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Abstract 
The recent financial crisis is characterised by liquidity dry-ups, which enhanced the 

disruption of financial markets. We analyse the role of liquidity in the U.S. CDS 

market during 2008-2012, distinguishing explicitly between a crisis (2008-2009) and 

post-crisis (2010-2012) period. First, we investigate whether illiquidity is priced in 

a CDS contract and find that the protection seller earns an illiquidity premium, 

controlling for credit risk. This compensation is not affected by the economic re-

gime. In addition, we study the determinants of illiquidity related to a CDS con-

tract and find that a market maker’s inventory costs are the main driver. Further-

more, asymmetric information and a market maker’s funding constraints affect CDS 

illiquidity. Again, these findings are not affected by the economic regime. Lastly, 

we research whether the risk a CDS contract becomes illiquid in the future (i.e. 

liquidity risk) is priced, controlling for the current level of illiquidity and credit 

risk. The analysis provides evidence for a liquidity risk premium earned by the 

protection seller during the crisis, whereas such a premium is not observed post-

crisis. The differential impact of liquidity risk on the pricing of CDS contracts can 

be attributed to the relative ease of trading in tranquil versus turbulent time peri-

ods.  
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1 Introduction 
The concept of liquidity is a central topic in financial markets. Liquidity can 

broadly be defined as the ease of trading a financial security (Amihud, Mendelson, 

& Pedersen, 2005). An investor that frequently rebalances his portfolio prefers to 

have liquid securities since it is relatively easy and inexpensive to change positions. 

The level of liquidity determines the difference between an investment strategy that 

is profitable in principle and in practice. In other words, illiquidity is a friction that 

can disturb financial markets. Recently, the financial crisis highlighted this role of 

liquidity and displayed the risks and effects of liquidity shortages. Stressful market 

conditions caused market liquidity to drop rapidly in many financial markets, which 

in turn enhanced the disruption of these markets. The Credit Default Swap (CDS) 

market is a good example and exhibited such a liquidity dry-up. Understanding the 

position of liquidity in financial markets is essential to investors and regulators, 

who both benefit from a liquid and stress resilient asset market.  

  

In this paper, we research the role of liquidity in the U.S. CDS market during the 

period 2008-2012, using a panel data set that consists of bid and ask prices for CDS 

contracts issued on 224 U.S. firms. We argue that our sample covers a crisis period 

(2008-2009) in which liquidity levels were extremely low, and a post-crisis period 

(2010-2012) in which liquidity returned to the market. The question then arises 

whether the economic regime has an impact on the role of liquidity in the U.S. 

CDS market. Specifically, it is possible that the market values liquidity differently 

in the pricing of CDS contracts given that liquidity has dried up. By means of 

regression analysis, we investigate whether illiquidity in a CDS contract results in 

a premium for an investor (protection buyer or seller) over the period 2008-2012 in 

the U.S. market, distinguishing between the crisis and post-crisis period. 

  

If illiquidity is priced, an investor needs to consider the drivers of CDS illiquidity. 

Moreover, the important role of illiquidity in financial markets during the recent 

crisis has spurred policy makers to show an interest in the determinants of illiquid-

ity. Therefore, we research the determinants of illiquidity in the U.S. CDS market 
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through regression analyses over the period 2008-2012. Again, we distinguish be-

tween the turbulent crisis and relatively calm post-crisis period, to investigate 

whether the economic regime has an impact on the drivers of CDS illiquidity. 

  

Levels of liquidity vary over time and therefore it is intuitive that an investor is 

affected by the risk an asset becomes illiquid in the future. In line with Acharya 

and Pedersen (2005), we define three different (but closely related) forms of liquid-

ity risk, which can generally be viewed as the covariance between an individual 

CDS (illiquidity or return) and market movements. Through regression analyses, 

we investigate whether liquidity risk results into a premium for an investor (pro-

tection buyer or seller), controlling for the current level of illiquidity and credit 

risk, over the period 2008-2012. Similar to the previous analyses, we investigate the 

crisis and post-crisis period separately. 

  

An extensive body of literature examines the relationship between liquidity and the 

pricing of different asset classes. However, the focus on liquidity and liquidity risk 

in the CDS market is limited. Although multiple studies investigate the effect of 

illiquidity on CDS pricing, the financial crisis period in the U.S. CDS market has 

not been given much attention. In addition, research on the determinants of CDS 

illiquidity is scarce. We add to the existing literature by explicitly distinguishing 

between a crisis and post-crisis period in researching the role of liquidity and li-

quidity risk in the CDS market. The thesis is structured as follows. Part 2 describes 

the CDS market and lays out a theoretical framework for the pricing of illiquidity 

and liquidity risk. In Part 3, we present the hypotheses that are empirically exam-

ined, related to our contributions mentioned above. Part 4 presents the data and 

descriptive statistics followed by the regression methodology. Part 5 contains the 

empirical results and analysis. Finally, Part 6 concludes and provides suggestions 

for future research. 
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2 Theoretical Framework 

2.1 The Credit Default Swap Contract 
Credit default swaps (CDS) are one of the most important financial innovations of 

the past 25 years. A CDS can be understood intuitively as an insurance contract 

that offers protection against the default of a corporation, sovereign government or 

a structured legal entity. Consequently, banks and other financial institutions use 

CDS contracts to hedge themselves against credit events in their loan portfolio. 

The CDS market developed in the mid-1990s as a tool that allows market partici-

pants to trade and hedge credit risk in the same way they trade market risks 

(Longstaff, Mithal, & Neis, 2005). One of the main advantages of the CDS market 

is that it enables credit risk trading that is not constrained by the timing and 

amount of bond issuances. In this sense, it decreases the gap between demand and 

supply in the relatively illiquid corporate debt market (Stulz, 2010).  

 

The underlying company (or government) of a CDS contract is known as the refer-

ence entity and a default is a so-called credit event. The CDS protection buyer 

(premium leg) gets the right to sell bonds issued by the reference entity at their 

face value if a credit event takes place, whereas the CDS protection seller (credit-

event leg) agrees to buy these bonds (Augustin, Subrahmanyam, Tang, & Wang, 

2014). The total face value of the insured debt that can be sold in case of a credit 

event is defined as the CDS notional principal. In the CDS market, the premium 

of the contract is typically quoted in basis points (bps) per $100 notional amount 

of the reference bond and is paid periodically as a quarterly or semi-annual fee 

(Longstaff et al., 2005). The CDS buyer pays the premium, often called the CDS 

spread, until the end of the contract or until the reference entity fails to meet its 

debt claims. If a credit event occurs, the protection seller will reimburse the pro-

tection buyer on the full notional amount.  

 

Since a CDS is an over-the-counter (OTC) contract, the maturity (tenor) is nego-

tiable and typically ranges from a few months up to 10 years, although 5 years is 

the most commonly traded horizon (Longstaff et al., 2005; Chen, Fleming, Jackson, 

Li, & Sarkar, 2011). Buyers of CDS protection do not have to own the actual 

underlying assets themselves, meaning that so-called naked positions are allowed 
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(Augustin et al., 2014). This implies that the total notional principal of a reference 

entity’s CDS often exceeds the value of the entity’s outstanding debt (Stulz, 2010).  

 

A key dimension of a CDS contract is how a credit event is defined. This area has 

been a central focus of the International Swaps and Derivatives Association (ISDA), 

which has provided a standardised contract as a basis for CDS transactions (Au-

gustin et al., 2014). A qualifying credit event in a CDS contract includes bank-

ruptcy, failure to pay, obligation default, or a restructuring (ISDA, 2003). The set-

tlement of a CDS contract in case of a credit event is determined upfront when the 

contract is entered and is either by cash or through physical delivery (Longstaff et 

al., 2005). Cash settlement of a credit event, which is the most common settlement 

form according to Hull (2015), leads to an auction process that determines the mid-

market value of the cheapest deliverable bond. Then, the protection seller pays the 

difference between the determined market value and the face value of the bond to 

the protection buyer (see e.g. Tang & Yan, 2008). In other words, the monetary 

payment in case of cash settlement only relates to the actual incurred losses and 

any actual bonds of the reference entity are not exchanged (Augustin et al., 2014).  

 

With physical delivery, the protection buyer sells the bonds issued by the reference 

entity to the protection seller and receives the full notional amount in return, alt-

hough the bonds are less valuable. A CDS contract with physical delivery usually 

specifies that the protection buyer in case of a credit event can deliver a set of 

different bonds (Stulz, 2010). Bonds can differ in value due to accrued interest, 

even though they have the same seniority. In that case, the CDS buyer holds a 

cheapest-to-deliver (CTD) option and can deliver the least valuable among quali-

fying bonds (Longstaff et al., 2005).  

 

Cash settlement can often be preferred over physical delivery. In the latter, the 

CDS protection buyer must buy bonds to deliver and hence there is a risk of de-

mand pressures when the CDS net notional amount outstanding is larger than the 

amount of bonds that are available for delivery (Augustin et al., 2014). A specific 

example is noted in Augustin et al. (2014) with the case of Delphi Corp. that filed 

for bankruptcy in 2005, where the total CDS notional amount was more than 10 

times the amount of deliverable bonds trading in the market (see also Gregory, 
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2009). Importantly, the implementation of the CDS Big Bang protocol in April 

2009 adopted cash settlement as the only option in the standard ISDA CDS agree-

ment in a move away from physical settlement (Augustin et al., 2014). Hence, the 

overall goal of the Big Bang protocol was to make the CDS market more efficient 

through standardisation.  

 

2.2 Credit Default Swap Market Characteristics  
The OTC nature of the CDS market limits the accessibility of readily available 

data and assessments of market dynamics. One way to measure the size of the CDS 

market is through notionals outstanding, which have historically reflected market 

activity on a cumulative basis (ISDA, 2013). Figure 1 shows graphically the evolu-

tion of weekly total CDS gross and net notional outstanding for single-name U.S. 

reference entities in our sample during 2008 to 2012.1 Unfortunately, DTCC only 

started to report this data from October 2008 and covers 220 out of the 224 firms 

in the full sample. The total single-name CDS amounts for the firms in the DTCC 

 

 
Figure 1 – Time series plot over 2008-2012 of weekly total gross and net notional amount outstanding. 
The amounts are for the 220 reference entities (out of 224 in this study’s full sample) that are covered by 
DTCC. Gross notional amount outstanding is the sum of all notional CDS contracts on a certain reference 
entity. Net notional amount outstanding is the sum of net protection bought by net buyers of protection 
for a given reference entity. Gross notional is measured on the left axis and net notional on the right axis, 
both in US$ billions. Source: Calculation on data from Depository Trust & Clearing Corporation (DTCC). 

                                         
1 The data is available from http://www.dtcc.com/repository-otc-data 
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sample decreased after the 2008 financial crisis in terms of gross notional amount 

outstanding from $3.2 trillion (Oct 2008) to $2.5 trillion (Dec 2012). A similar 

pattern is shown by the net notional amount outstanding. However, the decrease 

in total notional amount outstanding can give the incorrect appearance that the 

market was shrinking during the sample period of this study. Instead, it can (par-

tially) be attributed to so-called portfolio compression with associated netting of 

counterparty risk exposures (ISDA, 2016). Portfolio compression is a tool that mar-

ket participants use for early termination of economically redundant derivatives 

without changing the net position of each market participant (. It replaces older 

transactions with new trades of smaller notional value but equal risk, and hence 

improves derivatives risk management (ISDA, 2016; Schrimpf, 2015; Vause, 2010). 

 

Prior to the credit turmoil which started in 2007, CDS contracts were generally 

regarded as a positive contribution to the development of financial markets. A CDS 

contract was seen as a simple and precise way to trade credit risk that facilitated 

the optimal allocation of risk across the economy (Jarrow, 2011). However, the 

financial crisis highlighted concerns related to the transparency of the market. Dur-

ing this period, liquidity shortages became noticeable in the CDS market and un-

certainty arose about the counterparty credit risk (Mayordomo, Rodriguez-Moreno, 

& Peña, 2014).  

 

The financial crisis also spurred critique that the CDS market increases systemic 

risk. Peltonen, Scheicher and Vuillemey (2014) analyse the network structure of the 

CDS market and find that the CDS market is concentrated around 14 major dealers 

(G14).2 The authors argue that the CDS market is vulnerable to contagion in case 

one of the major dealers defaults. On the contrary, Stulz (2010) claims that margin 

requirements (i.e. collateral) of derivatives positions worked to mitigate counter-

party credit risk. Margin requirements imply that daily settlement takes place as 

derivative valuations change. In that sense, it can avoid build-ups of unsecured risk 

exposures and hence decrease systemic risk. Survey evidence from ISDA (2013) 

                                         
2 The G14 dealers include Bank of America-Merrill Lynch, Barclays Capital, BNP Paribas, Citi, 
Credit Suisse, Deutsche Bank AG, Goldman Sachs & Co., HSBC Group, J.P. Morgan, Morgan Stan-
ley, The Royal Bank of Scotland Group, Société Générale, UBS AG, and Wachovia Bank, N.A. 
During 2010, more than 60% of the transactions were between G14 dealers (Chen et al., 2011). 
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shows that between 65% and 69% of all derivatives contracts were subject to margin 

requirements during the period 2008-2012. However, for highly rated financial in-

stitutions little or no collateral was typically required. Hence, the potential failure 

of a large dealer bank increases systemic risk.  

 

Despite concerns around transparency and systemic risk, CDS contracts have been 

able to distribute risk in line with the purpose of the derivative. The functioning of 

the CDS market has proved resilient to stressed market conditions, which is exem-

plified by the Lehman Brothers case. When Lehman Brothers declared bankruptcy 

in September 2008, there was an estimated total notional outstanding amount of 

US$ 72-400 billion in CDS contracts with Lehman Brothers as reference entity 

(Stulz, 2010). In the auction process that followed, the recovery rate was set at 

8.625 cents on the dollar (Hull, 2015). In other words, protection sellers had to pay 

91.375% of the total notional principal (face value) to reconcile the CDS contracts. 

Despite rumours in the market that some protection sellers would not be able to 

pay, the final settlement proceeded successfully (Hull, 2015). The net exchanges of 

cash were much smaller since many investors were both sellers and buyers of CDSs 

written on Lehman Brothers (Stulz, 2010; Hull, 2015).3 

 

2.3 CDS Spread as a Pure Measure of Credit Risk 
Early on, the premium leg of a CDS was considered to reflect the credit risk of a 

reference entity. Since CDS spreads are the required periodic payment for providing 

insurance against default risk of an underlying firm, they should theoretically be 

determined by the default probability and loss given default. For instance, Longstaff 

et al. (2005) use information embedded in CDS spreads as a pure form of credit 

risk to disentangle credit from liquidity risk in corporate bond yield spreads. How-

ever, CDS contracts are written on bonds, which prices are known to incorporate 

a premium for illiquidity (Dick-Nielsen, Feldhütter, & Lando, 2012). This suggests 

that liquidity may also affect CDS premiums in an indirect way through their de-

pendence on the underlying security (Meng & Gwilym, 2008). 

                                         
3 The final net exchanges of cash through the global trade repository DTCC when settling the Lehman 
Brothers bankruptcy was only $5.2 billion (Stulz, 2010). 
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More directly, liquidity should in principle matter to a CDS investor that only 

wants exposure for a limited period of time. Such an investor will need to take into 

consideration the relative ease of trading and the ability to choose the degree of 

exposure (Tang & Yan, 2008). Therefore other factors, unrelated to credit risk of 

the reference entity, can be important in explaining both the cross-sectional and 

time-series variation in CDS spreads. Financial frictions, such as illiquidity are 

likely to affect both buyers and sellers of a CDS contract. Apart from the level of 

illiquidity, market participants may also face liquidity risk, which should be priced 

if variation in expected liquidity affects future trading. 

 

2.4 Pricing Illiquidity and Liquidity Risk in a Tradi-
tional Asset Pricing Model 
Acharya and Pedersen (2005) adjust the standard CAPM to price assets accounting 

for illiquidity and liquidity risk. This liquidity adjusted version of CAPM (LCAPM) 

is used by the authors and many others to price stocks. The main focus in this 

paper lies on the pricing of illiquidity and liquidity risk in the CDS market, where 

we make use of the LCAPM and apply it to this derivative market. In the LCAPM, 

Acharya and Pedersen (2005) assume the market is described by an overlapping 

generations economy in which a new generation is born every period and lives for 

two periods in total. Investors start buying shares after their first period of life and 

are forced to sell all shares when they die (the next period). Liquidity risk comes 

from uncertainty about the illiquidity cost 𝐶𝑖𝑡, which is defined as an autoregressive 

process of the first order: 

𝐶𝑖𝑡 = 𝐶�̅� + 𝜌𝑖(𝐶𝑡−1 − 𝐶�̅�) + 𝜂𝑖𝑡 (1)  

where 𝐶𝑖 can be considered the time-invariant long-term part of illiquidity costs for 

security i, 𝜌𝑖 is ∈ [0,1] and 𝜂𝑖𝑡 is an independent identically distributed error term. 

The standard CAPM assumes that the economy is frictionless (i.e. no transaction 

costs). However, Acharya and Pedersen (2005) show that equilibrium prices are not 

dependent on this assumption once the total net return for an investor in the econ-

omy with frictions (𝐷 − 𝐶) equals the return of an investor in a frictionless econ-

omy (�̃�). The reason is that i) total net returns are the same in both economies 
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and ii) in the frictionless economy all investors hold a position in both the market 

portfolio and the risk-free asset. These assets are also present in the economy with 

transaction costs. Given that the net returns are the same, the allocation of assets 

in the frictionless economy will be optimal in the economy with frictions as well. 

Therefore, the standard CAPM automatically turns into a liquidity adjusted 

CAPM that takes transaction costs into account. In equilibrium the expected net 

return is as follows: 

𝐸𝑡(𝑟𝑡+1
𝑖 − 𝑐𝑡+1

𝑖 ) = 𝑟𝑓 + 𝜆𝑡
𝑐𝑜𝑣𝑡(𝑟𝑡+1

𝑖 − 𝑐𝑡+1
𝑖 , 𝑟𝑡+1

𝑀 − 𝑐𝑡+1
𝑀 )

𝑣𝑎𝑟𝑡(𝑟𝑡+1
𝑀 − 𝑐𝑡+1

𝑀 )
 (2)  

where 𝑟𝑡+1
𝑖  is the individual stock return on day 𝑡 + 1, 𝑟𝑀 is the market return, 𝑐𝑖 

is the individual stock’s transaction costs (illiquidity), 𝑐𝑀 is the market transaction 

costs (illiquidity) and 𝑟𝑓 is the risk-free interest rate. The risk premium is given by 

𝜆𝑡 and equals 𝐸𝑡(𝑟𝑡+1
𝑀 − 𝑐𝑡+1

𝑀 − 𝑟𝑓). This equation is similar to the standard CAPM 

except for the deduction of transaction costs from every return variable. Equiva-

lently, Acharya and Pedersen (2005) show that the gross return is as follows: 

𝐸𝑡(𝑟𝑡+1
𝑖 ) = 𝑟𝑓 + 𝐸𝑡(𝑐𝑡+1

𝑖 ) + 𝜆𝑡
𝑐𝑜𝑣𝑡(𝑟𝑡+1

𝑖 , 𝑟𝑡+1
𝑀 )

𝑣𝑎𝑟𝑡(𝑟𝑡+1
𝑀 − 𝑐𝑡+1

𝑀 )
+ 𝜆𝑡

𝑐𝑜𝑣𝑡(𝑐𝑡+1
𝑖 , 𝑐𝑡+1

𝑀 )
𝑣𝑎𝑟𝑡(𝑟𝑡+1

𝑀 − 𝑐𝑡+1
𝑀 )

− 𝜆𝑡
𝑐𝑜𝑣𝑡(𝑟𝑡+1

𝑖 , 𝑐𝑡+1
𝑀 )

𝑣𝑎𝑟𝑡(𝑟𝑡+1
𝑀 − 𝑐𝑡+1

𝑀 )
− 𝜆𝑡

𝑐𝑜𝑣𝑡(𝑐𝑡+1
𝑖 , 𝑟𝑡+1

𝑀 )
𝑣𝑎𝑟𝑡(𝑟𝑡+1

𝑀 − 𝑐𝑡+1
𝑀 )

 
(3)  

The effect of expected illiquidity on expected return is positive. An investor prefers 

to hold liquid securities and demands an illiquidity premium if the asset is expected 

to be illiquid. Therefore, if an asset is expected to be illiquid at time 𝑡 + 1, it 

decreases in value at time 𝑡 and exhibits price reversal at time 𝑡 + 1 (i.e. positive 

return). The four covariances scaled by the variance of net market return can be 

seen as betas similar to the standard CAPM beta with three added liquidity betas. 

The first scaled covariance is the standard CAPM market risk beta, which together 

with the expected level of illiquidity increases the required rate of return for inves-

tors. The last three covariances represent slightly different but closely related types 

of liquidity risk. The second covariance is a risk due to commonality between the 

asset’s illiquidity and the market illiquidity. The authors argue that investors want 

to be compensated for holding a security that becomes illiquid when the market 
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becomes illiquid. The reason is that market illiquidity induces a wealth effect on 

investors: higher market illiquidity reduces the current value of an investor’s port-

folio (the effect of expected illiquidity through the fraction of the portfolio held in 

the market). A leveraged investor has to put up a margin with its lender as a form 

of insurance in case the portfolio (which acts as collateral for the loan) decreases 

in value. After such a decrease in portfolio value, the lender potentially increases 

margin requirements. In order to meet these new requirements (e.g. a margin call), 

an investor might be forced to sell off part of his portfolio. Now compare two similar 

assets of which one asset’s illiquidity is rather prone to the market’s illiquidity and 

the other asset’s illiquidity is not. The investor can sell the second asset at a lower 

cost compared to the first, all else equal, and will therefore require a higher pre-

mium on the asset that has a higher liquidity commonality with the market a priori. 

 

The third covariance has an effect on expected returns due to the covariation be-

tween an asset’s return and the market illiquidity. The sign of this risk premium is 

negative, meaning that investors are willing to accept a lower return on average if 

the asset delivers a high return in times of market illiquidity. Conversely, and along 

the lines of the previous argument, investors require a higher premium for an asset 

that delivers poor outcomes in times of market illiquidity (i.e. negative wealth ef-

fects for the investor). The last liquidity covariance affects the required return 

through the covariation between a security’s illiquidity and the market return. Sim-

ilar to the previous liquidity premium, the sign is negative indicating that investors 

are willing to accept a lower return if the asset is liquid in a bear market. Such a 

bear market has a direct negative effect on the value of an investor’s portfolio. A 

leveraged investor might receive a margin call from its lender and will therefore 

need to liquidate part of its asset portfolio. If the asset is more liquid during this 

period of time, the investor accepts a discounted overall return. 

 

The last three scaled covariances determine the size of the liquidity risk for a certain 

asset. Acharya and Pedersen (2005) note that all risks can be accounted for by 

simply using the expected net return model (Equation 2). However, deploying the 

gross return model gives more insight in the significance and size of the liquidity 

risk effect. So far, we did not take into account that the illiquidity costs are mod-

elled in an autoregressive way: there is persistence in illiquidity. Therefore, Acharya 
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and Pedersen (2005) use illiquidity and return innovations rather than levels. The 

innovations are calculated by subtracting the conditional mean at time 𝑡 − 1 from 

the realised value at time 𝑡. These equations are the basis for our calculation and 

analysis of the liquidity risks in the empirical section. 

𝐸(𝑟𝑡
𝑖 − 𝑟𝑡

𝑓) = 𝐸(𝑐𝑡
𝑖) + 𝜆𝛽1𝑖 + 𝜆𝛽2𝑖 − 𝜆𝛽3𝑖 − 𝜆𝛽4𝑖 (4)  

where 

𝛽1𝑖 =
𝑐𝑜𝑣(𝑟𝑡

𝑖, 𝑟𝑡
𝑀 − 𝐸𝑡−1(𝑟𝑀))

𝑣𝑎𝑟(𝑟𝑡
𝑀 − 𝐸𝑡−1(𝑟𝑀) − (𝑐𝑡

𝑀 − 𝐸𝑡−1(𝑐𝑡
𝑀)))

 (5)  

𝛽2𝑖 =
𝑐𝑜𝑣(𝑐𝑡

𝑖 − 𝐸𝑡−1(𝑐𝑡
𝑖), 𝑐𝑡

𝑀 − 𝐸𝑡−1(𝑐𝑡
𝑀))

𝑣𝑎𝑟(𝑟𝑡
𝑀 − 𝐸𝑡−1(𝑟𝑀) − (𝑐𝑡

𝑀 − 𝐸𝑡−1(𝑐𝑡
𝑀)))

 (6)  

𝛽3𝑖 =
𝑐𝑜𝑣(𝑟𝑡

𝑖, 𝑐𝑡
𝑀 − 𝐸𝑡−1(𝑐𝑡

𝑀))
𝑣𝑎𝑟(𝑟𝑡

𝑀 − 𝐸𝑡−1(𝑟𝑀) − (𝑐𝑡
𝑀 − 𝐸𝑡−1(𝑐𝑡

𝑀)))
 (7)  

𝛽4𝑖 =
𝑐𝑜𝑣(𝑐𝑡

𝑖 − 𝐸𝑡−1(𝑐𝑡
𝑖), 𝑟𝑡

𝑀 − 𝐸𝑡−1(𝑟𝑀))
𝑣𝑎𝑟(𝑟𝑡

𝑀 − 𝐸𝑡−1(𝑟𝑀) − (𝑐𝑡
𝑀 − 𝐸𝑡−1(𝑐𝑡

𝑀)))
 (8)  

 

2.5 Appraisal of LCAPM in the CDS Market 
The pricing of illiquidity and liquidity risk in a derivative market (such as CDS) 

has been theoretically formalised by Bongaerts, De Jong and Driessen (2011) in an 

extension of the LCAPM of Acharya and Pedersen (2005). Bongaerts et al. (2011) 

argue that the illiquidity premium can be earned by either the protection seller or 

the protection buyer in the CDS market. In addition, the authors show theoretically 

that none of the three liquidity risks of the LCAPM model should be priced in the 

CDS market. In the empirical section, we will test both theoretical notions. 

 

The main differences in assumptions from the LCAPM-model are twofold: short-

selling is allowed and at least some of the traded assets are in zero net supply. 
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Starting with the first distinction, Bongaerts et al. (2011) introduce a non-traded 

risk factor such that some investors optimally hold short positions to hedge this 

risk factor. Part of the expected return on these hedge assets can be attributed to 

the illiquidity component, similar to the original LCAPM. An implication of the 

original LCAPM is that the liquidity provider always earns the illiquidity premium. 

Since short-selling is allowed, liquidity can potentially be provided by the short-

sellers instead of the “long” investors, resulting in a current increase of the asset 

price and subsequent negative returns. This implication is precisely the opposite of 

what the LCAPM predicts regarding the sign of the illiquidity component in asset 

prices. The effect of illiquidity on asset prices can be negative, zero or positive 

depending on the investment horizon of short-sellers versus “long” investors. 

 

In Figure 2, the demand for the hedging asset along different expected returns is 

graphed, with a short-seller that hedges against the non-traded risk factor (down-

ward sloping demand curve) and a long investor that has no hedging demand (up-

ward sloping demand curve). A short-term investment horizon indicates that a 

trader is prone to illiquidity costs (such as transaction costs) because it executes 

many trades. To illustrate how differences in investment horizon affect the sign of 

the illiquidity premium, consider two different cases in which short-sellers have a 

long-term investment horizon vis-à-vis long investors (Panel A) and in which short-

sellers have a short-term investment horizon (Panel B) of Figure 2. In the case in 

which there are no transaction costs, asset prices are determined by the intersection 

of the solid lines. Now assume transaction costs are present: both the demand of 

the short-seller and the long investor decrease since transaction costs absorb returns 

(dashed lines). However, the demand of the trader with the shorter investment 

horizon (the long investor in Panel A) will decrease more. In terms of the CDS 

market, the protection buyer has to persuade an investor to sell a sufficient amount 

of protection by granting a high return. The increase in illiquidity increases the 

expected return, hence this situation is in line with the predictions of the original 

LCAPM by Acharya and Pedersen (2005). 
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Figure 2 – Both Panel A (left Figure) and Panel B (right Figure) plot the Asset demand as function of 
the Expected return, where investor 1 (short investor) has downward sloping demand curve and investor 2 
(long investor) has an upward sloping demand curve. Solid lines show a world without illiquidity costs, 
dashed lines impose illiquidity costs on the model. Both demand curves decrease after introduction of 
illiquidity costs. Panel A: investor 2 is more prone to illiquidity costs (e.g. shorter investment horizon) 
versus investor 1 and requires an illiquidity premium (+ξ). Panel B: investor 1 is more prone to illiquidity 
costs (e.g. shorter investment horizon) versus investor 2 and requires an illiquidity premium (-ξ).  
Source: Bongaerts et al. (2011). 

 

Now consider the second case (Panel B) in which the short-seller has a shorter 

investment horizon. Imposing transaction costs to the model results in a greater 

demand reduction for the short-seller vis-à-vis the long investor. To ensure the 

short-seller is willing to provide liquidity to the market, the long investor has to 

grant a high return that in this case is a current price increase and subsequent 

negative price returns (i.e. price decrease). In terms of the CDS market, the pro-

tection seller has to grant the protection buyer an illiquidity discount to ensure he 

is willing to buy enough protection. The notion that illiquidity premia have an 

ambiguous effect on asset prices holds for both positive net supply asset markets 

(e.g. the stock market) and zero net supply asset markets (e.g. the CDS market) 

whenever short-selling is allowed.  

 

The second distinction from the LCAPM is that at least some of the assets are in 

zero net supply. Specifically, the assets that are used for hedging the non-traded 

risk factor can be created whenever there are two investors: one willing to supply 

and the other willing to demand. The theoretical model of Bongaerts et al. (2011) 

predicts that the liquidity risk betas of the LCAPM model are not priced for the 

assets in zero net supply (hedge assets). Specifically, the covariances with market-

wide variables (e.g. market return and market illiquidity) are not priced since in-

vestors do not optimally invest a positive fraction of their portfolio in the market. 

In other words, the market only affects the return on the hedge asset if the investor 
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chooses to be exposed. That makes it a risk that can be eliminated and therefore 

it will not be priced. However, Bongaerts et al. (2011) find other liquidity risks that 

are priced in zero net supply assets. Since there are positive net supply assets in 

the economy (i.e. the equity market), in equilibrium all investors devote part of 

their portfolio to these assets. Therefore, covariances between either the return or 

the liquidity component of the hedge asset and the return or liquidity component 

of the market-wide positive supply asset (i.e. market equity index) will be priced. 

 

2.6 Determinants of Illiquidity 
If illiquidity earns a premium in the CDS market, it is useful to investigate the 

drivers of illiquidity empirically in order to increase the transparency in the market. 

Illiquidity covers transaction costs, demand pressure, inventory costs and costs re-

lated to asymmetric information (Amihud et al., 2005) and might be correlated 

with funding constraints (Brunnermeier and Pedersen, 2009) and market-wide il-

liquidity (Mayordomo et al., 2014b). To the best of our knowledge, there is only 

one paper that systematically researches the determinants of CDS illiquidity. Meng 

and Gwilym (2008) investigate transaction data between 2003 and 2005 of U.S. 

denominated CDS contracts and take into account demand pressure, inventory 

costs, asymmetric information and market-wide illiquidity. Since we do not have 

access to transaction data, demand pressure is excluded in our analysis. 

 

Inventory costs, asymmetric information, funding constraints and market-wide il-

liquidity are expected to affect individual CDS illiquidity in the following way. A 

market maker holds an inventory of risky assets that not necessarily corresponds 

to its preferred portfolio, as a result of providing market making services. These 

assets are prone to fundamental risk (e.g. the asset could drop in value due to an 

exogenous event) and the market maker requires a compensation to make up for 

this risk (Amihud et al., 2005). Asymmetric information occurs when a market 

maker deals with informed investors. A market maker posts a bid-ask spread (i.e. 

two distinctive prices at which it wishes to buy and sell a certain asset) which could 

be insensible if he misses vital information on the asset. For instance, an informed 

trader can realise that the bid price of a market maker is too high vis-à-vis the true 

value of the asset and therefore starts initiating trades. As a result, the market 
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maker makes a loss and wants to be compensated for this risk a priori. Note that 

the difference between inventory costs and asymmetric information risk is subtle. 

A market maker faces inventory costs since there is a risk an asset decreases in 

fundamental value after it entered the inventory. The compensation for asymmetric 

information stems from the risk that the fundamental value of a security changed 

before it entered the inventory, however unknown to the market maker.  

 

Brunnermeier and Pedersen (2009) argue that funding constraints can affect the 

illiquidity of an asset. Holding an inventory automatically means a certain part of 

a market maker’s capital is tied up and cannot be used in any other way. The 

market maker uses its inventory as collateral to obtain funding where the more 

illiquid assets are more capital intensive; the market maker has to put up more of 

its own capital in order to fund this asset. If funding becomes more expensive (e.g. 

the central bank is tightening monetary policy), market makers are more reluctant 

to tie up money in positions, hence the illiquidity of the asset increases. Liquidity 

commonality implies that an individual CDS contract’s illiquidity co-moves with 

market-wide illiquidity. Mayordomo et al. (2014b) argue that liquidity commonality 

plays a role in the CDS market, because of the high degree of concentration in 

market participants.  
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3 Hypotheses 
In this paper, we investigate in the U.S. CDS market over the period 2008-2012 i) 

whether illiquidity is priced ii) the determinants of illiquidity and iii) whether li-

quidity risk is priced. In line with others, we control for standard credit risk varia-

bles to isolate the effect of illiquidity on the CDS spread. In contrast to the existing 

literature, we explicitly distinguish between a crisis and post-crisis period in the 

U.S. Previous literature has consistently found a compensation for protection sellers 

related to illiquidity, irrespective of crises. Therefore we expect that, controlling for 

variables related to credit risk, the illiquidity premium is earned by the protection 

seller during and after the crisis.  

 

In addition, we study the determinants of illiquidity similar to Meng and Gwilym 

(2008) but over a different time period, and distinguishing between a crisis and 

post-crisis period. We expect that both inventory costs and asymmetric information 

increase contract-specific illiquidity, while also finding a positive correlation be-

tween funding constraints and CDS illiquidity. In addition, we expect liquidity 

commonality to play a role. Our aim is to identify the strongest determinant of a 

CDS contract’s illiquidity and thereby contributing to the transparency of liquidity 

in the CDS market. 

 

Lastly, we research the existence of liquidity risk pricing in the U.S. CDS market 

controlling for the level of illiquidity and credit risk variables. Although Bongaerts 

et al. (2011) argue that the LCAPM liquidity risks should not be priced in the CDS 

market, empirical evidence by Tang and Yan (2008) and Lesplingart, Majois and 

Petitjean (2012) suggests otherwise, showing that the protection seller earns a li-

quidity risk premium in the CDS market. Therefore, we hypothesise that liquidity 

risk results in a premium for the protection seller during the crisis and post-crisis 

period, controlling for credit risk factors and the current level of illiquidity. The 

formalised hypotheses are: 

 

Hypothesis 1: Illiquidity results in a premium for the protection seller in the U.S. 

CDS market over the period 2008-2012 both during and after the crisis, controlling 

for credit risk. 
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Hypothesis 2: Inventory costs, asymmetric information, funding constraints and li-

quidity commonality are significant drivers of illiquidity levels in the U.S. CDS 

market over the period 2008-2012 both during and after the crisis. 

 

Hypothesis 3: Liquidity risk results in a premium for the protection seller in the 

U.S. CDS market over the period 2008-2012 both during and after the crisis, con-

trolling for the current level of illiquidity and credit risk. 
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4 Data Descriptives and Methodology 

4.1 Data Sourcing 
Our CDS data is from CMA Datavision and consists of daily observations of single-

name corporations. The CMA data contains daily bid and ask prices based on 

provided quotes from a consortium of around 40 members from the buy-side finan-

cial community who are active participants in the CDS market (Mayordomo, Peña, 

& Schwartz, 2014). These authors also perform a test on the reliability of different 

CDS databases and find that the CMA database is superior vis-à-vis any other 

CDS data provider in terms of their price discovery process. We calculate the av-

erage of the bid and ask price (i.e. mid-quote) and define it as the CDS spread. 

Our focus is limited to corporate CDS contracts, since the market dynamics for 

sovereign CDSs are likely to be different (Lesplingart et al., 2012). We restrict the 

analysis to 5-year maturity CDS contracts with no restructuring (XR) clauses, re-

ferring to senior unsecured debt. The reason is that these contracts have the highest 

liquidity and have emerged as the benchmark for CDS trading (Meine, Supper, & 

Weiss, 2015). Additionally, we only consider U.S. dollar-denominated CDS con-

tracts and reference entities that are incorporated in the U.S. This allows us to 

draw conclusions on the role of liquidity in the U.S. CDS market during and after 

the financial crisis. We erase all firms from our sample that are non-listed, since we 

require additional company information (e.g. stock prices) to construct some our 

control variables. Following Bühler and Trapp (2011), we clean up the data by 

deleting any company that has missing values for 20 consecutive business days in 

either the dependent or any of the below mentioned explanatory variables. 

 

This screening procedure leaves us with a sample that consists of 224 firms over 

the period January 2008 to December 2012. The size of our final sample corresponds 

to that of Meine et al. (2015) and Lesplingart et al. (2012), who study CDS spreads 

in the U.S. and European market respectively. The sample firms are evenly spread 

over the different sectors with the exception of telecommunications and technology 

firms, as can be seen from Table 1. Of the total number of 224 firms, 219 have zero 

missing CDS bid or ask prices (1,259 observations between 2008-2012) and the firm 

with the lowest number of daily quotes has 14 missing observations. 
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Sector Frequency 
  
Basic Materials 22 
Consumer Cyclical 43 
Consumer Non-Cyclical 24 
Financials 31 
Health Care 22 
Industrials 23 
Oil & Gas 23 
Technology 13 
Telecommunications 3 
Utilities 20 
  
Total 224 
 
Table 1 – Total number of U.S. firms in the sample sorted by industry sector. 

 

Throughout the empirical section, we distinguish between a crisis and post-crisis 

period. If we define the financial crisis as the period in which the U.S. economy was 

in a recession, the crisis lasted from January 2008 until June 2009 (NBER, 2014). 

However, the financial crisis does not completely coincide with the economic crisis, 

which is why we define the crisis period more broadly starting from January 2008 

until December 2009. 

 

4.2 Measuring Illiquidity 
In the theoretical model of Acharya and Pedersen (2005) illiquidity is defined as 

transaction costs, which does not give much direction for empirical research. For 

the empirical analysis, we use the absolute CDS bid-ask spread as measure of il-

liquidity. The bid-ask spread is one of the most widely used measures of illiquidity 

in the literature across different asset markets, since it is considered to take into 

account all different aspects of illiquidity. In addition, and in line with the argument 

made by Annaert, De Ceuster, Van Roy and Vespro (2013), the correlations be-

tween the bid-ask spread and the credit controls are moderate (Appendix I) which 

indicates that the illiquidity proxy is not contaminated by structural credit risk. 

 

Within the empirical research on CDS liquidity, often the bid-ask spread propor-

tional to the CDS spread is used as illiquidity proxy (see Tang & Yan, 2008; Lesplin-

gart et al., 2012). The main reason for taking the proportional rather than the 
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absolute spread is that CDS bid-ask spreads become comparable across firms. How-

ever, in this study we use the absolute bid-ask spread to proxy for illiquidity and 

argue (in line with Pires, Pereira, & Martins, 2015) that the absolute bid-ask spread 

is the only correct proxy for illiquidity in the CDS market. In contrast to stock 

prices, CDS spreads are already defined in a comparable way (i.e. basis points per 

$100 dollar of the notional). Expressing the bid-ask spread as a percentage of the 

CDS spread leads to an incorrect comparison of illiquidity over different contracts.  

 

Following Pires et al. (2015), we provide an example to clarify the previous claim. 

Consider stock A with a quoted bid and ask price of $9.95 and $10.05 respectively. 

Hence, the absolute spread is $0.1 and the mid-price is $10, resulting in a relative 

spread of 1%. An investor that buys $1000 worth of shares and immediately sells 

them back suffers (1000/10.05)*(9.95-10.05) as transaction costs which is almost 

1% of his initial investment in dollars. Consider now stock B, with a bid and ask 

price of $19.90 and $20.10 respectively. Stock B has an absolute spread of $0.2 and 

a relative spread of 1%. A similar round-trip for a $1000 investment would cost the 

investor again almost 1%, which is why the relative spread (in both cases 1%) 

makes illiquidity comparable in the stock market. Now we turn to the CDS market, 

where the argument is reversed. Suppose the CDS contract on firm A has a bid and 

ask price of 95 basis points (bps) versus 105 bps respectively. The absolute bid-ask 

spread is 10 bps and the relative spread is 10%. An investor that engages in a 

round-trip for $1000 notional value would incur $1 (i.e. 1000*10bps) transaction 

costs. Compare this figure with a CDS contract written on debt of firm B. This 

contract has a bid and ask price of 190 and 210 basis points respectively, resulting 

in an absolute spread of 20 basis points and a relative spread of 10%. The same 

round-trip for $1000 notional value would result in $2 of transaction costs. Hence, 

the fact that the relative spread is the same gives rise to the misleading interpre-

tation of a similar transaction cost per $1000 investment. 

 

The bid-ask spread is not the preferred illiquidity measure if transaction data is 

available. The ease of trading a security (i.e. liquidity) is relatively well captured 

by high-frequency transaction data and is therefore the preferred data-type (Ami-

hud et al., 2005). The bid-ask spread is inferior since it is based on market micro-

structure data, which requires a long time series to robustly test the effects on 
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expected returns (Acharya & Pedersen, 2005). In addition, the bid-ask spread can 

be a noisy estimate of illiquidity, since the quoted spread is not per definition the 

prices at which trades are executed: large orders can occur outside the bid-ask 

spread whereas small orders potentially occur within the spread (Brennan & 

Subrahmanyam, 1996). However, both Tang and Yan (2008) and Bongaerts et al. 

(2011) deploy different proxies of illiquidity related to volume and price impact and 

find that the bid-ask spread performs equally well. 

 

4.3 Estimating Liquidity Risk 
Besides a measure of illiquidity, we construct liquidity risk betas to test the LCAPM 

model on the CDS market. To the best of our knowledge, only Tang and Yan (2008) 

and Lesplingart et al. (2012) have done a similar exercise and we follow these two 

papers in their methodology. In addition, we make use of the alternative approach 

of Meine et al. (2015) to check whether liquidity risk is priced. These authors regress 

the individual illiquidity shock on the market-wide illiquidity shock and use the 𝑅2 

as a measure of liquidity commonality risk. 

 

In order to estimate the betas in Equation 4, we need the return of an individual 

CDS contract (𝑟𝑡
𝑖), the market return (𝑟𝑡

𝑀), the illiquidity of an individual CDS 

contracts (𝑐𝑡
𝑖) and the market illiquidity (𝑐𝑡

𝑀). Due to the nature of a CDS contract, 

it is non-trivial to determine its return. Following Tang and Yan (2008) and Lesplin-

gart et al. (2012), the CDS spread (i.e. mid-quote) is defined as the return of a 

CDS contract. CDS contracts may be valued as the present value of future pay-

ments (i.e. future spreads) as for bonds. Jarrow (1978) shows that the return of 

such an asset moves closely together with the rate, which is the CDS spread (as 

bps of notional amount) in this case. From Equations 5-8 one can see that the 

conditional mean at time t-1 is subtracted from an individual CDS contract’s il-

liquidity, market illiquidity and market return at time 𝑡 to account for persistence. 

In accordance with Tang and Yan (2008) and Lesplingart et al. (2012), we account 

for persistence in illiquidity by using an AR(2) process. We estimate the daily 

illiquidity shock or illiquidity innovation 𝑐𝑡
𝑖 − 𝐸𝑡−1(𝑐𝑡

𝑖) as the residual of the follow-

ing regression for each firm: 
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𝑐𝑡
𝑖 = 𝛼0 + 𝛼1𝑐𝑡−1

𝑖 + 𝛼2𝑐𝑡−2
𝑖 + 𝑢𝑖𝑡 (9)  

where 𝑢𝑖𝑡 = 𝑐𝑡
𝑖 − 𝐸𝑡−1(𝑐𝑡

𝑖), which is the shock in illiquidity that we use to calculate 

the abovementioned betas. These regressions are estimated separately for each in-

dividual firm. To obtain a market-wide illiquidity measure we construct a “market 

portfolio” by forming an equal-weighted average of CDS illiquidity each day ex-

cluding the individual CDS contract. Therefore, the market portfolio differs slightly 

cross-sectionally on a given day in order to alleviate problems with automatic cor-

relation. We run an AR(2) regression and consider the residual as market illiquidity 

shock (𝑐𝑡
𝑀 − 𝐸𝑡−1(𝑐𝑡

𝑀)). We are aware that the literature on liquidity in equity 

markets typically uses value-weighted averages to calculate measures of market il-

liquidity. However, for the CDS market it is common to employ equal-weighted 

averages (Junge & Trolle, 2013). We deploy the same method to CDS spreads such 

that the innovation in market return (𝑟𝑡
𝑀 − 𝐸𝑡−1(𝑟𝑀)) is obtained. Tang and Yan 

(2008) and Lesplingart et al. (2012) do not consider time-varying liquidity-betas 

but estimate one set of liquidity betas per CDS name. In this paper we choose to 

estimate time-varying liquidity betas based on rolling half-year periods, which al-

lows more advanced panel data-techniques to be applied. In line with Acharya and 

Pedersen (2005), we construct a “net beta”, which is the composite risk factor. This 

variable sums the individual betas at time t for CDS contract i by their expected 

coefficient signs. 

𝑁𝑒𝑡 𝐵𝑒𝑡𝑎𝑖𝑡 = 𝛽𝑖𝑡
1 + 𝛽𝑖𝑡

2 − 𝛽𝑖𝑡
3 − 𝛽𝑖𝑡

4  (10)  

Instead of defining liquidity risk by covariances (i.e. betas), Meine et al. (2015) 

regress the individual illiquidity shock on the market-wide illiquidity shock each 

quarter for each firm and consider the 𝑅2 as measure of liquidity commonality risk. 

In contrast, we take a 6-month time period and calculate it on a rolling basis (in 

line with the betas). Following their methodology, we regress the shock in illiquidity 

of an individual CDS contract (𝑢𝑖𝑡 from Equation 9) on the current, lagged and 

lead market illiquidity shock and use the 𝑅2 as measure of liquidity commonality. 

This type of liquidity risk seems to be related to the second beta in the LCAPM 

model (covariance between individual and market-wide illiquidity), although Meine 
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et al. (2015) argue that their liquidity commonality captures a different type of 

liquidity risk. Instead of pointing out the differences, they show that the correlation 

between their liquidity commonality measure and the second LCAPM beta is only 

0.11. 

 

4.4 Credit Controls Selection 
As stated in the theoretical framework, a CDS contract provides a way to transfer 

credit risk. Therefore, it is rather intuitive that the compensation for a protection 

seller (CDS spread) should increase with the amount of credit risk related to the 

reference entity. In a seminal paper, Merton (1974) finds a way to price risky debt 

by estimating the market value of a firm. The main idea is that one can view the 

value of the equity as a call option on the firm’s assets. If the value of the assets is 

larger than the value of debt, the shareholders exercise the option and repay the 

debt. However, if the value of assets is lower than debt value, the shareholders will 

not repay the debt. Therefore, equity can be priced using the well-known option 

pricing formula from Black and Scholes (1973). From option pricing theory, the 

value of the assets and therefore market value of risky debt can then be estimated. 

It is outside the scope of our paper to fully go through the Merton model (1974), 

since our focus is on liquidity rather than credit risk. However, many of our credit 

control variables (in particular distance-to-default) are directly related to the model 

in order to account for the credit risk component in the CDS spread. 

 

Put option implied volatility — Equity volatility is commonly associated with credit 

risk (see Meine et al., 2015; Tang & Yan, 2008; Pires et al., 2015). The rationale is 

that a high equity volatility increases the chance that the firm’s value will cross the 

threshold of default. A CDS is similar to a put option on equity, in the sense that 

both derivatives provide an insurance against a possible future decline in firm value. 

Cao, Yu and Zhong (2010) recognise this relationship and find that the put option 

implied volatility is a better measure than historical volatility in explaining CDS 

spreads. The reason is that the implied volatility is determined by the market (since 

it is calibrated from the market price) which is a forward looking measure of credit 

risk, where CDS spreads are also expected to exhibit forward looking behaviour. 

Following Pires et al. (2015) we use the at-the-money put option implied volatility. 
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We retrieve daily data from Bloomberg; per firm in our sample we collect the 2-

month implied volatility of a put option with a delta of 0.5 since this option is 

(close to) at-the-money. Our expectation is that CDS spreads increase in volatility 

(i.e. positive sign), to compensate for the credit risk the protection seller bears. 

 

Distance-to-Default — Related to the previous control variable, we want to estimate 

more precisely the likelihood a firm will default. Based on the Merton model (1974), 

we calculate the expected distance-to-default in terms of standard deviations in 

asset value. In other words, suppose firm A has a distance-to-default of 3.8, then 

firm A is expected to default if it experiences a drop in asset value of 3.8 standard 

deviations. Moody’s KMV calculates these distance-to-default figures for listed 

firms. Unfortunately, we do not have access to this data set and therefore we cal-

culate it independently. Crosbie and Bohn (2003) lay out the methodology in a 

report published by Moody’s KMV Company.  

𝐷𝐷 =
𝑀𝑎𝑟𝑘𝑒𝑡 𝑉𝑎𝑙𝑢𝑒 𝑜𝑓 𝐴𝑠𝑠𝑒𝑡𝑠 − 𝐷𝑒𝑓𝑎𝑢𝑙𝑡 𝑃𝑜𝑖𝑛𝑡
𝑀𝑎𝑟𝑘𝑒𝑡 𝑉𝑎𝑙𝑢𝑒 𝑜𝑓 𝐴𝑠𝑠𝑒𝑡𝑠 ∗ 𝐴𝑠𝑠𝑒𝑡 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦

 (11)  

Formula 11 shows the basic calculation that Moody’s KMV uses to determine the 

distance-to-default. The main and most crucial assumption of the model is to de-

termine when a company defaults, which is defined as the default point. Crosbie 

and Bohn (2003) argue that Moody’s proprietary studies of default show that firms 

generally do not default if the asset value drops below the total book value of 

liabilities. The part of the debt that is long-term provides the company with some 

breathing space, since there is a probability the asset value increases above the 

value of total liabilities before maturity of the debt. Therefore, the default point is 

lower than the book value of total liabilities and is calculated by Moody’s KMV as 

the short-term debt plus half the long-term liabilities. This is an arbitrary amount 

but based on Moody’s own research and widely used in previous literature (see 

Vassalou & Xing, 2004; Pires et al., 2015; Campbell, Hilscher, & Szilagyi, 2008).  

 

A default is expected to occur if the numerator turns negative. In other words, once 

the market value of assets crosses the default point, the model assumes a default. 

Therefore, the numerator is the market net worth of a company. The denominator 

is a standard deviation of the asset value in dollars. Dividing the market net worth 
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of a company by the amount of dollars it can lose in one standard deviation results 

in the number of standard deviations away from default (distance-to-default). A 

problem that arises here is that we do not observe the market value and volatility 

of the assets. The Merton model (1974) provides a solution using option pricing 

theory. In Appendix II we point out the procedure to estimate both asset value and 

volatility, making use of option pricing theory. From Bloomberg we source quarterly 

data on short and long-term debt and daily data on the market value and volatility 

of equity. The quarterly data is turned into daily observations by assuming it is 

static over the respective quarter, such that it matches our database. We proxy the 

risk-free interest rate by the 1-year Constant Maturity Treasury rate, taken from 

the FRED database of the St. Louis Federal Reserve. Our expectation is that CDS 

spreads decrease in distance-to-default (i.e. negative sign), since the protection 

sellers are satisfied with a lower compensation if credit risk is low. 

 

Put skew — The put skew is closely related to the abovementioned implied volatil-

ity variable and is defined as the difference between the implied volatility of a put 

option that is deep out-of-the-money and the implied volatility of a put option that 

is at-the-money. Implied volatility of a put option is not just a forward looking 

measure of equity volatility (i.e. what we want to capture with our first credit 

control variable). If this was the case, the implied volatility would always be the 

same among put options with different strike prices (on identical equity and with 

equal maturity). However, empirically there exists a put skew indicating that part 

of the volatility in put options is caused by demand and supply interactions. A 

positive put skew indicates that the volatility and hence demand is larger for out-

of-the-money puts. Since an out-of-the-money put option is considered to be a 

hedge against a large drop in asset value, a high put skew is a signal of high credit 

risk. Following Pires et al. (2015), we source the daily implied volatility of a 2-

month put option with a delta of 0.25 (out-of-the-money) from Bloomberg and 

calculate the put skew as the difference in volatility between the 0.25 and 0.5 delta 

option. We expect that CDS spreads increase in the put skew (i.e. positive sign), 

since it is a measure of credit risk.  
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6-month stock return — We include the past 6-month stock return calculated on a 

rolling basis. The Merton model (1974) states that a higher growth rate in asset 

value decreases the future probability of default. In accordance with Pires et al. 

(2015), we assume that past stock return is a reasonable proxy for the future asset 

growth rate. We source daily stock return data from Bloomberg. Our expectation 

is that CDS spreads decrease in stock returns (i.e. negative sign), since it signals a 

lower credit risk to the protection seller. 

 

Net income to market value of total assets (NIMTA) — This is a profitability ratio 

scaled by the size of the firm, which is not based on the Merton model (1974). 

Campbell et al. (2008) study the determinants of default and credit risk and find 

empirically that this profitability ratio has strong explanatory power, which is why 

we include it in our analysis. The rationale is that a profitable company is able to 

meet interest and debt repayments, thereby reducing credit risk. Net income is a 

quarterly variable, which we turn into a static daily frequency. We calculate the 

total market value of assets, in line with Campbell et al. (2008), as the sum of the 

market value of equity and the book value of total liabilities. Including market 

information in a generally static variable such as the profitability ratio allows us to 

more rapidly incorporate new information. Although we have estimated the market 

value of assets for each firm in the calculation for the distance-to-default, we choose 

not to rely solely on the option pricing model. All data is sourced from Bloomberg. 

We expect CDS spreads to decrease in profitability (i.e. negative sign), since it 

decreases credit risk for the protection seller. 

 

Total liabilities to market value of total assets (TLMTA) — This is a well-known 

leverage ratio, which indicates the indebtedness of a company. Also for leverage, 

Campbell et al. (2008) show that it has a strong effect on the risk of default. The 

argument is reversed vis-à-vis NIMTA: a company that is highly leveraged has more 

interest and debt repayments to cover which increases the chance it cannot meet 

those. The data to construct this measure is retrieved from Bloomberg. We expect 

CDS spreads to increase in leverage (i.e. positive sign), since it increases credit risk 

for the protection seller. 
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Credit rating — Lastly, we take the credit rating into account. This variable cap-

tures Standard and Poor’s (S&P) opinion on the creditworthiness of our sample 

firms. It is expected that S&P takes into account similar firm characteristics as the 

ones we discuss above. However, S&P is an expert on assigning credit ratings with 

a proprietary procedure, which suggests they potentially capture a side of credit 

risk we missed. We source monthly data from Compustat and assume the credit 

rating given on the last day of the month reflects the creditworthiness over the next 

month. We focus on the long-term credit rating, since the examined CDS contracts 

have a maturity of 5 years. S&P can assign 22 different ratings to a company, 

ranging from D (default) to AAA (highest credit rating). Accordingly, we transform 

the alphabetical ratings into numerical figures where 22 indicates the highest rating. 

We expect CDS spreads to decrease with the credit rating (i.e. negative sign), since 

a high credit rating signals low credit risk. 

 

4.5 Selection of CDS Bid-Ask Spread Determinants 
Our second hypothesis relates to empirically examining the determinants of the 

CDS bid-ask spread. As mentioned in the hypotheses section, data availability al-

lows us to measure empirically two theoretical determinants of illiquidity: inventory 

costs and asymmetric information. In addition, we study the link between CDS 

illiquidity and funding constraints and check whether liquidity commonality is pre-

sent. 

 

4.5.1 Inventory Costs 

Volatility of CDS spread — In accordance with Meng and Gwilym (2008), we in-

clude a measure of CDS spread volatility. The intuition is that a rather volatile 

CDS contract has a larger chance of a drop in value during the time it is in the 

inventory of a market maker. We follow Meng and Gwilym (2008) and calculate 

the volatility on day t as the standard deviation of the CDS spread return over t-1 

to t-30. The expectation is that a market maker accounts for this risk by widening 

the bid-ask spread, therefore we predict a positive sign. Hence, a volatile CDS 

contract is less liquid versus a similar contract with lower volatility. 
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Gross notional amount outstanding — A different side of the inventory costs is the 

risk a market maker holds a non-optimal inventory level and is unable to adjust it 

by trading (Acker, Stalker, & Tonks, 2002). To account for the ease of trading, we 

include the notional amount outstanding for each CDS contract. Notional amount 

outstanding refers to the sum of notional amounts bought or sold for a certain 

reference entity (DTCC, 2011). The notional amount outstanding is therefore a 

proxy for the size of the market at a given point in time, which is related to the 

ability to trade. Mayordomo et al. (2014b) use the same measure to proxy directly 

for liquidity in their paper on liquidity commonalities. We expect that a market 

maker will widen the bid-ask spread if a CDS contract is difficult to trade (i.e. a 

negative sign). 

 

There is a difference between gross and net notional amount outstanding, which 

the following case exemplifies. An investor that sells protection for $1000 notional 

in a certain CDS but buys protection of that same CDS contract for $900 notional 

will only count as a net seller for $100 in the net notional amount outstanding. 

However, in the calculation of the gross notional amount outstanding, the notional 

of every contract between protection seller and buyer is summed. For the reference 

entity of the previous example, two contracts are signed with a total gross notional 

amount of $1900. We assume that the gross notional amount outstanding reflects 

the ease of trading in a more realistic way, since it does not net out different trades. 

The data is sourced from DTCC, which provides weekly updated information on 

notional amounts outstanding for the top 1000 reference entities with the highest 

gross and net amount. The weekly data is turned into daily observations by assum-

ing that the amounts are the same for each day in a week. DTCC started publishing 

this information after October 2008, which is why we lose part of our timespan 

when we include this variable. Of our 224 sample firms, 4 firms are not among the 

top 1000 and therefore lost once we include this variable in our analysis. To scale 

this variable, we take the log of the total gross amount outstanding. 

 

4.5.2 Asymmetric Information  

Relative size to S&P500 — We include the relative size of the reference entity. 

Several researchers have found evidence that a firm’s size is related to the stock 
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bid-ask spread (see Chiang & Venkatesh, 1988; Amihud & Mendelson, 1986). The 

rationale is that firm size is a proxy for asymmetric information and thereby affects 

the bid-ask spread. Large firms gain more attention in the media and from stock 

analysts; this information is publicly known which decreases the amount of asym-

metric information in the market. In the CDS market, Qiu and Yu (2012) add that 

besides the asymmetric information argument larger firms have more publicly 

traded debt and more demand for CDS contracts as a hedging instrument. Hence, 

liquidity for these CDS contracts will be larger. We take the market capitalisation 

of each firm divided by the size of the S&P500 and scale it by taking the log of 

that ratio, similar to Campbell et al. (2008). The new data we need to construct 

this variable is the S&P500 market value, which is sourced from Bloomberg. We 

expect CDS bid-ask spreads to decrease in the relative size (i.e. negative sign), since 

asymmetric information is expected to be lower. 

 

Weekly traded gross notional amount — Besides data on the total amount outstand-

ing we also include weekly traded volume. An interesting feature of the asymmetric 

information model is the role of traded volume. Copeland and Galai (1983) argue 

that traded volume may take either sign in explaining bid-ask spreads. If the size 

of the transaction is accounted for and held constant, trading volume may nega-

tively affect bid-ask spreads. In other words, an increase in the number of trades 

brings information to the market. Hence, the amount of asymmetric information 

decreases and thereby also the bid-ask spread. On the other hand, the traded vol-

ume can proxy for an increased amount of asymmetric information. High trading 

volume holding the number of trades constant (i.e. a high trade size) indicates the 

presence of asymmetric information, with informed investors attempting to benefit 

from their informational advantage. DTCC provides data on the aggregated gross 

notional amount traded in a given week for the top 1000 reference entities. Turning 

this variable into daily frequency, we assume the traded amount is equal each busi-

ness day in a given week. To scale this variable, we take the log of the absolute 

traded amount. Of our 224 sample firms, 4 firms are not among the top 1000 and 

therefore lost once we include this variable in our analysis. A lack of data availa-

bility on number or size of trades hampers us in our ability to make a prediction 

on the sign of the coefficient. 
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4.5.3 Funding Constraints and Liquidity Commonality  

TED spread — Following the theoretical model of Brunnermeier and Pedersen 

(2009), we expect illiquidity to be positively correlated with the funding constraints 

of market makers. Higher funding costs for market makers can lead to higher il-

liquidity for a specific CDS contract since a market maker is reluctant to hold 

inventory in contracts that are capital intensive. Funding constraints of individual 

market makers are not easily captured. However, the CDS market and trading are 

concentrated around large banks (G14 banks). In line with Brunnermeier (2009) 

and Mayordomo et al. (2014b), we proxy banks’ funding constraints by the differ-

ence between the interbank lending rate and the risk-free rate. An example of such 

a spread is the TED spread that is defined as the difference between the 3-month 

LIBOR rate and the 3-month U.S. Treasury bill rate (Brunnermeier, 2009). The 

data on the TED spread is taken from the FRED database. We expect that the 

coefficient has a positive sign, indicating that higher funding costs for market mak-

ers are correlated with higher CDS illiquidity. 

 

Market-wide illiquidity — According to Mayordomo et al. (2014b) liquidity com-

monality plays a role in the CDS market due to participant concentration. Meng 

and Gwilym (2008) also acknowledge the relationship between market and individ-

ual illiquidity and include it in their analysis of bid-ask spread determinants. We 

expect a positive correlation (i.e. sign) between market and individual illiquidity. 

In order to account for and isolate the effect and magnitude of market-wide illiquid-

ity on an individual CDS contract’s illiquidity, we calculate the market-wide varia-

ble (𝑀𝑘𝑡𝐼𝑙𝑙𝑖𝑞𝑖𝑡) in accordance with Meng and Gwilym (2008) by excluding contract 

i illiquidity (𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡): 

𝑀𝑘𝑡𝐼𝑙𝑙𝑖𝑞𝑖𝑡 =
𝐵𝑖𝑑𝐴𝑠𝑘𝑗𝑡 … + 𝐵𝑖𝑑𝐴𝑠𝑘𝑛𝑡

𝑛 − 1
 (12)  

4.6 Descriptive Analysis 

4.6.1 Main Variables of Interest 

In this section, we analyse our main variables of interest over time. On an aggre-

gated level, Figure 3 plots the daily market CDS spread and market CDS illiquidity 
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as an average over all firms over time. The vertical dashed line distinguishes the 

crisis (2008-2009, left of vertical line) from the post-crisis (2010-2012) period. Start-

ing with the market CDS spread, one can see that it experiences a major increase 

during the crisis period, with peaks in December 2008 and March 2009 reaching 

average spread levels well above 400 basis points. The second half of 2008 was 

turbulent in financial markets, including the bankruptcy of Lehman Brothers on 

September 15 (marked in Figure 3) and the bailout of AIG two days later that is 

followed by the first peak in CDS spreads.  

 

The second peak follows the enactment of a controversial stimulus package worth 

$787 billion in mid-February 2009 (marked in Figure 3) as a response to the crisis 

(CNN, 2009). Market illiquidity exhibits a similar trend as the CDS spread, reach-

ing a maximum illiquidity level of 32 basis points. After the financial crisis, one can 

see another major spike in both market CDS spread and illiquidity when the U.S. 

sovereign debt is downgraded by S&P from a triple A status to AA+ on the fifth 

of August, 2011 (marked in Figure 3). 

 

Figure 3 – Time series plot over 2008-2012 of cross-sectional market illiquidity and CDS spread for U.S. 
firms. Both variables are calculated as the average over all firms on a given day. Illiquidity is the absolute 
bid-ask spread and the CDS spread is the mid-quote. Both individual bid-ask spread and individual CDS 
spread are winsorised at the 99.95% level. Market CDS spread on the left axis and market illiquidity on the 
right axis, in basis points (bps). Solid lines from left to right represent: bankruptcy of Lehman Brothers 
(Sept 15, 2008), enactment $787 billion stimulus package (Feb 13, 2009) and downgrade U.S. debt (August 
5, 2011). Dashed line indicates the distinction between crisis (2008-2009) and post-crisis (2010-2012) period.  
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 (1) (2) (3) (4) (5) 
Variables N Mean SD Min Max 
      
Overall      
Market CDS spread 1,259 193.2 71.08 103.5 458.0 
Market illiquidity 1,259 12.65 4.939 6.815 32.03 
      
Crisis      
Market CDS spread 505 229.8 95.84 103.5 458.0 
Market illiquidity 505 15.96 5.953 8.147 32.03 
      
Post-Crisis      
Market CDS spread 754 168.6 28.04 123.2 268.4 
Market illiquidity 754 10.43 2.177 6.815 17.49 
 
Table 2 – Descriptive statistics of daily market CDS spread (mid-quote) and market illiquidity (bid-ask 
spread) for U.S. firms. Both variables are calculated as the average over all firms on a given day. Distinc-
tion made between overall period (2008-2012), crisis (2008-2009) and post-crisis (2010-2012) period. Both 
CDS spread and bid-ask spread are winsorised at the 99.95% level. 

 

Table 2 compares the descriptive statistics for both variables over the whole period, 

during the crisis and after the crisis. It is evident that both the market CDS spread 

and illiquidity were volatile during the crisis (with high respective standard devia-

tions), whereas the post-crisis period denotes a relatively tranquil period. The av-

erage CDS spread and CDS illiquidity were higher during the crisis, indicating that 

the market demanded a higher premium for insuring debt while liquidity was low. 

 

The observation that trends in CDS spread and CDS illiquidity coincide is a prom-

ising feature for investigating the hypothesis that illiquidity is priced in the CDS 

market. Although the correlation between the market-wide CDS spread and il-

liquidity is high (0.95), the relationship can be spurious. Therefore, we further re-

search this relationship in the empirical part of this paper. 

 

Having analysed the main variables of interest on an aggregated level, we now 

present a more detailed descriptive analysis of individual CDS spreads and illiquid-

ity. In Appendix III, one can find the descriptives of the original data set. The 

outliers during the crisis period are substantial with a maximum CDS spread of 

around 13900 basis points and a maximum CDS bid-ask spread of around 5000 

basis points. Limiting the influence of outliers will make the obtained regression 

results in the empirical section more robust. We follow Campbell et al. (2008) in 

their methodology of winsorising the data and do so for both the CDS spread and 

CDS bid-ask spread at the 99.95th percentile. We choose this level because it leaves  
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 (1) (2) (3) (4) (5) 
Variables N Mean SD Min Max 
      
Overall      
CDS Spread 281,996 193.2 266.3 12.54 4,103 
CDS illiquidity 281,996 12.65 17.43 0 385.0 
      
Crisis      
CDS Spread 113,100 229.9 351.9 14.72 4,103 
CDS illiquidity 113,100 15.96 25.25 0 385.0 
      
Post-Crisis      
CDS Spread 168,896 168.6 184.4 12.54 2,278 
CDS illiquidity 168,896 10.43 8.235 1 114.2 
 
Table 3 – Descriptive statistics of daily CDS spread (mid-quote) and illiquidity (bid-ask spread) for U.S. 
firms. Distinction made between overall period (2008-2012), crisis (2008-2009) and post-crisis (2010-2012) 
period. Both CDS spread and bid-ask spread are winsorised at the 99.95% level. 

 

enough variation and corresponding high-level data observations during the dis-

tressed period, while at the same time it limits the influence of major outliers. This 

results in the data set described in Table 3. Our data comprises of 281,996 daily 

observations divided over 224 firms and a time period of 5 years. The maximum 

winsorised level of the CDS spread (around 4000 basis points) and of the CDS bid-

ask spread (385 basis points) correspond to the levels in the data set of Meine et 

al. (2015). These authors also study CDS premia over the crisis period in the U.S. 

Similar to the aggregated market levels, the individual CDS spreads and bid-ask 

spreads are relatively volatile over the crisis period and tranquil afterwards. Since 

we use an equal weighted-average in determining the market-wide variables above, 

the averages in Table 3 are the same as earlier discussed.  

 

Figure 4 plots the market net beta, which is the sum of the individual betas by 

their expected sign (beta 1 + beta 2 - beta 3 - beta 4), and the market CDS spread 

as an average of all firms over time. The net beta represents a total risk factor 

including both market and liquidity risk. The market net beta and CDS spread are 

less correlated (0.36) than the market illiquidity and CDS spread. However, during 

times when the market CDS spread spikes, the market net beta generally exhibits 

a similar pattern. Table 4 shows that, similar to the analysis for illiquidity, average 

total risk (market net beta) is larger during the crisis than post-crisis. Note from 

Table 4 that beta 1 is considerably larger in magnitude than the liquidity betas.  
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Figure 4 – Time series plot over 2008-2012 of cross-sectional market CDS spread and market net beta for 
U.S. firms. Both variables are calculated as the average over all firms on a given day. The CDS spread is 
the mid-quote (winsorised at the 99.95% level) and the net beta is calculated as the sum of (Beta 1 + Beta 
2 – Beta 3 – Beta 4). Beta 1 is the standard CAPM market risk driven by the covariance between individual 
and market return, Beta 2 is liquidity risk driven by covariance between individual and market illiquidity, 
Beta 3 is liquidity risk driven by the covariance between individual return and market illiquidity, Beta 4 is 
liquidity risk driven by the covariance between individual illiquidity and market return. Market CDS spread 
on the left axis in basis points and market net beta on the right axis in calculated value. Solid lines from 
left to right represent: bankruptcy of Lehman Brothers (Sept 15, 2008), enactment $787 billion stimulus 
package (Feb 13, 2009) and downgrade U.S. debt (August 5, 2011). Dashed line indicates the distinction 
between crisis (2008-2009) and post-crisis (2010-2012) period.  

 

Therefore, the market net beta is driven by standard CAPM market risk. In fact, 

considering the “market net liquidity beta” in Table 4 as the sum of the liquidity 

betas by their expected sign (beta 2 - beta 3 - beta 4), shows that this composite 

liquidity variable is negative on average. Indeed, Table 4 displays that beta 3 and 

beta 4 are positive on average and larger in magnitude than beta 2. 

 

It is important to note that we do not have an expectation on the sign of the beta, 

rather we have an expectation on the sign of the liquidity premium (coefficient of 

the beta in a regression of CDS spreads on liquidity risk, illiquidity and credit 

controls). The net (liquidity) beta is formed as a tool to group the risk premia in 

a regression analysis and the level has no intuitive meaning in itself. Hence, the 

negative market net liquidity beta cannot be interpreted as a negative liquidity 

risk. Rather, we are interested in how differences (cross-sectionally and over time) 

in the net beta affect CDS spreads. In that respect, it is counterintuitive that the 

net liquidity risk beta is smaller (more negative) during the crisis compared to the  
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 (1) (2) (3) (4) (5) 
Variables N Mean SD Min Max 
      
Overall      
Market Beta 1 1,134 0.458 0.517 -1.757 3.499 
Market Beta 2 1,134 0.007 0.007 0.0004 0.034 
Market Beta 3 1,134 0.053 0.062 -0.062 0.605 
Market Beta 4 1,134 0.031 0.030 -0.008 0.171 
Market Net Beta  1,134 0.380 0.458 -1.751 2.757 
Market Net Liq. Beta 1,134 -0.077 0.081 -0.742 0.066 
      
Crisis      
Market Beta 1 380 0.553 0.770 -1.757 3.499 
Market Beta 2 380 0.009 0.009 0.0004 0.034 
Market Beta 3 380 0.063 0.081 -0.062 0.605 
Market Beta 4 380 0.041 0.037 -0.008 0.171 
Market Net Beta  380 0.458 0.688 -1.751 2.757 
Market Net Liq. Beta 380 -0.095 0.102 -0.742 0.066 
      
Post-Crisis      
Market Beta 1 754 0.410 0.311 -0.442 2.197 
Market Beta 2 754 0.006 0.005 0.001 0.024 
Market Beta 3 754 0.049 0.049 -0.048 0.280 
Market Beta 4 754 0.026 0.024 -0.006 0.104 
Market Net Beta  754 0.341 0.268 -0.463 1.827 
Market Net Liq. Beta 754 -0.068 0.066 -0.370 0.052 
 
Table 4 – Descriptive statistics of daily market betas for U.S. firms. Market betas are calculated as the 
average over all firms on a given day. Distinction made between overall period (2008-2012), crisis (2008-
2009) and post-crisis (2010-2012) period. Beta 1 is the standard CAPM market risk driven by the covar-
iance between individual and market return, Beta 2 is liquidity risk driven by covariance between indi-
vidual and market illiquidity, Beta 3 is liquidity risk driven by the covariance between individual return 
and market illiquidity, Beta 4 is liquidity risk driven by the covariance between individual illiquidity and 
market return, Net Beta is the composite risk factor calculated as (Beta 1 + Beta 2 – Beta 3 – Beta 4), 
Net Liquidity Beta is calculated as (Beta 2 – Beta 3 – Beta 4). 

 

post-crisis period. However the difference in means between the crisis and post-

crisis period is small (0.03) compared to the standard deviation over the whole 

period (0.08). In addition, the crisis period exhibits more volatility in liquidity risk, 

in line with the expectation. 

 

4.6.2 Credit Risk Controls 

In this section we focus on the descriptive analysis of the credit control variables. 

One way to assess the credit controls is to discuss each variable individually. In-

stead, we focus our attention on the distance-to-default and credit ratings, which  
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Figure 5 – Time series plot over 2008-2012 of cross-sectional average distance-to-default for a sample of 
224 U.S. firms. The distance-to-default captures how far a firm is from default. The measure increases with 
the firm’s credit quality and is calculated for each firm and each day. The dashed vertical line represents 
the distinction between the crisis (2008-2009) and post-crisis (2010-2012) period.  
 

both serve to summarise the credit risk conditions. The distance-to-default is a 

summary measure of a firm’s credit quality. Similarly, the credit ratings given by 

S&P are assumed to take into account many of the other credit control variables. 
 

Figure 5 shows the cross-sectional average distance-to-default over time. The figure 

indicates that credit conditions on average deteriorated during the crisis period. 

Notably, the smallest value is reached close to the end of the crisis period and credit 

conditions started to improve in the later part of 2009. When comparing the crisis 

and post-crisis period, the distance-to-default indicates an improvement in credit 

conditions in the latter. 

 

Another way to summarise the developments in credit risk conditions is to examine 

credit ratings. These ratings incorporate proprietary information potentially unac-

counted for by the estimated distance-to-default measure. Table 5 shows the distri-

bution of the number of CDS quotes according to the credit rating of the reference 

entity. Of the 22 credit ratings assigned by S&P, the sample firms are scattered 

around 19 of them. Specifically, no firm has been rated CCC-, C or D at any point 

in time. The fact that we do not come across defaulted firms comes as no surprise 
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 Overall Crisis Post-Crisis 
Credit Rating Freq % Freq % Freq % 
       
AAA 3,001 1.06% 1,493 1.32% 1,508 0.89% 
AA+ 252 0.09% 252 0.22% 0 0.00% 
AA 6,517 2.31% 2,852 2.52% 3,665 2.17% 
AA- 8,961 3.18% 4,019 3.55% 4,942 2.93% 
A+ 16,250 5.76% 7,375 6.52% 8,875 5.25% 
A 38,092 13.51% 15,572 13.77% 22,520 13.33% 
A- 30,995 10.99% 11,802 10.44% 19,193 11.36% 
BBB+ 38,141 13.53% 15,452 13.66% 22,689 13.43% 
BBB 48,158 17.08% 18,133 16.03% 30,025 17.78% 
BBB- 39,762 14.10% 16,436 14.53% 23,326 13.81% 
BB+ 12,238 4.34% 4,470 3.95% 7,768 4.60% 
BB 11,376 4.03% 3,632 3.21% 7,744 4.59% 
BB- 12,152 4.31% 4,671 4.13% 7,481 4.43% 
B+ 6,582 2.33% 2,327 2.06% 4,255 2.52% 
B 2,453 0.87% 1,329 1.18% 1,124 0.67% 
B- 3,358 1.19% 998 0.88% 2,360 1.40% 
CCC+ 863 0.31% 379 0.34% 484 0.29% 
CCC 462 0.16% 192 0.17% 270 0.16% 
CC 21 0.01% 21 0.02% 0 0.00% 
NR 2,362 0.84% 1,695 1.50% 667 0.39% 
       
Total 281,996 100% 113,100 100% 168,896 100% 
       
Table 5 – Division of daily CDS spreads (mid-quotes) according to long-term credit rating given by S&P 
for U.S. firms. Distinction made between overall period (2008-2012), crisis (2008-2009) and post-crisis 
(2010-2012) period. 

 

since we require firms to exhibit market data throughout the sample period. Look-

ing at the distribution of quotes over the full sample period, the vast majority of 

the firm observations are rated BBB (summing the three sub-categories of BBB 

together, 45%) and A (summed, 30%). Lower credit ratings are sparse, with only 

18% of daily quotes belonging to a BB - CC rating.  

 

The pattern in credit ratings is contrasting to the pattern in distance-to-default, 

when comparing the crisis and post-crisis period. Whereas the distance-to-default 

indicates improving credit quality during the later sample period, the difference 

between the two periods in terms of credit rating is minor. In the financial crisis 

period between January 2008 and December 2009, most observations belonged to 

an investment grade rating of either BBB (44%) or A (31%). Non-investment grade 

ratings have been given to 16% of the observations. Post-crisis, the distribution for 

BBB and A rated firms is essentially the same. However, non-investment grade 

ratings amount to 19%. In conclusion, post-crisis ratings are slightly lower vis-à-vis 

crisis ratings. This is counterintuitive, but one factor that potentially plays a role 
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here is the overall economy. Although the financial crisis was reaching its end after 

2009, the economy was far from recovered. Related low levels of demand are obvi-

ously taken into account in determining the creditworthiness of the reference enti-

ties. In addition, the data may exhibit a sample bias, since we do not include new 

firms during the sample period. It is possible that the average rating in the market 

is higher post-crisis versus the crisis period, driven by newly listed firms. However, 

these considerations apply to the distance-to-default as well. The difference between 

distance-to-default and assigned credit ratings strengthens the motivation for in-

cluding both as control variables; they might capture different sides of credit risk. 

 

The descriptive statistics of the credit controls and all other variables in our original 

data set are presented in Appendix III. Similar to the argument made for our main 

variables of interest, we winsorise one of the control variables. Specifically, the im-

plied volatility reaches abnormally high levels of above 800%, and therefore we 

winsorise it at the 99th percentile.  

 

4.7 Econometric Methodology 
In this section the methodology to examine the abovementioned hypotheses is de-

scribed. We use a large panel with both a time and cross-sectional dimension and 

analyse the data through standard regression analyses. Finally, we introduce an 

alternative regression methodology, a quantile regression approach that serves as 

an enrichment of the results from the other regression models. 

 

4.7.1 Pricing of Illiquidity 

Our first hypothesis relates to whether illiquidity is priced in the U.S. CDS market 

over the period 2008-2012. Acharya and Pedersen (2005) research the effect of ex-

pected illiquidity (𝐸(𝑐𝑡+1
𝑖 )) on future return (Equation 3). The authors apply the 

model to the stock market, where expected future illiquidity results in a current 

price decrease (negative return) and future price reversal (positive return). In the 

stock market, value and return of an asset are directly related. In contrast, a CDS 

contract does not exhibit such a direct relationship. Recall that we define the return 

of a CDS contract as its spread (mid-quote). An increase in illiquidity is expected 
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to affect the value of a CDS contract, but does not mechanically affect the CDS 

spread (opposed to the negative return in the stock market). In other words, if a 

market maker increases the ask price as much as the decrease in the bid price (e.g. 

increase in illiquidity) the CDS spread (mid-quote) is not affected. We investigate 

whether a market maker accounts for the increase in illiquidity by changing the 

CDS spread (similar to the future price reversal in the stock market). Therefore, 

and in line with existing literature on the CDS market, we do not research the 

effect of expected illiquidity on future return but the effect of current illiquidity on 

current return (e.g. same time period).  

 

We begin with a pooled ordinary least squares panel regression with the CDS 

spread as a dependent variable and daily data frequency. Similar to Acharya and 

Johnson (2007), Tang and Yan (2008) and Pires et al. (2015) we focus on examining 

CDS price levels rather than CDS price changes. Coro, Dufour and Varotto (2013) 

argue that first differencing can be preferable from a statistical point of view if a 

series is integrated of order 1 or I(1), implying that the first differenced series is 

stationary.4 We do not find evidence of nonstationarity in the CDS spreads or CDS 

bid-ask spreads through a Fisher-type augmented Dickey-Fuller or a Fisher-type 

Phillips Perron panel data unit-root test. With both approaches, we reject the null 

hypothesis of nonstationarity at the 1% level. Hence, the regression models are 

specified in levels instead of differences. Additionally, Ericsson, Jacobs and Oviedo 

(2009) argue that specifying the analysis in levels yields consistent point estimates. 

 

Panel data analysis needs to account for macroeconomic conditions that affect all 

firms simultaneously at a given point in time. Our data exhibits period heteroge-

neity, since the sample covers a turbulent crisis (2008-2009) and a relatively tranquil 

post-crisis (2010-2012) period. Therefore, we include quarterly time dummy varia-

bles (time fixed effects) in the regressions. Time fixed effects control in a parametric 

form for common factors that for a given point in time have the same effect on all 

firms (Wooldridge, 2010). To assess how liquidity characteristics affect U.S. CDS 

                                         
4 More formally, a unit root is present if a linear stochastic process has a root of one in the process's 
characteristic equation. Such a process is by implication non-stationary (Hamilton, 1994). If the other 
roots of the characteristic equation lie inside the unit circle, implying that they have a modulus less 
than one, then the first difference of the process is stationary. 
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spreads, controlling for credit risk measures, we consider the following panel data 

regression model with time fixed effects: 

𝐶𝐷𝑆𝑖𝑡 = 𝛼 + 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽3𝐷𝐷𝑖𝑡 + 𝛽4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡

+ 𝛽5𝑅𝑒𝑡𝑖𝑡 + 𝛽6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽7𝑇𝐿𝑀𝑇𝐴𝑖𝑡

+ 𝛽8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑢𝑖𝑡 
(13)  

𝐶𝐷𝑆𝑖𝑡 is the CDS spread (i.e. mid-quote) for firm 𝑖 at time 𝑡. 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 is the ab-

solute CDS bid-ask spread, 𝐼𝑣𝑜𝑙𝑖𝑡  is the implied volatility of a 2-month at-the-

money put option, 𝐷𝐷𝑖𝑡 is the distance-to-default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 is the difference in 

implied volatility of a 2-month out-of-the-money put option and an at-the-money 

put option, 𝑅𝑒𝑡𝑖𝑡 refers to the past 6-month stock return, 𝑁𝐼𝑀𝑇𝐴𝑖𝑡 is the net in-

come to market-valued total assets ratio (profitability ratio), 𝑇𝐿𝑀𝑇𝐴𝑖𝑡 is the total 

liabilities to market-valued total assets ratio (leverage ratio), 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 is the 

numerical long-term credit rating given by S&P, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡  are quarterly time 

dummy variables. Finally, 𝑢𝑖𝑡 is an idiosyncratic disturbance term that can change 

across 𝑡  as well as 𝑖.  In a pooled OLS regression parameter homogeneity is as-

sumed, which implies that the beta parameters and also the intercept are assigned 

the same value across all 𝑇  time periods and 𝑖 firms in the sample (Wooldridge, 

2010). We use pooled OLS estimation to isolate the partial effect of CDS illiquidity 

levels on CDS spreads, holding credit risk conditions fixed. The regressions are 

performed in three different specifications: on the full sample period (2008-2012), 

on the financial crisis period (2008-2009) and on the post-crisis period (2010-2012). 

Subsample analysis is used to examine whether the effect of illiquidity on CDS 

premia differs across economic regimes.  

 

A financial panel data set typically implies that regression residuals are correlated 

across firms because of market-wide shocks or over time due to persistent firm-

specific characteristics. As a result, the OLS standard errors can be biased 

(Wooldridge, 2010). Following the procedure in Petersen (2009), we find evidence 

that the regression residuals may be correlated both across firms and over time.5 

                                         
5  In the framework of Petersen (2009) with a panel regression model given as  
𝑦

𝑖𝑡
= 𝑋𝑖𝑡𝜷 + 𝑢𝑖𝑡  a firm effect appears when 𝐶𝑜𝑣(𝑋𝑖,𝑡𝑢𝑖,𝑡,𝑋𝑖,𝑡−𝑘𝑢𝑖,𝑡−𝑘) ≠ 0  and a time effect is 

when 𝐶𝑜𝑣(𝑋𝑖,𝑡𝑢𝑖,𝑡, 𝑋𝑘,𝑡𝑢𝑘,𝑡) ≠ 0. Petersen (2009) recommends that firm clustered standard errors are 
preferred when these errors are three to four times larger than the robust (White) standard errors. 
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We follow the recommendation in Petersen (2009) and account for both effects by 

clustering the standard errors at the firm level while including quarterly time 

dummy variables (time fixed effects). In line with Petersen (2009) and Thompson 

(2011), the t-statistics are computed with Rogers standard errors clustered at the 

firm level that correct for heteroscedasticity and possible correlation within clusters 

(firms). For future reference, the pooled OLS estimation with firm clustered stand-

ard errors and time dummy variables will be referred to as a time fixed effect model. 

 

Another issue with panel data pointed out by Wooldridge (2010) is the presence of 

unobserved firm-specific effects. Despite efforts to include control variables that 

isolate the impact of illiquidity on CDS spreads, unobserved firm-specific factors 

might exist that cannot be incorporated in the model. If these factors are correlated 

with the explanatory variables (i.e. endogeneity), an omitted variable bias arises 

and standard pooled OLS yields biased and inconsistent coefficients (heterogeneity 

bias). Panel data estimation techniques can be employed to alleviate these prob-

lems. However, Cameron and Miller (2015) show that panel data estimation tech-

niques can lead to a loss of estimation precision and therefore it is necessary to test 

whether standard pooled OLS is sufficient. Following Wooldridge (2010), we per-

form a Breusch and Pagan LM test with the null hypothesis of non-existence of 

unobserved firm-specific individual effects or that no panel effect exists (i.e. no 

significant difference between firms). The test statistic (p-value less than 0.001) 

indicates that firm-specific effects are present and need to be accounted for. 

 

To decide on the preferred panel data estimator, we also conduct a test between a 

random effects estimator (RE) and a fixed effects estimator (FE). A random effects 

estimator assumes that the unobserved effect is uncorrelated with all explanatory 

variables in all time periods, whereas a fixed effects estimator assumes that the 

unobserved firm-specific effect is correlated with the explanatory variables. We per-

form a Hausman chi-square test to determine between a random effects and a fixed 

effects estimator (Wooldridge, 2010). The test rejects individual random effects 

with a p-value that is less than 0.001. Based on this, we conclude that omitting the 

                                         
Similarly, Petersen (2009) shows that time clustered standard errors should be used, when these errors 
are two to four times larger than the robust standard errors. When both effects are present, Petersen 
(2009) recommends firm clustered standard errors and time dummies. 
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unobserved effects leads to endogeneity and therefore we employ a panel regression 

firm fixed effects model. The results from pooled OLS regressions with time dummy 

variables but without firm fixed effects are reported in the empirical analysis for 

comparison purposes.  

 

In a panel regression firm fixed effects (FE) model, the error term consists of an 

idiosyncratic part that is time varying and an unobserved effect that is constant 

over time (Wooldridge, 2010). The error term is therefore decomposed as: 

𝑢𝑖𝑡 = 𝑐𝑖 + 𝜀𝑖𝑡 (14)  

where 𝑐𝑖 represents the unobserved firm-specific effect (firm fixed effect) and 𝜀𝑖𝑡 is 

an idiosyncratic part assumed to be independent and well behaved. Unobserved 

firm-specific effects can be accounted for by including dummy variables for each 

firm in the sample. However, this results in a large number of explanatory variables 

and is not practical for a panel data set with a large cross-sectional dimension. A 

more appropriate method is a so-called fixed effects “within estimator” that uses a 

data transformation to remove the unobserved time-invariant part of the error term 

prior to estimation.6 Specifically, this part of the error term is eliminated by a time 

demeaning procedure on all variables. Since the unobserved firm characteristics are 

constant over time, the model yields consistent and unbiased estimates 

(Wooldridge, 2010). The main point of the fixed effects estimator is to allow for a 

correlation between the unobserved effect and the included explanatory variables. 

To see how this works, consider the following general regression model for a cross-

section observation 𝑖: 

𝑦𝑖𝑡 = 𝒙𝒊𝒕𝜷 + 𝑐𝑖 + 𝜀𝑖𝑡 (15)  

where 𝑦𝑖𝑡 is the dependent variable, 𝑥𝑖𝑡 is 1𝑥𝐾 and contains explanatory variables, 

𝑐𝑖  is the unobserved component and 𝜀𝑖𝑡  is an idiosyncratic error (Wooldridge, 

                                         
6 Including dummy variables for each firm (least squares dummy variables (LSDV) estimator) results 
in numerically identical estimates of 𝛽 as with the fixed effects (within transformation) estimator. 
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2010). If the above equation is averaged over 𝑡 = 1,… , 𝑇  the result is the cross-

sectional equation: 

𝑦�̅� = �̅̅̅̅�𝒊𝜷 + 𝑐𝑖 + 𝜀�̅�  (16)  

Put differently, the dependent variable is given as: 

𝑦�̅� =
1
𝑇

∑ 𝑦𝑖𝑡

𝑇

𝑡=1
 (17)  

The independent variables are averaged in the same way. If for each 𝑡, Equation 16 

is subtracted from Equation 15 the result is: 

𝑦𝑖𝑡 − 𝑦�̅� = (𝒙𝒊𝒕 − �̅̅̅̅�𝒊)𝜷 + 𝜀𝑖𝑡 − 𝜀�̅� (18)  

or equivalently 

�̈�𝒊𝒕 = �̈�𝒊𝒕𝜷 + 𝜺�̈�𝒕 (19)  

Here the double-dot accents refer to time-demeaned variables. The model can be 

written more compactly for all time periods as: 

�̈�𝒊 = �̈�𝒊𝜷 + 𝜺�̈� (20)  

where �̈�𝒊 is 𝑇𝑥1, �̈�𝒊 is 𝑇𝑥𝐾 and 𝜺�̈� is 𝑇𝑥1. Note that the unobserved firm-specific 

effect 𝑐𝑖 is eliminated. Pooled OLS can then be applied on the time-demeaned data. 

We follow the recommendation in Petersen (2009) and Cameron and Miller (2015) 

and estimate the firm fixed effects regression with clustered standard errors (Rog-

ers) that are robust to heteroscedasticity and possible correlation within clusters 

(firms). We include time dummies to account for common effects that affect all 

firms simultaneously at a given point in time. In the literature, this is occasionally 

referred to as a two-way fixed effects estimation. This regression allows us to ex-

amine whether illiquidity has a significant impact on CDS spreads after controlling 

for other credit risk variables. Similar to the model without firm fixed effects, we 
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run this regression on the full sample period (2008-2012), on the financial crisis 

period (2008-2009) and on the post-crisis period (2010-2012).  
 

4.7.2 Determinants of Illiquidity 

Having laid out the procedure to examine Hypothesis 1, we proceed by discussing 

the methodology to research the determinants of illiquidity in Hypothesis 2. Based 

on the literature, we include explanatory variables that previously have been argued 

to explain the level of illiquidity (as pointed out in the section on variable selection). 

In the empirical analysis of the determinants of CDS bid-ask spreads, we perform 

panel regressions using data with daily frequency. 

 

To examine the determinants of illiquidity, we carry out a pooled OLS estimation. 

Since we include the TED spread as an explanatory variable that does not have 

any cross-sectional variation, time fixed effects are not included to avoid collinear-

ity. However, similar to the previous discussion, unobserved firm-specific effects 

that are constant over time can be a concern. In fact, we obtain a p-value of less 

than 0.001 from a Breusch and Pagan LM test under the null hypothesis of no 

unobserved firm-specific effects and conclude that firm effects (panel effects) are 

present. We compute a Hausman chi-square test to decide between a random effects 

estimator and the alternative of a fixed effects estimator (Wooldridge, 2010). The 

test rejects individual random effects with a p-value of less than 0.001. As a result, 

we specify the model with firm fixed effects using a within transformation. The 

pooled OLS estimation without firm fixed effects is included in the empirical anal-

ysis for comparison purposes. Following Wooldridge (2010), we compute t-statistics 

with firm clustered standard errors (Rogers) that are robust to heteroscedasticity 

and possible correlation within clusters (firms).  

 

The benchmark panel data regression model to test Hypothesis 2 regarding the 

determinants of CDS illiquidity is given by the following: 

𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 = 𝛼 + 𝛽1𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 + 𝛽2𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 + 𝛽3𝑅𝑠𝑖𝑧𝑒𝑖𝑡

+ 𝛽4𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 + 𝛽5𝑇𝐸𝐷𝑡 + 𝛽6𝑀𝑘𝑡𝐼𝑙𝑙𝑖𝑞𝑖𝑡 + 𝑐𝑖

+ 𝜀𝑖𝑡 
(21)  
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where 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 is the absolute bid-ask spread, 𝐶𝐷𝑆𝑆𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 is the 30-day his-

torical volatility of the CDS premium, 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 is the log of gross notional 

amount outstanding, 𝑅𝑠𝑖𝑧𝑒𝑖𝑡 is the log ratio of a firm’s total market capitalisation 

relative to the S&P500 market value, 𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 is the log of absolute traded 

gross notional amount, 𝑇𝐸𝐷𝑡 is the TED-spread defined as the difference between 

the 3-month LIBOR rate and the 3-month U.S. Treasury bill rate, 𝑀𝑘𝑡𝐼𝑙𝑙𝑖𝑞𝑖𝑡 is a 

market-wide average of the absolute bid-ask spread excluding firm 𝑖. The residual 

term 𝑐𝑖  captures the unobserved firm fixed effect. Finally, 𝜀𝑖𝑡  is a random error 

term. To examine whether the determinants of CDS illiquidity differ depending on 

the economic regime, we run the regression on the full sample period (2008-2012), 

on the financial crisis period (2008-2009) and on the post-crisis period (2010-2012).  

 

4.7.3 Pricing of Liquidity Risk 

Lastly, we elaborate on the methodology to research Hypothesis 3, related to the 

effect of liquidity risk on the CDS spread. The liquidity betas are estimated in line 

with the procedure of Acharya and Pedersen (2005), as outlined above. The analysis 

on liquidity risk is closely linked to the analysis on illiquidity (Hypothesis 1), since 

we deploy the same control variables. Both time-dummies and firm-clustered stand-

ard errors are used in all specifications. We employ a panel regression firm fixed 

effects estimator to account for firm-specific unobserved effects. Motivated by the 

potential variation in the pricing of liquidity risk over time, we split our sample 

and run separate regressions on the full sample period (2008-2012), on the financial 

crisis period (2008-2009) and on the post-crisis period (2010-2012). The model is 

expressed in the following way: 

𝐶𝐷𝑆𝑖𝑡 = 𝛼 + 𝜆1𝛽1,𝑖𝑡 
𝐿𝐶𝐴𝑃𝑀 + 𝜆2𝛽2,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝜆3𝛽3,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 + 𝜆4𝛽4,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀

+ 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽3𝐷𝐷𝑖𝑡 + 𝛽4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡

+ 𝛽5𝑅𝑒𝑡𝑖𝑡 + 𝛽6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽7𝑇𝐿𝑀𝑇𝐴𝑖𝑡

+ 𝛽8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡 

(22)  

where beta variables with the superscript “LCAPM” refer to the four LCAPM 

betas. 𝛽1,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀  is the standard CAPM market risk driven by the covariance be-

tween individual and market return, 𝛽2,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀  is liquidity risk driven by covariance 

between individual and market illiquidity, 𝛽3,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀denotes liquidity risk driven by 
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the covariance between individual return and market illiquidity, and 𝛽4,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀  refers 

to liquidity risk driven by the covariance between individual illiquidity and market 

return. Other explanatory variables are identical to the analysis on Hypothesis 1.  

 

It is well established that tests of asset pricing models are often prone to measure-

ment errors in betas due to the error-in-variable problem (Shanken, 1992). Because 

of the relatively short time-series of our data, measurement errors in the estimated 

betas are a potential concern. Following Acharya and Pedersen (2005), we form 

portfolios to mitigate this problem. Forming portfolios is standard practice in the 

asset pricing literature since there is no reason to believe the errors in beta-esti-

mates are correlated across securities. Hence, the error will be diversified away. 

Each day, we divide the 224 firm observations in 10 portfolios based on the size of 

the individual illiquidity in the CDS contract and form a market portfolio as an 

equal weighted average. For these 10 portfolios and the market portfolio, we com-

pute the innovations in illiquidity as the residuals of AR(2) regressions. In addition, 

we compute innovations in return for the market portfolio. With the illiquidity and 

return innovations, we then calculate the liquidity betas as in Equation 5-8. This 

procedure is identical to estimating the betas for individual CDS contracts. 

 

4.7.4 Quantile Regression Methodology 

Taking a closer look at the CDS spreads, it appears that a least squares estimation 

may not be sufficient to fully explain the heterogeneity of the CDS data. A pooled 

OLS regression estimates the effect on the conditional mean and is appropriate to 

model conditional CDS averages. Figure 6A displays a histogram of all CDS spreads 

and indicates that the distribution has a heavy right tail with a positive skewness 

of 10.19 and kurtosis of 54.38.7 Figure 6B shows a histogram of all CDS bid-ask 

spreads, which has a positive skewness of 10.33 and kurtosis of 169.92. Hence, the 

conditional mean of both CDS spreads and CDS illiquidity is affected, which in 

turn can lead to unstable conclusions on Hypothesis 1, 2 and 3.  

                                         
7 For a symmetric distribution (e.g. a normal distribution) the skewness is zero. A positive skewness 
indicates that the mean is larger than the median. Note, a normal distribution has a kurtosis of 3, 
whereas a heavy tailed distribution has a kurtosis larger than 3. 
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Figure 6A - Histogram of CDS spreads (mid-quote). All observations are for U.S. firms in the period 2008-
2012. The graph is overlaid with an Epanechnikov kernel density estimate. The x-axis in the figure is 
truncated at 500 basis points for illustrative purposes. 
 

 
Figure 6B - Histogram of absolute CDS bid-ask spreads. All observations are for U.S. firms in the period 
2008-2012. The graph is overlaid with an Epanechnikov kernel density estimate. The x-axis in the figure is 
truncated at 100 basis points for illustrative purposes. 

 

To strengthen the intuition, we plot boxplots of the CDS spread as a function of 

implied volatility, which is one of the main determinants. In Figure 7, the observa-

tions are grouped in 10 ten equal groups based on the level of implied volatility, 

ranging from low to high. For simplicity, assume one is solely interested in the effect 

of implied volatility on the CDS spread and therefore runs a simple regression. A 

conditional mean regression assumes that, for a given level of implied volatility, the 
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relationship between the two variables is described by one value (the coefficient). 

Looking at Figure 7, one can see that there is heteroscedasticity and the dispersion 

grows as we move up to higher levels of implied volatility. For a high given level of 

implied volatility, the conditional mean is no longer representative for the relation-

ship. Hence, in order to extract all the information from the data it is useful to 

employ a different methodology than the conditional mean regression. Since high 

CDS spreads (relative to what a regression model predicts) are related to and com-

monly observed for distressed firms, there is also an economic interpretation to 

analysing the relationship along the conditional distribution of CDS spreads. 

 

In summary, the previous discussion highlights the interest to more explicitly de-

scribe the distributional relationship between CDS spreads or CDS bid-ask spreads 

and their respective covariates. A quantile regression methodology provides esti-

mates of the relationship between independent variables and the conditional quan-

tiles of the dependent variable. Acknowledging a regression model cannot describe 

every data point, for a given set of explanatory variables, there will be a distribution 

of data observations for the dependent variable. The quantile regression presents 

 

 
Figure 7 – Boxplot of the CDS Spread (mid-quote) distribution for 10 equal groups of firms ranked by the 
level of 2-month put option implied volatility. Lower group number refers to lower level of implied volatility. 
The horizontal line inside each grey box represents the median within that group. The end of the “whiskers” 
represents the lowest and highest value within the 1.5 interquartile range of the lower and upper quartile 
for each group. All observations are for U.S. firms in the period 2008-2012. 
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different coefficient estimates (given the same set of explanatory variables) depend-

ing on whether the model overpredicts the dependent variable (low quantile) or 

underpredicts the dependent variable (high quantile). 

 

We use a quantile regression approach since it is generally more robust to typical 

empirical problems such as heterogeneity and presence of outliers, which are con-

cerns in our data set. In fact, Buchinsky (1998) shows that the quantile regression 

estimators are robust to heavy-tailed distributions and outliers of the dependent 

variable that tend to +/- ∞. Furthermore, the quantile regression avoids the OLS 

assumption of identically distributed error terms across the full conditional distri-

bution (Pires et al., 2015).  

 

The quantile regression methodology, introduced by Koenker and Basset (1978), 

attempts to extend the purpose of the standard linear conditional mean regression 

(OLS). Following the framework in Coad and Rao (2006) and Pires et al. (2015) a 

general quantile regression model can be written as: 

𝑦𝑖𝑡 = 𝒙𝒊𝒕
′ 𝜷𝝉 + 𝑢𝜏,𝑖𝑡 (23)  

where 𝑦𝑖𝑡 is the dependent variable, 𝒙𝒊𝒕 is a vector of regressors, 𝜷𝝉  is a vector of 

regression parameters related to the 𝜏th quantile that are to be estimated and 𝑢𝜏,𝑖𝑡 

is a random error term. From this, the 𝜏th conditional quantile of 𝑦𝑖𝑡 given 𝒙𝒊𝒕 is: 

𝑄𝜏(𝑦𝑖𝑡∣𝒙𝒊𝒕) = 𝒙𝒊𝒕
′ 𝜷𝝉 (24)  

The last equation comes from the assumption that the conditional 𝜏th quantile of 

the error term is equal to zero, i.e. it satisfies 𝑄𝜏(𝑢𝜏,𝑖𝑡∣𝒙𝒊𝒕) = 0 (Pires et al., 2015). 

Pires et al. (2015) explains that since this method estimates the partial derivatives 

of the conditional quantile function related to the regressors, the marginal effects 

are permitted to vary at different points in the conditional distribution: 

𝜕𝑄𝜏(𝑦𝑖𝑡|𝒙𝒊𝒕)
𝜕𝑥

= 𝜷𝝉 (25)  
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With 𝑁  number of observations and for any 𝜏 ∈ (0,1), Coad and Rao (2006) show 

that the parameter vector 𝜷𝝉 can be estimated by minimising: 

min
𝛽

1
𝑁

{ ∑ 𝜏|𝑦𝑖𝑡 − 𝑥𝑖𝑡
′ 𝛽|

𝑖,𝑡:𝑦𝑖𝑡≥𝑥𝑖𝑡
′ 𝛽

+ ∑ (1 − 𝜏)|𝑦𝑖𝑡 − 𝑥𝑖𝑡
′ 𝛽|

𝑖,𝑡:𝑦𝑖𝑡<𝑥𝑖𝑡
′ 𝛽

} (26)  

In words, the quantile regression minimises a sum, giving asymmetric penalties 

𝜏∣𝑢𝜏,𝑖𝑡∣ for underprediction and (1 − 𝜏)|𝑢(𝜏𝑖𝑡
| for overprediction (Koenker & Hal-

lock, 2001). By comparison, OLS minimises the sum of squared residuals. The so-

lution to the minimization problem in Equation 26 is found by linear programming 

techniques as described in Koenker (2005). Note that the estimation of each quan-

tile regression is performed using all data observations. Therefore, dividing the 

dependent variable in “unconditional” quantiles a priori does not yield the same 

result and interpretation, since it remains an analysis on the conditional mean 

(Koenker & Hallock, 2001). 

 

A common way to obtain an estimate of the variance-covariance matrix of the 

coefficients is to use a bootstrapping method. Bootstrapping is a resampling 

method that can be used to replicate iterated random sampling and reproduce the 

sampling distribution of the relevant statistics (Pires et al., 2015). We follow the 

approach in Pires et al. (2015) and make use of a cluster bootstrap resampling 

method that assumes independence across clusters but allows for within cluster 

correlation. In line with Pires et al. (2015), we use 250 replications to obtain the 

bootstrapped standard errors. This method requires us to draw one sample of de-

pendent and independent variables for each firm, estimate the coefficients (one rep-

lication) and repeat this exercise with replacement for the total amount of replica-

tions. In a formal way, this can be written as: 

{(𝑦1𝑗
𝑏𝑠, 𝑥1𝑗

𝑏𝑠), … , (𝑦𝑛𝑗
𝑏𝑠 , 𝑥𝑛𝑗

𝑏𝑠 )} (27)  

where 𝑛 is the amount of firms (224 in the data) and 𝑗 = 1,… , 𝐵 is the current 

replication. In total, 𝑛 times 𝐵 (224*250=56,000) different samples are drawn from 

the data. Using the bootstrap estimates of the 𝑗th replication 𝛽�̂�𝑗
 
, the estimates of 

the standard error can be constructed as 
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𝑠𝑒𝛽𝜏 =
⎷

√√ 1
𝐵 − 1

∑(𝛽�̂�𝑗
𝑏𝑠 − 𝛽�̂�

∗)
2𝐵

𝑗=1
 (28)  

where 𝛽�̂�
∗

= 1
𝐵 ∑ 𝛽�̂�𝑗

𝑏𝑠𝐵
𝑗=1

 is the sample mean of all bootstrap replications for a given 

quantile and 𝛽�̂�𝑗
𝑏𝑠 refers to the quantile regression coefficient estimator based on the 

𝑗th bootstrap sample. With the cluster robust estimate of the standard errors, t-

tests and confidence intervals are asymptotically normal and can be calculated in 

the standard manner (Pires et al., 2015).  

 

We do not include firm fixed effects in the quantile regressions, since the quantile 

regression methodology cannot integrate that many explanatory variables in the 

model. In addition, a standard within transformation (as described previously) re-

sults in an ambiguous interpretation of the coefficients.8 Therefore, the quantile 

regression analysis merely serves as an enrichment of our time fixed effect regression 

models. The benchmark quantile regression model for testing the first hypothesis 

related to the effect of illiquidity on CDS spreads becomes: 

𝐶𝐷𝑆𝑖𝑡 = 𝛼𝜏 + 𝛽𝜏,1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽𝜏,2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽𝜏,3𝐷𝐷𝑖𝑡 + 𝛽𝜏,4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡

+ 𝛽𝜏,5𝑅𝑒𝑡𝑖𝑡 + 𝛽𝜏,6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽𝜏,7𝑇𝐿𝑀𝑇𝐴𝑖𝑡

+ 𝛽𝜏,8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿𝜏
′ 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑢𝜏,𝑖𝑡 

(29)  

Note that the subscript 𝜏  indexes three different quantiles - the 10th, 50th and 

90th. Further, the benchmark quantile regression model for examining the deter-

minants of illiquidity is given as follows: 

𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 = 𝛼𝜏 + 𝛽𝜏,1𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 + 𝛽𝜏,2𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡

+ 𝛽𝜏,3𝑅𝑠𝑖𝑧𝑒𝑖𝑡 + 𝛽𝜏,4𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 + 𝛽𝜏,5𝑇𝐸𝐷𝑡

+ 𝛽𝜏,6𝑀𝑘𝑡𝐼𝑙𝑙𝑖𝑞𝑖𝑡 + 𝑢𝜏,𝑖𝑡 
(30)  

 

                                         
8 The typical fixed effects estimation using a within transformation does not apply to quantile regres-
sions since the conditional quantiles are not linear operators. That is, 𝑄𝜏(𝑦𝑖𝑡 − 𝑦𝑖𝑠|𝑥𝑖) ≠ 𝑄𝜏(𝑦𝑖𝑡|𝑥𝑖) −
𝑄𝜏(𝑦𝑖𝑠|𝑥𝑖) with 𝑥𝑖 ≡ (𝑥𝑖1, … , 𝑥𝑖𝑇 ) and where time periods 𝑡 ≠ 𝑠 (Koenker, 2005). 



59 

 

Finally, the benchmark quantile regression model for examining whether liquidity 

risk is priced in the CDS market, becomes: 

𝐶𝐷𝑆𝑖𝑡 = 𝛼𝜏 + 𝜆𝜏,1𝛽1,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 + 𝜆𝜏,2𝛽2,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝜆𝜏,3𝛽3,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀

+ 𝜆𝜏,4𝛽4,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 + 𝛽𝜏,1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽𝜏,2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽𝜏,3𝐷𝐷𝑖𝑡

+ 𝛽𝜏,4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 + 𝛽𝜏,5𝑅𝑒𝑡𝑖𝑡 + 𝛽𝜏,6𝑁𝐼𝑀𝑇𝐴𝑖𝑡

+ 𝛽𝜏,7𝑇𝐿𝑀𝑇𝐴𝑖𝑡 + 𝛽𝜏,8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿𝜏
′ 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡

 

+ 𝑢𝜏,𝑖𝑡 

(31)  
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5 Empirical Analysis 
The empirical analysis is divided into three parts which correspond to the different 

hypotheses: the effect of illiquidity levels on CDS spreads, the determinants of il-

liquidity and the role of liquidity risk in explaining CDS spreads. Overall, we con-

clude that illiquidity is priced and results in a premium for the protection seller 

regardless of the economic regime, inventory costs are the main determinant of 

illiquidity both during and post-crisis and liquidity risk is priced during but not 

after the crisis resulting in a premium for the protection seller. 

 

5.1 Pricing of Illiquidity 
We first analyse the effect of illiquidity on CDS spreads in the U.S. market, ac-

counting for credit risk. On the full sample, we conclude that the illiquidity pre-

mium is earned by the protection seller. The premium becomes larger moving up 

conditional quantiles, suggesting protection sellers require a higher illiquidity com-

pensation for high-risk firms (given a certain set of explanatory variables). The 

results on the subsamples indicate that the illiquidity premium does not depend on 

the economic regime. Therefore, we conclude that Hypothesis 1 is confirmed. 

 

5.1.1 Full Sample Analysis 

Table 6 presents the results of panel regressions to examine the effect of illiquidity 

on CDS spreads over the full sample period controlling for credit risk in the U.S. 

market. In specification (1) the regression is estimated with time fixed effects, 

whereas we also add firm fixed effects in specification (2). Most importantly, both 

regression models indicate that the illiquidity level, measured by the absolute bid-

ask spread, is significantly priced at the 1% level with a positive coefficient.  

 

Recall from the theoretical model by Bongaerts et al. (2011) that the illiquidity 

premium can be earned by either the protection seller or buyer depending on the 

investment horizon of each investor. The positive coefficient of the bid-ask spread 

in Table 6 implies that CDS spreads increase in illiquidity such that the protection  
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 (1) (2) 
CDS Spread   
   
Bid-Ask Spr. 9.357*** 8.325*** 
 (0.851) (0.742) 
   
Implied Vol. 3.985*** 2.992*** 
 (0.554) (0.442) 
DD 8.394** 1.288 
 (3.949) (3.981) 
Put Skew 1.198 1.057 
 (1.217) (0.842) 
6-month Ret. -10.42 -11.69** 
 (8.274) (5.893) 
Net Income Rat. -346.0** -298.1*** 
 (146.3) (102.5) 
Leverage Ratio 147.2*** 386.3*** 
 (20.50) (63.20) 
Credit Rating -14.24*** -29.25*** 
 (2.479) (7.819) 
Constant -91.49* 215.6* 
 (47.35) (112.3) 
   
Observations 278,862 278,862 
R-squared 0.827 0.718 
Time FE Yes Yes 
Firm FE No Yes 
 
Table 6 – Regression output of:  
𝐶𝐷𝑆𝑖𝑡 = 𝛼 + 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽3𝐷𝐷𝑖𝑡 + 𝛽4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 + 𝛽5𝑅𝑒𝑡𝑖𝑡 + 𝛽6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽7𝑇𝐿𝑀𝑇𝐴𝑖𝑡 +
𝛽8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡,  
where 𝐶𝐷𝑆𝑖𝑡  (CDS Spread) is the mid-quote. 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡  (Bid-Ask Spr.) indicates the absolute bid-ask 
spread, 𝐼𝑣𝑜𝑙𝑖𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑖𝑡 (DD) is the distance-to-
default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 (Put Skew) is the difference between the 2-month implied volatility of a put option 
that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑖𝑡  (6-month Ret.) is the 6-month stock return, 
𝑁𝐼𝑀𝑇𝐴𝑖𝑡 (Net Income Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑖𝑡 (Leverage Ratio) 
are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 (Credit Rating) is the S&P long-term credit 
rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects, 𝑐𝑖 (Firm FE) is the unobserved firm specific effect 
and 𝜀𝑖𝑡 is the error term. All variables are daily observations for U.S. firms, except for the credit rating 
(monthly) which is turned into a daily frequency. Model (1) only includes time FE. Model (2) includes 
time and firm FE. Clustered standard errors in parentheses, correcting for heteroscedasticity and possible 
correlation within clusters (firms). Significance: *** p<0.01, ** p<0.05, * p<0.1 

 

seller earns the illiquidity premium. Therefore, it is the seller who is most prone to 

the costs of illiquidity and rebalances more often than the buyer. This is consistent 

with the empirical findings on U.S. firms in Bongaerts et al. (2011), Pires et al. 

(2015) and Tang and Yan (2008). Even though our study only covers U.S firms, 

this result is in line with Lesplingart et al. (2012) who find that the level of illiquid-

ity is also priced in CDS spreads on European firms between 2005 and 2009.  
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To further examine the effect of illiquidity on CDS spreads, we analyse the economic 

significance of the results. Although we do not use a structural model for the pricing 

of illiquidity in the CDS market, the premium is quantified using the methodology 

of Acharya and Pedersen (2005). We multiply the coefficient estimate by the stand-

ard deviation of the proxy for illiquidity. The standard deviation of the absolute 

bid-ask spread across all time periods and firms is 17.4 basis points. Therefore, 

given the coefficient in specification (2) in Table 6 (8.325), a one standard deviation 

change in the absolute bid-ask spread is associated with a 145 basis point increase 

in the CDS spread. Hence, illiquidity has a large economic impact on CDS premi-

ums, considering that the standard deviation of the CDS spread is 266 basis points 

across all firms and time periods. This estimate is higher than the illiquidity premia 

of 99 basis points in Meine et al. (2015) over the period 2004 to 2010 and 34 basis 

points in Pires et al. (2015) over the period 2002 to February 2007 using the same 

methodology in the CDS market. The differences can be attributed to a larger 

regression coefficient combined with a higher standard deviation of CDS bid-ask 

spreads. Opposed to Pires et al. (2015), this study includes a crisis period which 

results in more volatility in illiquidity and which may increase the illiquidity pre-

mium (Dick-Nielsen et al., 2012). In summary, we find an illiquidity premium 

earned by the protection seller in the U.S. CDS market, which is both statistically 

and economically significant.  

 

The explanatory power of the two models in Table 6, measured by the R-squared 

for the full sample period is similar to the empirical fit in Lesplingart et al. (2012) 

and Tang and Yan (2008). From this finding we conclude that the covariates are 

able to explain a significant portion of the variation in CDS spreads. To illustrate 

the relative importance of illiquidity, we calculate the adjusted R-squared from a 

rolling daily cross-sectional regression of CDS spreads on credit controls and a 

regression of CDS spreads on illiquidity and credit controls. The result is graph-

ically summarised in Figure 8, which highlights that a large component of the total 

variation in CDS spreads in the cross-section can be attributed to illiquidity levels. 

Notably, the illiquidity level has a larger contribution to the model’s explanatory 

power during the crisis period than post-crisis as can be seen from a decreasing 

difference between the two lines over time.  
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Figure 8 – Time series plot over 2008-2012 displaying the adjusted R-squared of cross-sectional regressions 
of CDS spreads (mid-quote) on credit controls and CDS spreads on illiquidity and credit controls estimated 
separately for each day. The credit controls are 2-month put option implied volatility, distance-to-default, 
difference between 2-month implied volatility of a put option that is deep out-of-the-money and at the 
money, 6-month stock return, net income to market value of total assets, liabilities to market value of total 
assets and S&P long-term credit rating. CDS illiquidity is measured by the absolute bid-ask spread. All 
variables are daily observations for U.S. firms, except for the credit rating (monthly) which is turned into 
a daily frequency. Dashed line indicates the distinction between crisis (2008-2009) and post-crisis (2010-
2012) period. 

 

Considering the control variables for credit risk, most are significantly priced with 

the expected sign in both models in Table 6, except for the put skew, the 6-month-

past stock return and the distance-to-default. The put skew is not statistically 

significant, although it has the expected coefficient sign. The 6-month past stock 

return has the expected negative sign but is significant only in specification (2). 

Distance-to-default is estimated with an unexpected sign and is significant in spec-

ification (1) but turns insignificant in specification (2). This is a surprising result 

given that the distance-to-default is often considered a major determinant of the 

probability of default (see Campbell et al., 2008). Explanatory power might be 

lacking since many determinants of distance-to-default are already accounted for in 

the model (including implied volatility, leverage and credit ratings). Moreover, mul-

ticollinearity can cause problems and result in an unexpected sign since the corre-

lation between implied volatility and distance-to-default is high (-0.69). The full 

correlation matrix is given in Appendix I.  
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The issue of multicollinearity can arise when variables are near perfect linear com-

binations of each other (Wooldridge, 2010). In the empirical literature it is common 

to analyse the Variance-Inflation-Factor (VIF) of each explanatory variable to de-

tect problems of multicollinearity. The VIF measures the degree to which the vari-

ance in a certain independent variable can be explained by the other independent 

variables. Specifically, the VIF equals the inverse of (1 − 𝑅2), where the 𝑅2 is de-

fined as the variance explained in a regression of that particular independent vari-

able on the other independent variables. There is no standard value for the VIF 

that is considered too high, however in the empirical literature it is common to deal 

with multicollinearity once a VIF value of 10 or higher is obtained (O’Brien, 2007). 

In other words, once the 𝑅2 of a regression of a certain independent variable on all 

others reaches 90%, multicollinearity needs to be dealt with. Intuitively this appears 

rather high, and indeed Stine (1995) shows that most harm is already done at a 

VIF-level of 5. The VIF values for all the explanatory variables are reported in 

Appendix IV. A VIF of 4.48 for the implied volatility shows that multicollinearity 

can be a concern. Indeed, as shown in Appendix V, once the regressions are run 

without implied volatility, the distance-to-default coefficient switches sign and be-

comes significant at the 1% level (specification (1)), whereas the sign and signifi-

cance of the other regressors remain unchanged.  

 

5.1.2 Full Sample Quantile Regression Results 

We estimate a quantile regression to examine whether the previous results are ro-

bust and hold for different conditional quantiles of the CDS spread. The model is 

implemented using the same set of explanatory variables as in Table 6. However, 

the slopes of the regressors are estimated at the 10th, 50th and 90th conditional 

quantile (presented in Table 7). Note that we only include time fixed effects, since 

including firm fixed effects results in too many variables to be computed for this 

methodology and a within transformation on the data is not compatible with the 

quantile regression approach. Therefore, the results should be compared to the 

model in specification (1) from Table 6. 

 

For the illiquidity proxy, the coefficients are positive and significant at the 1% level 

across all quantiles. This confirms the previous result that the illiquidity premium  
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 (1)   
CDS Spread 10th 50th 90th 
    
Bid-Ask Spr. 6.909*** 11.41*** 18.96*** 
 (0.438) (0.547) (1.183) 
    
Implied Vol. 1.197*** 2.372*** 3.142*** 
 (0.208) (0.288) (0.420) 
DD -2.916* 1.734 5.856** 
 (1.638) (1.794) (2.912) 
Put Skew 0.934 0.191 -0.510 
 (0.649) (1.033) (1.329) 
6-month Ret. -3.897 -7.807* -19.11*** 
 (3.436) (4.477) (5.230) 
Net Income Rat. -153.6** -337.5*** -520.0*** 
 (68.44) (104.0) (171.0) 
Leverage Ratio 59.21*** 86.38*** 127.1*** 
 (12.12) (11.52) (16.69) 
Credit Rating -5.326*** -6.802*** -6.031*** 
 (1.226) (1.168) (1.184) 
Constant 44.54** 9.417 -49.15 
 (22.71) (23.69) (29.93) 
    
Observations 278,862 278,862 278,862 
Pseudo R-squared 0.3774 0.5886 0.7610 
Time FE Yes Yes Yes 
Firm FE No No No 
 
Table 7 – Quantile regression output for the 10th, 50th and 90th quantile of: 
𝐶𝐷𝑆𝑖𝑡 = 𝛼𝜏 +  𝛽𝜏,1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽𝜏,2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽𝜏,3𝐷𝐷𝑖𝑡 + 𝛽𝜏,4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 + 𝛽𝜏,5𝑅𝑒𝑡𝑖𝑡 + 𝛽𝜏,6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 +
𝛽𝜏,7𝑇𝐿𝑀𝑇𝐴𝑖𝑡 + 𝛽𝜏,8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿𝜏

′ 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡
 + 𝑢𝜏,𝑖𝑡,  

where 𝐶𝐷𝑆𝑖𝑡  (CDS Spread) is the mid-quote, 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡  (Bid-Ask Spr.) indicates the absolute bid-ask 
spread, 𝐼𝑣𝑜𝑙𝑖𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑖𝑡 (DD) is the distance-to-
default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 (Put Skew) is the difference between the 2-month implied volatility of a put option 
that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑖𝑡  (6-month Ret.) is the 6-month stock return, 
𝑁𝐼𝑀𝑇𝐴𝑖𝑡 (Net Income Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑖𝑡 (Leverage Ratio) 
are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 (Credit Rating) is the S&P long-term credit 
rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects and 𝑢𝜏,𝑖𝑡 is the error term. All variables are daily 
observations for U.S. firms, except for the credit rating (monthly) which is turned into a daily frequency. 
The regressions are run with time fixed effects; bootstrapped (250 replications) clustered standard errors 
in parentheses, correcting for heteroscedasticity and possible dependencies within clusters (firms). Signif-
icance: *** p<0.01, ** p<0.05, * p<0.1 

 

is earned by the protection seller, which is not driven by outliers (significant across 

all quantiles). Comparing the bid-ask spread coefficient for the conditional mean 

(specification (1) in Table 6) with the quantile regression slope at the median we 

note that they are similar (9.36 versus 11.41 respectively). This indicates that the 

presence of outliers only marginally affects the analysis on the conditional mean. 

To formally test whether the effect of illiquidity is different across quantiles, we 

perform a Wald test with the null hypothesis that the coefficients are equal at the 

three quantiles. The test rejects the null with a p-value of less than 0.001 (chi-
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square test statistic of 215.8) indicating that the coefficients for the bid-ask spread 

at the 10th, 50th and 90th quantile are significantly different from each other. The 

results in Table 7 suggest that a given increase in illiquidity has a stronger impact 

on the CDS spread once the model underpredicts the CDS spread (higher quan-

tiles). Although we include multiple credit controls, it is impossible to fully explain 

the risk determinants of CDS spreads by means of a regression. Therefore, the 

variation in CDS spreads for a given set of explanatory variables can be interpreted 

as high-risk and distressed firms being in the higher quantiles, where the model 

underpredicts the CDS spread. In other words, the protection seller requires a 

higher illiquidity premium, given that the reference entity of a CDS contract is 

considered a high-risk firm by the market. 

 

The quantile regressions generally give similar results as the conditional mean re-

gression with respect to the control variables. The put skew remains insignificant 

and the distance-to-default experiences the same problem as in the analysis on the 

conditional mean. Overall, the model fit is higher in the upper conditional quantile 

measured by the pseudo R-squared. This is consistent with a so-called “credit 

spread puzzle”, where structural models typically have lower predictive power for 

low-risk firms than for distressed high-risk firms (Pires et al., 2015). 

 

5.1.3 Crisis and Post-Crisis Analysis 

To examine whether the results depend on the economic regime, we separate the 

sample into a crisis (2008-2009) and post-crisis (2010-2012) period and re-estimate 

the regression models from Table 6 for each subsample. Specification (1) and (2) in 

Table 8 provide the regression results for the crisis and post-crisis period including 

time fixed effects; specification (3) and (4) add firm fixed effects as well. For the 

crisis and post-crisis period, the coefficient on the bid-ask spread remains significant 

at the 1% level with the expected sign.  

 

With respect to the control variables, we find that the put skew changes sign and 

becomes significant during the post-crisis period. The pattern for the other control 

variables is consistent with the previous result on the full sample. 
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 (1) (2) (3) (4) 
CDS Spread Crisis Post-Crisis Crisis Post-Crisis 
     
Bid-Ask Spr. 9.061*** 12.59*** 7.220*** 8.944*** 
 (0.836) (1.130) (0.777) (1.108) 
     
Implied Vol. 4.251*** 4.160*** 3.543*** 2.202*** 
 (0.626) (0.772) (0.748) (0.587) 
DD 17.67*** 9.301* 1.841 -2.259 
 (6.242) (4.929) (10.42) (2.777) 
Put Skew -2.356 3.172*** -2.203 1.951*** 
 (1.722) (0.907) (1.780) (0.568) 
6-month Ret. 1.194 -39.32*** -25.45*** -37.90*** 
 (7.827) (12.84) (7.515) (5.642) 
Net Income Rat. -302.7* -509.4** -249.7** -289.9** 
 (171.2) (231.9) (104.6) (118.3) 
Leverage Ratio 139.3*** 140.1*** 259.5** 309.9*** 
 (23.69) (17.70) (127.7) (54.87) 
Credit Rating -16.18*** -8.115*** -37.58*** -23.29*** 
 (3.534) (2.124) (11.48) (6.559) 
Constant -53.78 -116.5* 379.7* 197.9** 
 (55.80) (64.33) (198.7) (99.93) 
     
Observations 111,173 167,689 111,173 167,689 
R-squared 0.826 0.846 0.660 0.614 
Time FE Yes Yes Yes Yes 
Firm FE No No Yes Yes 
 
Table 8 – Regression output comparing crisis (2009-2009) vs. post-crisis (2010-2012) of:  
𝐶𝐷𝑆𝑖𝑡 = 𝛼 + 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽3𝐷𝐷𝑖𝑡 + 𝛽4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 + 𝛽5𝑅𝑒𝑡𝑖𝑡 + 𝛽6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽7𝑇𝐿𝑀𝑇𝐴𝑖𝑡 +
𝛽8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡,  
where 𝐶𝐷𝑆𝑖𝑡  (CDS Spread) is the mid-quote. 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡  (Bid-Ask Spr.) indicates the absolute bid-ask 
spread, 𝐼𝑣𝑜𝑙𝑖𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑖𝑡 (DD) is the distance-to-
default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 (Put Skew) is the difference between the 2-month implied volatility of a put option 
that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑖𝑡  (6-month Ret.) is the 6-month stock return, 
𝑁𝐼𝑀𝑇𝐴𝑖𝑡 (Net Income Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑖𝑡 (Leverage Ratio) 
are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 (Credit Rating) is the S&P long-term credit 
rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects, 𝑐𝑖 (Firm FE) is the unobserved firm specific effect 
and 𝜀𝑖𝑡 is the error term. All variables are daily observations for U.S. firms, except for the credit rating 
(monthly) which is turned into a daily frequency. Model (1) and (2) include only time FE. Model (3) and 
(4) include time and firm FE. Clustered standard errors in parentheses, correcting for heteroscedasticity 
and possible correlation within clusters (firms). Significance: *** p<0.01, ** p<0.05, * p<0.1 

 

5.1.4 Quantile Regression Crisis and Post-Crisis 

In the following section, we perform quantile regressions to assess whether the con-

ditional mean result for the crisis and the post-crisis period are robust along the 

conditional quantiles of CDS spreads. Table 9 provides the quantile regression re-

sults for the crisis period in specification (1) and post-crisis period in specification 

(2).  
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 (1) Crisis  (2) Post-Crisis  
CDS Spread 10th 50th 90th 10th 50th 90th 
       
Bid-Ask Spr. 6.660*** 11.05*** 17.82*** 7.672*** 12.22*** 19.98*** 
 (0.495) (0.583) (1.297) (1.014) (0.767) (1.164) 
       
Implied Vol. 1.404*** 2.451*** 3.129*** 1.265*** 2.803*** 4.301*** 
 (0.206) (0.311) (0.430) (0.304) (0.514) (0.783) 
DD 0.873 8.920*** 10.68*** -3.407* 2.938 10.08*** 
 (2.279) (2.725) (3.545) (2.071) (2.587) (3.564) 
Put Skew -0.393 1.058 0.340 1.097* -0.133 -1.235 
 (0.642) (0.821) (1.217) (0.600) (1.791) (2.366) 
6-month Ret. 4.342 3.104 -6.226 -16.26** -24.17*** -28.11*** 
 (4.360) (4.281) (5.750) (6.932) (6.844) (9.832) 
Net Income Rat. -144.2** -271.8** -418.9** -235.6 -442.0** -734.6*** 
 (63.18) (108.1) (178.9) (185.1) (178.2) (280.6) 
Leverage Ratio 53.42*** 70.57*** 83.40*** 64.95*** 94.93*** 131.6*** 
 (9.205) (9.709) (18.55) (16.88) (13.91) (19.31) 
Credit Rating -3.803*** -6.709*** -6.995*** -5.499*** -5.952*** -5.010*** 
 (1.235) (1.494) (1.488) (1.137) (1.331) (1.300) 
Constant -5.217 -16.72 -32.75 38.37 -25.65 -117.8*** 
 (22.30) (25.50) (28.47) (27.20) (37.76) (42.56) 
       
Observations 111,173 111,173 111,173 167,689 167,689 167,689 
Pseudo R-squared 0.3850 0.6113 0.7790 0.3761 0.5724 0.7449 
Time FE Yes Yes Yes Yes Yes Yes 
Firm FE No No No No No No 
 
Table 9 – Quantile regression output for the 10th, 50th, 90th quantile comparing crisis (2008-2009) vs. 
post-crisis (2010-2012) of:  
𝐶𝐷𝑆𝑖𝑡 = 𝛼𝜏 +  𝛽𝜏,1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽𝜏,2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽𝜏,3𝐷𝐷𝑖𝑡 + 𝛽𝜏,4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 + 𝛽𝜏,5𝑅𝑒𝑡𝑖𝑡 + 𝛽𝜏,6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 +
𝛽𝜏,7𝑇𝐿𝑀𝑇𝐴𝑖𝑡 + 𝛽𝜏,8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿𝜏

′ 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡
 + 𝑢𝜏,𝑖𝑡, 

where 𝐶𝐷𝑆𝑖𝑡  (CDS Spread) is the mid-quote, 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡  (Bid-Ask Spr.) indicates the absolute bid-ask 
spread, 𝐼𝑣𝑜𝑙𝑖𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑖𝑡 (DD) is the distance-to-
default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 (Put Skew) is the difference between the 2-month implied volatility of a put option 
that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑖𝑡  (6-month Ret.) is the 6-month stock return, 
𝑁𝐼𝑀𝑇𝐴𝑖𝑡 (Net Income Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑖𝑡 (Leverage Ratio) 
are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 (Credit Rating) is the S&P long-term credit 
rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects and 𝑢𝜏,𝑖𝑡 is the error term. All variables are daily 
observations for U.S. firms, except for the credit rating (monthly) which is turned into a daily frequency. 
All regressions are run with time fixed effects; bootstrapped (250 replications) clustered standard errors 
in parentheses, correcting for heteroscedasticity and possible dependencies within clusters (firms). Signif-
icance: *** p<0.01, ** p<0.05, * p<0.1 

 

Consistent with the analysis for the two subsamples on the conditional mean, we 

find that illiquidity levels are significantly priced throughout different quantiles and 

economic regimes. For both the crisis and post-crisis period, the estimated coeffi-

cient of the CDS bid-ask spread in the conditional mean regression is close to the 

estimated coefficient at the median in the quantile regression. Hence, the presence 

of outliers does not materially affect the conditional mean analysis on the effects of 

illiquidity. The coefficient increases along the conditional quantiles both during and 

post-crisis. In other words, for CDS contracts of which the spread is underpredicted 
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by the model (i.e. high-risk firms), the protection seller requires a higher illiquidity 

premium for a given level of explanatory variables. Regarding the control variables, 

the pattern is broadly consistent with the full sample analysis.  

 

5.1.5 Robustness Check 

The credit risk of financial institutions is often perceived as difficult to assess. The 

non-transparent nature of their assets and liabilities may affect the quality of the 

credit risk proxies (Crosbie & Bohn, 2003). Pires et al. (2015) argue that market 

participants may have incorrectly assessed the true risk of financial firms before the 

crisis started. Since we only include a crisis and post-crisis time period, the results 

can be driven by the reassessment of financial firms. We examine whether the re-

sults are robust to analysing non-financial firms only (86% of firms in sample). The 

output from re-estimating the models in Table 6 and Table 8 excluding financials 

is presented in Appendix VI, which shows consistent results with what we find 

above. 

 

5.2 Determinants of Illiquidity 
Having confirmed that illiquidity levels are priced in the U.S. CDS market, we turn 

to an empirical examination of the drivers of illiquidity. For the full sample, we find 

evidence that the inventory costs are the main determinant of illiquidity, while 

asymmetric information and funding constraints also affect a CDS contract’s il-

liquidity. Funding constraints and market illiquidity are highly correlated, and are 

therefore not both significant when included together in a regression model. We 

present evidence for the crisis and post-crisis period, and conclude the economic 

regime does not affect the drivers of illiquidity. Hence, the data analysis partially 

confirms Hypothesis 2, with a significant impact on illiquidity of inventory costs, 

asymmetric information and funding constraints. 
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5.2.1 Full Sample Analysis 

The results for the full sample are presented in Table 10, where specification (1) is 

estimated with time fixed effects and specification (2) is estimated with time and 

firm fixed effects.  

 

Both proxies of inventory costs (CDS spread volatility and gross notional outstand-

ing) are highly significant and have the expected sign in both models. Hence, il-

liquidity increases if the volatility in CDS spreads increases and if the gross notional 

amount outstanding decreases. Therefore, market makers set a larger bid-ask 

spread if a CDS contract is likely to drop in value after it entered the inventory or 
 
 (1) (2) (3) (4) (5) (6) 
Bid-Ask Spr.       
       
CDS Spr. Volatil. 0.285*** 0.217*** 0.285*** 0.217*** 0.289*** 0.223*** 
 (0.0650) (0.0486) (0.0649) (0.0485) (0.0667) (0.0509) 
Gross Not. Out. -4.030*** -6.222** -4.030*** -6.224** -4.079*** -6.759** 
 (1.034) (2.761) (1.034) (2.759) (1.027) (2.814) 
Relative Size -8.005*** -22.97*** -8.006*** -22.97*** -7.966*** -23.34*** 
 (0.873) (4.166) (0.874) (4.177) (0.878) (4.235) 
Gross Not. Tr. Vol. 0.120** -0.0689** 0.120* -0.0690** 0.130** -0.0559* 
 (0.0609) (0.0302) (0.0613) (0.0306) (0.0608) (0.0303) 
TED Spread 0.131 -0.00948   6.775*** 7.190*** 
 (0.844) (0.795)   (0.949) (0.786) 
Market Illiq. 0.578*** 0.628*** 0.586*** 0.628***   
 (0.0446) (0.0468) (0.0692) (0.0572)   
Constant 17.53 -0.968 17.47 -0.952 22.49* 8.026 
 (11.56) (29.24) (11.63) (29.61) (11.42) (29.53) 
       
Observations 225,391 225,391 225,391 225,391 225,391 225,391 
R-squared 0.583 0.521 0.583 0.521 0.573 0.502 
Time FE No No No No No No 
Firm FE No Yes No Yes No Yes 
       
Table 10 – Regression output of: 
𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 = 𝛼 + 𝛽1𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 + 𝛽2𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 + 𝛽3𝑅𝑠𝑖𝑧𝑒𝑖𝑡 + 𝛽4𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 + 𝛽5𝑇𝐸𝐷𝑡 +
𝛽6𝑀𝑘𝑡𝐼𝑙𝑙𝑖𝑞𝑖𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡,  
where 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 (Bid-Ask Spr.) indicates the absolute bid-ask spread, 𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 (CDS Spr. Volatil.) 
is the 30-day CDS spread volatility, 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 (Gross Not. Out.) is the log of gross notional amount 
outstanding, 𝑅𝑠𝑖𝑧𝑒𝑖𝑡 (Relative Size) is the log ratio of the market capitalization relative to the total mar-
ket value of S&P500, 𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 (Gross Not. Tr. Vol.) is the log of the absolute gross notional traded 
volume, 𝑇𝐸𝐷𝑡 (TED Spread) is the difference between 3-month LIBOR and 3-month U.S. Treasury bill 
rate, 𝑀𝑘𝑡𝐼𝑙𝑙𝑖𝑞𝑖𝑡 (Market Illiq.) is the average illiquidity over all firms for a given day excluding the obser-
vation firm, 𝑐𝑖 (Firm FE) is the unobserved firm specific effect and 𝜀𝑖𝑡 is the error term. All variables are 
daily observations for U.S. firms, except for the gross notional outstanding and absolute gross notional 
traded volume (weekly) which are turned into a daily frequency. Model (1) is standard OLS output. Model 
(2) adds firm FE. Model (3) and (4) exclude the TED spread. Model (5) and (6) exclude the market 
illiquidity. Clustered standard errors in parentheses, correcting for heteroscedasticity and possible corre-
lation within clusters (firms). Significance: *** p<0.01, ** p<0.05, * p<0.1
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if a CDS contract is relatively difficult to trade. Asymmetric information displays 

a somewhat puzzling picture: the relative size of a firm with respect to the S&P500 

is significant with the expected sign but traded volume switches sign once we in-

clude fixed effects in the model. The coefficient on the relative size indicates that a 

larger firm has a lower level of illiquidity in its CDS contract (all else equal), since 

the attention by media and analysts brings information to the market. Potentially, 

the relative size and traded volume are measuring the same side of asymmetric 

information. Excluding the relative size from the regression, and thereby only ac-

counting for asymmetric information through traded volume, results in an insignif-

icant coefficient on traded volume in the model including firm fixed effects (unre-

ported regression). This suggests that traded volume is not an important determi-

nant of illiquidity in CDS spreads. Recall from the section on variable selection that 

we do not have an expectation on the sign of traded volume since we cannot account 

for the number of trades or trade size. Therefore, it is not surprising that the 

variable turns out to be of no or minor importance in determining illiquidity. An 

increase in traded volume can, without accounting for trade size or number of 

trades, increase or decrease asymmetric information and illiquidity accordingly 

(both theoretically and empirically).  

 

Interestingly, the TED spread is insignificant in both specification (1) and (2), 

whereas market illiquidity is significant with the expected positive sign. This sug-

gests that funding constraints are of no importance in determining illiquidity, but 

there exists liquidity commonality. Potentially, both TED spread and market il-

liquidity measure the same phenomenon. As previously mentioned, trading in the 

CDS market is centred around the major G14 dealers who are likely to experience 

coinciding funding constraints. If the G14 dealers can be viewed as market makers, 

higher funding constraints will make them more reluctant to provide liquidity to 

the market in general, hence market illiquidity rises. Therefore, the effect of the 

TED spread on an individual CDS contract’s illiquidity can run through market 

illiquidity. In fact, the TED spread and the market illiquidity exhibit a high positive 

correlation (0.89). The full correlation matrix is presented in Appendix I for com-

pleteness.  
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The high correlation between the two variables can make multicollinearity a poten-

tial cause of concern. The VIF-level for the TED spread and market illiquidity is 

4.89 and 4.91 respectively, as presented in Appendix IV. To disentangle their sep-

arate impact on CDS illiquidity, we exclude either the TED spread (specification 

(3) and (4)) or market illiquidity (specification (5) and (6)) in Table 10. In the 

models that separately include market illiquidity or the TED spread, both variables 

enter with the expected sign and significance at the 1% level. This result indicates 

that, analysed separately, both market illiquidity and funding constraints affect 

individual CDS illiquidity. We argue that the TED spread can be interpreted as a 

more fundamental determinant since it potentially affects market illiquidity. To 

alleviate concerns of multicollinearity, the following analyses focus on the restricted 

models in (5) and (6) that include only the TED spread variable.  
 

The overall goodness-of-fit of the models in specification (5) and (6) is 57% and 

50% respectively, in line with a previous study by Meng and Gwilym (2008) on the 

determinants of CDS illiquidity. The model’s explanatory power suggests that the 

included independent variables are important empirical drivers of individual CDS 

illiquidity levels. 

 

To assess the relative importance of inventory costs, asymmetric information and 

funding constraints, we compare the explanatory power of each category separately. 

The results are presented in Table 11 in specification (1) to (3), with the full model 

in specification (4) for comparison. Specification (1) shows that the proxies for 

inventory costs can alone explain 37% (R-squared) of the variation in CDS illiquid-

ity. However, we note that only the CDS spread volatility is significant. Proxies for 

asymmetric information explain 16% of CDS illiquidity levels (specification (2)), 

although only the relative size is significant. Finally, in specification (3), the ex-

planatory power in terms of funding constraints (i.e. TED spread) is 6%. Hence, 

inventory costs are the main driver of illiquidity in the U.S. CDS market over the 

full sample period. 
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 (1) (2) (3) (4) 
Bid-Ask Spr. Inventory Costs Asym. Info. Funding Cons. Full model 
     
CDS Spr. Volatil. 0.284***   0.223*** 
 (0.0653)   (0.0509) 
Gross Not. Out. -1.821   -6.759** 
 (3.075)   (2.814) 
Relative Size  -39.50***  -23.34*** 
  (6.645)  (4.235) 
Gross Not. Tr. Vol.  0.0656  -0.0559* 
  (0.0526)  (0.0303) 
TED Spread   5.098*** 7.190*** 
   (0.801) (0.786) 
Constant 28.29 -104.2*** 9.656*** 8.026 
 (30.55) (19.81) (0.470) (29.53) 
     
Observations 226,490 225,401 281,996 225,391 
R-squared 0.370 0.158 0.058 0.502 
Time FE No No No No 
Firm FE  Yes Yes Yes Yes 
 
Table 11 – Regression output of:  
𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 = 𝛼 + 𝛽1𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 + 𝛽2𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 + 𝛽3𝑅𝑠𝑖𝑧𝑒𝑖𝑡 + 𝛽4𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 + 𝛽5𝑇𝐸𝐷𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡,  
where 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 (Bid-Ask Spr.) indicates the absolute bid-ask spread, 𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 (CDS Spr. Volatil.) 
is the 30-day CDS spread volatility, 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 (Gross Not. Out.) is the log of gross notional amount 
outstanding, 𝑅𝑠𝑖𝑧𝑒𝑖𝑡 (Relative Size) is the log ratio of a firm’s total market capitalisation relative to the 
S&P500 market value, 𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 (Gross Not. Tr. Vol.) is the log of the absolute gross notional traded 
volume, 𝑇𝐸𝐷𝑡 (TED Spread) is the difference between 3-month LIBOR and 3-month U.S. Treasury bill 
rate, 𝑐𝑖 (Firm FE) is the unobserved firm specific effect and 𝜀𝑖𝑡 is the error term. All variables are daily 
observations for U.S. firms, except for the gross notional outstanding and absolute gross notional traded 
volume (weekly) which are turned into a daily frequency. Model (1) – (3) analyses separately each category 
of determinants: inventory costs, asymmetric information or funding constraints. Model (4) includes all 
variables. All regressions are run with firm fixed effects; clustered standard errors in parentheses, correct-
ing for heteroscedasticity and possible correlation within clusters (firms). Significance: *** p<0.01, ** 
p<0.05, * p<0.1 

 

5.2.2 Full Sample Quantile Regression Results 

The robustness of the results is analysed by means of a quantile regression. The 

quantile regression is estimated without time or firm fixed effects and serves as a 

comparison to the model in specification (5) of Table 10. The results are presented 

in Table 12 for the 10th, 50th and the 90th quantile. Inventory costs, asymmetric 

information and funding constraints are significant determinants of CDS illiquidity 

at the median, and at the lower and upper quantile. 

 

As a sign of robustness, we note that most of the explanatory variables are highly 

significant and enter with the same sign as in the conditional mean regression. An 

exception is the log gross notional traded volume that has a negative sign, but the  
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 (1)   
Bid-Ask Spr. 10th 50th 90th 
    
CDS Spr. Volatil. 0.225*** 0.728*** 1.326*** 
 (0.0858) (0.0781) (0.0818) 
Gross Not. Out. -1.179*** -4.043*** -5.891*** 
 (0.320) (0.418) (0.839) 
Relative Size -1.475*** -2.924*** -3.333*** 
 (0.317) (0.375) (0.451) 
Gross Not. Tr. Vol. -0.00783 -0.0609*** -0.0866*** 
 (0.0124) (0.0200) (0.0264) 
TED Spread 1.572*** 2.213*** 3.200*** 
 (0.339) (0.427) (0.634) 
Constant 11.94*** 38.39*** 57.82*** 
 (2.839) (4.349) (8.901) 
    
Observations 225,391 225,391 225,391 
Pseudo R-squared 0.1408 0.4439 0.6571 
Time FE No No No 
Firm FE No No No 
 
Table 12 – Quantile regression output for the 10th, 50th, 90th quantile of:  
𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 = 𝛼𝜏 + 𝛽𝜏,1𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 + 𝛽𝜏,2𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 + 𝛽𝜏,3𝑅𝑠𝑖𝑧𝑒𝑖𝑡 + 𝛽𝜏,4𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 + 𝛽𝜏,5𝑇𝐸𝐷𝑡 +
𝑢𝜏,𝑖𝑡,  
where 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 (Bid-Ask Spr.) indicates the absolute bid-ask spread, 𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 (CDS Spr. Volatil.) 
is the 30-day CDS spread volatility, 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 (Gross Not. Out.) is the log of gross notional amount 
outstanding, 𝑅𝑠𝑖𝑧𝑒𝑖𝑡 (Relative Size) is the log ratio of a firm’s total market capitalisation relative to the 
total market value of S&P500, 𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 (Gross Not. Tr. Vol.) is the log of the absolute gross no-
tional traded volume, 𝑇𝐸𝐷𝑡 (TED Spread) is the difference between 3-month LIBOR and 3-month U.S. 
Treasury bill rate and 𝑢𝜏,𝑖𝑡 is the error term. All variables are daily observations for U.S. firms, except for 
the gross notional outstanding and absolute gross notional traded volume (weekly) which are turned into 
a daily frequency. Bootstrapped (250 replications) clustered standard errors in parentheses, correcting for 
heteroscedasticity and possible dependencies within clusters (firms). Significance: *** p<0.01, ** p<0.05, 
* p<0.1 

 

interpretation remains unclear. On the other hand, the TED spread has the ex-

pected positive sign and is strongly significant at the 10th, 50th and 90th quantile. 

 

5.2.3 Crisis and Post-Crisis Analysis 

While the previous results confirm that (most of) the explanatory variables are 

significant determinants of CDS illiquidity, one may naturally question whether 

these results depend on the economic regime. For that reason, we analyse the de-

terminants of CDS illiquidity separately in a crisis and post-crisis sample. Table 13 

presents the results of this analysis, where the crisis period is examined in specifi-

cation (1) and (2) with the latter including firm fixed effects. The post-crisis period 

is examined in specification (3) and (4), with the latter including firm fixed effects.  
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Compared to the full sample analysis, we broadly confirm the previous conclusions. 

However, the effect of gross notional outstanding becomes insignificant once we 

include fixed effects both during and after the crisis. This opposes the full sample 

results and may be caused by the smaller sample size. For the gross notional traded 

volume the sign switches across different economic regimes. Once again, this finding 

has no economic interpretation since we do not account for number of trades or 

trade size. The combined explanatory power of the determinants is higher post-

crisis, which should be interpreted carefully given the differences in sample sizes. 

 
 (1) (2) (3) (4) 
Bid-Ask Spr. Crisis Post-Crisis 
     
CDS Spr. Volatil. 0.262*** 0.148*** 0.704*** 0.470*** 
 (0.0542) (0.0439) (0.0876) (0.0642) 
Gross Not. Out. -6.619*** -6.108 -4.165*** -1.210 
 (1.885) (7.803) (0.505) (0.773) 
Relative Size -11.65*** -50.22*** -4.164*** -8.217*** 
 (1.563) (12.80) (0.492) (1.467) 
Gross Not. Tr. Vol. 0.274** 0.0365 -0.0450 -0.0719*** 
 (0.130) (0.0711) (0.0292) (0.0129) 
TED Spread 5.422*** 5.286*** 7.091*** 8.626*** 
 (0.764) (0.482) (0.751) (0.709) 
Constant 36.79* -75.21 35.10*** -5.039 
 (19.83) (105.4) (5.569) (8.218) 
     
Observations 63,215 63,215 162,176 162,176 
R-squared 0.549 0.404 0.724 0.449 
Time FE No No No No 
Firm FE No Yes No Yes 
 
Table 13 – Regression output comparing crisis (2008-2009) vs. post-crisis (2010-2012) of:  
𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 = 𝛼 + 𝛽1𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 + 𝛽2𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 + 𝛽3𝑅𝑠𝑖𝑧𝑒𝑖𝑡 + 𝛽4𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 + 𝛽5𝑇𝐸𝐷𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡,  
where 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 (Bid-Ask Spr.) indicates the absolute bid-ask spread, 𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 (CDS Spr. Volatil.) 
is the 30-day CDS spread volatility, 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 (Gross Not. Out.) is the log of gross notional amount 
outstanding, 𝑅𝑠𝑖𝑧𝑒𝑖𝑡 (Relative Size) is the log ratio between a firm’s total market capitalisation relative 
to the S&P500 market value, 𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 (Gross Not. Tr. Vol.) is the log of the absolute gross notional 
traded volume, 𝑇𝐸𝐷𝑡 (TED Spread) is the difference between 3-month LIBOR and 3-month U.S. Treasury 
bill rate, 𝑐𝑖 (Firm FE) is the unobserved firm specific effect and 𝜀𝑖𝑡 is the error term. All variables are 
daily observations for U.S. firms, except for the gross notional outstanding and absolute gross notional 
traded volume (weekly) which are turned into a daily frequency. Model (1) and (2) are on the crisis 
period, where the latter includes firm FE. Model (3) and (4) are on the post-crisis period, where the latter 
includes firm FE. Clustered standard errors in parentheses, correcting for heteroscedasticity and possible 
correlation within clusters (firms). Significance: *** p<0.01, ** p<0.05, * p<0.1 
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5.2.4 Quantile Regression Crisis and Post-Crisis 

To assess whether the conclusions from the subsample analysis hold along the con-

ditional distribution of CDS illiquidity, we estimate quantile regressions for each 

subsample separately. The results (presented in Appendix VII for brevity) are in 

line with the conditional mean regression for the crisis and post-crisis sample. 

 

5.2.5 Robustness Check 

To alleviate concerns that financial institutions might be driving the results, we 

drop financial firms and re-estimate our previous regressions over the full sample 

period and the subsamples. The results are presented in specification (1) - (6) in 

Appendix VIII. In terms of coefficient signs and significance, the results are similar 

to the output above. Therefore, we conclude that the determinants of CDS illiquid-

ity are not driven by the special characteristics of financial firms. 

 

5.3 Pricing of Liquidity Risk 
The last part of the analysis is concerned with the effect of liquidity risk on the 

CDS spread. We first research the effect of liquidity risk on CDS spreads over the 

full sample period. In the analysis on the conditional mean, we conclude that li-

quidity risk is not priced over the period 2008-2012 in the U.S. CDS market. How-

ever, we do find evidence that liquidity risk earns the protection seller a premium 

if the model underpredicts the CDS spread (high quantile). This finding suggests 

that liquidity risk is priced during turbulent time periods. Indeed, further analysis 

on the subsamples provides evidence for a liquidity risk premium earned by the 

protection seller during the crisis but not post-crisis, thereby partly confirming 

Hypothesis 3. 

 

5.3.1 Full Sample Analysis 

Table 14 shows the results of the regression that includes both time and firm fixed 

effects and sequentially adds the different betas to the model of Hypothesis 1. From 

specification (1) to (4), we conclude that the second and fourth beta are signifi-

cantly priced with an expected sign over the period 2008-2012 in the U.S. market,  
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 (1) (2) (3) (4) (5) (6) 
CDS Spread       

       
Beta 1 0.837 -2.244 2.458 2.403 -17.98 38.28 
 (5.094) (5.302) (7.428) (7.093) (34.69) (35.15) 
Beta 2  1,244* 1,377* 1,936**   
  (717.8) (781.9) (935.9)   
Beta 3   -69.71 -57.64   
   (74.49) (68.19)   
Beta 4    -161.8*   
    (86.56)   
Net Beta     20.53 -36.60 
     (41.39) (41.98) 
       
Bid-Ask Spr. 8.393*** 7.801*** 7.779*** 7.876*** 8.442*** 9.331*** 
 (0.785) (0.683) (0.679) (0.643) (0.818) (0.853) 
Implied Vol. 3.033*** 2.690*** 2.774*** 2.797*** 3.087*** 3.856*** 
 (0.465) (0.408) (0.388) (0.389) (0.468) (0.563) 
DD -0.167 0.394 0.0380 -0.170 -0.347 7.456* 
 (3.950) (4.177) (4.206) (4.114) (3.866) (3.961) 
Put Skew 1.192 0.781 0.893 1.019 1.274 0.925 
 (0.861) (0.932) (0.888) (0.808) (0.807) (1.290) 
6-month Ret. -12.75* -11.74* -9.888 -8.995 -12.13 -9.695 
 (6.630) (6.676) (8.612) (9.371) (7.658) (9.157) 
Net Income Rat. -335.2*** -328.1*** -315.3*** -331.8*** -333.8*** -362.5** 
 (117.3) (120.6) (120.3) (125.0) (116.2) (148.9) 
Leverage Ratio 390.6*** 422.5*** 419.3*** 418.7*** 387.1*** 145.2*** 
 (71.15) (69.01) (69.37) (70.24) (70.16) (21.12) 
Credit Rating -31.46*** -34.12*** -33.87*** -34.04*** -31.20*** -14.07*** 
 (10.53) (10.50) (10.33) (10.61) (10.48) (2.506) 
Constant 249.4 281.3* 276.9* 276.0* 245.5 -90.98* 
 (154.0) (151.0) (148.5) (151.8) (153.7) (51.32) 
       
Observations 251,469 251,469 251,469 251,469 251,469 251,469 
R-squared 0.716 0.726 0.728 0.732 0.717 0.825 
Time FE Yes Yes Yes Yes Yes Yes 
Firm FE Yes Yes Yes Yes Yes No 
 
Table 14 – Regression output of: 
𝐶𝐷𝑆𝑖𝑡 = 𝛼 + 𝜆1𝛽1,𝑖𝑡 

𝐿𝐶𝐴𝑃𝑀 + 𝜆2𝛽2,𝑖𝑡 
𝐿𝐶𝐴𝑃𝑀 + 𝜆3𝛽3,𝑖𝑡 

𝐿𝐶𝐴𝑃𝑀 + 𝜆4𝛽4,𝑖𝑡 
𝐿𝐶𝐴𝑃𝑀 + 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽3𝐷𝐷𝑖𝑡 +

𝛽4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 + 𝛽5𝑅𝑒𝑡𝑖𝑡 + 𝛽6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽7𝑇𝐿𝑀𝑇𝐴𝑖𝑡 + 𝛽8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡, 
where 𝐶𝐷𝑆𝑖𝑡 (CDS Spread) is the mid-quote, 𝛽1,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 1) is the standard CAPM market risk driven 
by the covariance between individual and market return, 𝛽2,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 2) is liquidity risk driven by 
covariance between individual and market illiquidity, 𝛽3,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 3) is liquidity risk driven by the 
covariance between individual return and market illiquidity, 𝛽4,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 4) is liquidity risk driven by 
the covariance between individual illiquidity and market return. 𝛽𝑁,𝑖𝑡 

𝐿𝐶𝐴𝑃𝑀 (Net Beta) is the composite risk 
calculated as 𝛽1,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝛽2,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 − 𝛽3,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 𝛽4,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 . 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 (Bid-Ask Spr.) indicates the absolute bid-

ask spread, 𝐼𝑣𝑜𝑙𝑖𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑖𝑡 (DD) is the distance-
to-default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 (Put Skew) is the difference between the 2-month implied volatility of a put option 
that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑖𝑡  (6-month Ret.) is the 6-month stock return, 
𝑁𝐼𝑀𝑇𝐴𝑖𝑡 (Net Income Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑖𝑡 (Leverage Ratio) 
are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 (Credit Rating) is the S&P long-term credit 
rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects, 𝑐𝑖 (Firm FE) is the unobserved firm specific effect 
and 𝜀𝑖𝑡 is the error term. All variables are daily observations for U.S. firms, except for the credit rating 
(monthly) which is turned into a daily frequency. Model (1) – (5) include time and firm FE, model (6) 
only includes time FE. Clustered standard errors in parentheses, correcting for heteroscedasticity and 
possible correlation within clusters (firms). Significance: *** p<0.01, ** p<0.05, * p<0.1 
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controlling for the current level of illiquidity and default risk. This indicates that 

the risk of a CDS contract being illiquid during times of market illiquidity (second 

beta) results in a premium for the protection seller (positive sign). In addition, the 

risk a CDS contract is illiquid during times of low market returns (fourth beta) 

also results in a premium for the protection seller (negative sign). Note that the 

risk a CDS contract offers low returns during times of market illiquidity (third 

beta) has the expected negative sign, indicating a premium for the protection seller, 

however insignificant. In order to save space, we leave the equivalent sequential 

regression models without firm fixed effects for Appendix IX, which shows a similar 

pattern where all betas have the expected sign (although less significant). 

 

The correlations between the different betas are high (Table 15) and can lead to 

multicollinearity in regression analyses. Considering the VIF-levels of the betas 

(reported in the Appendix IV), the third beta can cause multicollinearity problems 

(3.00). We deal with this by using the earlier defined net beta, such that we fix the 

risk premia for the different betas to be the same. Including only the net beta would 

not allow us to disentangle the premium for market risk (beta 1) and liquidity risk 

(beta 2, 3, 4). In line with Acharya and Pedersen (2005), we specify regression (5) 

including both beta 1 and the net beta. The net beta has the expected positive 

sign suggesting the protection seller earns the liquidity risk premium, but the coef-

ficient is insignificant. The first beta has a negative coefficient, which should not 

be interpreted as a negative premium for standard CAPM market risk. The first 

beta is also included in the net beta, making the premium for the first beta positive 

(20.53-17.98) but close to zero. 

 
 -(1) -(2) -(3) -(4) 

Variables     
     

(1) Beta 1 1.00    
(2) Beta 2 0.43 1.00   
(3) Beta 3 0.77 0.54 1.00  
(4) Beta 4 0.39 0.75 0.50 1.00 

 
Table 15 – Correlation matrix between the daily liquidity risk variables for U.S. firms. Beta 1 is the 
standard CAPM market risk driven by the covariance between individual and market return, Beta 2 is 
liquidity risk driven by covariance between individual and market illiquidity, Beta 3 is liquidity risk 
driven by the covariance between individual return and market illiquidity, Beta 4 is liquidity risk driven 
by the covariance between individual illiquidity and market return.  
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Specification (6) shows the output of the net beta regression model including only 

time fixed effects. Although insignificant, the data indicates that the premium for 

liquidity risk is earned by the protection buyer (negative sign). This is a surprising 

result, given that the individual liquidity betas imply that the premium is earned 

by the protection seller. Since methodology tests demonstrate there are omitted 

unobserved effects in the regression models, we consider the model including firm 

fixed effects (specification (1) to (5)) as leading in forming our conclusions. How-

ever, specification (6) is included for comparison purposes with the output of the 

quantile regression (also without firm fixed effects) in the next section. The results 

on the pricing of liquidity risk over the full sample period are inconclusive, with a 

significant individual pricing of the second and fourth beta but a composite risk 

that is not priced. Since the correlation is high between the individual betas, we 

will focus on the net beta regression model in the following analyses. Therefore, we 

conclude that liquidity risk is not significantly priced over the full sample period in 

the U.S. market.  

 

Throughout the specification (1) to (4), the first beta has a non-significant coeffi-

cient, indicating that standard market risk is not priced. This result is not surpris-

ing, since the first beta represents systematic market risk, which is also captured 

by many control variables (Tang & Yan, 2008). Most control variables, including 

the current level of illiquidity, have the right sign and are significant. We experience 

a similar problem with the distance-to-default as in the empirical discussion on the 

first hypothesis. In addition, the put skew and past 6-month stock return have the 

expected sign but are mostly insignificant throughout the different specifications. 

 

The lack of a significant pricing of the LCAPM liquidity risk over the full sample 

in our data is in line with the abovementioned theoretical notion by Bongaerts et 

al. (2011). In short, co-movements of individual CDSs with market return or il-

liquidity should not be priced, since investors are not required to hold a share in 

the market portfolio (zero net supply asset). However, Tang and Yan (2008) and 

Lesplingart et al. (2012) find opposing results studying the U.S. CDS market be-

tween 1997 and 2006 and the European CDS market from 2005 to 2009 respectively. 

Both papers estimate one set of betas per firm (static betas) and therefore do not 

include firm fixed effects. Opposed to our results in specification (6) of Table 14, 



81 

 

both Tang and Yan (2008) and Lesplingart et al. (2012) find a significant positive 

effect of the composite liquidity measure (net beta) on CDS spreads. From this 

analysis, the reason behind the difference with respect to our results remains un-

clear. In line with Tang and Yan (2008) we do not attempt to quantify the economic 

significance of liquidity risk in the LCAPM since the betas are calculated over a 

short period of time. However, we note that the 𝑅2 is not much affected by adding 

the different liquidity betas in specification (5) versus the standard CAPM in spec-

ification (1). 

 

5.3.2 Full Sample Quantile Regression Results 

To check whether the obtained results hold along different conditional quantiles, 

we now turn to the output of the quantile regression approach in Table 16. Because 

the individual betas are highly correlated, we only analyse the net beta model. 

Note that we do not include firm fixed effects, and therefore the results of the 

quantile regression in Table 16 should be compared to specification (6) in Table 14, 

which shows a similar pattern. However, whereas the analysis on the conditional 

mean indicates an insignificant liquidity risk premium for the protection buyer, 

Table 16 shows that liquidity risk is significantly and negatively priced throughout 

the different quantiles. Unfortunately, the quantile regression methodology does not 

allow for a within data transformation to account for firm fixed effects. Because a 

model including fixed effects is preferable, we hold on to our conclusion that liquid-

ity risk in the U.S. CDS market is not priced over the full sample period. However, 

the quantile regression output suggests that this result is not robust to model spec-

ification. Hence, we will increase the robustness in the next section by portfolio 

formation. The significant control variables have the expected sign throughout the 

different quantiles, besides the aforementioned distance-to-default.  
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 (1)   
CDS Spread 10th 50th 90th 
    
Beta 1 71.85*** 71.54*** 99.97*** 
 (21.24) (16.14) (35.23) 
Net Beta -63.70*** -65.44*** -95.56*** 
 (24.66) (17.55) (35.76) 
    
Bid-Ask Spr. 6.466*** 11.49*** 18.58*** 
 (0.490) (0.471) (1.060) 
Implied Vol. 0.956*** 2.062*** 3.032*** 
 (0.205) (0.262) (0.391) 
DD -3.818** 0.342 4.992** 
 (1.625) (1.741) (2.450) 
Put Skew 0.661 -0.789 -1.678 
 (0.815) (1.140) (1.439) 
6-month Ret. -4.401 -5.462 -15.26** 
 (3.656) (4.310) (6.124) 
Net Income Rat. -127.1** -325.2*** -575.3*** 
 (51.65) (88.56) (176.8) 
Leverage Ratio 53.79*** 80.66*** 124.3*** 
 (13.21) (11.56) (19.87) 
Credit Rating -5.832*** -6.455*** -5.281*** 
 (1.233) (1.259) (1.324) 
Constant 67.11*** 19.20 -50.03 
 (23.11) (24.22) (32.05) 
    
Observations 251,469 251,469 251,469 
Pseudo R-squared 0.39 0.60 0.77 
Time FE Yes Yes Yes 
Firm FE No No No 
 
Table 16 – Quantile regression output for the 10th, 50th and 90th quantile of:  
𝐶𝐷𝑆𝑖𝑡 = 𝛼𝜏 + 𝜆𝜏,1𝛽1,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝜆𝜏,2𝛽𝑁,𝑖𝑡 
𝐿𝐶𝐴𝑃𝑀 +  𝛽𝜏,1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽𝜏,2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽𝜏,3𝐷𝐷𝑖𝑡 + 𝛽𝜏,4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 +

𝛽𝜏,5𝑅𝑒𝑡𝑖𝑡 + 𝛽𝜏,6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽𝜏,7𝑇𝐿𝑀𝑇𝐴𝑖𝑡 + 𝛽𝜏,8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿𝜏
′ 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡

 + 𝑢𝜏,𝑖𝑡, 
where 𝐶𝐷𝑆𝑖𝑡 (CDS Spread) is the mid-quote, 𝛽1,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 1) is the standard CAPM market risk driven 
by the covariance between individual and market return, 𝛽𝑁,𝑖𝑡 

𝐿𝐶𝐴𝑃𝑀 (Net Beta) is the composite risk calcu-
lated as 𝛽1,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝛽2,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 − 𝛽3,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 𝛽4,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 , 𝛽2,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 2) is liquidity risk driven by covariance 
between individual and market illiquidity, 𝛽3,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 3) is liquidity risk driven by the covariance 
between individual return and market illiquidity and 𝛽4,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 4) is liquidity risk driven by the 
covariance between individual illiquidity and market return. 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 (Bid-Ask Spr.) indicates the abso-
lute bid-ask spread, 𝐼𝑣𝑜𝑙𝑖𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑖𝑡 (DD) is the 
distance-to-default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 (Put Skew) is the difference between the 2-month implied volatility of a 
put option that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑖𝑡 (6-month Ret.) is the 6-month stock 
return, 𝑁𝐼𝑀𝑇𝐴𝑖𝑡 (Net Income Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑖𝑡 (Leverage 
Ratio) are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 (Credit Rating) is the S&P long-
term credit rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects and 𝑢𝜏,𝑖𝑡 is the error term. All variables 
are daily observations for U.S. firms, except for the credit rating (monthly) which is turned into a daily 
frequency. The regression is run with time fixed effects; bootstrapped (250 replications) clustered standard 
errors in parentheses, correcting for heteroscedasticity and possible dependencies within clusters (firms). 
Significance: *** p<0.01, ** p<0.05, * p<0.1 
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5.3.3 Portfolio Formation Results 

Robustness in the previous analysis is potentially lacking because we estimate the 

liquidity risk betas on a rolling half-year window. This may result in erroneously 

calculated betas (error-in-variable problem) and in order to diversify away this 

error, we compute portfolios as outlined in the methodology section. Table 17 re-

ports the results for the standard OLS regression with time fixed effects in specifi-

cation (1) and the quantile regression in specification (2). We do not include port-

folio fixed effects, since the firms within each portfolio are changing over time.  

 

From specification (1) in Table 17 we conclude that composite liquidity risk results 

in an insignificant but positive premium for the protection seller. Compared to 

specification (6) in Table 14 on individual CDS contracts, the liquidity premium 

switches sign. The contrasting results imply that the error-in-variable estimation 

bias is sizable. Since we have no reason to believe the estimation error is correlated 

across firms, we rely on the portfolio regression results in forming our conclusions. 

Specification (2) in Table 17 shows that liquidity risk is significantly priced with 

the expected sign for the highest conditional quantile. Hence, the protection seller 

requires a premium for liquidity risk, given that a CDS contract is underpredicted 

by the model (i.e. considered a high-risk firm by the market). Intuitively, the model 

is most likely to underpredict the CDS spread in turbulent times, implying that 

the crisis period might be a driving force in the pricing of liquidity risk. Therefore, 

the obtained result strengthens the argument to study the crisis and post-crisis 

period separately, as we will turn to in the next section. Analysing portfolios, we 

conclude that liquidity risk is priced and results in a premium for the protection 

seller at high conditional quantiles of U.S. CDS spreads over the period 2008-2012.  

 

The premium for standard CAPM market risk is close to zero (24.10-28.52) in 

specification (1). Regarding the control variables, we note that the put skew is 

significant with an unexpected sign. The fact that the correlation between put skew 

and implied volatility is high at the portfolio level (0.85) causes multicollinearity 

and erasing implied volatility from the regression reverses the sign of the put skew 

(unreported). The other control variables are less significant than in the analysis 

on individual CDS contracts, which can potentially be attributed to higher corre-

lations (see Appendix I for the full correlation matrix). 
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 (1) (2)   
CDS Spread  10th 50th 90th 

     
Beta 1 -28.52 0.460 -13.39 -28.24** 

 (22.32) (28.18) (15.95) (12.42) 
Net Beta 24.10 -1.506 10.98 28.83** 
 (23.16) (28.48) (16.34) (12.47) 
     
Bid-Ask Spr. 10.18*** 8.205*** 13.86*** 17.03*** 
 (1.469) (1.219) (1.248) (1.576) 
Implied Vol. 4.844* 1.469** 1.593 1.372 
 (2.421) (0.706) (0.977) (0.880) 
DD 8.813 -5.887 1.219 -2.529 
 (9.410) (5.878) (5.376) (4.360) 
Put Skew -5.237* 0.609 -3.509 -3.993* 
 (2.598) (1.031) (2.518) (2.227) 
6-month Ret. -7.970 -5.165 -12.55* -25.41*** 
 (9.990) (10.53) (7.548) (5.115) 
Net Income Rat. -1,585 -271.2 -416.5 -249.7 
 (896.1) (366.2) (305.4) (264.0) 
Leverage Ratio 106.2* 173.4*** 174.3*** 148.0*** 
 (52.62) (29.58) (38.68) (28.10) 
Credit Rating -15.01** -12.37*** -5.312* -5.885*** 
 (5.184) (4.761) (3.221) (2.219) 
Constant 76.53* 117.4** -39.00 8.870 
 (35.45) (57.58) (50.83) (30.22) 
     
Observations 10,378 10,378 10,378 10,378 
R-squared 0.957 0.672 0.806 0.901 
Time FE Yes Yes Yes Yes 
Portfolio FE No No No No 
 
Table 17 – Portfolio regression output of: 
𝐶𝐷𝑆𝑝𝑡 = 𝛼 + 𝜆1𝛽1,𝑝𝑡 

𝐿𝐶𝐴𝑃𝑀 + 𝜆2𝛽𝑁,𝑝𝑡  
𝐿𝐶𝐴𝑃𝑀 + 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑝𝑡 + 𝛽2𝐼𝑣𝑜𝑙𝑝𝑡 + 𝛽3𝐷𝐷𝑝𝑡 + 𝛽4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑝𝑡 + 𝛽5𝑅𝑒𝑡𝑝𝑡 +

𝛽6𝑁𝐼𝑀𝑇𝐴𝑝𝑡 + 𝛽7𝑇𝐿𝑀𝑇𝐴𝑝𝑡 + 𝛽8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑝𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑢𝑝𝑡,  
where 𝐶𝐷𝑆𝑝𝑡 (CDS Spread) is the mid-quote, 𝛽1,𝑝𝑡 

𝐿𝐶𝐴𝑃𝑀 (Beta 1) is the standard CAPM market risk driven 
by the covariance between individual and market return, 𝛽𝑁,𝑝𝑡  

𝐿𝐶𝐴𝑃𝑀 (Net Beta) is the composite risk calcu-
lated as 𝛽1,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝛽2,𝑝𝑡
𝐿𝐶𝐴𝑃𝑀 − 𝛽3,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 𝛽4,𝑝𝑡
𝐿𝐶𝐴𝑃𝑀 , 𝛽2,𝑝𝑡 

𝐿𝐶𝐴𝑃𝑀 (Beta 2) is liquidity risk driven by covariance 
between individual and market illiquidity, 𝛽3,𝑝𝑡 

𝐿𝐶𝐴𝑃𝑀 (Beta 3) is liquidity risk driven by the covariance 
between individual return and market illiquidity and 𝛽4,𝑝𝑡 

𝐿𝐶𝐴𝑃𝑀 (Beta 4) is liquidity risk driven by the 
covariance between individual illiquidity and market return. 𝐵𝑖𝑑𝐴𝑠𝑘𝑝𝑡 (Bid-Ask Spr.) indicates the abso-
lute bid-ask spread, 𝐼𝑣𝑜𝑙𝑝𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑝𝑡 (DD) is the 
distance-to-default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑝𝑡 (Put Skew) is the difference between the 2-month implied volatility of a 
put option that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑝𝑡 (6-month Ret.) is the 6-month stock 
return, 𝑁𝐼𝑀𝑇𝐴𝑝𝑡 (Net Income Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑝𝑡 (Leverage 
Ratio) are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑝𝑡 (Credit Rating) is the S&P long-
term credit rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects and 𝑢𝑝𝑡 is the error term. All variables 
are daily observations for U.S. firms, except for the credit rating (monthly) which is turned into a daily 
frequency. Model (1) is standard OLS output, model (2) is quantile regression output for the 10th, 50th 
and 90th quantile, with bootstrapped (250 replications) clustered standard errors. The quantile regression 
is reported with a pseudo r-squared goodness-of-fit measure. All regressions are run with time fixed effects; 
clustered standard errors in parentheses, correcting for heteroscedasticity and possible correlation within 
clusters (firms). Significance: *** p<0.01, ** p<0.05, * p<0.1 
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5.3.4 Crisis and Post-Crisis Analysis 

Over the full sample period 2008-2012, liquidity risk is only priced for the highest 

conditional quantile. To shed light on the drivers of this result, we research the 

crisis period (2008-2009) and post-crisis period (2010-2012) separately. We find that 

liquidity risk is priced in the U.S. CDS market during the crisis but not post-crisis, 

controlling for the current level of illiquidity and credit risk.  

 

Similarly to the method applied above, we alleviate concerns related to multicol-

linearity and the error-in-variable problem by investigating the net beta model in 

portfolio analyses. Table 18 shows the output of the regressions on the conditional 

mean in specification (1) - (2) and the quantile regressions in specification (3) - (4). 

Specification (1) and (2) imply that liquidity risk is priced during but not after the 

crisis. During the crisis, in specification (1), the premium is significantly different 

from zero at the 1% level and earned by the protection seller. Post-crisis, in speci-

fication (2), the coefficient has a positive but insignificant sign. These are important 

results, since they can serve as an explanation for the finding that liquidity risk is 

only priced at the highest conditional quantile over the full sample period. In other 

words, it confirms that the crisis period is characterised by high CDS spreads (un-

derpredicted by our full sample model) which contain a premium for liquidity risk. 

 

Considering the quantile regression output for the crisis in specification (3) shows 

that liquidity risk is priced at the median but not at the lower and upper quantile. 

This indicates that the significant and positive net beta of the conditional mean 

analysis in specification (1) is robust and not driven by outliers. Post-crisis, in 

specification (4), we find that liquidity risk is not significantly priced across any of 

the quantiles. This confirms the robustness of the analysis on the conditional mean 

in specification (2). The control variables are mostly in line with the expectation 

or otherwise discussed previously. 

 

Of the two papers that empirically apply the LCAPM to the CDS market, neither 

Tang and Yan (2008) nor Lesplingart et al. (2012) make a distinction between a 

crisis and non-crisis period but both papers include turbulent time periods. We add 

to this literature by giving an insight in the dynamics of liquidity risk pricing in 

two different regimes. We conclude that liquidity risk matters to an investor, only  
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 (1) (2) (3) Crisis  (4) Post-Crisis  
CDS Spread Crisis Post-Crisis 10th 50th 90th 10th 50th 90th 

         
Beta 1 -170.7*** -60.82 -119.5 -127.8** 19.55 5.411 -25.99 -42.47 
 (25.33) (39.42) (74.87) (61.05) (81.38) (19.47) (25.14) (27.96) 
Net Beta 169.4*** 62.25 122.4 124.2** -27.15 -5.454 25.49 45.17 
 (26.44) (41.81) (75.60) (62.61) (89.35) (20.62) (26.30) (29.99) 
         
Bid-Ask Spr. 10.64*** 15.61*** 8.619*** 13.82*** 15.91*** 10.75*** 15.22*** 18.54*** 
 (1.466) (0.612) (2.277) (0.849) (0.886) (3.230) (3.061) (3.572) 
Implied Vol. 5.834* 2.580** 2.050 2.537* 1.269 1.423*** 1.551* 2.982** 
 (2.809) (0.959) (1.333) (1.323) (1.333) (0.429) (0.799) (1.161) 
DD 28.46 3.829 15.71 20.64* 7.466 -8.957 3.171 5.124 
 (15.61) (6.192) (18.22) (11.86) (11.59) (7.415) (5.965) (5.350) 
Put Skew -6.636 -3.520*** 0.492 -5.983 -0.259 0.209 -2.314 -7.863** 
 (4.320) (1.016) (3.470) (4.224) (2.328) (0.726) (1.938) (3.296) 
6-month Ret. -2.292 -12.70 8.338 -4.697 -11.35** -26.23** -3.181 -22.97* 
 (13.34) (22.06) (16.06) (10.16) (5.493) (11.76) (18.98) (13.37) 
Net Income Rat. -1,671* -1,363*** -249.6 -703.6 16.79 -548.6* -701.0* -1,215* 
 (906.7) (407.8) (673.7) (429.7) (387.5) (310.0) (367.7) (641.2) 
Leverage Ratio -118.0 189.1*** 125.7 99.66 85.64 187.5*** 194.0*** 157.4*** 
 (166.0) (34.54) (94.38) (80.64) (52.93) (40.18) (39.35) (24.01) 
Credit Rating -25.00** -1.050 -15.44 -7.378 -11.77*** -6.304 -2.020 0.431 
 (9.593) (3.073) (13.28) (6.230) (4.041) (4.564) (4.061) (5.191) 
Constant 237.7 -148.4*** 79.89 -37.05 90.95 13.09 -119.6 -163.7 

 (167.2) (27.78) (213.0) (110.0) (74.22) (107.3) (104.1) (131.2) 
         

Observations 2,844 7,534 2,844 2,844 2,844 7,534 7,534 7,534 
R-squared 0.955 0.965 0.680 0.826 0.915 0.682 0.797 0.888 
Time FE Yes Yes Yes Yes Yes Yes Yes Yes 
Portfolio FE No No No No No No No No 

  



87 

 

(continued) 
Table 18 – Portfolio regression output comparing crisis (2008-2009) vs. post-crisis (2010-2012) of:  
𝐶𝐷𝑆𝑝𝑡 = 𝛼 + 𝜆1𝛽1,𝑝𝑡 

𝐿𝐶𝐴𝑃𝑀 + 𝜆2𝛽𝑁,𝑝𝑡  
𝐿𝐶𝐴𝑃𝑀 + 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑝𝑡 + 𝛽2𝐼𝑣𝑜𝑙𝑝𝑡 + 𝛽3𝐷𝐷𝑝𝑡 + 𝛽4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑝𝑡 + 𝛽5𝑅𝑒𝑡𝑝𝑡 +

𝛽6𝑁𝐼𝑀𝑇𝐴𝑝𝑡 + 𝛽7𝑇𝐿𝑀𝑇𝐴𝑝𝑡 + 𝛽8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑝𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑢𝑝𝑡,  
where 𝐶𝐷𝑆𝑝𝑡 (CDS Spread) is the mid-quote, 𝛽2,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 1) is the standard CAPM market risk driven 
by the covariance between individual and market return, 𝛽𝑁,𝑝𝑡  

𝐿𝐶𝐴𝑃𝑀 (Net Beta) is the composite risk calculated 
as 𝛽1,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝛽2,𝑝𝑡
𝐿𝐶𝐴𝑃𝑀 − 𝛽3,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 𝛽4,𝑝𝑡
𝐿𝐶𝐴𝑃𝑀 , 𝛽2,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 2) is liquidity risk driven by covariance between 
individual and market illiquidity, 𝛽3,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 3) is liquidity risk driven by the covariance between indi-
vidual return and market illiquidity and 𝛽4,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 4) is liquidity risk driven by the covariance between 
individual illiquidity and market return. 𝐵𝑖𝑑𝐴𝑠𝑘𝑝𝑡 (Bid-Ask Spr.) indicates the absolute bid-ask spread, 
𝐼𝑣𝑜𝑙𝑝𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑝𝑡 (DD) is the distance-to-default, 
𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑝𝑡 (Put Skew) is the difference between the 2-month implied volatility of a put option that is deep 
out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑝𝑡 (6-month Ret.) is the 6-month stock return, 𝑁𝐼𝑀𝑇𝐴𝑝𝑡 (Net In-
come Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑝𝑡 (Leverage Ratio) are the liabilities 
to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑝𝑡 (Credit Rating) is the S&P long-term credit rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 
(Time FE) are the time fixed effects and 𝑢𝑝𝑡 is the error term. All variables are daily observations for U.S. 
firms, except for the credit rating (monthly) which is turned into a daily frequency. Model (1) and (2) is 
standard OLS output, model (3) and (4) is quantile regression output for the 10th, 50th and 90th quantile, 
with bootstrapped (250 replications) clustered standard errors. Quantile regressions are reported with a 
pseudo r-squared goodness-of-fit measure. All regressions are run with time fixed effects; clustered standard 
errors in parentheses, correcting for heteroscedasticity and possible correlation within clusters (firms). Sig-
nificance: *** p<0.01, ** p<0.05, * p<0.1 

 

once liquidity in the total CDS market dries up. Recall that Bongaerts et al. (2011) 

argue that liquidity risk as defined in the LCAPM should not be priced since CDSs 

are in zero net supply. Specifically, an investor is not required to hold a positive 

share in the total CDS market portfolio and therefore the market portfolio liquidity 

or return should not affect the investor. We argue that this theoretical notion holds 

in calm markets, hence post-crisis liquidity risk is not priced. However, this reason-

ing might not apply during turbulent time periods. Recall from the descriptive 

analysis that the crisis period is characterised by extremely low levels of liquidity. 

A reason for the pricing of liquidity risk during this period can be that investors 

have more difficulties trading out of positions, since liquidity in the market is low. 

Hence, a protection seller finds it difficult to neutralise its exposure to the total 

CDS market and therefore requires a liquidity risk premium for the individual CDS 

contract.  

 

5.3.5 Alternative Approach 

Meine et al. (2015) develop a new approach for the pricing of liquidity commonality 

in CDS spreads, outlined in the methodology section above. Recall that the authors 

define liquidity risk as the 𝑅2 of a regression of the shock in individual CDS il-

liquidity on the shock in lagged, current and lead market illiquidity. Therefore, it 
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is a measure of liquidity commonality risk and related to the second beta in the 

LCAPM. The authors research the U.S. CDS market between 2004 and 2010, 

thereby partly covering our sample period. However, Meine et al. (2015) find that 

the premium for liquidity risk is earned by the protection buyer instead of the 

seller. In Table 19, we report the output of their 𝑅2 approach on our data. Speci-

fication (1) - (3) show the results for the 𝑅2 measure on the full sample (2008-

2012), crisis (2008-2009) and post-crisis (2010-2012) period, whereas specification 

(4) - (6) show the results for the second LCAPM beta (included for comparison). 

The analysis is conducted on individual CDS contracts (i.e. not portfolios) and all 

specifications include both time and firm fixed effects. From specification (1) - (3) 

it is clear that this measure indicates a liquidity risk premium for the protection 

buyer over the full sample, driven by the post-crisis period. These results are in 

line with the findings by Meine et al. (2015) but contrast the results in specification 

(4) - (6) on the second beta of LCAPM. Considering the LCAPM beta 2, we con-

clude that the liquidity risk premium is earned by the protection seller over the full 

sample period, driven by the crisis period. 

 

Meine et al. (2015) argue that a high liquidity commonality increases the predict-

ability of the value of an individual CDS contract. The risk of calibrating pricing 

models erroneously becomes smaller, hence the protection seller can set a lower bid-

ask spread. This reasoning may be correct, but it does not invalidate the argument 

made by Acharya and Pedersen (2005) that market makers are affected by market 

illiquidity and prefer to hold liquid assets in that case. In addition, it is counterin-

tuitive that a protection seller requires a premium for an illiquid CDS contract but 

grants a premium for a CDS contract that is generally illiquid once the market is 

illiquid (i.e. liquidity risk).  

 

Since the LCAPM and the method of Meine et al. (2015) result in contrasting 

evidence on the recipient of the liquidity risk premium, we search for an explana-

tion. First, we calculate the 𝑅2 of a regression of the individual illiquidity shock on 

the current market illiquidity shock, thereby leaving out the lagged and lead values. 

This new 𝑅2 measure is closer related to the second beta in the LCAPM, since 

Equation 6 shows that the second beta is based on a covariance between the current 

individual illiquidity shock and market illiquidity shock. However, employing this 
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new 𝑅2 variable in a regression results in a similar output (unreported) to the 

original 𝑅2 measure, where the protection buyer earns the risk premium over the 

full sample period and post-crisis.  

 
 (1) (2) (3) (4) (5) (6) 

CDS Spread Overall Crisis Post-Crisis Overall Crisis Post-Crisis 
       

R2 -37.17*** -4.710 -43.77***    
 (9.275) (44.31) (11.18)    
Beta 2    1,191* 1,339* -557.0 
    (694.4) (762.4) (357.6) 
       
Bid-Ask Spr. 8.509*** 6.754*** 9.008*** 7.764*** 6.022*** 9.193*** 
 (0.800) (0.869) (1.114) (0.681) (0.877) (1.221) 
Implied Vol. 3.061*** 3.197*** 2.302*** 2.690*** 2.629*** 2.270*** 
 (0.470) (0.767) (0.599) (0.409) (0.550) (0.613) 
DD -0.320 -3.399 -1.971 0.264 -0.892 -1.740 
 (4.005) (11.81) (2.799) (4.220) (11.78) (2.983) 
Put Skew 1.294 -2.066 2.098*** 0.787 -2.349 2.065*** 
 (0.832) (1.800) (0.578) (0.930) (1.835) (0.612) 
6-month Ret. -13.96** -40.16*** -40.20*** -10.41 -34.47*** -38.85*** 
 (5.837) (8.361) (5.511) (6.459) (8.497) (5.889) 
Net Income Rat. -332.5*** -286.8** -285.4** -329.3*** -261.6** -280.7** 
 (116.2) (116.4) (117.2) (119.7) (117.5) (113.1) 
Leverage Ratio 387.4*** 311.2** 304.9*** 422.4*** 413.7*** 301.3*** 
 (70.44) (140.0) (54.93) (68.31) (111.9) (55.68) 
Credit Rating -30.79*** -36.46*** -23.18*** -34.00*** -48.94*** -23.79*** 
 (10.58) (14.00) (6.487) (10.52) (18.25) (6.773) 
Constant 241.9 369.9 196.0** 279.7* 516.2* 204.9** 
 (154.6) (245.8) (98.99) (150.6) (290.0) (102.6) 
       
Observations 250,588 83,120 167,468 251,469 83,780 167,689 
R-squared 0.719 0.616 0.617 0.726 0.629 0.617 
Time FE Yes Yes Yes Yes Yes Yes 
Firm FE Yes Yes Yes Yes Yes Yes 
 
Table 19 – Crisis (2008-2009) vs. post-crisis (2010-2012) regression output of: 
𝐶𝐷𝑆𝑖𝑡 = 𝛼 + (𝛽1𝑅𝑠𝑞𝑖𝑡) + (𝜆1𝛽2,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀) + 𝛽2𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽3𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽4𝐷𝐷𝑖𝑡 + 𝛽5𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 + 𝛽6𝑅𝑒𝑡𝑖𝑡 +
𝛽7𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽8𝑇𝐿𝑀𝑇𝐴𝑖𝑡 + 𝛽9𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡,  
where 𝐶𝐷𝑆𝑖𝑡 (CDS Spread) is the mid-quote and 𝑅𝑠𝑞𝑖𝑡 (R2) is the novel measure of liquidity commonality 
by Meine et al. (2015) defined as the R-squared of a regression of individual illiquidity shock on lagged, 
current and lead market illiquidity shock and 𝛽2,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 2) is liquidity risk driven by covariance 
between individual and market illiquidity. 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 (Bid-Ask Spr.) indicates the absolute bid-ask spread, 
𝐼𝑣𝑜𝑙𝑖𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑖𝑡 (DD) is the distance-to-default, 
𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 (Put Skew) is the difference between the 2-month implied volatility of a put option that is deep 
out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑖𝑡  (6-month Ret.) is the 6-month stock return, 𝑁𝐼𝑀𝑇𝐴𝑖𝑡  (Net 
Income Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑖𝑡 (Leverage Ratio) are the liabil-
ities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 (Credit Rating) is the S&P long-term credit rating, 
𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects, 𝑐𝑖 (Firm FE) is the unobserved firm specific effect and 
𝜀𝑖𝑡 is the error term. All variables are daily observations for U.S. firms, except for the credit rating 
(monthly) which is turned into a daily frequency. All models include time and firm FE. Model (1) – (3) 
include 𝑅2 measure and compare full period versus sub-samples. Model (4) – (6) include Beta 2. Clustered 
standard errors in parentheses, correcting for heteroscedasticity and possible correlation within clusters 
(firms). Significance: *** p<0.01, ** p<0.05, * p<0.1
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Second, we use the correlation between the individual CDS illiquidity shock and 

market illiquidity shock as liquidity commonality measure. Note that the 𝑅2 of a 

single linear regression and the correlation between the two variables of that re-

gression are two sides of the same coin. Therefore, it is not surprising that we find 

a negative coefficient (premium for protection buyer) over the full sample driven 

by the post-crisis period once we run the regressions with the correlation as proxy 

for liquidity commonality (unreported regression).  

 

This leaves us with an LCAPM beta (which is a covariance standardized by the 

variance of the net market return) and a correlation that result in opposing evi-

dence on the pricing of liquidity risk. In order to check whether the denominator 

of the beta (variance of net market return) is the driving force, we run unreported 

regressions with the covariance between the current individual illiquidity shock and 

the market illiquidity shock. The output indicates that the “beta results” still hold; 

the covariance as proxy for liquidity commonality shows that liquidity risk earns 

the protection seller a premium during the crisis but not after. However, when we 

use the correlation as liquidity commonality, we find that liquidity risk earns the 

protection buyer a premium after but not during the crisis. Generally, a correlation 

and covariance are considered to measure the same effect. Clearly, this does not 

hold in our case. The relationship between the correlation and covariance in terms 

of the notation used above is:  

𝑐𝑜𝑟𝑟(𝑐𝑡
𝑖 − 𝐸𝑡−1(𝑐𝑡

𝑖), 𝑐𝑡
𝑀 − 𝐸𝑡−1(𝑐𝑡

𝑀)) 

= 

𝑐𝑜𝑣(𝑐𝑡
𝑖 − 𝐸𝑡−1(𝑐𝑡

𝑖), 𝑐𝑡
𝑀 − 𝐸𝑡−1(𝑐𝑡

𝑀))

𝑠𝑑(𝑐𝑡
𝑖 − 𝐸𝑡−1(𝑐𝑡

𝑖)) ∗ 𝑠𝑑(𝑐𝑡
𝑀 − 𝐸𝑡−1(𝑐𝑡

𝑀))
 

(32)  

In words, the difference between the two measures is that the covariance is scaled 

by the product of the two standard deviations to obtain the correlation. We report 

a correlation matrix in Table 20, in order to find out whether the standard deviation 

of the individual CDS contract illiquidity shock, the standard deviation of the mar-

ket illiquidity shock or a combination of the two is driving the difference in results. 

The tilde on the illiquidity variables defines the shock and not the actual level of 

illiquidity.  
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  (1)  (2)  (3)  (4)  (5)  (6)  (7) 
Variables        
        
(1) CDS Spread 1.00       
(2) Beta 2 0.57 1.00      
(3) R2 0.04 0.33 1.00     
(4) Cov(𝑐�̃�

𝑖, 𝑐�̃�
𝑀) 0.56 0.85 0.19 1.00    

(5) Corr(𝑐�̃�
𝑖, 𝑐�̃�

𝑀) 0.08 0.42 0.86 0.24 1.00   
(6) SD(𝑐�̃�

𝑖) 0.81 0.69 0.01 0.73 0.05 1.00  
(7) SD(𝑐�̃�

𝑀) 0.24 0.23 0.14 0.32 0.19 0.27 1.00 
 
Table 20 – Correlation matrix between the CDS spread (mid-quote), LCAPM Beta 2 as measure of 
liquidity commonality driven by covariance between the shock in individual and market illiquidity stand-
ardized by the variance of net market return, R2 measure developed by Meine et al. (2015) and defined 
as the R-squared of a regression of the shock in individual illiquidity on the shock in current market 
illiquidity, Cov(𝑐�̃�

𝑖, 𝑐�̃�
𝑀) is the numerator of Beta 2 and the covariance between the shock in individual 

illiquidity and the shock in market illiquidity, Corr(𝑐�̃�
𝑖, 𝑐�̃�

𝑀) is the correlation of the aforementioned vari-
ables, SD(𝑐�̃�

𝑖) is the standard deviation of the shock in individual illiquidity and finally SD(𝑐�̃�
𝑀) is the 

standard deviation of the shock in market illiquidity. 

 

As a first observation, the correlation between the CDS spread and the 𝑅2 measure 

is small (0.04), whereas beta 2 strongly correlates with the CDS spread (0.57). A 

similar observation can be made for the covariance versus the correlation. Since the 

standard deviation of the individual CDS contract illiquidity shock correlates 

strongly with the covariance (0.73), this is where the difference in regression results 

comes from. The covariance and correlation generally give the same results if the 

product of the individual standard deviations is constant. However in this case, the 

product is not constant. In fact, it co-moves with the covariance due to the standard 

deviation of the individual CDS contract illiquidity shock. So in a situation where 

the covariance (i.e. second LCAPM beta) increases and has a positive effect on the 

CDS spread, the correlation increases to a lesser degree or even decreases because 

the denominator in Equation 32 increases.  

 

Having identified where the difference in regression results comes from, it is im-

portant to value which of the two methods is a better proxy of liquidity common-

ality risk. We argue that the beta displays more information about the size of the 

liquidity commonality risk than the 𝑅2. The difference between a covariance and 

correlation is that the latter is bounded between -1 and 1. Therefore, the correlation 

(or 𝑅2 measure) indicates to what extent individual and market illiquidity move 

together. However, the beta shows how large the effect of market illiquidity on 

individual CDS contract illiquidity is. From the CAPM theory, we know that the 

standard market beta is not only the scaled covariance between the market and 
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individual asset return, it is also the coefficient of a regression of individual return 

on market return. In other words, in the standard CAPM, the beta can be inter-

preted as the size of the effect of a one unit increase in excess market return on 

individual return. Applying that theory to liquidity commonality risk, the beta 

contains information on the size of the effect of market illiquidity on individual 

illiquidity. A trader in CDS contracts is not interested in whether market illiquidity 

and the illiquidity of the CDS contract move together per se, rather the trader 

wants to know how large the effect of market illiquidity on the CDS contracts 

illiquidity is. If that effect is large, the liquidity commonality risk is also large. 

Therefore, we stick to our conclusions made above on the pricing of liquidity risk 

and regard the novel 𝑅2 measure developed by Meine et al. (2015) secondary in 

respect to the LCAPM. 

 

5.3.6  Robustness Check 

As a robustness check, and in line with the analysis of the first two hypotheses, we 

remove the financial firms from our sample. Since that changes the market portfolio, 

we calculate the liquidity betas again. The portfolio output for the net beta model 

is reported in Appendix X and results into the same conclusion as based on the 

total sample: liquidity risk is priced during the crisis and earns the protection seller 

a premium in the U.S. CDS market. After the financial crisis, liquidity risk is not 

priced. Hence, the results do not rely on the inclusion of financial firms. 
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6 Conclusion 
In this paper, we examine the effects of illiquidity and liquidity risk on corporate 

CDS spreads and the determinants of CDS illiquidity in the U.S. market over the 

period 2008-2012. Contemporaneous levels of illiquidity are priced and result in a 

premium for the protection seller throughout the crisis and post-crisis period. 

Therefore we conclude, in line with previous research, that CDS spreads are not a 

pure measure of credit risk and investors demand an illiquidity premium. This 

result is of importance to market participants trying to hedge credit risk and there-

fore buy CDS protection. A considerable part of the costs related to such a hedge 

are determined by illiquidity rather than credit risk, which needs to be taken into 

consideration before engaging in a contract. 

 

Since illiquidity matters to traders in the CDS market, we investigate what the 

main drivers of illiquidity are. Using different proxies, we find that inventory costs, 

asymmetric information and funding constraints all affect illiquidity irrespective of 

the economic regime. Inventory costs are the main determinant and can alone ex-

plain 37% of the variation in illiquidity. This result is important because it increases 

the transparency in the market. After the financial crisis it became evident that 

not only traders but society in general gains by a liquid CDS market. In efforts to 

prevent liquidity dry-ups, policy makers and traders should be aware of the main 

drivers of illiquidity. 

 

In an attempt to bridge the gap between theory and empirical research on the 

pricing of liquidity risk in the CDS market, we investigate whether liquidity risk is 

priced covering a crisis and post-crisis period in the U.S. The main finding indicates 

that liquidity risk results in a premium for the protection seller during but not after 

the crisis. As a potential reason, we suggest that a protection seller experiences 

difficulties neutralising his position during a crisis, is therefore exposed to the CDS 

market portfolio and requires a premium for liquidity risk. However, in tranquil 

periods, the protection seller does not have to invest a positive fraction of his port-

folio in the CDS market portfolio since it is a zero net supply asset. Hence, the 

investor does not require a premium for liquidity risk in tranquil periods. To the 



94 

 

best of our knowledge, this is a new finding and adds to the existing body of liter-

ature. 

 

We show that the economic regime has an impact on the pricing of liquidity risk in 

the U.S. CDS market. Future research should focus on confirmation using a differ-

ent data set and different liquidity risk proxies. If the results continue to hold, it is 

of interest to find a theoretical explanation for the differential impact of liquidity 

risk on CDS spreads under different economic regimes. 
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Appendices 
Appendix I - Correlation Matrices between Main Variables of Interest 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) 
Variables   
   
(1) CDS Spread 1.00  
(2) Beta 1 0.35 1.00  
(3) Beta 2 0.56 0.43 1.00  
(4) Beta 3 0.38 0.77 0.54 1.00  
(5) Beta 4 0.51 0.39 0.75 0.50 1.00  
(6) Net Beta 0.31 0.99 0.37 0.70 0.31 1.00  
(7) Bid-Ask Spr. 0.85 0.33 0.53 0.36 0.50 0.29 1.00  
(8) Implied Vol. 0.65 0.30 0.44 0.35 0.40 0.26 0.55 1.00  
(9) DD -0.44 -0.15 -0.21 -0.18 -0.21 -0.14 -0.34 -0.69 1.00  
(10) Put Skew 0.33 0.19 0.30 0.25 0.28 0.17 0.29 0.54 -0.36 1.00  
(11) 6-m. Ret. 0.00 -0.14 -0.09 -0.05 -0.03 -0.15 -0.01 -0.05 -0.15 -0.11 1.00  
(12) Net Inc. Rat. -0.28 -0.09 -0.13 -0.06 -0.13 -0.08 -0.21 -0.26 0.19 -0.12 0.01 1.00  
(13) Leverage Rat. 0.49 0.21 0.28 0.24 0.28 0.18 0.34 0.42 -0.39 0.24 0.02 -0.25 1.00  
(14) Credit Rating -0.55 -0.18 -0.19 -0.19 -0.21 -0.16 -0.41 -0.35 0.37 -0.07 -0.14 0.19 -0.38 1.00 
   
Table X1 – Correlation matrix between the main variables of interest and the credit controls, related to Hypothesis 1 & 3. CDS Spread is calculated as the mid-quote, Beta 1 
is the standard CAPM market risk driven by the covariance between individual and market return, Beta 2 is liquidity risk driven by covariance between individual and market 
illiquidity, Beta 3 is liquidity risk driven by the covariance between individual return and market illiquidity, Beta 4 is liquidity risk driven by the covariance between individual 
illiquidity and market return, Net Beta is the composite risk factor calculated as (Beta 1 + Beta 2 – Beta 3 – Beta 4), Bid-Ask Spr. indicates the absolute bid-ask spread, 
Implied Vol. is the 2-month put option implied volatility, DD is the distance-to-default, Put Skew is the difference between the 2-month implied volatility of a put option that is 
deep out-of-the-money and at-the-money, 6-m. Ret. is the 6-month stock return, Net Inc. Rat. is the net income to market value of total assets, Leverage Rat. are the liabilities 
to market value of total assets and Credit Rating is the S&P long-term credit rating. 
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 (1) (2) (3) (4) (5) (6) (7) 
Variables   
   
(1) Bid-Ask Spr. 1.00   
(2) CDS Spr. Volatil. 0.64 1.00   
(3) Gross Not. Out. -0.08 0.06 1.00   
(4) Relative Size -0.45 -0.19 0.07 1.00   
(5) Gross Not. Tr. Vol. 0.02 0.08 0.51 -0.01 1.00   
(6) TED Spread 0.32 0.20 0.02 -0.03 0.05 1.00  
(7) Market Illiq. 0.35 0.21 0.02 -0.02 0.05 0.89 1.00 
 
Table X2 – Correlation matrix between the variables related to Hypothesis 2. Bid-Ask Spr. indicates 
the absolute bid-ask spread, CDS Spr. Volatil. is the 30-day CDS spread volatility, Gross Not. Out. is 
the log of gross notional amount outstanding, Relative Size is the log ratio of a firm’s total market 
capitalization and the total market value of S&P500 index, Gross Not. Tr. Vol. is the log of the absolute 
gross notional traded volume, TED Spread is the difference between 3-month LIBOR and 3-month U.S. 
Treasury bill rate, Market Illiq. is the average illiquidity over all firms for a given day excluding the 
observation firm.  
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 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) 

Variables   
   
(1) CDS Spread 1.00  
(2) Beta 1 0.50 1.00  
(3) Beta 2 0.76 0.58 1.00  
(4) Beta 3 0.46 0.70 0.58 1.00  
(5) Beta 4 0.81 0.44 0.73 0.54 1.00  
(6) Net Beta 0.46 0.99 0.54 0.62 0.37 1.00  
(7) Bid-Ask Spr. 0.95 0.55 0.86 0.53 0.83 0.51 1.00  
(8) Implied Vol. 0.82 0.47 0.63 0.42 0.68 0.44 0.82 1.00  
(9) DD -0.59 -0.29 -0.33 -0.20 -0.39 -0.27 -0.55 -0.73 1.00  
(10) Put Skew 0.61 0.40 0.52 0.40 0.57 0.36 0.64 0.85 -0.48 1.00  
(11) 6-m. Ret. -0.02 -0.12 -0.16 -0.12 -0.16 -0.12 -0.04 -0.12 -0.23 -0.32 1.00  
(12) Net Inc. Rat. -0.75 -0.27 -0.55 -0.19 -0.57 -0.25 -0.71 -0.66 0.55 -0.45 0.03 1.00  
(13) Leverage Rat. 0.80 0.41 0.49 0.32 0.55 0.39 0.71 0.73 -0.68 0.52 0.05 -0.66 1.00  
(14) Credit Rating -0.74 -0.38 -0.42 -0.34 -0.51 -0.35 -0.64 -0.54 0.57 -0.27 -0.16 0.55 -0.82 1.00 
   
Table X3 – Portfolio correlation matrix between the main variables of interest and the credit controls, related to Hypothesis 3. CDS Spread is calculated as the mid-quote, Beta 
1 is the standard CAPM market risk driven by the covariance between individual and market return, Beta 2 is liquidity risk driven by covariance between individual and market 
illiquidity, Beta 3 is liquidity risk driven by the covariance between individual return and market illiquidity, Beta 4 is liquidity risk driven by the covariance between individual 
illiquidity and market return, Net Beta is the composite risk factor calculated as (Beta 1 + Beta 2 – Beta 3 – Beta 4), Bid-Ask Spr. indicates the absolute bid-ask spread, 
Implied Vol. is the 2-month put option implied volatility, DD is the distance-to-default, Put Skew is the difference between the 2-month implied volatility of a put option that is 
deep out-of-the-money and at-the-money, 6-m. Ret. is the 6-month stock return, Net Inc. Rat. is the net income to market value of total assets, Leverage Rat. are the liabilities 
to market value of total assets and Credit Rating is the S&P long-term credit rating. 
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Appendix II - Distance-to-Default Calculation 
This appendix presents a brief overview of our approach to estimate distance-to-

default in the framework of the Merton (1974) model and in line with Crosbie and 

Bohn (2003) and Vassalou and Xing (2004). The Merton (1974) model shows that 

the equity value of a firm can be viewed as a European call option on the total 

asset value given by the following expression: 

𝐸 = 𝑉𝛮(𝑑1) − 𝑒−𝑟𝑇 𝐷𝛮(𝑑2) ≡ 𝑓(𝑉 , 𝜎𝑣, 𝑟, 𝐷, 𝑇 ) (1)  

where 𝐸 refers to the equity value, 𝑉  is the asset value, 𝑁(. ) is the standard nor-

mal cumulative density function, 𝑟 is the risk-free interest rate, 𝐷 is the face value 

of debt, 𝜎𝑣 is the volatility of the asset value and 𝑇  is the maturity time of debt. 

The 𝑑1 and 𝑑2 are given as: 

𝑑1 =
𝑙𝑛(𝑉

𝐷) + (𝑟 + 1
2 𝜎𝑣

2)𝑇
𝜎𝑣

√
𝑇

 (2)  

𝑑2 = 𝑑1 − 𝜎𝑣
√

𝑇  (3)  

The KMV-Merton model is based on two equations. The first is Equation 1, the 

Black-Scholes-Merton equation, which gives the value of equity as a function of the 

asset value of the firm. The second expression is Equation 4 that shows the rela-

tionship between the equity volatility and the volatility of the firm’s asset value. 

This expression follows from Ito’s lemma (see Vassalou & Xing, 2004) and is given 

by: 

𝜎𝐸 =
𝑉
𝐸

𝜕𝐸
𝜕𝑉

𝜎𝑣 =
𝑉
𝐸

𝛮(𝑑1)𝜎𝑣 ≡ 𝑔(𝑉 , 𝜎𝑣, 𝑟, 𝐷, 𝑇 ) (4)  

 

where 𝜎𝐸  is the equity volatility and 𝑑1  is defined as above. The KMV-Merton 

model uses Equation 1 and 4 to arrive at a risk-measure called distance-to-default: 

𝐷𝐷𝑀𝑒𝑟𝑡𝑜𝑛 =
𝑙𝑛 (𝑉

𝐷) + (𝑟 − 1
2 𝜎𝑣

2) 𝑇
𝜎𝑣

√
𝑇

≈
𝑉0 − 𝐷𝑃𝑇

𝜎𝑣𝑉0
= 𝐷𝐷𝐾𝑀𝑉  (5)  
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Where 𝐷𝑃𝑇  is the default point, or the value of assets at which the firm defaults 

(Crosbie & Bohn, 2003). Following the convention in the literature and Vassalou 

and Xing (2004) in particular, we assume that the default point is the short-term 

liabilities plus half the long-term liabilities.  

 

Key is to realise that we have two nonlinear equations (Equation 1 and 4) and two 

unknowns (𝑉   and 𝜎𝑣 ), which we solve simultaneously using Newton’s-iterative 

method as a system of equations in Matlab:  

 

{
𝑓(𝑉 , 𝜎𝑣) − 𝐸 = 0                            (6𝐴)     
𝑔(𝑉 , 𝜎𝑣) − 𝜎𝐸 = 0                           (6𝐵)      

 

To implement this iterative procedure we source from Bloomberg and the FRED 

database the equity volatility, market value of equity, risk-free rate and value of 

liabilities. With the estimated asset value and volatility, the distance-to-default can 

be calculated for each firm and each day. 
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Appendix III - Descriptive Statistics of Original Data Set 
 (1) (2) (3) (4) (5) 
Variables N Mean SD Min Max 

      
Overall      
CDS Spread 281,996 194.4 292.9 12.54 13,894 
Bid-Ask Spread 281,996 12.88 28.01 0 5,008 
Beta 1 253,996 0.479 2.123 -48.28 90.29 
Beta 2 253,996 0.027 0.525 -0.071 33.20 
Beta 3 253,996 0.092 0.472 -3.809 26.56 
Beta 4 253,996 0.043 0.528 -2.730 31.73 
Implied Volatility (put) 281,248 37.80 22.81 8.097 805.1 
DD 281,962 3.080 1.466 -1.032 10.06 
Put Skew 281,248 3.811 5.982 -349.7 490.8 
6-month Return 281,996 0.104 0.429 -0.881 18.89 
Net Income Ratio 281,995 0.006 0.023 -0.593 0.141 
Leverage Ratio 281,995 0.520 0.209 0.070 0.997 
CDS Spread Volatility 275,499 7.531 25.51 0.187 1,227 
Gross Not. Outstanding 226,490 9.984 0.347 9.191 11.11 
Relative Size 281,995 -2.925 0.549 -4.870 -1.258 
Gross Not. Traded Vol. 225,401 17.71 1.741 7.361 24.68 
TED Spread 281,996 0.587 0.636 0.090 4.580 
Market Illiquidity 281,996 12.65 4.937 6.680 32.15 
      
Crisis      
CDS Spread 113,100 232.9 400.9 14.72 13,894 
Bid-Ask Spread 113,100 16.54 42.80 0 5,008 
Beta 1 85,100 0.593 3.339 -48.28 90.29 
Beta 2 85,100 0.065 0.906 -0.071 33.20 
Beta 3 85,100 0.128 0.782 -1.723 26.56 
Beta 4 85,100 0.078 0.905 -2.730 31.73 
Implied Volatility (put) 112,875 48.85 27.19 12.98 352.2 
DD 113,083 2.339 1.187 -1.032 8.616 
Put Skew 112,875 4.795 5.603 -118.4 490.8 
6-month Return 113,100 0.111 0.623 -0.881 18.89 
Net Income Ratio 113,099 0.003 0.031 -0.593 0.135 
Leverage Ratio 113,099 0.533 0.213 0.070 0.997 
CDS Spread Volatility 106,603 11.86 39.66 0.373 1,227 
Gross Not. Outstanding 64,304 9.991 0.350 9.245 11.11 
Relative Size 113,099 -2.927 0.556 -4.784 -1.258 
Gross Not. Traded Vol. 63,225 17.91 1.741 9.720 24.68 
TED Spread 113,100 1.049 0.796 0.150 4.580 
Market Illiquidity 113,100 15.96 5.948 7.960 32.15 
      
Post-Crisis      
CDS Spread 168,896 168.6 184.4 12.54 2,278 
Bid-Ask Spread 168,896 10.43 8.235 1 114.2 
Beta 1 168,896 0.421 1.073 -29.48 41.88 
Beta 2 168,896 0.008 0.012 -0.020 0.195 
Beta 3 168,896 0.074 0.161 -3.809 6.370 
Beta 4 168,896 0.026 0.076 -0.444 1.043 
Implied Volatility (put) 168,373 30.40 15.40 8.097 805.1 
DD 168,879 3.576 1.424 0.181 10.06 
Put Skew 168,373 3.152 6.136 -349.7 375.5 
6-month Return 168,896 0.100 0.218 -0.751 3.528 
Net Income Ratio 168,896 0.007 0.014 -0.271 0.141 
Leverage Ratio 168,896 0.511 0.206 0.133 0.991 
CDS Spread Volatility 168,896 4.798 7.016 0.187 157.4 
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(continued)      
Gross Not. Outstanding 162,186 9.981 0.345 9.191 10.96 
Relative Size 168,896 -2.924 0.544 -4.870 -1.438 
Gross Not. Traded Vol. 162,176 17.63 1.735 7.361 24.39 
TED Spread 168,896 0.278 0.117 0.090 0.570 
Market Illiquidity 168,896 10.43 2.176 6.680 17.55 
 
Table X4 – Descriptive statistics of all original (non-winsorised) variables for U.S. firms. Distinction 
made between overall period (2008-2012), crisis (2008-2009) and post-crisis (2010-2012) period. CDS 
Spread is the mid-quote, Bid-Ask Spread indicates the absolute bid-ask spread, Beta 1 is the standard 
CAPM market risk driven by the covariance between individual and market return, Beta 2 is liquidity 
risk driven by covariance between individual and market illiquidity, Beta 3 is liquidity risk driven by the 
covariance between individual return and market illiquidity, Beta 4 is liquidity risk driven by the covar-
iance between individual illiquidity and market return, Implied Volatility is the 2-month put option 
implied volatility, DD is the distance-to-default, Put Skew is the difference between the 2-month implied 
volatility of a put option that is deep out-of-the-money and at-the-money, 6-month Return is the 6-
month stock return, Net Income Ratio is the net income to market value of total assets, Leverage Ratio 
are the liabilities to market value of total assets, CDS Spread Volatility is the 30-day CDS spread 
volatility, Gross Not. Outstanding is the log of gross notional amount outstanding, Relative Size is the 
log ratio of a firm’s total market capitalisation relative to the market value of the S&P500 index, Gross 
Not Traded Vol. is the log of the absolute gross notional traded volume, TED Spread is the difference 
between 3-month LIBOR and 3-month U.S. Treasury bill rate, Market Illiquidity is the average illiquidity 
over all firms for a given day excluding the observation firm. All variables are daily observations, except 
for the log gross notional outstanding and traded volume (weekly) which are turned into a daily fre-
quency. 
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Appendix IV - Variance-Inflation-Factors (VIF) 
  
Variables VIF 
  
Bid-Ask Spr. 1.60 
Implied Vol. 4.48 
DD 3.20 
Put Skew 1.56 
6-month Ret. 1.35 
Net Income Rat. 1.15 
Leverage Ratio 1.39 
Credit Rating 1.55 
 
Table X5 – Variance-Inflation-Factors (VIF) for the explanatory variables of Hypothesis 1. A VIF is the 
inverse of (1 − 𝑅2), where 𝑅2 is the total variance explained from a regression of the particular explana-
tory variable on all other explanatory variables. A high VIF indicates problems concerning multicolline-
arity. Bid-Ask Spr. is the absolute bid-ask spread, Implied Vol. is the 2-month put option implied volatil-
ity, DD is the distance-to-default, Put Skew is the difference between the 2-month implied volatility of a 
put option that is deep out-of-the-money and at-the-money, 6-month Ret. is the 6-month stock return, 
Net Income Rat. is the net income to market value of total assets, Leverage Ratio are the liabilities to 
market value of total assets and Credit Rating is the S&P long-term credit rating. 

 

 

  
Variables VIF 
  
CDS Spr. Volatil. 1.10 
Gross Not. Out. 1.36 
Relative Size 1.05 
Gross Not. Tr. Vol. 1.35 
TED Spread 4.89 
Market Illiq. 4.91 
 
Table X6 – Variance-Inflation-Factors (VIF) for the explanatory variables of Hypothesis 2. A VIF is the 
inverse of (1 − 𝑅2), where 𝑅2 is the total variance explained from a regression of the particular explana-
tory variable on all other explanatory variables. A high VIF indicates problems concerning multicolline-
arity. CDS Spr. Volatil. is the 30-day CDS spread volatility, Gross Not. Out. is the log of gross notional 
amount outstanding, Relative Size is the log ratio of a firm’s total market capitalisation relative to the 
S&P500 market value, Gross Not. Tr. Vol. is the log of the absolute gross notional traded volume, TED 
Spread is the difference between 3-month LIBOR and 3-month U.S. Treasury bill rate, Market Illiq. is 
the average illiquidity over all firms for a given day excluding the observation firm. 
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Variables VIF 
  

Beta 1 2.57 
Beta 2 2.63 
Beta 3 3.00 
Beta 4 2.33 
Bid-Ask Spr. 1.97 
Implied Vol. 4.74 
DD 3.21 
Put Skew 1.57 
6-month Ret. 1.40 
Net Income Rat. 1.14 
Leverage Ratio 1.42 
Credit Rating 1.59 
 
Table X7 – Variance-Inflation-Factors (VIF) for the explanatory variables of Hypothesis 3. A VIF is the 
inverse of (1 − 𝑅2), where 𝑅2 is the total variance explained from a regression of the particular explana-
tory variable on all other explanatory variables. A high VIF indicates problems concerning multicolline-
arity. Beta 1 is the standard CAPM market risk driven by the covariance between individual and market 
return, Beta 2 is liquidity risk driven by covariance between individual and market illiquidity, Beta 3 is 
liquidity risk driven by the covariance between individual return and market illiquidity, Beta 4 is liquidity 
risk driven by the covariance between individual illiquidity and market return, Bid-Ask Spr. indicates the 
absolute bid-ask spread, Implied Vol. is the 2-month put option implied volatility, DD is the distance-to-
default, Put Skew is the difference between the 2-month implied volatility of a put option that is deep 
out-of-the-money and at-the-money, 6-month Ret. is the 6-month stock return, Net Income Rat. is the 
net income to market value of total assets, Leverage Ratio are the liabilities to market value of total assets 
and Credit Rating is the S&P long-term credit rating. 
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Appendix V - Hypothesis 1 (Excl. Implied Vol.)  
 (1) (2) 
CDS Spread   
   
Bid-Ask Spr. 10.34*** 8.986*** 
 (0.956) (0.805) 
DD -17.67*** -4.850 
 (3.564) (4.227) 
Put Skew 3.859** 2.282** 
 (1.488) (0.936) 
6-month Ret. -5.801 -9.520 
 (9.123) (6.558) 
Net Income Rat. -587.9*** -337.1*** 
 (171.3) (108.5) 
Leverage Ratio 173.0*** 507.3*** 
 (23.92) (66.61) 
Credit Rating -15.97*** -28.50*** 
 (2.781) (7.865) 
Constant 227.1*** 236.9** 
 (52.78) (115.5) 
   
Observations 278,862 278,862 
R-squared 0.806 0.698 
Time FE Yes Yes 
Firm FE No Yes 
 
Table X8 – Regression output (excluding implied put option volatility) of:  
𝐶𝐷𝑆𝑖𝑡 = 𝛼 + 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽2𝐷𝐷𝑖𝑡 + 𝛽3𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 + 𝛽4𝑅𝑒𝑡𝑖𝑡 + 𝛽5𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽6𝑇𝐿𝑀𝑇𝐴𝑖𝑡 +
𝛽7𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡,  
where 𝐶𝐷𝑆𝑖𝑡  (CDS Spread) is the mid-quote. 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡  (Bid-Ask Spr.) indicates the absolute bid-ask 
spread, 𝐷𝐷𝑖𝑡 (DD) is the distance-to-default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 (Put Skew) is the difference between the 2-month 
implied volatility of a put option that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑖𝑡 (6-month Ret.) 
is the 6-month stock return, 𝑁𝐼𝑀𝑇𝐴𝑖𝑡 (Net Income Rat.) is the net income to market value of total assets, 
𝑇𝐿𝑀𝑇𝐴𝑖𝑡 (Leverage Ratio) are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 (Credit Rating) 
is the S&P long-term credit rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects, 𝑐𝑖 (Firm FE) is the 
unobserved firm specific effect and 𝜀𝑖𝑡 is the error term. All variables are daily observations for U.S. firms, 
except for the credit rating (monthly) which is turned into a daily frequency. Model (1) only includes 
time FE. Model (2) includes time and firm FE. Clustered standard errors in parentheses, correcting for 
heteroscedasticity and possible correlation within clusters (firms). Significance: *** p<0.01, ** p<0.05, * 
p<0.1 
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Appendix VI - Robustness Check Hypothesis 1 (Excl. Fin. Firms) 
 (1) (2) (3) (4) (5) (6) 
CDS Spread Overall Crisis Post-Crisis 
       
Bid-Ask Spr. 9.290*** 8.154*** 8.956*** 6.885*** 11.64*** 7.132*** 
 (0.981) (0.831) (0.979) (0.797) (0.977) (0.483) 
Implied Vol. 3.566*** 2.638*** 4.009*** 3.160*** 3.097*** 1.616*** 
 (0.483) (0.517) (0.659) (1.051) (0.516) (0.314) 
DD 5.639 -0.253 20.52** 6.302 1.649 -4.828** 
 (4.214) (4.177) (7.886) (7.442) (2.756) (2.264) 
Put Skew 1.990** 1.259* -0.474 -1.697 2.507*** 1.498*** 
 (0.850) (0.686) (2.053) (2.275) (0.525) (0.372) 
6-month Ret. -14.39 -10.66* 1.945 -23.53*** -55.31*** -41.25*** 
 (12.22) (5.652) (12.91) (8.623) (10.73) (6.486) 
Net Income Rat. -375.1** -347.8*** -349.8* -311.7*** -457.5** -223.3** 
 (147.6) (109.0) (181.0) (116.2) (222.2) (96.51) 
Leverage Ratio 182.8*** 421.6*** 167.3*** 353.9** 166.2*** 333.8*** 
 (34.84) (67.48) (32.74) (169.1) (34.35) (57.83) 
Credit Rating -11.20*** -26.03** -14.98*** -24.44* -7.329** -27.82*** 
 (3.028) (10.89) (3.677) (13.14) (3.116) (6.146) 
Constant -18.41 175.6 3.981 150.9 -25.69 302.4*** 
 (57.99) (154.2) (50.21) (233.4) (69.21) (92.69) 
       
Observations 239,997 239,997 95,620 95,620 144,377 144,377 
R-squared 0.824 0.715 0.825 0.640 0.834 0.625 
Time FE Yes Yes Yes Yes Yes Yes 
Firm FE No Yes No Yes No Yes 
 
Table X9 – Regression output excluding financial firms of:  
𝐶𝐷𝑆𝑖𝑡 = 𝛼 + 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽3𝐷𝐷𝑖𝑡 + 𝛽4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 + 𝛽5𝑅𝑒𝑡𝑖𝑡 + 𝛽6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽7𝑇𝐿𝑀𝑇𝐴𝑖𝑡 +
𝛽8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡,  
where 𝐶𝐷𝑆𝑖𝑡  (CDS Spread) is the mid-quote. 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡  (Bid-Ask Spr.) indicates the absolute bid-ask 
spread, 𝐼𝑣𝑜𝑙𝑖𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑖𝑡 (DD) is the distance-to-
default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 (Put Skew) is the difference between the 2-month implied volatility of a put option 
that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑖𝑡  (6-month Ret.) is the 6-month stock return, 
𝑁𝐼𝑀𝑇𝐴𝑖𝑡 (Net Income Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑖𝑡 (Leverage Ratio) 
are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 (Credit Rating) is the S&P long-term credit 
rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects, 𝑐𝑖 (Firm FE) is the unobserved firm specific effect 
and 𝜀𝑖𝑡 is the error term. All variables are daily observations for U.S. firms, except for the credit rating 
(monthly) which is turned into a daily frequency. All models include time fixed effects. Model (1) and (2) 
are for the full sample, where the latter includes firm FE. Model (3)-(6) are on the crisis (2008-2009) and 
post-crisis (2010-2012) period, where models (4) and (6) include firm FE. Clustered standard errors in 
parentheses, correcting for heteroscedasticity and possible correlation within clusters (firms). Significance: 
*** p<0.01, ** p<0.05, * p<0.1 
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Appendix VII - Subsample Quantile Regression Hypothesis 2 
 (1) Crisis  (2) Post-Crisis  
Bid-Ask Spread 10th 50th 90th 10th 50th 90th 
       
CDS Spr. Volatil. 0.181** 0.597*** 1.242*** 0.482*** 0.885*** 1.384*** 
 (0.0820) (0.117) (0.135) (0.0398) (0.0467) (0.0677) 
Gross Not. Out. -2.715*** -5.905*** -8.947*** -1.653*** -3.824*** -5.178*** 
 (0.601) (0.817) (1.633) (0.273) (0.316) (0.710) 
Relative Size -2.664*** -3.953*** -4.238*** -1.425*** -2.439*** -3.006*** 
 (0.518) (0.759) (1.008) (0.224) (0.266) (0.391) 
Gross Not. Tr. Vol. 0.0337* 0.0133 -0.0856 -0.0291** -0.0598*** -0.0729*** 
 (0.0192) (0.0485) (0.0653) (0.0114) (0.0135) (0.0245) 
TED Spread 1.466*** 2.130*** 1.703** 2.747*** 4.718*** 5.467*** 
 (0.307) (0.485) (0.696) (0.369) (0.523) (0.902) 
Constant 23.65*** 53.73*** 87.83*** 16.31*** 36.39*** 50.33*** 
 (5.641) (8.080) (17.37) (2.427) (3.320) (7.526) 
       
Observations 63,215 63,215 63,215 162,176 162,176 162,176 
Pseudo R-squared 0.1596 0.4031 0.6585 0.2029 0.4920 0.6251 
Time FE Yes Yes Yes Yes Yes Yes 
Firm FE No No No No No No 
       
Table X10 – Crisis (2008-2009) vs. post-crisis (2010-2012) quantile regression output for the 10th, 50th, 
and 90th quantile of:  
𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 = 𝛼𝜏 + 𝛽𝜏,1𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 + 𝛽𝜏,2𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 + 𝛽𝜏,3𝑅𝑠𝑖𝑧𝑒𝑖𝑡 + 𝛽𝜏,4𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 + 𝛽𝜏,5𝑇𝐸𝐷𝑡 +
𝑢𝜏,𝑖𝑡, 
where 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 (Bid-Ask Spr.) indicates the absolute bid-ask spread, 𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 (CDS Spr. Volatil.) 
is the 30-day CDS spread volatility, 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 (Gross Not. Out.) is the log of gross notional amount 
outstanding, 𝑅𝑠𝑖𝑧𝑒𝑖𝑡 (Relative Size) is the log ratio of a firm’s total market capitalisation relative to the 
S&P500 market value, 𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 (Log Gross Not. Tr. Vol.) is the log of the absolute gross notional 
traded volume, 𝑇𝐸𝐷𝑡 (TED Spread) is the difference between 3-month LIBOR and 3-month U.S. Treasury 
bill rate, 𝑢𝜏,𝑖𝑡 is the error term. All variables are daily observations for U.S. firms, except for the gross 
notional outstanding and absolute gross notional traded volume (weekly) which are turned into a daily 
frequency. Model (1) is on the crisis period. Model (2) is on the post-crisis period. Bootstrapped (250 
replications) clustered standard errors in parentheses, correcting for heteroscedasticity and possible de-
pendencies within clusters (firms). Significance: *** p<0.01, ** p<0.05, * p<0.1 
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Appendix VIII - Robustness Check Hypothesis 2 (Excl. Fin. Firms) 
 (1) (2) (3) (4) (5) (6) 
Bid-Ask Spread Overall Crisis Post-Crisis 
       
CDS Spr. Volatil. 0.260*** 0.208*** 0.242*** 0.139*** 0.862*** 0.582*** 
 (0.0536) (0.0449) (0.0431) (0.0442) (0.0408) (0.0526) 
Gross Not. Out. -6.300*** -3.697 -10.02*** -0.492 -4.647*** -1.099 
 (0.859) (2.260) (1.474) (7.564) (0.522) (0.890) 
Relative Size -7.556*** -20.83*** -10.31*** -50.75*** -3.566*** -7.486*** 
 (0.707) (4.386) (1.338) (14.97) (0.363) (1.441) 
Gross Not. Tr. Vol 0.130** -0.0530* 0.372*** 0.0809 -0.0806*** -0.0860*** 
 (0.0610) (0.0281) (0.121) (0.0678) (0.0203) (0.0129) 
TED Spread 6.343*** 6.611*** 5.263*** 4.824*** 6.839*** 8.315*** 
 (0.804) (0.742) (0.677) (0.434) (0.583) (0.639) 
Constant 45.60*** -15.68 71.88*** -134.6 41.65*** -4.251 
 (8.558) (25.24) (14.47) (112.9) (5.102) (9.022) 
       
Observations 193,823 193,823 54,434 54,434 139,389 139,389 
R-squared 0.563 0.481 0.547 0.390 0.726 0.437 
Time FE No No No No No No 
Firm FE No Yes No Yes No Yes 
       
Table X11 – Crisis (2008-2009) vs. post-crisis (2010-2012) regression output excluding financial firms of: 
𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 = 𝛼 + 𝛽1𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 + 𝛽2𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 + 𝛽3𝑅𝑠𝑖𝑧𝑒𝑖𝑡 + 𝛽4𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 + 𝛽5𝑇𝐸𝐷𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡,  
where 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 (Bid-Ask Spr.) indicates the absolute bid-ask spread, 𝐶𝐷𝑆𝑠𝑝𝑟𝑒𝑎𝑑𝑉𝑜𝑙𝑖𝑡 (CDS Spr. Volatil.) 
is the 30-day CDS spread volatility, 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖𝑡 (Gross Not. Out.) is the log of gross notional amount 
outstanding, 𝑅𝑠𝑖𝑧𝑒𝑖𝑡 (Relative Size) is the log ratio of a firm’s total market capitalisation relative to the 
S&P500 market value, 𝑇𝑟𝑎𝑑𝑒𝑑𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 (Gross Not. Tr. Vol) is the log of the absolute gross notional traded 
volume, 𝑇𝐸𝐷𝑡 (TED Spread) is the difference between 3-month LIBOR and 3-month U.S. Treasury bill 
rate, 𝑐𝑖 (Firm FE) is the unobserved firm specific effect and 𝜀𝑖𝑡 is the error term. All variables are daily 
observations for U.S. firms, except for the gross notional outstanding and absolute gross notional traded 
volume (weekly) which are turned into a daily frequency. Model (1) and (2) are on the full period, where 
the latter includes firm FE. Model (3) and (4) are on the crisis period, where the latter includes firm FE. 
Model (5) and (6) are on the post-crisis period, where the latter is with firm FE. Clustered standard 
errors in parentheses, correcting for heteroscedasticity and possible correlation within clusters (firms). 
Significance: *** p<0.01, ** p<0.05, * p<0.1

 

 

  



112 

 

Appendix IX - Hypothesis 3 (Excl. Firm FE) 
 (1) (2) (3) (4) (5) 
CDS Spread      

      
Beta 1 4.830 0.269 3.745 3.745 38.28 
 (5.004) (5.347) (7.830) (7.776) (35.15) 
Beta 2  1,462** 1,565** 1,709*  
  (712.1) (767.3) (927.7)  
Beta 3   -52.30 -49.40  
   (77.01) (73.83)  
Beta 4    -40.28  
    (77.84)  
Net Beta     -36.60 
     (41.98) 
Bid-Ask Spr. 9.427*** 8.814*** 8.808*** 8.840*** 9.331*** 
 (0.829) (0.745) (0.750) (0.725) (0.853) 
Implied Vol. 3.934*** 3.618*** 3.661*** 3.670*** 3.856*** 
 (0.582) (0.555) (0.531) (0.533) (0.563) 
DD 7.731* 6.280 6.379* 6.412* 7.456* 
 (3.961) (3.847) (3.852) (3.869) (3.961) 
Put Skew 1.077 0.506 0.581 0.613 0.925 
 (1.303) (1.420) (1.385) (1.349) (1.290) 
6-month Ret. -8.207 -9.342 -7.927 -7.605 -9.695 
 (9.338) (7.976) (9.618) (10.02) (9.157) 
Net Income Rat. -353.4** -370.9** -359.0** -361.1** -362.5** 
 (150.2) (148.9) (152.3) (153.0) (148.9) 
Leverage Ratio 147.9*** 138.6*** 139.7*** 140.5*** 145.2*** 
 (21.67) (21.05) (21.22) (21.30) (21.12) 
Credit Rating -13.92*** -14.79*** -14.75*** -14.73*** -14.07*** 
 (2.548) (2.613) (2.623) (2.614) (2.506) 
Constant -100.1* -60.14 -63.30 -65.54 -90.98* 

 (52.47) (55.85) (55.17) (54.42) (51.32) 
      

Observations 251,469 251,469 251,469 251,469 251,469 
R-squared 0.825 0.832 0.832 0.832 0.825 
Time FE Yes Yes Yes Yes Yes 
Firm FE No No No No No 
 
Table X12 – Regression output of: 𝐶𝐷𝑆𝑖𝑡 = 𝛼 + 𝜆1𝛽1,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝜆2𝛽2,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 + 𝜆3𝛽3,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝜆4𝛽4,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 +

(𝜆5𝛽𝑁,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀) + 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 + 𝛽2𝐼𝑣𝑜𝑙𝑖𝑡 + 𝛽3𝐷𝐷𝑖𝑡 + 𝛽4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 + 𝛽5𝑅𝑒𝑡𝑖𝑡 + 𝛽6𝑁𝐼𝑀𝑇𝐴𝑖𝑡 + 𝛽7𝑇𝐿𝑀𝑇𝐴𝑖𝑡 +

𝛽8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑐𝑖 + 𝜀𝑖𝑡, where 𝐶𝐷𝑆𝑖𝑡 (CDS Spread) is the mid-quote, 𝛽1,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 (Beta 1) is 

the standard CAPM market risk driven by the covariance between individual and market return, 𝛽2,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 

(Beta 2) is liquidity risk driven by covariance between individual and market illiquidity, 𝛽3,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 (Beta 3) 

is liquidity risk driven by the covariance between individual return and market illiquidity, 𝛽4,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 (Beta 

4) is liquidity risk driven by the covariance between individual illiquidity and market return and 𝛽𝑁,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 

(Net Beta) is the composite risk calculated as 𝛽1,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 + 𝛽2,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 − 𝛽3,𝑖𝑡
𝐿𝐶𝐴𝑃𝑀 − 𝛽4,𝑖𝑡

𝐿𝐶𝐴𝑃𝑀 . 𝐵𝑖𝑑𝐴𝑠𝑘𝑖𝑡 (Bid-Ask 
Spr.) indicates the absolute bid-ask spread, 𝐼𝑣𝑜𝑙𝑖𝑡 (Implied Vol.) is the 2-month put option implied vola-
tility, 𝐷𝐷𝑖𝑡 (DD) is the distance-to-default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑖𝑡 (Put Skew) is the difference between the 2-month 
implied volatility of a put option that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑖𝑡 (6-month Ret.) 
is the 6-month stock return, 𝑁𝐼𝑀𝑇𝐴𝑖𝑡 (Net Income Rat.) is the net income to market value of total assets, 
𝑇𝐿𝑀𝑇𝐴𝑖𝑡 (Leverage Ratio) are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑖𝑡 (Credit Rating) 
is the S&P long-term credit rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects, 𝑐𝑖 (Firm FE) is the 
unobserved firm specific effect and 𝜀𝑖𝑡 is the error term. All variables are daily observations for U.S. firms, 
except for the credit rating (monthly) which is turned into a daily frequency. Model (1) – (4) sequentially 
add liquidity risk betas, model (5) includes the net beta. All regressions include time fixed effects; clus-
tered standard errors in parentheses, correcting for heteroscedasticity and possible correlation within 
clusters (firms). Significance: *** p<0.01, ** p<0.05, * p<0.1  
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Appendix X - Robustness Check Hypothesis 3 (Excl. Fin. Firms) 
 (1) (2) (3) 

CDS Spread Overall Crisis Post-Crisis 
    

Beta 1 -87.06* -286.2*** -34.59 
 (43.00) (81.82) (31.08) 
Net Beta 85.42* 299.6*** 33.91 
 (45.91) (88.59) (32.47) 
Bid-Ask Spr. 11.90*** 12.54*** 14.47*** 
 (1.072) (1.074) (0.688) 
Implied Vol. 3.366* 3.810** 1.499** 
 (1.660) (1.505) (0.661) 
DD -0.927 16.04 -6.879 
 (6.140) (11.69) (5.547) 
Put Skew -1.381 -2.587 -0.941 
 (1.315) (3.675) (0.552) 
6-month Ret. -0.390 7.096 -12.69 
 (11.41) (12.06) (23.02) 
Net Income Rat. -1,409** -1,099* -1,325** 
 (594.4) (559.3) (425.4) 
Leverage Ratio 184.7*** -81.15 233.1*** 
 (54.58) (148.2) (67.51) 
Credit Rating -5.896** -20.18 0.897 
 (2.552) (12.34) (1.806) 
Constant -170.3 193.2 -113.3* 
 (103.3) (229.3) (54.06) 
    
Observations 10,334 2,801 7,533 
R-squared 0.961 0.965 0.964 
Time FE Yes Yes Yes 
Portfolio FE No No No 

 
Table X13 – Portfolio regression output excluding financial firms of: 
𝐶𝐷𝑆𝑝𝑡 = 𝛼 + 𝜆1𝛽1,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝜆2𝛽𝑁,𝑝𝑡
𝐿𝐶𝐴𝑃𝑀 + 𝛽1𝐵𝑖𝑑𝐴𝑠𝑘𝑝𝑡 + 𝛽2𝐼𝑣𝑜𝑙𝑝𝑡 + 𝛽3𝐷𝐷𝑝𝑡 + 𝛽4𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑝𝑡 + 𝛽5𝑅𝑒𝑡𝑝𝑡 +

𝛽6𝑁𝐼𝑀𝑇𝐴𝑝𝑡 + 𝛽7𝑇𝐿𝑀𝑇𝐴𝑝𝑡 + 𝛽8𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑝𝑡 + 𝛿′𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 + 𝑢𝑝𝑡,  
where 𝐶𝐷𝑆𝑝𝑡 (CDS Spread) is the mid-quote, 𝛽1,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 1) is the standard CAPM market risk driven 
by the covariance between individual and market return, 𝛽𝑁,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 (Net Beta) is the composite risk calcu-
lated as 𝛽1,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 + 𝛽2,𝑝𝑡
𝐿𝐶𝐴𝑃𝑀 − 𝛽3,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 𝛽4,𝑝𝑡
𝐿𝐶𝐴𝑃𝑀 , 𝛽2,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 2) is liquidity risk driven by covariance 
between individual and market illiquidity, 𝛽3,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 3) is liquidity risk driven by the covariance 
between individual return and market illiquidity and 𝛽4,𝑝𝑡

𝐿𝐶𝐴𝑃𝑀 (Beta 4) is liquidity risk driven by the 
covariance between individual illiquidity and market return. 𝐵𝑖𝑑𝐴𝑠𝑘𝑝𝑡 (Bid-Ask Spr.) indicates the abso-
lute bid-ask spread, 𝐼𝑣𝑜𝑙𝑝𝑡 (Implied Vol.) is the 2-month put option implied volatility, 𝐷𝐷𝑝𝑡 (DD) is the 
distance-to-default, 𝑃𝑢𝑡𝑠𝑘𝑒𝑤𝑝𝑡 (Put Skew) is the difference between the 2-month implied volatility of a 
put option that is deep out-of-the-money and at-the-money, 𝑅𝑒𝑡𝑝𝑡 (6-month Ret.) is the 6-month stock 
return, 𝑁𝐼𝑀𝑇𝐴𝑝𝑡 (Net Income Rat.) is the net income to market value of total assets, 𝑇𝐿𝑀𝑇𝐴𝑝𝑡 (Leverage 
Ratio) are the liabilities to market value of total assets, 𝐶𝑟𝑒𝑑𝑟𝑎𝑡𝑖𝑛𝑔𝑝𝑡 (Credit Rating) is the S&P long-
term credit rating, 𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑡 (Time FE) are the time fixed effects and 𝑢𝑝𝑡 is the error term. All variables 
are daily observations for U.S. firms, except for the credit rating (monthly) which is turned into a daily 
frequency. Distinction made between full sample period (2008-2012), crisis (2008-2009) and post-crisis 
(2010-2012) period. All regressions are run with time fixed effects; clustered standard errors in parenthe-
ses, correcting for heteroscedasticity and possible correlation within clusters (firms). Significance: *** 
p<0.01, ** p<0.05, * p<0.1 

 

 


