volatility largely behaves as expected and is highly 

significant for most of the regressions except for high yields and financials. Starting with the 

sample including all firms, we see that the economic impact has decreased to 44 bps for one 

standard deviation move in firm-specific volatility in (2). When moving to high yield and 

investment grade, we also see a smaller economic impact compared to the entire period with a one 

standard deviation move of 43 bps in (6) and 38 bps in (4) respectively. The results are significant 

at 99% for investment grade but insignificant for high yield firms. As such, we see that especially 

high yield firms were much less affected by firm-specific volatility in the pre-crisis period 

compared to the entire sample period. For financials and non-financials, we observe that the effect 

is insignificant for financials and highly significant for non-financials at the 99%-level. 

Furthermore, firm-specific volatility had an economic impact of 54 bps for non-financials in the 

pre-crisis period in (10). 

  

Our measure for debt largely has the expected sign – except for financials as anticipated due to 

regulations – and has turned insignificant for most of our regressions except for investment grade 

firms, which is significant at 99%. This indicates that CDS sellers do not require additional 

compensation to insure highly levered companies aside from what has already been captured in the 

actual default probabilities, i.e. debt to value appears to affect the risk-neutral and the actual default 

probabilities equally in this period for most of the segments. A regression performed on each of 

the spread components, namely the risk-neutral and the actual default probability, confirms this as 

debt to value was highly significant in both regressions but the economic impact for each was 

largely the same around 200-300 bps (view Appendix 11). The economic impact of investment 

grade from an increase of 1 percentage point is 36 bps in (4). 

  

Finally, looking at the control variables, we find Moody’s index that the coefficient is mostly 

positive, although only sporadically significant for financials and investment grade at the 95%-

level, where the coefficient for the latter has become negative. Furthermore, the yield slope is 

mostly negative, except for financials, but remains insignificant for all sub-samples. The swap rate, 
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however, has now turned positive, and is significant at the 95%-level for investment grade and non-

financials. This is the opposite of our initial expectations.  

 

5.3.3 Crisis Period 

The following section will examine the crisis-period spanning from 2007-2009. Overall, the 

explanatory power of the regressions is generally better than compared to the entire period. It is, 

however, very important to note that this is the sub-period with the fewest observations, 478, which 

also affects the validity and robustness of our results. Moreover, the time period is only 3 years, 

which effectively entails that we only have 3 values for each of our control variables. These 

considerations are important to keep in mind, when interpreting our findings in the following 

sections. Following this, it was not possible to include all of the control variables as the correlations 

were too high. As such, the risk-free rate has been removed from the regressions. 
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Table 6.E: Multivariate regressions performed on the crisis sample period 

 

 

 

The relationship between the absolute spread between risk-neutral and actual default probabilities 

and credit quality is still concave and highly significant for all sample firms. However, the 

economic impact of a single nudge up and down appears to be smaller during the crisis as compared 

to the other periods given the lower, numerical values of the coefficients. For investment grade 

firms and financials, credit quality still appears to be insignificant during the crisis. Moreover, the 

same is now the case for high yield firms as well. For non-financial firms, the effect of rating 

remains concave but with mixed results regarding significance. The effect is significant at the 95% 

and 99% level after introducing controls, but not before. In summary, credit quality appears to have 

a limited, if any, impact, on the spread between actual and risk-neutral default probabilities during 
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the crisis as compared to the other time periods. This is an interesting finding and will be discussed 

more in-depth in the discussion section of this paper. 

 

When turning to asset-specific illiquidity, it can be observed that it is still a very important predictor 

of the spread between the actual and the risk-neutral default probabilities and is significant at the 

99% level with and without controls for all the sub segments. However, the economic impact has 

decreased from the univariate framework, in which the impact was 300 bps for this period, due to 

omitted variable bias as discussed previously. In the multivariate framework, the economic impact 

of a one standard deviation move is still incredibly high and has an expected impact of 212 bps. 

Moreover, this effect hardly changes when introducing our control variables (210 bps), indicating 

that the finding is rather robust. We also observe a significant impact among both high yield and 

investment grade firms. The expected economic effect appears to be larger per 1 bps move for 

investment grade firms as compared to high yield and the entire sample. However, given the lower 

volatility of illiquidity among investment grade firms, the impact of a one standard deviation move 

is 167 bps whereas it is 322 bps for high yield firms in (4) and (6) respectively. When looking at 

financial firms, we find that asset specific illiquidity is the only significant determinant of the 

spread during the crisis and, as a result, the expected economic impact of a one standard deviation 

move is a total of 440 bps. This is clearly a very large economic impact both driven by a high 

coefficient and a high standard deviation in the financials segment. Caution is, however, advised 

when interpreting these results as it is based on only 66 observations from 21 financial firms. For 

non-financials, the expected economic effect is somewhat subdued and “only” amounts to 187 bps. 

However, asset-specific illiquidity appears to be the strongest driver of the credit spread puzzle 

during times of crisis. 

 

Interestingly, for the entire sample counterparty risk is now positive – as opposed to the pre-crisis 

scenario – as observed during the univariate analysis. However, this effect is not significant for the 

entire sample and only sporadically when removing or introducing controls for the various sub-

segments. It is interesting that counterparty does not even yield a significant impact in the crisis-

period, in which the entire financial system was in ruins during the financial crisis and, hence, the 

financial strength of CDS counterparties was significantly worsened (Augustin, 2012). There are 

several potential explanations for this. These will be discussed from both an intuitive and a 

methodological standpoint in section 7.4. 
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Turning to firm-specific volatility, it can be observed that the variable both has the expected sign 

and is significant at the 99% level for all sub-groups except financials. The expected economic 

impact from a one standard deviation move is 154 bps in (2), and is, hence, the explanatory variable 

with the second-highest impact during the crisis. In addition, the effect appears to be the largest for 

high yield firms both in terms of a one standard deviation move and from an increase of one 

percentage point. The expected economic impact is 429 bps for an increase of one standard 

deviation in (6). This is both driven by a high standard deviation (1.96) and a high coefficient. For 

investment grade and non-financials in isolation, the expected effect is 61 bps and 218 bps, in (4) 

and (10) respectively. Interestingly, the variable does not appear to be significant for financials 

during the crisis. Once again, this could potentially be due to either our small sample size during 

the crisis or that other drivers must be identified when looking at financials. 

 

The impact of debt to value does have the expected sign for all sub-segments except for high yield 

firms, but is not significant for any segment at the 95% level. As the leverage ratio should have an 

impact on both the actual and the CDS-implied default probabilities, it seems plausible that both 

default probabilities are affected equally by debt to value. Interestingly, however, a decomposition 

of the two spread components shows that neither the CDS-implied or the actual default probabilities 

are significantly affected by the leverage ratio in this period (Appendix 11). This could be due to 

the relatively small sample size. 

 

None of our control variables have a significant impact at the 95%-level on the spread during the 

crisis. 

 

5.3.4 Post-Crisis Period 

The following section will present the results for the post-crisis period, spanning from 2010 to 

2019. The explanatory power of the model, as measured by R2, is approximately the same level as 

for the entire period and, moreover, the number of observations is quite high in this sub-period. 
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Table 5.F: Multivariate regressions performed on the post-crisis sample period 

 

 

Starting with the credit quality proxy, we also find evidence of a concave relationship between the 

spread and deteriorating credit quality as in most of the sub-periods. Furthermore, this effect is 

significant at the 99%-level for all sub-segments except for investment grade as previously noted. 

Furthermore, we observe that the impact of a one-notch downgrade appears to be higher in the 

post-crisis period based on the higher numerical values of the coefficients, 251 bps and -15 bps, 

yielding both a steeper slope and a higher maximum. The effect of credit quality on the credit 

spread puzzle becomes negative from a downgrade from Baa1 to Baa2. That the impact is the 

highest during the post-crisis period is also evident in Appendix 12, where a graph showing of the 
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relationship between credit rating quality on the spread for all sample firms in the different sub-

periods has been provided. Moreover, the spread does not appear to be affected by credit quality 

for investment grade firms, while the effect of credit ratings is, yet again, magnified for high yield 

firms. Comparing financials and non-financials, credit quality appears to have a larger economic 

impact for non-financials rather than financials as observed in the entire period. 

 

Turning to asset-specific illiquidity, it remains a strong predictor with the expected, positive sign 

and significance at the 99%-level for all sub-segments except for financials. Furthermore, the effect 

of a one bp increase is the largest in this period with a coefficient of 9 bps. In terms of standard 

deviation moves, the expected economic impact is 174 bps in (2) and is, hence, smaller than during 

the crisis due to lower volatility of bid-ask spreads. For investment grade and high yield firms, 

illiquidity appears to have a larger economic impact on investment grade firms based on 

coefficients. Given the high volatility of the bid-ask spreads of high yield firms, however, the 

expected impact from a one standard deviation increase is 84 bps for investment grade and an 

astounding 286 bps for high yield firms in (4) and (6) respectively. Interestingly, we find that asset-

specific illiquidity is not a significant driver of the spread between risk-neutral and actual default 

probabilities for financials. Consistently, we also find that it does not significantly affect the risk-

neutral default probability in this period. Again, this is an indicator that the spread between risk-

neutral and actual default probabilities likely has different drivers than non-financial firms. For 

non-financials, however, the impact is highly significant and has an expected value of 184 bps from 

a one standard deviation move in (10). 

 

Turning to counterparty risk, we observe that the variable also has a positive sign in this period 

contrary to what we would expect. However, as with the other periods, the effect becomes 

insignificant when introducing control variables, as the yield curve likely explains some of the 

positive impact captured when only including main regressors. As in the entire sample period, the 

variable is, however, positive and highly significant for investment grade firms with and without 

controls. The expected economic impact following a one standard deviation move for investment 

grade firms, results in an increase in the spread of 19 bps in (4). 

 

In terms of firm-specific volatility, it can be observed that it has the expected, positive sign for all 

the regressions and is significant at either the 99%, 95%, or 90%-level for each segment. For all 
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sample firms with controls, the expected impact is around 68 bps for one standard deviation move. 

For investment grade and high yield firms, the effect is around 58 bps and 111 bps for one standard 

deviation increase, in (4) and (6) respectively. Hence, the variable is expected to affect high yield 

firms more than investment grade firms. Regarding financials and non-financials, it can be 

observed that the effects of firm-specific volatility are less pronounced when this distinction is 

made. More specifically, it is only significant at the 90%-level for non-financials and for financials 

it is significant at the 95%-level until we introduce the control variables after which the significance 

level decreases to 90%. 

 

The leverage ratio largely follows our expectations in this time period. More specifically, it is 

positive for all sub-segments except for financials, and significant at the 99% level for all firms, 

high yield firms, and non-financials. For all firms, the impact is quite large and is 55 bps from an 

increase of 1 percentage point in (2). For investment grade firms, the leverage ratio becomes 

insignificant, whereas the impact is highly significant and quite large for high yield firms, namely 

with an expected economic impact of 94 bps from an increase of 1 percentage point in (6). This 

indicates that for high yield firms – where bankruptcy is much more likely – CDS sellers require 

an additional premium if the reference entity has a high leverage ratio. For financials, however, the 

impact is negative but since the effect is insignificant, we cannot reject the null hypothesis that the 

effect is zero. Non-financial firms, however, are strongly influenced by debt to value and the 

expected impact is 62 bps from an increase of 1 percentage point in (10). 

 

Regarding the control variables, Moody’s Aaa vs. Baa index mostly aligns with expectations – 

except for the high yield sub-segment – but is insignificant. Hence, this variable appears to be a 

poor predictor of the difference between CDS-implied and actual default probabilities. As for the 

yield slope, the effect has suddenly become positive in the post-crisis environment unlike the 

univariate framework. This is an interesting development, as it is different from the other sub-

periods and different from our initial expectations and will be discussed in section 7.7. It is, 

however, important to note that this could be caused by multicollinearity as the variable exhibited 

a negative sign in the univariate analysis. The economic impact of the variable for all sample firms 

is 13 bps, 13 bps for investment grade firms, and 13 bps for non-financials for a one standard 

deviation increase, in (2), (4), and (10) respectively. Regarding the risk-free rate, it can be observed 

that it largely has the expected negative sign. Moreover, it is significant at the 95% or 99%-level 
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for all firms and investment grade firms. The expected economic impact following an increase of 

one standard deviation for all firms is a decrease in the spread of 13 bps in (2), while the effect is 

somewhat smaller for investment grade firms with a decrease of 9 bps in (4). 

6.4 Robustness Checks 

The following section will cover the applied robustness checks in order to assess the reliability of 

the employed methodology and the validity of the results found. A series of robustness checks have 

therefore been performed to see if, and potentially how, our conclusions change when changing 

certain regression specifications. The analysis performed already contains several inherent 

robustness checks. For instance, the sub-sampling of data across different periods – experiencing 

both market turmoil and economic tranquility – act as a robustness check for the parameter 

estimates (Lamont, 1998). Secondly, we tested the robustness of our results when applied on 

different segments, i.e. industries and credit quality. Comparing across the sub-samples, it is 

evident that several of the included variables seem to be stable drivers of the spread. More 

specifically, we find that the significance for the idiosyncratic variables including credit quality, 

asset-specific illiquidity, and firm-specific volatility holds across sub-samples with few exceptions, 

albeit showing some changes in beta coefficients and occasional lower adjusted R2s. In contrast, 

counterparty risk, debt to value, and our control variables seem to be less robust as the significance 

differs considerably across the different subgroups. This indicates that the validity and reliability 

of these measures should be questioned. Therefore, we find the former variables to be the strongest 

factors driving the spread while none of the latter variables show a predictive capacity similar to 

these. However, it is important to note the lack of data sufficiency in certain sub-samples.  

Moreover, the residuals of the regression on the entire sample in Table 6.A equation (2) is 

illustrated as a histogram and indexed at the nth observation in our entire sample (Appendix 13). In 

general, the residuals seem to be well behaved indicating robust findings. 
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7 Discussion and Potential Implications  

In the following sections, our results will be discussed in a historical market context and, moreover, 

will be put in perspective to the findings of other researchers on the subject and the hypotheses 

proposed in section 4. As such, the purpose of this section is to determine what can be inferred 

about the spread between CDS-implied and actual default probabilities – and, as a result, the 

sentiment of CDS market participants – in a practical context on the basis of our empirical results. 

Finally, the impact of our methodological considerations on the results will be deliberated 

continuously. Please note that only the most relevant findings will be discussed. 

7.1 The Development of the Credit Spread Puzzle 

The development of the spread between actual and risk-neutral default probabilities over the 

different time periods will be discussed in the following section. Most importantly, our findings 

confirm the presence of a credit spread puzzle in the CDS market, as the difference between actual 

and CDS-implied default probabilities is statistically larger than zero across all of the sub-periods. 

As such, our findings are very much in line with prior research on the credit spread puzzle 

(Heynderickx et al., 2016; Amato & Remolona, 2003; Hull et al., 2005). More specifically, we 

identify an absolute difference between actual and risk-neutral default probabilities between 123 

and 144 bps across the entire sample. As such, the absolute spread identified in our research appears 

to be somewhat lower than the findings of previous literature in the bond yield market (Amato & 

Remolona, 2003; Hull et al., 2005). This is precisely what we would expect as a CDS can be 

considered a purer measure of credit risk as discussed in section 3.3. When looking across the 

different time periods, it can be observed that the spread generally exhibited very low values prior 

to the crisis of 38-66 bps. During the financial crisis, however, the credit spread puzzle widened 

significantly and reached an astounding level of 216-289 bps. Whereas both actual and risk-neutral 

default probabilities increase during times of crisis due to heightened credit risk, the widening 

credit spread puzzle is likely explained by an increase in risk aversion with a reinforcing effect in 

the CDS market (Guiso, 2012). Moreover, this effect can also be partly attributed to changes in the 

drivers of the credit spread puzzle during the crisis, as will be discussed in the following sections. 

Hence, the observed tendency is perfectly in line with our expectations. In the post-crisis 

environment, the absolute difference between actual and risk-neutral default probabilities 

experienced a decline and generally fluctuates around 114-142 bps. As such, the spread is still 

significantly higher than its pre-crisis level, indicating that CDS sellers require a larger risk 
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premium in the wake of the crisis. This effect is driven by significantly higher risk-neutral default 

probabilities and is slightly offset by higher actual default probabilities in the post-crisis era. Hence, 

we can confirm both our first and second hypothesis, and we roughly observe the same tendencies 

as Heynderickx and colleagues in their study of the credit spread puzzle on the CDS market (2016). 

So, what drives the relatively higher credit spread puzzle in the post-crisis era compared to the pre-

crisis period, when neither period was characterized by financial distress? Naturally, one 

explanation could be higher risk aversion following the financial crisis (Guiso, 2012). This 

development could, however, also be a reflection of the various regulatory initiatives imposed to 

increase transparency in the CDS market as discussed in section 2.2. As the CDS market becomes 

less opaque, CDS trading is associated with less risk for the market participants, which should, in 

turn, drive the CDS spreads up (Ehlers & Aldasoro, 2018). However, in order to fully comprehend 

why the credit spread puzzle changes over time, it is necessary to gain a better understanding of its 

drivers as will be provided in the subsequent sections. 

7.2 Credit Quality: The Role of Credit Rating Uncertainty 

Overall, we find that credit quality is a very strong driver of the absolute spread between risk-

neutral and actual default probabilities, especially before and after the crisis, when including both 

investment grade and high yield bonds. More specifically, we find strong, statistical evidence of a 

concave relationship in deteriorating credit quality and, hereby, the actual default probability, in 

line with the findings of Berg in his examination of the bond market (2009). Hereby, we can 

confirm our third hypothesis. Although they did not find evidence of a concave relationship per se, 

Amato and Remolona (2003) and Hull and colleagues (2005), could also confirm that the spread 

does seem to increase in absolute terms as the credit quality becomes lower in their work on the 

bond yield spread. As such, our findings indicate that the relationship between credit quality and 

the spread between risk-neutral and actual default probabilities largely follows the same pattern, 

regardless of whether the risk-neutral default probability is estimated via CDS-spreads or the bond 

yield spread. It is, however, important to note that prior literature examining the impact of credit 

quality has not controlled for the impact of other systematic or idiosyncratic factors, as we have in 

our study. This is an important distinction to make, because our findings then indicate that CDS 

sellers require an additional risk premium for insuring reference entities with lower credit quality 

even when controlling for the idiosyncratic differences between investment grade and high yield 

firms, such as increased volatility, higher leverage ratios, and higher asset-specific illiquidity. This 
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is an interesting tendency, as it implies that simply the fact that a company possesses a lower credit 

rating warrants a higher risk premium in the CDS market. Naturally, the credit rating in itself does 

not affect the spread between actual and risk-neutral default probabilities, so this begs the question 

of what our variable is actually capturing. Firstly, the observed tendency could be an expression of 

higher risk aversion among CDS investors as credit quality decreases until a certain point. It could, 

however, also be a reflection of higher uncertainty regarding the actual default probability as credit 

quality decreases. In Appendix 2, it can be observed that the actual default probability increases by 

a significantly larger amount when a company is downgraded from Caa1 to Caa2 compared to a 

downgrade from Aa1 to Aa2. Moreover, when examining the transition matrices (Appendix 1), we 

observe that the credit rating volatility is much higher and much less predictable for high yield 

firms. As evident from table 5.F, this effect is much more pronounced in our dataset given our 

relatively low sample size. As such, the probability of a firm being downgraded from Caa1 to Caa2 

is also higher than a firm being downgraded from Aa1 to Aa2. Combining the two arguments, it 

can be concluded that the uncertainty regarding the true actual default probability increases as 

credit quality deteriorates, because 1) the risk of a downgrade becomes higher, and 2) the potential 

impact of a downgrade on the actual default probability becomes higher. Hence, this is a potential 

explanation for why investors would be willing to pay more for a CDS on a reference entity with 

lower credit quality than can be justified by the corresponding increase in credit risk even when 

adjusting for the effect of other idiosyncratic factors. This hypothesis is further supported by the 

fact that we do not observe a significant impact of credit rating in the multivariate framework for 

investment grade firms in isolation. This indicates that protection sellers on investment grade firms 

do not require additional compensation for lower credit quality aside from what is already reflected 

in the actual default probabilities when controlling for the idiosyncratic differences between the 

firms.  

Moreover, the concavity of the relationship indicates that, for the lowest credit ratings, a one-notch 

downgrade actually has a negative impact on the spread between actual and risk-neutral default 

probabilities, as evident from Appendix 12. Thus, once credit quality becomes sufficiently poor, 

the previously discussed effect reverses and investors require a smaller risk premium. There are 

several potential explanations for this finding, namely 1) changing attitudes towards risk, 2) 

increased importance of recovery rate risk, and 3) methodological considerations. Firstly, the 

observed tendency could be a reflection of who is actually willing to sell protection on the lowest 

credit qualities and, moreover, that these financial market participants may actually be risk seeking 
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rather than risk averse. Secondly, another potential explanation is proposed by Berg (2009). He 

argues that as the credit rating becomes sufficiently low, recovery rate risk becomes relatively more 

important than actual default risk to the investors. This could mitigate the previously discussed 

impact of credit quality uncertainty. Please note, however, that as recovery rate risk has not been 

included in our study, the precise impact of this variable on the spread is unknown and constitutes 

a great point for further research. Finally, it could also be due to the employed methodology in the 

derivation of actual default probabilities. As discussed in section 5.3.2, Driessen (2005) argued that 

transition matrices may result in artificially high default probabilities as compared to what is 

observed on average in reality. Moreover, this effect is magnified for the lowest credit qualities, in 

which rating transitions are both more volatile and experience larger jumps. Thus, a final potential 

explanation for this effect is that our actual default probabilities are artificially high for the very 

lowest credit qualities resulting in a reversal of the impact of credit quality on the spread. 

Turning to the development of the impact of credit quality on the spread between actual and risk-

neutral default probabilities, the impact of a one-notch downgrade appeared to be the lowest during 

the crisis given the flatter curve of the concave relationship, as illustrated in Appendix 12. 

Moreover, the impact became insignificant for several of the sub-segments in this period. This is 

interesting, as the overall rating uncertainty arguably rose during this period. More specifically, it 

appears as though illiquidity and firm-specific volatility were the primary drivers of the credit 

spread puzzle during the crisis hereby mitigating the relative impact of credit quality. This is likely 

a reflection of the high importance of liquidity during the financial crisis (Blinder, 2013). In the 

wake of the crisis, however, the impact of credit ratings on the spread between actual and risk-

neutral default probabilities becomes magnified. This indicates that investors are willing to pay 

even more for CDS insurance on low credit qualities with higher uncertainty regarding the true 

actual default probability in this time period. Given the fact that the primary source of default 

probability data to the average investor is credit ratings, this could be a reflection of lost investor 

confidence in the ability of the rating agencies to accurately assess default probabilities. Credit 

rating agencies played a prominent role during the financial crisis and major deficiencies in their 

incentive structure were uncovered, which heavily decreased their reliability (Blinder, 2013). These 

incentive structures have yet to be modified and, as a consequence, investors have since then lost 

confidence in the credit rating agencies (Blinder, 2013). This would increase perceived uncertainty 

regarding the actual default probabilities of reference entities, increasing CDS-implied default 

probabilities and, hereby, the credit spread puzzle. 
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7.3 Asset-Specific Illiquidity: The Strongest Driver of the Credit Spread 

Puzzle 

Despite the fact that the CDS market is notoriously known for being highly liquid and previous 

literature having found liquidity frictions in the CDS market to be negligible (Bongaerts et al., 

2011; Fulop & Lescourret, 2007; Longstaff et al., 2004), we find our asset-specific illiquidity 

measure to be the strongest and most robust predictor of the spread between the CDS-implied and 

actual default probabilities across all sub-samples. As discussed in section 2.2, the CDS market is 

far more liquid relative to the corporate bond market. This is because bond markets tend to be 

relatively fragmented which increases transaction costs of the market. This drives volume in the 

synthetic credit risk market, hereby resulting in high levels of liquidity in the CDS market (Armen 

& Pedro, 2016). Hence, prior scholars have often treated the CDS premium as a pure measure of 

credit risk, e.g Longstaff and colleagues (2004) who found that the majority of the bond yield 

spread is explained by illiquidity using CDS spreads as a proxy for the default component. 

However, as evident from the results outlined in the previous sections, we observe the same 

tendencies in the CDS market as illiquidity was found to have, by far, the highest economic impact 

on the spread and, moreover, as the explanatory power of the model was greatly increased by 

including this variable.  

Moreover, despite the fact that no prior literature – to the extent of our knowledge – has examined 

the exact impact of illiquidity on the spread between CDS-implied and actual default probabilities 

before, many scholars have investigated how it affects the CDS spread. A number of these studies 

find that the CDS premium increases significantly with the effect of firm-specific illiquidity (e.g. 

Pires, Pereira & Martins, 2014; Lesplingart, Majois & Petitjean, 2012; Bühler & Trapp, 2009). As 

illiquidity is part of the non-default component of the CDS spread, our findings are in line with the 

aforementioned studies. Thus, it can be concluded that an illiquidity risk premium, captured by the 

protection seller, is present in the investigated difference between risk-neutral and actual default 

probabilities. As such, we can confirm our fourth hypothesis. Furthermore, the effect of illiquidity 

appears to have a relatively higher economic impact, in terms of a 1 bp increase, on investment 

grade firms and financials. Moreover, it is the only significant driver of financials in several sub-

periods hereby emphasizing the importance of asset-specific illiquidity in explaining the credit 

spread puzzle. 
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While our study focused on the impact of idiosyncratic factors on the spread, Junge and Trolle 

(2015), examined the impact of CDS market illiquidity on CDS spreads. They find that once 

systemic liquidity risk is accounted for, the effect of the firm-specific illiquidity has a smaller 

predictive capacity on the pricing of CDS premia. Hence, had we controlled for the impact of CDS 

market illiquidity, our findings on asset-specific illiquidity could potentially have been less 

prominent, as the correlation between asset and market-wide illiquidity is quite high. 

When looking across the time periods, we generally see that the economic impact of liquidity on 

the spread became magnified during the crisis for all sub-segments, both per 1 bp increase and per 

standard deviation increase. This entails that the liquidity risk premium embedded in CDS spreads 

increased during the financial crisis, as CDS market illiquidity reached its highest levels in our 

sample period (Junge & Trolle, 2015). In the bond market during the crisis, a “flight-to-liquidity” 

effect was observed due to the increased market uncertainty, in which investors sell less liquid 

securities in favor of more liquid securities (Blinder, 2013). For the CDS market, the high impact 

of illiquidity during the crisis could indicate a similar effect captured by the protection seller. This 

finding is in line with previous literature, who also found the impact of illiquidity on the CDS 

spread to intensify over the crisis (Armen & Pedro, 2016). From an asymmetric information 

perspective as discussed in section 4.2.1, this is highly intuitive as asymmetric information 

regarding credit risk rose during the financial crisis hereby driving the CDS spreads up. After the 

crisis, the impact of asset-specific illiquidity reaches a lower level, which is still higher than its pre-

crisis level. Thus, CDS sellers appear to require a larger illiquidity premium in the wake of the 

crisis, likely facilitated by the fact that trading volumes of single-name CDSs – the object of this 

analysis – has decreased in the post-crisis period, hereby decreasing liquidity for these securities 

(Armen & Pedro, 2016). Hence, the strong impact of asset-specific illiquidity entails that the 

movement of bid-ask spreads over the sample period also explains a large part of the development 

of the credit spread puzzle, as discussed in section 7.1. 

7.4 What is Going on With Counterparty Risk? 

As evident from the analysis, counterparty risk yielded some very mixed results, generally 

exhibiting a positive sign but typically becoming insignificant when introducing control variables. 

As explained previously, counterparty risk is expected to have a negative impact on the spread as 

investors will be willing to pay less for a CDS with a high counterparty risk as discovered by 
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Longstaff and colleagues (2011). In turn, this should decrease the risk-neutral default probability 

and as the actual default probabilities should be unaffected by counterparty risk, the difference 

between the two should also become smaller. Why, then, do our results show the opposite both in 

the univariate and the multivariate analysis? There are two major considerations to make in this 

regard, namely 1) the validity of the variable as a measure of counterparty risk, and 2) correlation 

versus causation. 

Firstly, it is necessary to consider whether our counterparty risk measure actually captures what it 

is intended to. As described in section 5.3.6, the measure is the beta of the reference entity’s stock 

return with the excess return of an index constructed of counterparties over the market return 

following the approach of Augustin (2012). Thus, our measure is essentially using stock returns as 

a proxy for credit risk, implying that if the beta between the two is high, then the risk that both the 

counterparty and the reference entity defaults simultaneously is higher. This is, however, not the 

best measure of counterparty risk. Rather, using the covariance between the CDS spread of the 

reference entity and a counterparty index of CDS spreads instead of stock returns would arguably 

have been better, as CDS spreads roughly reflect the market’s perception of credit risk (Bai & 

Collin-Dufresne, 2018). However, as CDS spreads and stock prices tend to follow each other quite 

well, this would likely not have altered our results significantly (Hull, Predescu & White, 2004). 

Secondly, another explanation for the bizarre behavior of the counterparty risk variable is, as 

discussed previously, the impact of correlation versus causation. As has been shown in previous 

literature and by our analysis, the spread between actual and risk-neutral default probabilities tend 

to increase significantly in times of crisis as risk aversion, illiquidity, and overall market 

uncertainty increases (Heynderickx et al., 2016; Armen & Pedro, 2016). However, the same trend 

is true for counterparty risk as is evident in section 5.4.3, which is supported by the findings of 

both Augustin (2012) and Longstaff and colleagues (2011). As such, what our model is likely 

capturing is not, in fact, causation but correlation resulting from the absence of a common lurking 

variable, namely the state of the economy. This hypothesis was further confirmed by the fact that 

the significance level becomes insignificant when the control variables are introduced in most 

instances. In addition, although measured differently, Longstaff and colleagues (2011) did find that 

the economic impact of counterparty risk was vanishingly small, which would also explain why 

the impact appears to turn positive in our case to reflect the generally higher uncertainty in the 

market, when counterparty risk is high. 
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It is, however, interesting that the impact of counterparty risk does not even have a significant, 

negative impact during the crisis, where the financial system lay in ruins and counterparty risk 

reached its highest point in our sample period. As the primary counterparties are mostly 

systemically important financial institutions, it could potentially be explained by the government 

sponsored cash injections to financial institutions during the crisis, such as TARP (Blinder, 2013). 

As such, the bailouts of financial institutions during the crisis could potentially explain why 

counterparty risk was not a prominent concern amongst investors. However, in line with discussion 

above, it could also be that other factors, such as illiquidity and general risk aversion, were 

relatively more important in the minds of investors hereby offsetting any potential effect of 

counterparty risk.  

Moreover, our results suggest that counterparty risk has not had a significant impact on the credit 

spread puzzle in any of the observed time-periods and, by extension, counterparty risk does not 

appear to be a great concern of CDS buyers. Thus, our findings do warrant the question of whether 

the introduction of CCPs in the wake of the crisis, as discussed in section 2.2, was a necessary 

initiative. This is in line with the findings of Duffie and Zhu (2010) who found the introduction of 

CCPs to have no impact on counterparty risk. 

In conclusion, we cannot conclude that counterparty risk affects the spread between risk-neutral 

and actual default probabilities in any of the observed time periods as too many other factors are 

interfering with the results. Hence, we cannot confirm our fifth hypothesis. Instead, it is suggested 

as a point of further research to analyze the potential effect of counterparty risk on the spread in 

isolation. 

7.5 Firm-Specific Volatility: The Volatility Risk Premium 

As with asset-specific illiquidity, we find the firm-specific volatility to be a strong and robust 

predictor of the spread between risk-neutral default probabilities and actual default probabilities 

for all sample firms across the periods. It can, therefore, be concluded that firm-specific volatility 

affects the CDS spread more than the actual default probabilities. Hence, we find evidence of a 

volatility risk premium inherent in the spread, namely that investors in the CDS market are willing 

to pay a larger CDS premium when the equity returns of the reference firm are more volatile aside 

from what is justified by increasing actual default probabilities. This was also confirmed by an 

additional analysis of each of the components of the credit spread puzzle and, hereby, we can 
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confirm our sixth hypothesis. This corresponds well to the findings of Wang and colleagues (2010). 

More specifically, they concluded that the variance risk premium inherent in option-implied 

volatilities had a strong explanatory power on CDS spreads. Hence, as any variance risk premium 

associated with the reference entity should only affect CDS-implied default probabilities and not 

actual default probabilities, our findings are consistent. Moreover, other studies within the CDS 

market have, likewise, found firm-specific volatility to account for a large part credit spreads, see 

e.g. Ericsson and colleagues (2009) for CDS spreads. It is, however, important to note that this 

literature on the CDS spread has simply classified volatility as the “default” component and, hence, 

have not examined whether or not an additional volatility premium is captured outside the default 

component, as we find evidence of. 

Moreover, the effect appears to be significantly larger for high yield firms across all periods. This 

is an intuitive finding, as general uncertainty surrounding these firms is higher, hereby warranting 

the requirement of an additional volatility risk premium. Notably, we observe a different pattern 

for financials. For financials, firm-specific volatility does not seem to be a robust predictor as it is 

insignificant through all the distinct periods except for the entire period. This points to the presence 

of other drivers of the credit spread puzzle for financials, which could be an interesting point for 

further research. 

When examining the impact of the variable across over time, it becomes evident that the effect is 

magnified in times of crisis. This indicates that CDS sellers required an even larger volatility risk 

premium in this period, in line with the generally heightened market uncertainty. Moreover, in the 

post-crisis period, the observed effect was generally smaller than during the crisis but larger than 

before the crisis, indicating that CDS protection sellers are still more sensitive to stock price 

volatility today than in the pre-crisis period. 

7.6 Financial Leverage: Methodology or Change in Investor Sentiment? 

Overall, financial leverage appears to have a significant, positive impact on the spread between 

actual and risk-neutral default probabilities when looking at the entire sample period. This is an 

interesting finding because the actual default probability should be greatly affected by the leverage 

ratio as is evident from Merton’s structural framework (1974) and is, naturally, also priced in the 

CDS spread. As such, a positive impact on the spread between risk-neutral and actual default 

probabilities indicates that leverage is more than proportionally priced in the CDS spreads as 
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compared to what is justified by the actual default probabilities. As with firm-specific volatility, 

most of the prior research on the CDS spread simply classifies leverage as part of the “default-

component” (e.g. Ericsson et al., 2009). Hence, they do not consider the option of an additional 

risk premium priced in the CDS spread driven by risk aversion towards higher leverage ratios, 

which is precisely what we find evidence of. Looking across sub-segments, leverage does not 

appear to have any significant impact on financials other than what has been captured by the actual 

default probabilities. This is likely due to the various regulations and restrictions imposed on the 

capital structure of financial companies (Hull, 2018). Moreover, the effect is magnified for high 

yield firms. Again, this is intuitive as the higher debt ratios of high yield firms warrant higher risk 

aversion. 

The impact of financial leverage on the credit spread puzzle becomes particularly interesting, when 

examining the development across the different sub-periods. More specifically, we find that 

leverage has no impact on the spread in the pre-crisis period and during the financial crisis. In the 

wake of the crisis, however, we find that investors are willing to pay an additional risk premium 

when the reference entity has a higher leverage ratio. This is an interesting finding as it indicates a 

shift in investor sentiment during the sample period. Leading up to the crisis, debt levels were 

generally high – both in private households and corporations – facilitated by securitization, which 

essentially allowed financial institutions to grant loans without undertaking the risk of their loan 

portfolio (Blinder, 2013). Moreover, this effect was facilitated by the CDS market, as this allowed 

banks to insure their loan portfolio providing them with an incentive to extend more loans and 

invest more in mortgage-backed securities and, in turn, increase debt levels of society (Qin, 2016). 

This laissez-faire approach to debt is likely what has been mirrored in the observed lack of 

significance of debt to value in the pre-crisis period amongst investors. With the financial crisis, 

however, the importance of leverage quickly became apparent, as the high debt levels facilitated 

increasing bankruptcy rates (Blinder, 2013). While we do see an increase in the level of coefficients 

during the crisis, these remain insignificant. After the crisis, however, it can be observed that CDS 

sellers do, in fact, require an additional premium for insuring highly levered reference entities aside 

from what has been captured in the default component of the CDS spread. This indicates heightened 

risk aversion towards leverage in the post-crisis environment, which could be due to the prominent 

role of leverage and CDSs during the crisis. 
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The development of the variable’s impact over time, however, could also be partly explained by 

the elected methodology for our debt measure. More specifically, we have used the book value of 

debt over the market value of equity plus the book value of debt. As book value of debt is subject 

to fewer changes than market value, this also entails that our measure also implicitly captures the 

state of the equity market. For instance, prior to the crisis, the equity markets were thriving and 

stock prices generally exhibited high levels, resulting in lower debt to value ratios. During the 

crisis, however, the equity markets crashed leaving the levels of debt to value at elevated levels. 

Had we been able to use market value of debt instead, this effect would likely have been less 

important, as the market value of debt likely also would have decreased during the period. 

On a more technical note, our methodological choices in calculating the actual default rates could 

also play a role when assigning an actual default probability on the basis of a rating issued by a 

credit rating agency. More specifically, when a company increases its leverage, the CDS market 

will react immediately, as has been shown by prior research (e.g. Ericsson et al., 2009). The credit 

rating agencies, on the other hand, will need some time to review this new information and, 

moreover, this process will likely persist for a few months before the credit rating agencies settle 

on a decision of whether a downgrade is warranted or not (Hull, Predescu & White, 2004). As such, 

there will be an inherent lag between when the CDS market captures the change and when the 

credit rating, and hence, the actual default rate adjusts to the news. As we have used average actual 

and risk-neutral default probabilities over the year, our results should also be subject to this effect. 

In this adjusting period, this lag could result in an artificially high spread between the risk-neutral 

and the actual default probabilities caused by higher leverage ratios. This effect will be particularly 

strong in the cases where the company is subject to review but maintains its credit rating in which 

case the actual default probability will remain precisely the same. Moreover, the fact that our study 

assigns actual default probability solely on the basis of credit rating rather than idiosyncratic factors 

emphasizes this effect. More specifically, by grouping firms rather than taking individual debt 

levels into account, it is possible that the actual default probability of the firm is actually higher 

than expressed by our analysis potentially rendering the effect of leverage insignificant. This effect 

could have been mitigated by using structural models such as Moody’s EDF, had we been able to 

access this data.  

In conclusion, we find a positive impact of debt on the difference between CDS-implied and actual 

default probabilities and can, hence, largely confirm our seventh and last hypothesis. It is, however, 
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unclear what drives this effect. It could be the emergence of higher risk aversion towards highly 

levered firms following the financial crisis, but can also potentially be explained by methodological 

considerations such as the inherent lag between the CDS spreads and credit ratings as well as the 

use of debt to value as debt measure.  

7.7 Systemic Variables: Ambiguous Findings 

Firstly, we do not find the perceived credit risk premium, Moody’s Aaa and Baa index, to be a 

robust predictor of the observed spread based on two considerations, namely, 1) the several shifts 

in the directional impact across different sub-samples, and 2) when adjusting for idiosyncratic 

regressors the index turns insignificant. In sum, we find that Moody’s index might not be a strong 

proxy for risk aversion in the credit markets. Thus, it would be an interesting point of further 

research to exclusively examine the impact of risk aversion with different proxies on the drivers of 

the credit spread puzzle in the CDS market.  

In addition, we find mixed results regarding the performance of the yield curve as a predictor of 

the spread. For the entire period, the yield slope exhibits the expected negative sign and is 

significant across most sub-samples, but in the post-crisis period the impact is significant and 

positive. Initially, we hypothesized to find a negative correlation between the spread and the yield 

slope as other studies find evidence suggesting that a decrease in the yield slope might imply 

weakening economy resulting in lower recovery rates and, hence, higher credit spreads (e.g. Fisher, 

2001; Collin-Dufresne et al., 2001). As such, the results for the post-crisis period are puzzling at 

first-glance. In the post-crisis environment, however, the yield curve has been upward-sloping for 

the most part as evident from our daily data, except for the last half of 2019. As there is larger 

uncertainty associated with holding long-term bonds given the fluctuation of bond prices, part of 

the yield curve slope can be explained by a risk premium associated with this uncertainty (Fisher, 

2001). Hence, taking the post-crisis yield environment into account, the positive impact could be 

due to an increase in risk aversion. It is, however, important to note that the univariate framework 

showed a negative sign, so this result could also be caused by multicollinearity. In sum, the yield 

slope does not seem to be a consistent predictor of the spread, likely due to the many different 

forces shaping the yield curve (Fisher, 2001). However, our empirical results also suggest that the 

slope is an important control variable to include in the regressions, as some of our main regressors 

change drastically when the yield slope is added to the model. This is in line with the findings of 

both Collin-Dufresne and colleagues (2001) as well as Ericsson and colleagues (2009).  
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The risk-free rate mostly exhibits the expected negative sign, with few exceptions. Moreover, the 

impact is significant for the entire period across all segments except financials. As such, we do find 

some evidence to suggest that the impact of the risk-free rate, as measured by the swap rate, is 

larger on the risk-neutral default probabilities as compared to the actual default probabilities. 

However, the economic impact of the variable is vanishingly small. During the sub-periods, 

however, our findings become more ambiguous and the impact of the swap rate is, hence, not 

robust. 

In summary, none of our control variables seems to be robust predictors of the spread and, thus, it 

might have been better to include other control variables. However, we did not include more 

variables due to the risk of over-parameterization, which would reduce the validity of our result. 

Our results might have been different had we included other control variables instead of the ones 

selected, such as the VIX, unemployment, and changes in GDP. However, as the variables were 

highly correlated to either Moody’s index, the yield curve, or the risk-free rate, this is deemed 

unlikely. Moreover, the included control variables are preferred in prior literature (e.g. Armen & 

Pedro, 2016; Collin-Dufresne et al., 2001; Ericsson et al., 2009). Therefore, based on this study, 

we find idiosyncratic variables to be the strongest predictors of the spread observed between risk-

neutral and actual default probabilities in contrast to the findings of Driessen (2005) and Junge and 

Trolle (2015).  

8 Conclusion  

The credit spread puzzle refers to the curiosity that the risk-neutral default probabilities derived 

from credit spreads tend to far exceed the actual default probabilities implied by historical default 

data. While an extensive bulk of research has examined this peculiarity using the bond yield spread, 

the relationship between CDS-implied and actual default probabilities has been much less 

scrutinized, likely due to the perceived frictionless nature of the CDS market. Previous literature 

examining CDS spreads, however, have found factors seemingly unrelated to credit risk, such as 

illiquidity, to be priced in the CDS premium. Thus, CDS spreads constitute a new, interesting point 

of examination for analyzing the credit spread puzzle. As such, this thesis set out to examine, firstly, 

if there is a difference between CDS-implied and actual default probabilities and, secondly, what 

idiosyncratic or systemic factors drive this potential discrepancy in the US. Moreover, this paper 

has one of the largest sample periods within this field of research, spanning from 2002-2019, 
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allowing us to examine the credit spread puzzle and its drivers through all stages of the economic 

cycle, namely through the expansion of the 2000s, to the global financial crisis, and through the 

tranquility of the post-crisis era. 

The first empirical aim of this paper was to identify whether or not there was a difference between 

actual and CDS-implied default probabilities and, moreover, how it has developed before, during, 

and after the financial crisis of 2007-2009. Although it has been common to qualify the CDS spread 

as a pure measure of credit risk (e.g. Longstaff et al., 2004), we find that the CDS spread cannot 

be considered a pure measure of credit risk. More specifically, we find that the absolute difference 

between actual and CDS-implied default probabilities ranges from 123 bps to 144 bps for the entire 

sample period hereby confirming it to be statistically larger than 0. Furthermore, we observe that 

the absolute credit spread puzzle is time-varying. More specifically, it exhibited lower values prior 

to the financial crisis, only to reach elevated levels during the crisis of 216 bps to 289 bps. After 

the crisis, the absolute spread between actual and CDS-implied default probabilities decreased but 

remained at a higher level compared to the pre-crisis period hereby indicating an increase in the 

required risk premium of CDS sellers. 

Secondly, this study set out to examine what drives this observed discrepancy across the three 

distinct periods. Based on prior research on the drivers of the CDS spreads, the impact of both 

idiosyncratic and systemic factors was examined on the credit spread puzzle over time via a panel 

regression approach. Overall, credit quality, asset-specific illiquidity, and firm-specific volatility 

were found to be the strongest drivers of the difference between actual and CDS-implied default 

probabilities. Thus, our findings suggest that for practitioners to be able to employ CDS spreads to 

estimate actual default probabilities, these effects need to be removed. Moreover, it was found that 

idiosyncratic factors generally outperformed the systemic factors in predicting the credit spread 

puzzle. 

Turning to the observed impact of each explanatory variable, it can, firstly, be concluded that credit 

quality is a strong predictor of the absolute credit spread puzzle, especially before and after the 

crisis, for all sample firms. More specifically, we found evidence of an increasing and concave 

relationship in deteriorating credit quality in line with previous literature. As we have controlled 

for the idiosyncratic differences between high yield and investment grade firms, this impact could 

potentially be attributed to heightened rating uncertainty among lower credit qualities. This 

hypothesis was supported by  the fact that we did not observe a significant impact of credit quality 
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amongst investment grade firms.  Interestingly, we found that the effect of credit quality became 

somewhat subdued during the crisis. This indicates that other drivers, such as illiquidity, were more 

prominent during the crisis. After the crisis, the effect is magnified suggesting heightened risk 

aversion among CDS market participants towards lower credit qualities. 

Secondly, we find the asset-specific illiquidity, measured by absolute bid-ask spreads, to be the 

strongest predictor of the spread between the CDS-implied and actual default probabilities 

exhibiting a positive relationship. As such, we found evidence of an illiquidity risk premium 

captured by the CDS seller in CDS spreads. Moreover, the impact of illiquidity increased 

significantly during the financial crisis indicating heightened importance of illiquidity in the minds 

of CDS market participants at this time. 

Thirdly, while a negative impact of counterparty risk was expected, the variable yielded mixed 

empirical results. Hence, it cannot be concluded that it has any impact on the spread between the 

CDS-implied and actual default probabilities. This was likely caused by the model capturing the 

joint correlation of the credit spread puzzle and counterparty risk with the state of the economy.  

As with asset-specific illiquidity, we find the firm-specific volatility to be a strong predictor of the 

credit spread puzzle with a positive impact, in line with our expectations. Thus, we find evidence 

that firm-specific volatility has a larger economic impact on the CDS-implied default probabilities 

compared to the actual default probabilities and, hereby, of an inherent volatility risk premium in 

CDS spreads. In addition, it is evident that the effect is magnified in times of crisis, indicating that 

CDS sellers require an even larger than proportional volatility risk premium in this period in line 

with the generally heightened market uncertainty and risk aversion. 

Furthermore, we find financial leverage to have a significant and positive impact on the absolute 

credit risk premium in the entire period and the post-crisis period. This indicates that the leverage 

ratio is more than proportionally priced in the CDS spreads compared to what is justified by the 

actual default probabilities. This could be due to several factors, namely 1) newfound reluctance 

of counterparties to sell CDSs on highly levered firms in the wake of the financial crisis, 2) the 

specific dynamics of the selected debt measure, debt to value, or 3) our methodological choices 

causing an inherent lag between the CDS-implied and actual default probabilities. 
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Finally, neither of the included systemic factors seem to be robust predictors of the credit spread 

puzzle nor to have a large economic impact. Starting with Moody’s Aaa-Baa index proxying risk 

aversion, we do not find the regressor to be significant when adjusting for idiosyncratic factors. 

This could indicate that other proxies for risk aversion may be preferable. As for the slope of the 

yield curve, it generally showed mixed performance as a predictor of the credit spread puzzle. 

However, we find it to be an important variable to include in the model, as some of our main 

regressors changed drastically when the yield slope was added to the model. The risk-free rate 

mostly exhibits the expected negative sign, however, the economic impact of the variable is 

vanishingly small. Thus, the mixed performance of the systemic variables included in our study 

indicates that, once taking the effect of idiosyncratic variables into account, systematic factors do 

not have important implications for the difference between CDS-implied and actual default 

probabilities. 

9 Further Research: What Implications will the COVID-19 Crisis 

have on the Credit Spread Puzzle? 

The COVID-19 crisis has without question been the largest crisis since the financial crisis, and its 

ramifications have been predicted to exceed those of the financial crisis (Rogoff, 2020). Many 

countries have found it necessary to institute a lock-down and close the borders to contain the 

contagion risk, including the US (Maqbool, 2020). Naturally, this has important implications for 

businesses operating in this environment, and as of May 1st 2020 several prominent companies 

have filed for bankruptcy in the US following the COVID-19 crisis (Tucker, 2020). A similar 

tendency can likewise be observed among our initial sample firms in which two companies had 

filed for bankruptcy as of April 18th 2020, namely JCPenney Company Inc. and Frontier 

Communications (Capital IQ, n.d.), despite our sample only constituting the most traded firms on 

the CDS market. Moreover, the increased credit risk resulting from the COVID-19 crisis is already 

reflected in the CDS market, as evident from the graph below: 
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Figure 9.A: The development of CDS spreads during the COVID-19 crisis 

 

                 Source: Markit (n.d.) 

As such, the highly uncertain environment prevailing at the time of writing entails that the study 

of default probabilities and, in particular, the spread between risk-neutral and actual default 

probabilities arguably becomes even more relevant. Hence, this begs the question of how the 

COVID-19 crisis will affect the credit spread puzzle? While the outbreak of the pandemic was far 

too recent to include in our study of the spread, our empirical results and following discussion does 

allow us to make inferences on the basis of recent trends. For instance, our analysis showed that 

asset-specific illiquidity and firm-specific volatility were amongst the strongest predictors of the 

spread. As evident from the below graphs based on the sample included in our study, the COVID-

19 crisis has put significant pressure on liquidity in the CDS market and resulted in heightened 

volatility: 

Source: Capital IQ (n.d.).  

Firstly, we would expect the strain on liquidity in the CDS market imposed by COVID-19 to have 

a significant, positive impact on the spread between actual and CDS-implied default probabilities. 

0

0.02

0.04

0.06

0.08

0.1

0.12

01-01-2020 21-01-2020 10-02-2020 01-03-2020 21-03-2020 10-04-2020 30-04-2020

0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08

0.09

0.1

01-01-2020 21-01-2020 10-02-2020 01-03-2020 21-03-2020 10-04-2020 30-04-2020

Figure 9.C: Firm-specific volatility during the 

COVID-19 crisis

0

100

200

300

400

500

600

01-01-2020 01-02-2020 01-03-2020 01-04-2020 01-05-2020

Figure 9.B: Asset-specific illiquidity during the 

COVID-19 crisis



 111 out of 118  

The peak of the graph is an average bid-ask spread of an astounding 566 bps. During the financial 

crisis, the largest observed bid-ask spread on any date was 85 bps for the same sample. As 

illiquidity was found to be the strongest indicator of the credit spread puzzle, this would indicate 

that the increase in the spread between actual and CDS-implied default probabilities is likely to be 

even larger during the COVID-19 crisis. Secondly, firm-specific volatility was also found to be an 

important driver of the credit spread puzzle. Hence, we would expect the rapid increase in volatility 

to have a significant, positive impact on the spread. However, the impact of idiosyncratic volatility 

has been experiencing a decline lately, so this effect will likely not be as pronounced as illiquidity. 

These were the two most prominent drivers of the spread between actual and risk-neutral default 

probabilities during the financial crisis, so based on these preliminary trends we suspect that the 

COVID-19 crisis could have an astounding impact on the credit spread puzzle, despite the 

inevitable rise of actual default probabilities. Of course, it is too soon to tell, so we propose the 

dynamics of the spread between actual and risk-neutral default probabilities during the COVID-19 

crisis as a point for further research, when the crisis and its aftermath has finally come to an end. 
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