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Abstract 

 

This paper examines the dynamics of the CDS-bond Basis in the period ranging from January 

3rd 2005 to February 8th 2019. During the financial crisis, the Basis is decreasing in market-, 

funding-, and asset-specific illiquidity. The strongest driver, of the negative Basis, during the 

crisis is the perceived credit risk. Evidence is found that this was caused by an asymmetry 

between the bond- and derivatives market with the former requiring a larger excess premium 

hereby indicating a stronger risk-aversion. Post-crisis, a persistent negative Basis is observed 

contrary to the theoretical ideal. Technical factors such as illiquidity and volatility lose much 

of their explanatory power. It is hypothesized that the introduction of stricter financial 

regulation through Basel III limits arbitrageurs’ ability to correct mispricing. A hypothetical 

negative Basis trade is constructed and it is showed that a significant part of the market 

anomaly would have been corrected under less strict regulation. Specifically, it is found that 

the Supplementary Leverage Ratio forms a lower leverage boundary for arbitrageurs. As such, 

regulatory changes introduce a new dynamic to the Basis, Post-crisis, forming a critical barrier 

for arbitrageurs.       
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1. Introduction  

In March 2009, D.E. Shaw Group published a commentary named The Basis Monster That Ate Wall Street. 

This ‘monster’ is the CDS-bond basis (henceforth simply referred to as the Basis), which is the result of a no-

arbitrage relationship derived by Duffie in 1999. He proved that a portfolio of bonds could replicate the cash 

flow of a Credit Default Swap (CDS). For the no-arbitrage relationship to hold, the CDS premium had to equal 

the corporate bond spread1. However, during the financial crisis, this relationship was violated to an extreme 

degree and subsequently caused massive losses for investors with positions in the Basis. More specifically 

the corporate spread became significantly larger than the CDS premium hereby driving the Basis into a 

negative region as shown in Figure 1.1.    

 

Figure 1.1: The average Basis, five-year corporate spread and CDS premium plotted across time from January 3rd 2015 to February 8th 

2019 

The extreme deviation from the theoretical ideal lead to the Basis being a favored testing ground of limits to 

arbitrage (Gromb and Vayarnos, 2009; Shleifer and Vishny, 1992) focusing on the dynamics during the crisis. 

Augustin (2012) argue that as liquidity dried up, margin calls increased and investors sustain large losses they 

had to liquidate their positions in the bond market. This created a self-perpetuating sell pressure on bonds 

subsequently lowering the price and increasing the yield to such an extent that it departed substantially from 

the CDS premium. As a result, the negative Basis was sustained over a prolonged period of time amplifying 

losses for arbitrageurs.  

Prior to the financial crisis, previous literature had found the Basis to be close to zero and even slightly 

positive at around 10bps (Blanco, 2005). However, following the financial crisis, the Basis never returned to 

                                                           
1 See Section 3.1 for further detail 
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its former ‘normal’ level, but rather (mostly) stayed in a negative region. Despite markets returning to their 

former well-functioning dynamics with relatively strong liquidity, cheap capital, and stronger financial 

institutions, the negative Basis have persisted. This is a puzzling result as arbitrageurs seem to be leaving a 

‘free lunch on the table’ failing to profit off the mispricing by entering a negative Basis trade and hereby 

correct the market. Reality is, however, often more complicated than the theoretical ideal. With relatively 

sparse literature on the post-crisis Basis, the primary focus of the paper is to understand what refrains 

arbitrageurs from profiting off the negative Basis. This is done by firstly understanding the Basis before and 

during the crisis through a regression set-up, which is then extended to the post-crisis period. Following the 

statistical analysis, a hypothetical negative Basis trade is constructed and its returns assessed.  

Similar to previous literature (Augustin, 2012; Bai and Dufresne, 2013), the paper found that different types 

of market illiquidity drove the Basis into a negative region during the crisis. In conjunction with other proxies 

for market friction and control variables, a large part of the variation can be explained. In the post-crisis 

period, the strong explanatory power of the regressions fades. This suggests that new dynamics in the market 

might limit arbitrageurs from taking a position in a Basis trade. Specifically, this paper proposes that more 

restrictive regulations for financial institutions form an obstacle for arbitrageurs. Explicitly, the introduction 

of the Supplementary Leverage Ratio (SLR) forms a lower leverage bound for traders. The paper shows that 

the inability of financial institutions to lever the Basis trade sufficiently, renders the prevailing negative Basis 

unalluring to trade. Consequently, a negative Basis has been sustained that would have otherwise been 

reduced under less strict financial regulation. 

The paper adds to a growing body of literature on the Basis, focusing on the less scrutinized and understood 

dynamics in the post-crisis period. It is shown how regulation forms a barrier to trading and hereby becomes 

a limit to arbitrage. Gromb and Vayano’s (2010) theory of market anomalies being the result of both 

psychological biases and institutional frictions is therefore supported in this paper.  Furthermore, the paper 

complements past research on the dynamics during the crisis. Evidence suggesting an asymmetry between 

the risk-aversion in the bond- and derivatives market as a driver of the negative Basis is found. Specifically, 

the bond market requires a larger excess premium during the crisis, increasing the yields disproportionally 

compared to the synthetic market.      

2. Structure and Market of Credit Default Swaps 

In order to understand the Basis, one first has to understand the workings of CDS. The creation of the CDS is 

widely attributed to a group of people at J.P. Morgan in the early ‘90s (Gandel, 2014). It would quickly 

become one of the most important innovations in the derivatives market, allowing banks and other 
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institutions to trade credit risk. This paved the way for institutions to actively adjust their credit risk exposure 

by hedging their loan portfolio in the credit derivatives market.  

Since its inception, the CDS market has undergone major changes as it rapidly grew in size and complexity. 

Starting as an Over-The-Counter (OTC) product with limited regulation and no standardization, it has become 

increasingly standardized with more and more trading being concentrated through a central clearing party. 

To get a better understanding of all these dynamics, the following section will explore CDS’s more in depth. 

The structure and workings of the derivative will be studied and the market examined to get a better feel of 

how the derivative works, how big the market is, and who the participants are.     

2.1. Formal Structure of the Credit Default Swap 

CDS contracts can be made on both single-name entities or multi-name reference index (CDX). As only single-

name CDS’s are used in this paper, this will be the focus in the following section. CDS contracts typically 

consist of a protection buyer (A) and a protection seller (B), who makes a bilateral OTC agreement. When 

entering the agreement, A purchases insurance against default of some reference entity C. In return for this 

insurance, A agrees to pay a predefined fixed amount paid in periodical installments (typically quarterly or 

semi-annually) to B. This is known as the premium or CDS spread. The payments continue until maturity of 

the contract or default of the reference entity – whichever comes first. In the event of default, B has an 

obligation to pay A whatever losses he has inquired i.e. what’s left after recovery. This is known as cash 

settlement. Alternatively, the two parties can make a physical delivery. In this case A delivers a bond of the 

defaulted reference entity to B in exchange for a full principal. The dynamics of the derivative is exemplified 

in Figure 2.1 where a theoretical CDS contract between two parties is considered. 

 

Figure 2.1: A stylized example of a long CDS position on Lehman Brothers bought from AIG  

In the case described above, an investor has agreed to pay an annual spread of 150bps on a notional of 10 

USDm, buying protection against a potential default of Lehman Brothers over a period of five years. Given 

no default occurring in the five-year period, the investor pays the annual premium. At maturity, the contract 

is terminated without any of the parties having further obligations. However, if Lehman Brothers were to 
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default during the five-year period, AIG would be liable to pay the investor in full. For a given recovery rate, 

say R = 0.5, the investor’s loss would amount to 5 USDm, which AIG would be liable for. The possible cash 

flows are presented in Figure 2.2.  

 

Figure 2.2: Cash flow of a CDS given default (left-hand side) and no default (right-hand side)  

For this given example, Y(𝜏) would be the market value of the bond. At a recovery rate of 50%, this amounts 

to 5 USDm as discussed. The above figure shows that the Buyer effectively has transformed his credit risk 

into a fixed annuity payment. The ability to transform credit risk is what has made the CDS one of the most 

popular derivatives in the market. 

This example is, however, greatly simplified. A multitude of different technicalities increases the complexity 

of the CDS. Firstly, in the above example, a credit event has simply been assumed to encompass the reference 

entity defaulting. In reality, a credit event can be triggered by several different events as defined by the 

International Swaps and Derivatives Association (ISDA). These triggers are defined as: 

− Bankruptcy  

− Failure to pay 

− Restructuring  

− Repudiation/moratorium  

− Obligation acceleration  

− Obligation default  

CDS contracts allow for different bonds to qualify as deliverable in the settlement. Bond characteristics such 

as payment rank and liquidity can lead to price differences between bonds. This creates an incentive for 

investors to find the cheapest bond qualifying as deliverable. Known as the cheapest-to-deliver option, it can 

lead to difficulties when estimating the fair value of a CDS. For this reason, the cheapest-to-deliver option is 

crucially tied to the different credit event triggers. The Restructuring clause is often seen as the most difficult 

contingency in CDS contracts as they can constitute ‘soft’ credit events where losses are not necessarily 

obvious (Packer and Zhu, 2005). Furthermore, restructuring can leave complex capital structures with several 

bonds of mixed maturity remaining outstanding. This leads to opportunistic behavior where investors seek 

to use the Restructuring clause to exploit the cheapest-to-deliver options for a profit. For this reason, CDS’s 
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are sold under different standardized contracts including Full Restructuring (FR), Modified Restructuring 

(MR), Modified-Modified Restructuring (MM), and No Restructuring (NR). Under the Modified Restructuring 

terms, restructuring still qualifies as a credit event. However, certain limitations are imposed on what 

qualifies as a deliverable bond. This reduces the possibility of speculating in the cheapest-to-deliver option, 

while still protecting the insurance buyer if he sustains losses from a restructuring. For this reason, CDS’s 

under modified restructuring are widely considered as providing the purest measure of credit risk. By still 

protecting the investor from losses sustained through restructuring (compared to say NR), while reducing 

the valuation of the embedded cheapest-to-deliver option, deviation from the true credit risk should be 

minimized (Packer and Zhu, 2005). 

2.2. The CDS Market 

The CDS market saw phenomenal growth during the early ‘00s. From less than a trillion USD in notional value 

in 2001, the market increased to 62 USDtr when it peaked just prior to the financial crisis in 2007 as shown 

in Figure 2.3 (Bank of International Settlements, 2018). 

 

Figure 2.3: The distribution of notional outstanding CDS’s split across issuer categories 

Following the crisis of ‘07, the market has been steadily decreasing and reached its lowest point in June 2018 

with a total notional outstanding of 8 USDtr. In the time leading up to the crisis, we find that especially banks 

invested heavily in CDS’s ramping up their market share from 11% in 2004 to 40% ultimo 2006 just prior to 

the crisis. In 2010, Central Clearing Parties (CCP) enter the market following regulatory changes requiring 

that multi-name CDS are cleared through a CCP (Wooldridge, 2017). Starting with a market share of 14% in 

2010, CCP’s are now the biggest market participants with a 54% market share. 

The rise of CCP’s merits further discussion. In recognition of the extreme exposure large financial institutions 

were carrying prior to the financial crisis, authorities imposed that all index CDS’s must be cleared through a 

CCP while single-name CDS’s can be done so at a voluntarily.  
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The function of the CCP is to reduce systemic risk by facilitating settlement and carrying counterparty risk of 

the two parties in an OTC transaction. After two dealers have entered a CDS contract, they will transfer their 

positions to the CCP. When payments are made, they will be wired to and from the CCP rather than directly 

to the counterparty (David, 2009). For a given transaction, say A buying protection from B, the transaction 

has effectively been transformed to A buying protection from the CCP and B selling protection to the CCP. 

This process is known as novation. At first glance, it might seem like using an unnecessary third party. 

However, by pooling transactions at a central location and giving the CCP control over the level of collateral, 

they are able to make sure that the market is well-capitalized at all time. The aim is to reduces risk related to 

systemically important institutions, as was the case with AIG. During the crisis, AIG ended up sustaining losses 

in excess of 30 USDb with a large part being attributed to CDS’s (McDonald, 2014). Fearing that this would 

create “knock-on” effects (triggering a cascade of defaults throughout the market), the US government 

approved a controversial bailout package of 70 USDb to rescue AIG (U.S Department of Treasury, 2013). It is 

exactly situations like this that are sought to be alleviated by the introduction of CCP’s. By controlling 

collateral and netting positions, the CCP makes sure that the market as a whole is adequately capitalized 

hereby limiting the possibility of a “knock-on” effect. Critics are, however, arguing that the CCP itself 

introduces systemic risk by concentrating counterparty risk at a few entities (McPartland, 2015).   

Since 2004, the most common maturity type has been in the range of more than one year and up to five 

years. Contracts with this maturity range have typically fluctuated between a market share ranging from 60% 

to 75%. Although not specifically obtained in the collected data, the most common and most liquid type of 

CDS has a maturity of 5-years (Augustin, 2012). Contracts with a maturity of one year or less were the smallest 

category prior to the crisis, but gained significant market share after the crisis, as can be seen in Figure 2.4. 

 

Figure 2.4: Distribution of maturity of outstanding CDS’s 

This increase is caused by a reduction of long-dated CDS contracts, peaking with a market share of 33% just 

prior to the crisis and falling to its lowest level of 6% in 2014. 
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With a better understanding of the market size, participants, and characteristics we will end this section by 

examining how settlements work in the market place. CDS’s were originally developed to hedge cash 

positions in bonds. The initial settlement given a credit event was therefore by physical delivery, i.e. 

ownership of a bond was transferred in exchange for cash. However, as time went by, CDS’s became the 

primary market place for trading credit risk and in some cases the CDS’s notional outgrows the bond’s 

notional (Markit, 2010). Physical delivery, therefore, became an inconvenience and a second methodology 

known as cash settlement was developed. By simply making a cash transfer that will pay the protection buyer 

in full, i.e. cash and recovery should equal 100. This led to the problem of determining the fair price of the 

asset at default and was solved by the introduction of a two-stage auction. In the first stage, dealers post 

their bids and offers for the bond. This is exemplified in Table 2.1 using an actual CDS auction for Windstream 

Services on April 3rd 2019 (Creditex, 2019). 

 

Table 2.1: Actual bids and offers in the first stages auction of Windstream Services. The left-hand side shows the initial pricing and the 

right-hand side shows the arranged offers   

On the left-hand side of Table 2.1 are the original quotes in the first action round. The quotes are then 

arranged in descending order for bid and ascending order for offers as presented on the right-hand side. As 

Barclays bid crosses Citigroup’s offer, the paring is eliminated from the sample (right-hand side of Table 2.1 

and marked in red). The top half (marked as bold) is then used to calculate the market bid and offer through 

a simple average. The market mid-price is then calculated and rounded to the nearest 
1

8
. The initial mid-price 

for Windstream Services was therefore calculated as 26,75. Furthermore, dealers submit their physical 

delivery position in the first stage. Participants who submit a physical delivery request must adhere to the 

final price in the second stage of the auction (Du and Zhu, 2016). The total net position of physical buy and 

sell request is known as the “open-interest”. For Windstream Services this amounted to a net buy request of 

68 USDm. The first stage is then concluded by public disclosure of (1) the mid-price and (2) the direction and 

amount of open-interest.       

Dealer Bid Offer Dealer Dealer Bid Offer Dealer 

Barclays Bank 27 30 Barclays Bank Barclays Bank 27 27 Citigroup

BNP Paribas 25,5 27,5 BNP Paribas Goldman Sachs & Co. 27 27,5 BNP Paribas

Citigroup 24 27 Citigroup Merrill Lynch 26 27,5 Credit Suisse

Credit Suisse 24,5 27,5 Credit Suisse BNP Paribas 25,5 28 Deutsche Bank

Deutsche Bank 25 28 Deutsche Bank Deutsche Bank 25 28 J.P. Morgan Securities

Goldman Sachs & Co. 27 30 Goldman Sachs & Co. J.P. Morgan Securities 25 28 Morgan Stanley & Co.

J.P. Morgan Securities 25 28 J.P. Morgan Securities Morgan Stanley & Co. 25 28 Societe Generale

Merrill Lynch 26 29 Merrill Lynch Societe Generale 25 29 Merrill Lynch

Morgan Stanley & Co. 25 28 Morgan Stanley & Co. Credit Suisse 24,5 30 Barclays Bank

Societe Generale 25 28 Societe Generale Citigroup 24 30 Goldman Sachs & Co.
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In the second stage of the auction, all participants can submit a limit order with the knowledge gained in the 

first stage2. This is done by quoting an offer at which they will buy a certain amount. The offers are then 

arranged from lowest to highest. Calculating the cumulative limit order, the final price is then determined by 

the row at which the cumulative limit order exactly exceeds the open-interest. The limit orders for 

Windstream Services is presented in Appendix 1, with a final price of 29,5. The protection buyers are 

therefore to receive 70,5 per 100 notional in cash settlement represented by the last blue bar in Figure 2.2 

for CDS cash flow given default. 

In the last two subsections, several things were explored. Firstly, it was found that CDS’s effectively transform 

credit risk to a fixed annuity payment. By recovering any losses sustained through a credit event, such as 

default, the investors were sure to receive a full notional. Determining the recovery rate was done through 

a two-stage auction and exemplified through an actual auction of Windstream Services LLC. For the given 

case, CDS investors were to receive 70,5 per 100 USD which was payable by the insurance seller. Ultimo 2006, 

banks had become some of the biggest CDS sellers with a market share of ~40%. However, during the 

financial crisis, it became apparent that the large exposure that banks and dealers had taken in CDS’s was 

unsustainable and formed a systemic risk. New regulation following the crisis introduced the use of CCP’s to 

the market. Their function is to facilitate settlement and netting in an effort to reduce systemic risk. As seen 

in Figure 2.3, CCP’s are now the biggest market participant.  

With a better understanding of the derivative and its market, the following section will address the 

theoretical link between CDS’s and bonds. Through this theoretical link the core of the paper, the CDS-bond 

basis, will be introduced.    

3. CDS-bond Spread Relationship 

As both CDS’s and bonds, in their purest form, value the credit risk of a firm, they are inevitably closely linked. 

In the following section, the theoretical link between the two will be examined. Furthermore, we will look 

into different market frictions that distort theory from reality and how one might set-up an arbitrage trade 

if the no-arbitrage relationship is violated.  

3.1. A Close to Arbitrage Relationship 

As explained in Section 2.1, the CDS contract consist of two uncertain cash flows comprised of the fixed 

premium paid by the insurance buyer and the contingent payment by the insurance seller given a credit 

event. Duffie (1999) shows how one can replicate this cash flow using a risk-free floating bond and a risky 

                                                           
2 All non-dealers must submit through a dealer, for which reason the same dealer can post several different quotes at 
different amounts as seen in Appendix 1 
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floating bond. Initially, some simplifying assumptions have to be made. These include no counterparty risk, 

no transactions cost, tax effects can be ignored, and that the underlying note is issued at par. Suppose that 

the investor shorts the risky floating rate bond hereby getting 100 USD of initial cash flow. The 100 USDs are 

then instantaneously invested in a floating risk-free bond resulting in an initial cash flow of zero. The investor 

is then paying the risk-free rate Rt plus the credit spread St for the shorted risky bond. At the same time, he 

is receiving the risk-free rate Rt from the long position. This leaves a net cash-outflow of St corresponding to 

the corporate credit spread. Two scenarios for the portfolio can then unfold from the time of inception to 

maturity. In the first scenario, the bond defaults at time 𝜏 resulting in the investor only paying a fraction, 

𝑌(𝜏), of the principal. He then sells the risk-free note at par receiving 100 USD to fund the short position. 

This leaves a cash flow of 100 − 𝑌(𝜏) at time of default. In the second scenario, no credit event occurs and 

the investor simply closes both positions at maturity for a net return of zero. The two scenarios are 

exemplified in Figure 3.1.  

 

Figure 3.1: Replicating the cash flow of an CDS using a risky floating rate bond and a risk-free floating rate bond 

Using the above constructions, one has effectively fabricated a portfolio that will pay (1) a fixed premium 

consisting of the corporate spread if no default occurs, or (2) pay the corporate spread until default and then 

repay whatever amount that has been lost on the defaulted bond. This is exactly the structure of a CDS as 

presented in Figure 2.2. As such, the cash flows of a CDS have been synthetically replicated from two bonds. 

From this portfolio we can conclude, through a no-arbitrage argument, that the constant annuity of the CDS 

contract, say 𝐶𝐷𝑆𝑝𝑟𝑒𝑚𝑖𝑢𝑚, has to exactly equal the corporate spread S such that 𝐶𝐷𝑆𝑝𝑟𝑒𝑚𝑖𝑢𝑚 = 𝑆. The Basis 

can then be derived by simply subtracting the corporate spread to get: 

𝐵𝑎𝑠𝑖𝑠 = 𝐶𝐷𝑆𝑝𝑟𝑒𝑚𝑖𝑢𝑚 − 𝑆 = 𝐶𝐷𝑆𝑝𝑟𝑒𝑚𝑖𝑢𝑚 − (𝑌𝑇𝑀𝑟𝑖𝑠𝑘𝑦 − 𝑅𝑟𝑖𝑠𝑘 𝑓𝑟𝑒𝑒) = 0  

Given that both assets are pricing credit risk of the reference entity equally, the above relationship should 

always hold. However, as time has shown the Basis has been significantly positive and negative for extended 

periods of time. This is widely attributed to different market imperfections and is a strong example of limits 
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to arbitrage theory. In the period ranging from 2004 to mid-2006, the Basis was, on average, positive at 

around 10bps. This is widely attributed to the cheapest-to-deliver option embedded in the CDS contract (see 

Blanco et al., 2005 and Fontana (2010)), which makes the CDS contract more expensive relative to the bond. 

To profit from the positive Basis, one could short-sell the bond and simultaneously sell a CDS. Here through 

one would earn the premium on the higher valued CDS and only pay the relatively cheaper coupon on the 

bond, hereby locking in a risk-free profit. This strategy does, however, have several drawbacks. The cheapest-

to-deliver option might produce a natural and correct positive Basis, thereby creating an ‘illusion’ of an 

arbitrage opportunity that is in fact not true. Secondly, the investor would have to use a reversed repo to 

short the bond, which can be difficult and very expensive hereby eroding any profit the arbitrageur might 

make (Augustin, 2012). The above argument results in the positive Basis trade to generally be unattractive 

with investors mainly focusing on the negative Basis trade. Hence, the positive Basis trade will not be 

examined further in depth in this paper.  

The negative Basis arises when corporate spreads exceed the CDS premium. In practice, this means that bond 

prices are decreasing thus driving up yields disproportional to the change in CDS premium. This situation is 

often referred to as a ‘free lunch’, as the investor can simply buy the bond and match it with equal position 

in a CDS (i.e. buy protection). However, the arbitrageur has to fund his positions. This is typically done 

through a combination of equity funding, repurchase agreement (repo), and margin accounts. As the 

negative Basis trade is the primary focus of this paper, it will be examined in further detail in the following 

section. 

3.1.1. The Negative Basis Trade   

Constructing the negative Basis trade requires that multiple partners are involved. We, therefore, start by 

examining the dynamics and steps that the investor has to go through in order to set up the portfolio. Firstly, 

the investor has to execute a trade in the corporate bond market to get the bond in exchange for cash. This 

is funded, in part, by the secured funding market (repo) and, in part, the funding market. The repo market 

works by the investor handing over the bond as collateral plus some repo interest. For this reason, collateral 

quality is an important part of the repo market. In exchange for the collateral and repo rate, the investor 

receives the dollar value of the asset minus what is known as the ‘haircut’. The haircut is the part of the asset 

that cannot be funded through the repo market. The investor has to borrow an amount corresponding to the 

haircut in the funding market, typically at the Overnight Index Swap rate (OIS). The size of the haircut varies 

in collateral quality, asset volatility, market liquidity, and a range of other factors. Currently, the haircut is 

determined by standardized guidelines formulated in the Basel accords, internal estimates, or more 

advanced VaR models (Bank for International Settlements, 2013). However, no general methodology is 
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formulated. When combining these transactions, the dynamics of the bond trade is presented in Figure 3.2 

(Boyarchenko, 2018). 

 

Figure 3.2: The specific steps required to enter the cash leg of the negative Basis trade 

The above transaction represents what is usually referred to as the cash leg. The largest cash exchange at 

inception of the trade is derived from this position given rise to the name. We now turn our attention to the 

swap leg of the trade, often referred to as the synthetic leg. Following the financial crisis, several regulatory 

changes were made to the CDS market. As shown in Figure 2.3, a central clearing party was introduced to 

create transparency and facilitate netting. In an effort to ease this netting process, CDS contracts were 

standardized such that all premiums were paid at 100bps or 500bps (for US reference entities) (Boyarchenko, 

2018). This is known as the “big bang” protocol, which helped to standardize CDS contracts and was enacted 

in April 2009 (Vause, 2012). The fixed coupons mean that an upfront payment has to be made in order to 

make the fair value of the contract zero at inception, i.e. if the market value of the premium is below the 

standardized premium the investor has a receivable and vice versa. Furthermore, the investor is also required 

to post an initial margin, which he funds at OIS. If the counterparty is not the CCP, the investor will also 

require that the counterparty posts an initial margin to reduce counterparty risk. Currently, only CDX’s are 

required to be centrally cleared, while single-name contracts can be done so on a voluntary basis. The CDS 

trade is stylized in Figure 3.3 (Boyarchenko, 2018).   

 

Figure 3.3: The specific steps required to enter the synthetic side of the negative Basis trade  

Using the above dynamics, we can formulate the actual profit from entering a negative Basis trade by 

adjusting the theoretical frictionless ideal with a more realistic version.  
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𝑃𝑟𝑜𝑓𝑖𝑡𝑏𝑎𝑠𝑖𝑠 = −𝐵𝑎𝑠𝑖𝑠 ∗ 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙 = (𝑆 − 𝐶𝐷𝑆𝑝𝑟𝑒𝑚𝑖𝑢𝑚) ∗ 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙 

Adding funding cost, we get: 

𝑃𝑟𝑜𝑓𝑖𝑡𝑏𝑎𝑠𝑖𝑠 = (𝑆 ∗ 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙 − (𝑁𝑜𝑡𝑖𝑜𝑛𝑎𝑙 − ℎ𝑎𝑖𝑟𝑐𝑢𝑡) ∗ 𝑟𝑒𝑝𝑜 𝑟𝑎𝑡𝑒 − ℎ𝑎𝑖𝑟𝑐𝑢𝑡 ∗ 𝑂𝐼𝑆)

− (𝐶𝐷𝑆𝑝𝑟𝑒𝑚𝑖𝑢𝑚 ∗ 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙 + 𝑀𝑎𝑟𝑔𝑖𝑛𝐶𝐷𝑆 ∗ 𝑂𝐼𝑆 + 𝑈𝑝𝑓𝑟𝑜𝑛𝑡𝐶𝐷𝑆 ∗ 𝑂𝐼𝑆) 

Where the upfront payment is contingent on the derivative having a positive or negative fair value, but 

designed such that the cost is equal to zero. This term should therefore always equal zero although some 

scholars argue that this is not always the case (Junge and Trolle, 2013). We can see that transaction costs will 

affect what constitutes a profitable negative Basis trade. The above equation is, however, not a complete 

picture. As mentioned, the haircut is a function of different market variables and should be adjusted 

accordingly. 

ℎ𝑎𝑖𝑟𝑐𝑢𝑡𝑡(𝑀𝑎𝑟𝑘𝑒𝑡 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡 , 𝑎𝑠𝑠𝑒𝑡−𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑖𝑙𝑙𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑡 , 𝑐𝑜𝑙𝑙𝑎𝑡𝑒𝑟𝑎𝑙 𝑞𝑢𝑎𝑙𝑖𝑡𝑦𝑡) 

The haircut is then expected to be increasing in volatility and illiquidity while decreasing in collateral quality. 

Through this, we find that funding cost is increasing in market frictions. As argued by Shleifer and Vishny 

(1992), it causes arbitrageurs to refrain from entering the market when they are needed the most. This might 

be one explanation for the extreme and prolonged negative Basis that was observed during the crisis and will 

be explored further in Section 10. 

To complete the section, we will set-up the hypothetical cash flow from a position in a negative Basis trade 

to illustrate the various scenarios that can happen for the investor. Suppose a bond issued by company XYZ 

pays a fixed annual corporate spread of 440bps on a quarterly basis with exactly five years to maturity. The 

corresponding CDS with a five-year maturity for company XYZ can be bought for a premium of 400bps paid 

quarterly. The Basis is, therefore, -40bps for company XYZ. For simplicity assume that all payments coincide, 

no transaction costs, no counterparty risk, and full equity funding (contrary to the more realistic set-up 

above). The investor holds the position until maturity and simply gains the carry. The cash flows are 

presented in Figure 3.4.  
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Figure 3.4: Expected cash flow from carry when entering a negative Basis trade given no-default 

We find that the investor buys the bond using equity at par. The coupon is then paid quarterly such that the 

investor receives a corporate spread of 110bps per quarter. Using the bond coupon as funding, the investor 

pays the quarterly CDS premium of 100bps. At maturity, in 2023 Q4, the investor receives the notional paid 

back in full as no default has occurred. Additionally, the last installment is paid to the CDS issuer, and the 

contract is terminated without any remaining obligation. As the investor has been receiving 110bps, but only 

paid 100bps he has pocketed 10bps in excess return per quarter in net cash flow as shown on the right-hand 

side of Figure 3.4.   

Next, let’s consider the same position only this time the company defaults on their obligations just after the 

2021 Q2 quarterly payment. The recovery rate is 50% and is paid out at the time of default. The cash flows 

are presented in Figure 3.5.  

 

Figure 3.5: Expected cash flow from carry when entering a negative Basis trade given default  
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To begin with, the cash flows are identical to that of Scenario 1. However, just after the first quarter of 2021, 

company XYZ defaults and is therefore not able to pay any more coupons. 50% of the notional is recovered 

from company XYZ. As protection has been bought through a CDS, the counterparty will reimburse the losses 

corresponding to 50% in the given scenario. The investor, therefore, receives 50 from company XYZ and 50 

from the counterparty (as shown on the left-hand side of Figure 3.5) such that he ends up with a principal 

paid in full. The CDS contract is then terminated such that no more premiums are to be paid.  

Considering scenario 1 and 2, we find that the investor is perfectly hedged against default. As such, there is 

no probability of sustaining losses in the portfolio, while we find that there is a fixed, positive, and certain 

net cash flow in both scenarios up until default. The investor has therefore managed to create a portfolio 

that will produce a certain and positive return. This is the essence of arbitrage. The stylized example is, 

however, providing an incomplete picture. In fact, the arbitrageur is exposed to several different risks beyond 

his control. This has given rise to literature on what is known as limits to arbitrage, which will be addressed 

in the following sections.          

4. Limits to Arbitrage 

In the previous section, we examined how one could execute a negative Basis trade and earn a ‘risk-free’ 

return. In reality such trades do indeed encompass risk. Risks that can be substantial as became apparent 

during the financial crisis. By 2009 Boaz Weinstein, co-head of credit trading at Deutsche Bank, was down 1 

USDbn and John Thain of Merill was said to have sustained losses in excess of 10 USDbn. A big part of these 

losses where due to positions in negative Basis trades (Fontana, 2010).  

In the following section, we will take a step back from the negative Basis trade and consider limits to arbitrage 

on a more general level. This should provide greater insight into the drives of market anomalies and how 

they form very real barriers for arbitrageurs. 

Gromb and Vayanos (2010) argue that limits to arbitrage are usually reflected by two types of market 

anomalies. The first one has to do with the predictability of asset returns. Such models were pioneered by 

Fama-French (1992) with their factor models. Prominent factors include (1) momentum, the tendency of 

assets performing well in the short-run to continue in the near future, and (2) value effect, the fact that 

companies with a low price-to-book ratio seem to earn abnormal returns. A multitude of different factors 

with predictive power of asset returns have been identified. Harvey et. al (2015) argues that at least 316 

factors have been cataloged across 313 unique papers. It is thus hard to explain how a premium can persist 

in an efficient market. Recent literature has introduced different types of utility functions in an effort to 

understand this, but a general model to explain all anomalies remain beyond reach. The second type of 
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anomalies has to do with the relative pricing of closely related assets. Such anomalies can include ‘Siamese 

twin’ stock. The anomaly arises when stocks with close to identical dividend streams have prices that diverge 

significantly from one another. Another example is the very problem studied in this paper. The divergence of 

corporate bond spread and CDS premium.    

Anomalies are typically viewed from one of two perspectives in a limits to arbitrage framework. The first has 

to do with the study of arbitrageurs. What constraints are they working under and why do they fail to bring 

prices back to fundamentals. Gromb and Vayanos (2010) identify four parameters that constraints the 

arbitrageurs, although the list is non-exhaustive.  

1. Risk, both fundamental and non-fundamental  

2. Cost of short-selling  

3. Leverage and margin constraints  

4. Constraints on equity capital  

The four restrictions are essential for this paper. Non-fundamental risk can cause the Basis to be sustained 

in negative regions for prolonged periods adding substantial risk. Costly short-selling erodes profits away 

making it unattractive for arbitrageurs to adjust small, or even large, mispricing. Limited access to capital 

means that positions cannot be leveraged sufficiently to make positions attractive. Equity constrains results 

in institutions not being able to enter profitable trades sufficiently and thus not fully exploit market 

mispricing.        

The second perspective is driven by non-fundamental demand shocks. Conventionally, these were viewed as 

investors, not including arbitrageurs, acting in an irrational manner relative to fundamentals. However, 

Gromb and Vayanos (2010) argue that demand shocks should be considered jointly with irrational investors 

and arbitrageurs. As arbitrage is usually performed by highly specialized institutions such as hedge funds and 

investment banks, they are subject to vigorous regulation and substantial agency frictions. As such they might 

not be able to correct anomalies, or in more extreme cases be the cause of them.   

Fundamentally, both perspectives (arbitrage restrictions and demand shocks) will be of great importance 

when examining the CDS-bond Basis both during and after the financial crisis. During the crisis market 

frictions increased rapidly and demand shocks hit the market has money was moved from volatile assets to 

safe havens such as US treasury bonds and AAA-rated corporate bonds (Augustin, 2012). Following the crisis, 

the regulatory burden of financial institutions was increased substantially. Understanding how this has 

affected both demand and arbitrage restrictions is therefore important. The following section will address 
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the regulatory framework under which banks operate to get a better fundamental understanding of how it 

might limit arbitrageurs.            

5. Regulatory Schemes 

Financial regulation in the US is an ever-changing and dynamic process. It resonates between greater and 

lesser regulation in the desire to find a balance between economic freedom and financial stability. With 

different types of financial institutions being the main drivers of trading activities, understanding the 

regulatory schemes under which they operate is imperative. Different capital restrictions directly affect 

leveraging opportunities when entering a trade. Potential arbitrage opportunities, as the negative CDS-bond 

Basis, could therefore be affected by the shifting regulatory schemes. In the following section, regulation in 

the 21st century under the Basel Accords will be examined in an effort to better understand capital 

restrictions and how they might affect trading activity.   

5.1. The Basel Accords 

The Basel committee, initially named the Committee on Banking Regulations and Supervisory Practices, was 

founded in 1974 in the aftermath of the collapse of the West German bank Bankhaus Herstatt. Originally, the 

committee consisted of G10 countries but has since then expanded to include 48 institutions from 28 

jurisdictions. The committee is headquartered at the Bank for International Settlements (BIS) based in Basel 

where the name is derived from (Bank for International Settlements, 2014a).  

The first Basel Accord, Basel I, was introduced in 1988 and formed the foundation of the regulation to come 

but will not be addressed in this paper. In 2004, Basel II was published and introduced a set of new capital 

requirements. The accords consist of what is known as the three pillars comprising (Bank for International 

Settlements, 2014a): 

1. Minimum capital requirements 

2. Supervisor review 

3. Market discipline 

The second pillar laid down guidelines for how national authorities should deal with different risks such as 

systemic-, liquidity-, and legal risk. The third pillar consisted of reporting requirements regarding risk 

exposure, capital adequacy, and more. The first pillar is concerned with capital requirements and for this 

paper is the most important area. In order to understand the workings of Minimum capital requirement, one 

has to understand the concept of Risk Weighted Assets (RWA). Suppose that bank XYZ has a balance sheet 

of 200 USDb. As different assets are exposed to different risks, the RWA approach seeks to determine the 
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actual risk-based size of the balance sheet. Imagine a stylized balance sheet consisting of three different 

claims on sovereigns. Using the risk weights from Basel II and S&P rating for three different sovereigns, the 

stylized balance sheet is presented in Table 5.1 (Bank for International Settlements, 2017a). 

 

Table 5.1: Simplified example of the risk weighted assets of the hypothetical bank XYZ  

As we can see in the above example, total assets are 200 USDb while the risk-weighted assets only amount 

to 100 USDb. From the weights, we find that AAA-rated sovereign bond have a risk weight of zero to reflect 

that the expected exposure is zero. The capital requirement is then calculated as a fraction of the RWA with 

different layers of capital buffers. Under Basel II, the banks were then required to hold, at least, 2% common 

equity and 4% in Tier 1 capital (Bank for International Settlements, 2014a). Common equity is what can 

classically be understood as equity and for our example bank XYZ would have to hold at least 2 USDb in 

equity. Tier 1 equity is of a different nature. Fundamentally, Tier 1 equity is debt but the structure of the 

bond gives it equity-like properties. In our simple example bank XYZ would have to issue an additional 2 USDb 

worth of Tier 1 equity to fulfill Basel II ‘s Tier 1 capital requirements.  

The massive failure of several financial institutions during the financial crisis emphasized some shortcomings 

of Basel II. As a result, the Basel Committee started developing a new regulatory framework, which was 

agreed upon in 2010 and introduced in 2013 under the name Basel III. Common equity and Tier 1 capital 

requirement was increased to 4,5% and 6% respectively. In addition to this, three new ratio requirements 

were introduced. Two of these were designed to ensure that banks have sufficient liquid assets to cover both 

short-term cash outflow (30 days) and funding for “over one-year period of extended stress” (Bank for 

International Settlements, 2017a). The third and final ratio is a minimum leverage ratio (LR) and arguably the 

most important regulatory innovation in relation to this paper. Unlike the Minimum capital requirement, the 

LR is not based on RWA, but rather all assets including both on- and off-balance sheet items. This is done to 

ensure that internal modeling of RWA’s does not push equity holdings below envisioned levels. The LR is 

therefore intended as a ‘backstop’ and used as a blunt non-risk weighted measure forming the lower bound 

of equity capitalization. The LR can be calculated as (Bank of New York Mellon, 2014): 

𝐿𝑅 =
𝑇𝑖𝑒𝑟 1 𝑐𝑎𝑝𝑖𝑡𝑎𝑙

𝑇𝑜𝑡𝑎𝑙 𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒 𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒
 

Sovereign bond Rating Risk weight Assets Risk weighted assets

Denmark AAA 0% 50 0

Mexico BBB+ 50% 100 50

Costa Rica BB+ 100% 50 50

Total 200 100

Note: Balance sheet items are in USD billlion 
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Total leverage exposure consists of on-balance sheet items and off-balance sheet such as cash collateral, 

effective notional amount of sold credit derivatives and potential future exposure related to derivative 

contracts (which will become important later on) (Federal Deposit Insurance Corporation, 2015). Using J.P. 

Morgan’s Q4 2018 SLR we can exemplify the calculations of the SLR to get a better understanding of the 

measure. Firstly, their total assets amount to 2,63 USDtr. The Basel regulation allows for small corrections to 

be made on total assets, mainly relating to goodwill and other intangible assets. After adjustments, their 

total assets equal 2,59 USDtr. As the leverage ratio also includes off-balance sheet items these have to be 

added. The total off-balance sheet exposure amounts to 0,68 USDtr. Their total leverage exposure is 

therefore 3,27 USDtr and presented in Table 5.2. 

 

Table 5.2: Actual SLR of J.P. Morgan sourced from their 2018 annual report.   

In relation to the Basis, understanding the off-balance sheet exposure is of great importance. According to 

Basel III, the treatments of derivatives (such as CDS) should be split into two which consist of (1) exposure 

arising from the underlying contract and (2) counterparty credit risk exposure (Bank for International 

Settlements, 2017b). (1) is then further split into replacement cost (RC) and potential future exposure (PFE). 

PFE is essential when entering leveraged derivative trades as it forms an additional equity requirement. The 

calculations of PFE is however not necessarily standardized and as such hard to explain in brief. This will be 

addressed more in depth in Section 11.1. Entering a CDS contract therefore directly affects the SLR both 

through notional and PFE, which increases equity requirements of financial institutions. 

In the US the leverage ratio, now specifically known as the Supplementary Leverage Ratio (SLR), was 

approved with the Basel III accords of 2010 and incorporated in 2013 with a minimum requirement of 3% 

(Bank of New York Mellon, 2014). In April 2014 the enhanced SLR (eSLR) was introduced increasing the 

requirement for eight American Global Systemically Important Financial Institutions (G-SIFIs) to 6% and 

implemented in 2015 (Bank of New York Mellon, 2014).     

2018 2017

Tier 1 capital 209.093 208.564

Total assets 2.636.505 2.562.155

less: Adjustments for deductions

from Tier 1 capital
46.618 47.333

Total adjusted assets 2.589.887 2.514.822

Off-balance sheet exposure 680.101 690.193

Total leverage exposure 3.269.988 3.269.988

SLR (%) 6,4% 6,5%

Note: All numbers are in USDm except ratio
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As banks must hold the highest amount of equity capital, as either defined by the SLR or risk-weighted assets, 

institutions with a high proportion of low-risk assets, such as custody and trust banks, are expected to be hit 

harder by the regulation. With a larger proportion of low-risk assets, the SLR requirement is more likely to 

become binding. Organizations could therefore be incentivized to increase their position in high-risk assets 

to balance out the capital charges (Bank of New York Mellon, 2014). However, as banks continuously seek to 

optimize their balance sheet mix the full effect of the new regulatory paradigm is yet to be understood. 

Fundamentally, the SLR will become important for the paper as it forms a lower bound for leverage, and thus 

constraints the trading activities that arbitrageurs can engage in. This will be explored further in depth in 

Section 11.1.   

6. Related Literature and Theory 

In the past 20 years, numerous papers have been published on the Basis. In this section, we seek to uncover 

the different methodologies that have been used to investigate this relationship. Furthermore, we look into 

findings on related topics such as pricing of default probability and what the risk-free rate is. Such questions 

are imperative in order to understand how one creates the Basis and in extension how to examine it.  

As both bonds and CDS’s are financial instruments that price the default probability of a firm (in their purest 

form), understanding the theoretical foundation of these instruments is important in order to understand 

the Basis. Merton (1974) pioneered the pricing of defaultable bonds by considering them as a contingent 

claim on the firm’s assets. As such one could price them using the framework developed in the Black-Scholes 

model (1973). Assuming the firm’s assets follows a Geometric Brownian Motion: 

𝑑𝐴𝑡 = 𝜇𝐴𝑡𝑑𝑡 + 𝜎𝐴𝑡𝑑𝑤𝑡 

Where 𝜇, 𝜎 𝑎𝑛𝑑 𝑤𝑡 is the drift, volatility and Wiener process respectively, the value of a bond B at time of 

maturity T is then the minimum value of either the face-value K or asset value at time T A: 

𝐵𝑇 = min(𝐾, 𝐴𝑇) = 𝐾 − max(0, 𝐾 − 𝐴𝑇) 

The maximization problem is then exactly that of a Black-Scholes Put option (𝐵𝑆𝑃𝑢𝑡) (Black & Scholes, 1973). 

By taking the present value (using the risk-free rate r), Merton showed that the value of a bond could be 

calculated using a relatively simple equation: 

𝐵𝑡 = 𝑒𝑟(𝑇−𝑡)𝐾 − 𝐵𝑆𝑃𝑢𝑡(𝐴𝑡, 𝐾, 𝑇 − 𝑡, 𝜎𝑎𝑠𝑠𝑒𝑡, 𝑟) 

The above equation falls within a class of models typically referred to as structural models. Although they 

represent a nice intuitive explanation, they have several shortfalls. Firstly, the value of a firm’s assets is not 
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directly observable and as such estimating 𝜎𝑎𝑠𝑠𝑒𝑡𝑠 is prone to error using, for instance, Vassalou & Xing’s 

(2004) calibration of 𝜎𝑎𝑠𝑠𝑒𝑡. Secondly, Merton’s model only allows for default at maturity whereas in the real 

world a firm can default at any given time. Such errors have been tried to be corrected by the work of, among 

other, Black & Cox (1976). They considered the time of default as the first passage of time where the value 

of the process At falls below a threshold barrier. Finally, but not exhaustively, the credit-spread of the Merton 

model goes to zero for short-term maturity, implying that a bond with a short time to maturity is risk-free. 

This is at odds with empirical observation where credit spreads will remain positive even for a small amount 

of time to maturity. This has given rise to a class of models, within structural models, where stochastic jumps 

are added to the asset value process At (Merton, 1976) in order to create non-zero spreads for short 

maturities. Although numerous attempts have been made to mitigate some of the problems in structural 

models, they still do a poor job of simulating empirical observations. For this reason, a class of models called 

Reduced Form Models are preferred by market makers (Lando, 2004). In this model class we define the 

random default time as a random variable 𝜏 such that: 

𝑄(𝜏 > 𝑡) = 𝑒− ∫ ℎ(𝑠)𝑑𝑠
𝑡

0  

Then for a given, small, amount of time Δ𝑡 we get: 

lim
Δ𝑡→0

1

Δ𝑡
𝑄(𝜏 ≤ 𝑡 + Δ𝑡 |𝜏 > 𝑡) = ℎ(𝑡)  

The conditional probability of default (given the firm has not default by time t) is then ℎ(𝑡)Δ𝑡. However, this 

model depends only on the passage of time as the sole determinate of default, despite this clearly being 

wrong. For this reason, the concept of a doubly stochastic process, or Cox process is introduced (Lando, 2004). 

Suppose several variables help determine the default probability such as macro-economic indicators, sector- 

specific information, stock return, company-specific information etc. These variables are themselves 

stochastic process, meaning that we consider a Poisson process with stochastic intensity given rise to the 

name doubly stochastic. A vector X of state variables driving the default intensity is constructed. For a unit 

mean exponential random variable 휀 the default time 𝜏 is then: 

𝜏 = inf {𝑡: ∫ 𝜆(𝑋𝑠)𝑑𝑠 ≥
𝑡

0

휀} 

This construction is useful as it allows us to add a risk component to the cash flows of a bond. Suppose that 

there exists a risk-free interest rate driven by the process X such that the price of a default-free bond is: 

𝑝(0, 𝑡) = 𝐸[𝑒− ∫ 𝑟(𝑋𝑠)𝑑𝑠
𝑡

0 ] 
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The price of a defaultable bond can then be found as (assuming zero recovery): 

𝑧(0, 𝑇) = 𝐸 [𝑒− ∫ 𝑟(𝑋𝑠)𝟏𝝉≤𝑻𝑑𝑠
𝑇

0 ] 

This can then be shown to equal (Lando, 2004): 

𝑧(0, 𝑇) = 𝐸 [𝑒− ∫ (𝑟+𝜆)(𝑿𝑠)𝑑𝑠
𝑇

0 ] 

Meaning that the risk-free rate 𝑟(𝑋𝑠) has been replaced by a new measure adjusting for the exogenously 

driven intensity rate (𝑟 + 𝜆)(𝑋𝑠).  

Having looked into the pricing of defaultable bonds, we now turn our attention to the second component of 

the Basis, the CDS. As seen in Section 2.1, the CDS consist of two uncertain cash flows. Applying some 

simplifying assumption (no interest rate, constant loss given default and ignoring the residual term) Capponi 

(2018) shows that the pay-off of the CDS is: 

𝐸[𝜋𝑎,𝑏(0)] = ∑ 𝛼𝑖𝑆𝑄(𝜏 > 𝑇𝑖)

𝑁

𝑖=1

− 𝐿(1 − 𝑄(𝜏 < 𝑇𝑏)) 

Where 𝛼 is the yearly fraction between payments (i.e. for quarterly payments 𝛼 =
1

4
), 𝑄(𝜏 > 𝑇𝑖) is the risk-

neutral probability of surviving to time T and L is the loss given default. The spread S quoted by the market 

is then constructed such that the expected pay-off is exactly equal to zero. This ensures that parties on both 

sides of the contract are willing to enter.  

With an understanding of bond- and CDS pricing we now turn our attention to the final component of the 

Basis, the risk-free rate. A classical proxy of the risk-free rate is US treasury notes. However, Feldhütter and 

Lando (2008) and Hull, Predescu and White (2004) argues that treasury yields are in fact below the true risk-

free rate. Among other things, special tax advantages push the yield below the rate at which investors can 

fund risk-free investments. Feldhütter and Lando (2008) argue that the USD swap rate should be used for the 

risk-free rate as it proxies actual funding cost better.    

With a basic understanding of the three components of the Basis, we can start looking into the different 

methodologies researchers previously have applied to examine it. 

Following the theoretical foundation laid by Duffie (1999), numerous researchers have looked into the 

cointegration relationship between the price of credit risk in the CDS and bond market. Chan-Lau et al. (2004), 

Norden and Weber (2004), Blanco et al. (2005) and De Wit (2006) all found that in normal periods this 

relationship holds well. Fontana (2010) showed that during times of great market stress, these assets can 
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depart substantially from their frictionless ideals due to different market imperfections. He argues that 

although a negative Basis consistently persisted during the financial crisis, market imperfections meant that 

the persistent negative Basis did not necessarily offer an arbitrage opportunity. Furthermore, Blanco et al. 

(2005) showed that short-term deviation from parity arise due to the price discovery process. He found that 

the CDS market leads the bond market, giving rise to short-term deviations from parity. He argues that this 

is in part driven by the participant of the respective markets with the CDS market primarily being driven by 

large sophisticated institutional investors.   

With numerous authors having confirmed the co-movement of the Basis components understanding the 

different methodologies applied to examine the drivers of the Basis is of great importance. Existing literature 

predominantly apply one of three methodologies to construct and examine the Basis. Firstly, there is the par-

equivalent spread approach. It was developed at J.P. Morgan and pioneered by Elisade et al. (2009) and has 

subsequently been used by Bai and Dufresne (2013) among others. Fundamentally, the approach relies on 

extracting the default intensity consistent with observed bond prices. Using the bond implied default 

intensity, the par-equivalent CDS premium can be calculated i.e. the CDS premium that is consistent with the 

bond implied default intensity. Using some model specific assumptions, in line with the previous discussed 

valuation of CDS’s, the theoretical premium is calculated and denoted PECDS. The PECDS is then compared 

to the actual CDS quote to get the Basis: 

 

𝐵𝑎𝑠𝑖𝑠𝑡,𝑖 = 𝐶𝐷𝑆𝑡,𝑖 − 𝑃𝐸𝐶𝐷𝑆𝑡,𝑖 

 

This methodology does have a few drawbacks. To begin with, the measure will be sensitive to model 

specifications. Assumptions regarding recovery rate and default intensity will affect the calculated Basis and 

as such introduce some degree of measurement error. Furthermore, a flat term structure is assumed which 

is often at odds with reality (Ahmadian, 2015). The methodology represents as less labor-intensive data 

collection process compared to other methodologies. Papers applying it are therefore able to construct fare 

bigger data-set, but can face some problems with the reliability of the data as argued by Ahmadian (2015).      

 

Secondly, is the methodology pioneer by Longstaff (2005). Assuming a credit risk model Longstaff calculates 

the theoretical price of a CDS. More precisely, Longstaff uses a reduced form model in a doubly stochastic 

setting. Applying three processes rt, λt and γt representing the risk-free rate, the intensity of the Poisson 

process governing the default probability and liquidity premium respectively. Longstaff then (1) optimizes 

the default component such that the model exactly equals the observed CDS prices on a given day (2) 

optimize the liquidity component that results in the best root-mean square fit to observed bond yields. This 
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allows one to directly measure the default component and non-default component of corporate spreads. 

The sample period spans March 2001 to October 2002 and consists of 68 firms. Longstaff finds that the 

default component represents the majority of observed credit spreads across all rating categories (somewhat 

in contrast with previous research). Furthermore, the non-default component is time varying and correlated 

to bond-specific illiquidity. The drawback of this methodology is that it relies heavily on model choice and 

specifications. As with the par-equivalent method, this might introduce some model specific measurement 

errors.  

 

The last methodology, and the one applied in this paper, is to construct the Basis using actual CDS quotes 

and bond spreads (actual YTM minus risk-free rate). Such method has been applied by Bhanot and Guo 

(2010), Fontana (2010) and Augustin (2012) among others. Augustin (2012) represents one of the most 

comprehensive examinations made to date applying this methodology. Using 159 firms over a period ranging 

from January 2nd 2004 to September 30th 2010, he finds that there is significant cross-sectional difference 

across both time and industries. More specifically, he finds significant differences between Financial and 

Non-financial firms with the former having a less negative Basis mainly arising from higher CDS premium. 

This suggests a demand effect in the derivative market for financial issuers during the crisis. On an aggregated 

level he finds that the Basis becomes lower as illiquidity and counterparty risk increases. Bhanot and Guo 

(2010) showed the importance of differentiating between funding illiquidity and asset-specific illiquidity. 

They argue that the former proxies shadow cost of capital for arbitrageurs while the latter was a determinate 

of margin requirements. They then went on to show that the different types of liquidity affected the relative 

price convergence differently. Distinguishing between the two is therefore an important factor when setting 

up a convergence trade. From their sample, during the height of the financial crisis from June 2008 to 

September 2009, they found that the median annualized returns from entering a convergence trade on a 

negative Basis was 80% with a median holding period of 127 days. Fontana (2010) examines a sample of 

investment grade US firms focusing on the period during the financial crisis. He argues that as funding cost 

explodes and becomes non-stationary the co-integration relationship between bond spread and CDS 

premium disappears. This renders the negative Basis trade a risky investment rather than an arbitrage 

opportunity. In line with Bhanot and Guo, he argues that entering a negative Basis trade during the crisis did 

indeed encompass substantial risk.  

 

Prior to the financial crisis, the ‘normal’ level of the Basis was considered to be, not zero, but instead slightly 

positive at around 10bps (Blanco, 2005) (although the number varies slightly from author to author). This 

was widely attributed to the nature of the CDS which encompassed a cheapest-to-deliver option as discussed 
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in Section 2.1. The value of the embedded option increased the CDS premium pushing the Basis into a slightly 

positive range. However, following the financial crisis, the Basis has predominantly remained in negative 

territory. This should have resulted in investors entering the Basis trade for a profit and thus driving it near 

zero again. Boyarchenko et al. (2018) argue that the persistent presence of a negative Basis is driven by 

regulatory changes. Following the financial crisis, financial institutions found themselves under tighter 

balance sheet constraints. Although these constraints do not widen the Basis directly it implicitly increases 

funding cost and thus reduces the willingness of financial institutions to enter low margin trades. Specifically, 

Boyarchenko et al. (2018) shows that that the increase in Supplement Leverage Ratio (SLR) to 6% (for the 

largest institutions in the USA) meant that the Basis had to be -218bps for a 15% ROE rather than -134bps 

for a 15% ROE at a 1% level3. Obtaining attractive returns have therefore become significantly harder 

according to Boyarchenko et al. (2018).  

7. Drivers of the Basis 

There exists an extensive literature on the drivers of the Basis. Augustin (2012) identifies 18 unique drivers 

in past literature. These drivers can be reduced to variables affecting liquidity, counterparty risk, collateral 

quality, and a range of control variables. In the following section, we seek to discuss what these drivers 

consist of and how they are expected to affect the Basis. Building on this discussion, appropriate proxies will 

be constructed in Section 8 and subsequently applied in the regression framework in Section 10.  

7.1. Liquidity 

Gou and Bhanot (2010) argue that in order to understand how liquidity affects the Basis, one has to 

decompose the liquidity risk that the arbitrageur is facing. This distinction can be made between funding 

liquidity and asset-specific liquidity. The first is a measure of the arbitrageur’s shadow cost of capital while 

the latter is related to margins. Gou and Bhanot (2010) reason that margin requirement (as discussed in 

Section 3.1.1) depends on the liquidity of the asset as the haircut should be increasing in illiquidity. This is 

explained by the fact that lenders need to protect themselves against adverse price movements in order to 

quickly sell the collateralized assets given the default of a borrower.  

In addition to the two liquidity factors proposed by Gou and Bhanot (2010), Acharya and Pedersen (2005) 

argue that asset prices contain both a common and an idiosyncratic liquidity factor. A measure of aggregated 

market liquidity should therefore be applied as well.  

                                                           
3 For the 5 five-year CDS-bond Basis of Time Warner Cable on an unspecified date in 2015 
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All in all, we expect that increased funding illiquidity will drive down the profitability of a negative Basis trade 

and should have a negative sign in our regressions. In addition to this, we expect that both the common and 

idiosyncratic illiquidity component will drive up haircuts as liquidity drains from the market hereby making 

the trade less attractive. Both measures are therefore expected to be negatively correlated with the Basis. 

7.2. Counterparty Risk 

In theory, counterparty risk should push the Basis into negative territory as investors value the CDS relatively 

less compared to the bond. This is due to the creditworthiness of the counterparty. Investors should factor 

in the possibility of the counterparty defaulting prior to the maturity of the CDS contract and hereby not 

being able to honor the contract. Thus, given that the counterparty defaults prior to the reference entity, 

while the reference entity defaults prior to maturity of the contract, the CDS could be rendered worthless. 

Formally, this can be defined as shown below. 

𝐶𝐷𝑆𝑝,𝑟𝑖𝑠𝑘𝑦 = 𝐶𝐷𝑆𝑝,𝑛𝑜 𝑟𝑖𝑠𝑘1𝜏𝑐>𝜏𝑟𝑒
+ 𝐶𝐷𝑆𝑝,𝑛𝑜 𝑟𝑖𝑠𝑘1𝜏𝑐<𝜏𝑟𝑒<𝑇 

Where 𝐶𝐷𝑆𝑝,𝑛𝑜 𝑟𝑖𝑠𝑘  is the CDS premium given no counterparty risk, 𝜏𝑐 is the time of default of the 

counterparty and 𝜏𝑟𝑒 is the time of default of the underlying reference entity. The above underlines the 

importance of correctly estimating the correlation of default risk between the reference entity and 

counterparty. However, estimating default correlations are notoriously hard and usually increase 

dramatically in times of crisis (Qi, Xie, and Liu, 2010).  

It is important to note that counterparty risk is considered very small in ‘normal’ periods. Bai and Dufresne 

(2013) claim that if the default event occurs such that 𝜏𝑐 < 𝜏𝑟𝑒 and marking to market worked perfectly, 

then the investor could simply open a new position with another counterparty at no cost and sustain no 

losses. Theoretically, the investor is therefore only exposed to counterparty risk if the two default events 

exactly coincide at 𝜏𝑐 = 𝜏𝐵 which would happen at an extremely low probability. In reality, markets are not 

perfect and during exceptional periods, such as the financial crisis, investors were exposed to substantial risk 

(Bai and Dufresne, 2013). 

In recent years a regulatory shift has taken place. As seen in Figure 2.1, CCP’s have increasingly gained market 

share following the financial crisis. By netting the CDS position, the CCP’s have dramatically reduced the 

overall notional exposure while banks have decreased their ‘naked’ positions in the market. Overall, this 

should result in a substantial reduction of counterparty risk as a result of the new regulatory paradigm.  

Given the above discussion, counterparty risk is expected to affect the Basis negatively, meaning that an 

increase in counterparty risk should result in a decreasing Basis. However, time varying factors leads us to 

suspect that the effects should be most pronounced during the crisis. The new regulatory regime following 
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the crisis should reduce the importance of this variable. Prior to the crisis, the financial system was perceived 

as relatively sound (Restoy, 2017), which should result in the variable having less explanatory power for this 

period as well.  

7.3. Control Variables - Collateral Quality 

As explained in Section 3.1.1, the negative Basis trade is crucially linked to two factors: the repo rate and the 

haircut. The size of the haircut is linked to several factors, but one of the most important is collateral quality. 

As the haircut is decreasing in collateral quality, meaning a lower quality asset would require a larger haircut, 

collateral quality should proxy part of the arbitrageurs funding cost. As no public information is available on 

single name haircuts, one way of proxying this is by using publicly available ratings from agencies (Moody’s, 

S&P, Fitch, etc.).  

Increasing funding costs as collateral quality decreases would make lower-rated bonds more expensive to 

trade hereby allowing for greater discrepancies in the market. Collateral is therefore expected to result in a 

negative pressure on the Basis when asset qualities are declining and vice versa. Additionally, collateral 

quality should also capture part of the flight to quality effect, which was observed during the financial crisis.       

7.4. Other Control Variables 

One can use an array of control variables to adjust for different factors. Shleifer and Vishny (1997) argue that 

arbitrage investors are risk-averse. As such they become less willing to enter arbitrage trades when they are 

uncertain about their ability to produce superior returns. With no concrete measure of the arbitrageurs’ risk-

aversion available, a control variable could be employed. Using the slope of the treasury curve might provide 

such a proxy. Different studies document a predictive power of the slope in forecasting recession over a one-

year horizon (Benzoni et al., 2018). Although a rough and incomplete measure, it might capture part of this 

effect with an expected negative sign, as it is a forward-looking measure.  

Next, a proxy reflecting the perceived credit risk premia and the overall perception of credit risk in the market 

should be constructed (Lin et al., 2011). As market frictions increase, it is expected that perception of credit 

risk should increase as well. Such measure should therefore be negatively correlated with the Basis.      

Additionally, market volatility might also proxy for both an increase in haircut as well as increased risk-

aversion (Fontana, 2010). Therefore, we are expecting the Basis to be decreasing in common market 

volatility. All in all, our expectations to the Basis drivers are summarized in Table 7.1. 
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Table 7.1: Summary table expressing the anticipated directional impact of the variable when project onto the Basis in a regression 

framework 

8. Methodology 

In order to examine the Basis, several variables have been collected and constructed to proxy the drivers 

discussed in Section 7 and create the Basis. The underlying data is collected from numerous sources including 

Markit, Bloomberg, Moody’s, Yahoo Finance etc. and processed in a number of different ways. In the 

following section, the methodology, as well as the pros and cons of the chosen method, is discussed.      

8.1. CDS Premium 

Looking for as pure a measure of credit risk as possible, we chose the most liquid CDS type. This should 

prevent any illiquidity from being priced into the premium and hereby introduce measurement errors to the 

calculated Basis. According to numerous sources (Blanco et al. (2005) and Bai and Dufresne (2013) to name 

a few) five-year CDS contracts are by far the most liquid instrument in the credit derivative market. For this 

reason, we chose to focus solely on five-year maturity CDS’s. In addition to the fixed maturity, CDS contracts 

are also based on several different standardized types of contracts. These mainly focus on what qualifies as 

a credit event and what assets qualifies as deliverable (see Section 2.1). Taking these clauses into account is 

important as the difference between them can cause slight pricing differences. Prior to the financial crisis, 

the Basis was consistently slightly positive at around 10bps. Blanco et al. (2005) mainly attribute this to the 

value of the Cheapest-to-deliver option embedded into the CDS. In order to minimize this component and 

be consistent throughout time and companies, we only use CDS’s under the clause Modified Restructuring 

(MR). Packer and Zhu (2005) argues that of the clauses containing restructuring the spread should be of the 

following order; FR > MM > MR. They find that for speculative grade CDS’s the average difference between 

FR and MR is ~4bps and ~2bps for MM and MR in their sample period. This is attributed to the cheapest-to-

deliver option and by using the MR clause we should eliminate part of this component.     

Variable Expected sign 

Funding illiqudity  -

Idiosyncratic illiquidity  -

Common market illiqudity  -

Counterparty risk  -

Collateral quality  +

Market volatility  -

Perceived credit risk  -

Risk aversion  -
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Once the relevant CDS type had been determined the relevant companies were determined based on the 

Depository Trust & Clearing Corporation’s (DTCC) top 1.000 most traded CDS’s. This was done to ensure that 

the derivatives would be highly liquid. Once filtered only to included firms in the America’s (smallest available 

geographic region), we are left with 327 firms. Finally, a short-list of 80 firms were chosen. As collecting the 

needed data is a time-consuming process 80 firms was considered as a realistic amount of companies for the 

given time frame, while still providing one of the most comprehensive examinations on the subject. The 80 

firms were therefore chosen with a focus on getting a well-diversified industry split which will be addressed 

in further detail in Section 9.  

With the 80 firm short-list, the CDS premiums were downloaded from Markit, such that only MR clause, five-

year maturity, and dollar-denominated contracts were included.              

8.2. The Five-Year Bond Yield 

As a continuous stream of bonds with a five-year maturity is not readily available for any firms over the 

sample period, one has to construct a synthetics five-year yield. This has been done by linear interpolation 

of two bonds bracketing five-year maturity. Choosing the upper- and lower bound is not an exact science, 

but rather a trade-off between getting more precise data and getting any data. The closer to five-year 

maturity the upper- and lower bound is, the more realistic five-year yield one should get. However, 

‘squeezing’ the brackets to closely around five-year maturity also limits the amount of obtainable data 

significantly. The paper chose the lower bound at 2,5 years to maturity and the upper bound at 9 years to 

maturity. Once the upper and lower bound had been chosen they were then linearly interpolated: 

𝑦𝑖𝑒𝑙𝑑5𝑦𝑒𝑎𝑟
=

𝑦𝑖𝑒𝑙𝑑𝑢𝑝𝑝𝑒𝑟 − 𝑦𝑖𝑒𝑙𝑑𝑙𝑜𝑤𝑒𝑟

𝑀𝑎𝑡𝑢𝑟𝑖𝑡𝑦𝑢𝑝𝑝𝑒𝑟 − 𝑀𝑎𝑡𝑢𝑟𝑖𝑡𝑦𝑙𝑜𝑤𝑒𝑟
∗ (5 − 𝑀𝑎𝑡𝑢𝑟𝑖𝑡𝑦𝑙𝑜𝑤𝑒𝑟) + 𝑦𝑖𝑒𝑙𝑑𝑙𝑜𝑤𝑒𝑟 

Next is the question of what bonds can be used? To begin with, the CDS’s were chosen and thus defined 

what companies the bond search should be done for. As the goal is to obtain as pure a measure of credit risk 

as possible, several criteria were set up and systematically applied in Bloomberg’s Search function for each 

firm.  

Firstly, because we are only interested in the pure credit risk of the firm all subordinated, collateralized and 

convertible bonds were excluded and only senior unsecured bonds were used. This was done to prevent the 

valuation of any special clauses in the bond to skew the Basis. As only dollar-denominated CDS’s from firms 

based in the US were used, all bonds were filtered to only include dollar issuances. This was done to ensure 

that any cross-currency difference between the CDS and the bond would not affect the Basis. Furthermore, 

only fixed coupon bonds were included. Duffie and Liu (2001) shows that the fixed rate corporate spread and 
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floating rate corporate spread only differs marginally. Fixed rate bonds should therefore provide a reasonable 

approximation to Duffie’s (1999) floating-based no-arbitrage argument, while still providing an acceptable 

pool of bonds for data collection. Finally, the bonds were filtered on their maturity type. Callable, putable 

and the like of maturity structures were excluded from the search. Again, the argument is that the valuation 

of these special clauses would skew the Basis. In the end, only bonds with at maturity or make whole callable 

structures were included. Powers and Tsyplakov (2008) argue that the yield of make whole callable bonds 

only differ negligible from at maturity bonds. Hence, this type of maturity structure was included to increase 

the amount of available data. However, throughout the bond picking process if both at maturity- and make-

whole callable bonds were available at maturity would be chosen over make whole callable. The same 

reasoning applies to the issuance size. If multiple bonds were available for a given point in time, the one with 

the larger issuance size would be chosen to minimize any liquidity impact smaller bond issuance might have.  

Once the relevant bonds for both the upper and lower bond had been identified the I-spread was 

downloaded. The I-spread is the difference between the yield on the bond and the yield for an appropriate 

risk-free reference rate. The reference rate is interpolated such that its maturity is exactly matched to that 

of the bond yield.    

Bloomberg’s generic price (BGN) was used to obtain bond yields. BGN is a single security composite price, 

derived from both dealer executed and indicated prices, and calculated by Bloomberg on an intra-day level. 

The exact methodology applied by Bloomberg is not publicly available, however. BGN as pricing source has 

been applied in other papers such as Blanco et al. (2005), Bhanot and Guo (2012), and Bühler and Trapp 

(2012). The reference rate applied for the I-spread is the dollar swap rate, as Feldhütter and Lando (2008) 

argue is the appropriate proxy. 

When calculating the five-year corporate spread, through linear interpolation, one of two methodologies can 

be applied. One could firstly collect the YTM of the lower and upper bound, interpolate the two to get a 

synthetic 5-year yield and then subtract the appropriate reference rate. Alternatively, the I-spread could be 

collected, i.e. the corporate spread of the upper and lower bound, and then interpolate to get the five-year 

synthetic corporate spread. The latter methodology was applied in an effort to minimize the measurement 

error that will inevitably happen, when a linear approximation is used for a concave term-structure.          

Finally, the question of missing observation has to be addressed. Daily observations were collected 

throughout the paper, but missing observation for a given day occurred. It was therefore chosen to use the 

previous day’s observation, if no more than two consecutive days where missing. If the number of 

consecutive days without observations exceeded this, the given day would be removed from the sample for 

the given firm.     
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8.3. Asset-Specific Illiquidity and Market Illiquidity  

Previous literature has used numerous different measures for asset-specific illiquidity, with no clear evidence 

that one measure should be vastly superior to the others (Schestag, Schuster, and Uhrig-Homburg, 2015). 

Augustin (2012) applies a slightly modified version of Amihud’s illiquidity measure (2002), while Bhanot and 

Guo (2012) uses several different proxies including long- and short-term stock volatility, credit rating, trading 

volume, and bid-ask yield spread. In this paper, a modified version of Roll’s measure (1984) proposed by Bao, 

Pan and Wang (2010) has been chosen. This proxy was also applied by Bai and Dufresne (2013) in their 

examination of the Basis. The measure looks at the covariance between the log return of the bond price and 

one period lagged log returns: 

𝐴𝑠𝑠𝑒𝑡−𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑖𝑙𝑙𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦 = 𝛾 = −𝑐𝑜𝑣(Δ𝑝𝑡 , Δ𝑝𝑡−1) 

Where 𝐿𝑜𝑔(𝑃𝑡) = 𝑝𝑡. Bao, Pan and Wang (2010) argue that bond prices consist of two components being 

(1) the fundamental value f and (2) a transitory component u driven bond illiquidity: 

𝑃𝑡 = 𝑓𝑡 + 𝑢𝑡 

With their asset-specific liquidity measure, they seek to extract the transitory component u and thus get a 

measure of illiquidity.  

The synthetic five-year price is derived by downloading daily BGN mid-prices for all bonds collected for the 

5-year spread, and then calculated using the methodology in Section 8.2. The illiquidity measure is then 

calculated using a one-month rolling covariance of the synthetic five-year maturity price. If five or more 

observations are missing within a given rolling month the observation has been excluded. This was done in 

an effort to find a path that lead to reliable data, yet retained a useable amount of observations.      

Following Bai and Dufresne (2013) the common market illiquidity is calculated as a simple daily average of 

each firm in the sample. 

𝑀𝑎𝑟𝑘𝑒𝑡 𝑖𝑙𝑙𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑡 = 𝑁−1 ∑ 𝐴𝑠𝑠𝑒𝑡 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑖𝑙𝑙𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑡,𝑖

𝑁

𝑖

 

This is then repeated throughout the duration of the sample. It should be noted that this methodology results 

in a time varying sample size, as we are working with unbalanced panel data.          

8.4. Funding Illiquidity  

When entering a Basis trade, one of the key concerns for the arbitrageur is that the Basis further departs 

from zero while their funding cost increases. For this reason, estimating a proxy for the investors funding risk 
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is important. Several different measures have been proposed in the literature which includes, but is not 

limited to, LIBOR-OIS spread, TED-spread (LIBOR-Tbill), Repo-Tbill spread and OIS-Tbill spread. For this paper, 

both the LIBOR-OIS spread and TED-spread has been calculated. For the LIBOR-OIS spread the 3-month dollar 

LIBOR rate and OIS has been obtained from Bloomberg4 and calculated as: 

𝐿𝐼𝐵𝑂𝑅𝑂𝐼𝑆𝑡 = 𝐿𝐼𝐵𝑂𝑅𝑡 − 𝑂𝐼𝑆𝑡 

The TED-spread is the difference between the LIBOR and 3-month Treasury bill. Data for the 3-month 

treasury rate has been sourced from FRED5 and calculated as: 

𝑇𝐸𝐷 𝑠𝑝𝑟𝑒𝑎𝑑𝑡 = 𝐿𝐼𝐵𝑂𝑅𝑡 − 3 𝑚𝑜𝑛𝑡ℎ 𝑇𝑏𝑖𝑙𝑙𝑡 

One does have to be careful when using a LIBOR based funding proxy. As the LIBOR is based on the financial 

health of the major financial intermediaries, it might contain credit risk from these institutions and thus 

correlate significantly with our counterparty risk measure. However, when using a treasury-based proxy one 

has to consider different regulatory impacts which might also influence the spread. Furthermore, Augustin 

(2012) argues that funding illiquidity should be correlated with market illiquidity, as one would expect 

increasing funding cost to result in decreasing market liquidity. When looking at Table 8.1 we find that the 

LIBOR-OIS spread is far more correlated to market illiquidity than counterparty risk. 

 

Table 8.1: Correlation matrix displaying the connection between the Basis, funding illiquidity, market illiquidity and counterparty risk   

We therefore choose to follow Augustin (2012), and use the residuals of market liquidity regressed on LIBOR-

OIS spread: 

𝐿𝐼𝐵𝑂𝑅𝑂𝐼𝑆𝑡 = 𝛼 + 𝛽1𝑀𝑎𝑟𝑘𝑒𝑡 𝑖𝑙𝑙𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑡 + 휀𝑡  

Our applied funding illiquidity measure is then: 

 휀𝑡 = 𝐿𝐼𝐵𝑂𝑅𝑂𝐼𝑆𝑡 − (𝛼 + 𝛽1𝑀𝑎𝑟𝑘𝑒𝑡 𝑖𝑙𝑙𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑡)  

                                                           
4 Bloomberg code for LIBOR and OIS: US0003M Index, ussoc cmpn curncy 
5 Federal Reserve Bank of St. Louis: TB3MS 

Variables Basis TED spread LIBOROIS Market illiquidity Counterparty risk

    Correlation matrix 

Basis 1

TED spread -0,24 1

LIBOROIS -0,32 0,87 1

Market illiqudity -0,34 0,46 0,59 1

Counterparty risk -0,08 0,12 0,21 0,09 1
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The residuals should then capture the part of funding illiquidity not correlated to market illiquidity. Through 

this, a purer measure of funding illiquidity should be obtained while reducing multicollinearity problems in 

the regression models to come.    

8.5. Counterparty Risk 

It is virtually impossible to measure different market makers net CDS exposure to a company. Therefore, a 

proxy has to be developed that estimates the protection buyers counterparty risk for a specific company. 

Augustin (2012) proposes to create an index of the primary market makers and then calculate the correlation 

of the index with single name companies. For this purpose, the primary dealers appointed by the Federal 

Reserve Bank of New York (2019a) were chosen to proxy the market for CDS exposure. Please note that the 

index has not been rebalanced through time. As the dealer list encompasses far more companies now than 

it historically have (Federal Reserve Bank of New York, 2019b), it was deemed better to use more data 

throughout time rather than rebalance. Please see Appendix 2 for a list of primary dealers. The index is based 

on the daily stock returns of each entity and then value weighted by market capitalization. The market return 

is then subtracted to get the excess return of the index. Market returns are proxied by all firms on NYSE, 

AMEX, and NASDAQ and sourced from Kenneth R. French’s website (2019). Counterparty exposure is then 

measured as the beta between the individual company’s stock returns and the excess return of the index 

(Augustin, 2012): 

𝛽𝑖,𝑡 =
𝑐𝑜𝑣(𝑅𝑖,𝑡, 𝑅𝑖𝑛𝑑𝑒𝑥𝑡

− 𝑅𝑚𝑘𝑡𝑡
)

𝑣𝑎𝑟(𝑅𝑖𝑛𝑑𝑒𝑥𝑡
− 𝑅𝑚𝑘𝑡𝑡

)
 

Where 𝑅𝑖𝑡 is the stock return of company i on day t. The beta has been calculated as the rolling one-year 

(252 trading days) covariance between company returns and index excess returns, over the one-year 

variance of the index excess return. All stock prices, for both the primary dealer list and the individual 

companies, have been sourced from Bloomberg. 

8.6. Collateral Quality and Other Control Variables 

Control variables collected includes rating, VIX, yield slope and the difference between Moody’s Aaa and Baa 

index. Moody’s senior unsecured rating has been used as the primary rating source. Whenever Moody’s 

rating was not available S&P have been used. Once the ratings had been collected, they were numerically 

indexed with the top rating AAA starting at one and the bottom rating C ending at 21. Whenever an outlook 

change was published 0.5 was subtracted (positive outlook) or added (negative outlook) to the index (see 

Appendix 8). Kiesel and Kolaric (2018) argue that markets anticipate rating changes prior to the actual 

announcement. Adjusting for outlook changes should help to partially capture this effect.  
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Chicago Board Options Exchange’s volatility index, VIX, is an index that uses the option implied volatility of 

S&P 500 firms to represent expected volatility. The data is publicly available at Yahoo Finance6 and was 

collected from January 2005 to February 2019. As the VIX is constituted of the S&P 500 it is deemed as a 

reasonable proxy for market volatility.    

The yield slope can, partially, be viewed as investors’ expectation of future business cycles (Benzoni et al., 

2018). It is therefore hypothesized to work as a rough measure of risk-aversion. It has simply been calculated 

as the difference between a 10-year Treasury note and 3-month Treasury note. 

𝑌𝑖𝑒𝑙𝑑 𝑠𝑙𝑜𝑝𝑒 = 10 𝑦𝑒𝑎𝑟 𝑇𝑏𝑖𝑙𝑙 − 3 𝑚𝑜𝑛𝑡ℎ 𝑇𝑏𝑖𝑙𝑙 

Daily rates have been collected from FRED7, for the period January 2005 to February 2019, for both reference 

rates and subsequently subtracted from one another to get the yield slope.              

Finally, the difference between Moody’s Aaa and Baa index have been calculated. The AAA index consists 

of all Aaa companies, while the Baa index consists of all companies with a rating in the range of Baa1 to 

Baa3. The information is publicly available at FRED8 9 and calculated as: 

𝐼𝑛𝑑𝑒𝑥 𝑠𝑝𝑟𝑒𝑎𝑑 = 𝐵𝑎𝑎𝑚𝑜𝑜𝑑𝑦′𝑠  − 𝐴𝑎𝑎𝑚𝑜𝑜𝑑𝑦′𝑠  

Augustin (2012) suggest that the index works as a measure of perceived credit risk in the overall market, 

and as such should exhibit the dynamics proposed in Section 7.4.   

9. Data Description  

In order to get the best possible measure of the Basis, we will need a large sample across both time, 

companies and industries. Once the data has been cleaned, we end up with a sample consisting of 127.235 

observations across 51 firms. This is a rather large sample compared to previous research. Blanco et al. 

(2005), Bhanot and Guo (2010), and Fontana (2010) have 33, 35, and 37 firms respectively. The most 

comprehensive data collection, using the actual quotes methodology, is performed by Augustin (2012) with 

159 firms although for a much smaller time period than this paper. Compared to the par-equivalent method 

these numbers are, however, dwarfed by Mahanti et al. (2010) and Bai and Dufresne (2013) who have 1.167 

and 263 unique firms respectively. The labor heavy nature of the actual quotes methodologies does, 

however, not allow for such large number of firms in the given time frame.  

                                                           
6 Yahoo Finance: CBOE Volatility Index (VIX) 
7 Federal Reserve Bank of St. Louis: DGS10 
8 Federal Reserve Bank of St. Louis: BAA 
9 Federal Reserve Bank of St. Louis: AAA 

https://finance.yahoo.com/quote/%5EVIX/
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In the following section, we seek to get a better understanding of the collected data, examining various 

distributions in our sample. We start by looking into relevant summary statistics for the Basis and then move 

on to the calculated variables.      

9.1. The Basis 

The final sample set contains 51 firms, all located in the U.S., in the period January 3rd 2005 to February 8th 

2019 using unbalanced panel data. The five-year spread has been calculated as described in Section 8.2 and 

all firms are presented in Table 9.1 with number of bonds used to construct the five-year spread, number of 

observations per firm throughout the data-set, and sector categorization. 



Page 40 of 86 
 

 

Table 9.1: Displaying the number of bonds used to construct the five-year yield, sector, and the number of observations for the 

individual firms in our sample 

Company Sector # of obs.
Lower bound Upper bound Total 

General Electric 8 6 14 Industrial 3.318      

KB Home 6 4 10 Consumer 2.216      

J.C. Penney 7 4 11 Consumer 2.135      

AT&T 7 5 12 Utilities 2.235      

Avon Products 7 4 11 Consumer 1.655      

Bank of America 7 4 11 Financial 3.198      

Centrylink 8 5 13 Utilities 2.387      

Chesapeak Energy 6 4 10 Utilities 2.008      

Campbell  Soup 6 4 10 Consumer 1.980      

Freeport-McMoran 8 6 14 Industrial 1.858      

Goldman Sachs 7 4 11 Financial 3.649      

JPMorgan Chase 8 6 14 Financial 3.649      

Macy's 9 5 14 Consumer 2.144      

Lennar Corporation 8 6 14 Consumer 2.138      

Morgan Stanley 8 4 12 Financial 3.290      

Sprint Communication 6 5 11 Utilities 2.891      

Xerox Corporation 8 4 12 Industrial 3.197      

Abbott Laboratories 9 5 14 Consumer 2.802      

American Electric Power 7 4 11 Utilities 303          

American Express 8 4 12 Financial 3.107      

Berkshire Hathaway 8 5 13 Financial 3.013      

Boeing 8 4 12 Industrial 3.118      

CIT Group 7 3 10 Financial 1.708      

CVS 8 4 12 Consumer 1.591      

Citigroup 8 5 13 Financial 3.316      

Capital One 7 5 12 Financial 2.430      

The Walt Disney Company 10 5 15 Utilities 2.859      

Comcast 8 4 12 Utilities 3.452      

Deere & Company 8 5 13 Industrial 3.204      

The Home Depot 8 4 12 Consumer 2.835      

Johnson & Johnson 4 4 8 Consumer 1.815      

Lockheed Martin 6 6 12 Industrial 1.685      

Mcdonald's 7 4 11 Consumer 1.943      

Northrop Grumman 6 5 11 Industrial 1.832      

Procter & Gamble 7 4 11 Consumer 2.572      

Raytheon 6 5 11 Industrial 2.456      

Pfizer 8 4 12 Consumer 2.536      

Southwest Airlines 7 3 10 Consumer 1.539      

Target Corporation 8 4 12 Consumer 3.151      

Verizon Communication 8 7 15 Utilities 2.469      

Viacom 6 4 10 Utilities 2.370      

Walmart 9 4 13 Consumer 3.408      

Wells Fargo 9 4 13 Financial 3.450      

Whirlpool 6 4 10 Consumer 1.993      

YUM! Brands 7 4 11 Consumer 2.586      

Chevron 7 3 10 Utilities 2.178      

Cisco 7 4 11 Utilities 3.083      

Kellogg Company 8 4 12 Consumer 2.314      

Kimberly-Clark 6 5 11 Consumer 2.135      

Eli Lilly and Company 7 4 11 Consumer 1.699      

Pepsico 10 6 16 Consumer 2.335      

Total 377 229 606 127.235   

# of bond 
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In total 606 bonds were collected and used to construct the five-year I-spread for the respective firms. This 

amounts to a total of 127.235 observation after filtering for missing observation in both independent 

variables, CDS data, bond data, and stock data. The most represented sector is Consumer, although this a 

fairly wide category also containing pharmaceuticals and consumer goods manufactures.  

 

Table 9.2: The data distribution across four high-level industry categorizations  

Most sectors seem well represented, with no industry constituting more than 40% of the sample. Financial 

firms will, on average have more observations, per firm, relative to all other sectors. The financial institutions 

in our sample are typically large international companies that are very active in the bond and CDS market. 

Data has therefore been more readily available which is the reason for this sector too, on average, have the 

most observations per firm. With 252 trading days a year, 51 firms, and 14,1 years observations the sample 

has a data retention rate of roughly 70% for the 51 remaining firms. From our initial 80 firm shortlist, the 

retention rate is reduced to 45% in line with Augustin (2012) of 44%10.     

For the 606 collected bonds Table 9.3 provides an overview of the average coupon, issuance size, maturity 

at issuance, and distribution of maturity type as well as the 25% and 75% quartiles.  

 

Table 9.3: Summary statistics of the 606 collected bonds used to construct the synthetic five-year yield   

Firstly, we notice that there are only marginal differences between the upper- and lower bound. We observe 

that the upper bound, on average, has a longer maturity at issuance as expected. Furthermore, the average 

issuance size is fairly high at roughly 1.000 USDm. This is per construction. Bonds with higher issuance size 

                                                           
10 Starting with 177 firms the list is reduced to 159 firms with 118.816 observation over six years for the multiple 
regression analysis.  

Sector # of firms # of obs.

Average Min Max

Financial 10 30.810 3.081 1.708 3.649

Utilities 11 26.235 2.385 303 3.452

Consumer 22 49.522 2.251 1.539 3.408

Industrial 8 20.668 2.584 1.685 3.318

Total 51 127.235 2.495 303 3.649

        # of obs. per firm 

Average Q25 Q75 Average Q25 Q75

Coupon 4,8% 3,3% 5,9% 5,0% 3,7% 6,0%

Issuance size 982 USDm 425 USDm 1.250 USDm 1.003 USDm 400 USDm 1.250 USDm

Maturity at issuance 8 years 5 years 10 years 11 years 10 years 12 years 

Maturity Type:

    At maturity 71% 74%

    Make whole callable 29% 26%

Upper bound Lower bound 
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have been chosen over bonds with smaller issuance size, all else equal, to minimize liquidity impact from 

small issuances. Furthermore, the vast majority of bonds have an At maturity redemption structure at more 

than 70% for both the upper and lower bound. Figure 9.1 shows that the majority of bonds, accounting for 

~70% in both lower- and upper bound, are not issued for any specific purpose. They are either classified as 

General corporate purposes or Refinancing. 

 

Figure 9.1: Distribution of use of proceeds across all collected bonds split into the Lower- (left-hand side) and upper bound (right-

hand side) 

This is desirable as it reduces the risk of the bonds containing special clauses, not captured by the initial 

screening process, that would affect the Basis.  

In Table 9.4 the average yearly rating across time is presented for all 51 firms (although all firms are not 

present throughout the entire sample period).  

 

Table 9.4: Summary table showing the rating distribution across time for all 51 firms 

The majority of companies are rated in the range of A1 to Baa3 (A-Baa) constituting, on average, 68% of all 

firms over the span of the sample. We generally see a deterioration of creditworthiness during the financial 

crisis, as one would expect, followed by a stabilization after 2011 to present day − although at a lower level 

than prior to the crisis. It is important to note that only a small proportion of the sample is categorized as 

High Yield bonds (Ba and below). This will inevitably remove some of the cross-sectional differences between 

2005 2007 2009 2011 2013 2015 2017 2019

Aaa 4 3 2 1 1 1 1 1

Aa 13 12 7 7 5 4 4 4

A 13 16 19 20 21 20 20 19

Baa 16 17 15 16 17 18 16 16

Ba 5 3 5 4 4 4 2 4

B 0 0 3 3 2 3 7 7

Caa 0 0 0 0 1 1 1 0

Ca 0 0 0 0 0 0 0 0

C 0 0 0 0 0 0 0 0

Total 51 51 51 51 51 51 51 51
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High Yield and Investment Grade companies in the analysis. The problem of obtaining a sufficient amount of 

High Yield companies is, however, not isolated to this paper. As shown in Table 9.5 Augustin (2012) tops the 

data collection by obtaining 21% High Yield companies, while most others have around 10% if any.  

 

Table 9.5: The distribution of High Yield companies in various datasets  

With 6% High Yield companies as the smallest proportion in 2007 and 22% as the highest proportion in 2019, 

the paper follows previous work fairly close. A higher number of High Yield companies would, however, have 

been preferred.  

Using the collected data, the average Basis has been calculated and subsequently dividend into different 

cross-sectional splits. For the entire sample we can, in line with previous research, see three distinct time 

patterns. Prior to the crisis, the Basis was consistently positive and stable (although it starts to become 

negative in the second half of 2006 in line with Bai and Dufresne (2013)). During the crisis, we see a dramatic 

decrease and large volatility in the Basis. Following the crisis, a new ‘normal’ emerges with a predominantly 

negative Basis, averaging -32bps in 2015 as the most negative year. 

 

Figure 9.2: The average five-year spread, CDS premium, and Basis across the entire sample with noticeable events marked 

In Figure 9.2 we see the immediate spikes in both the average five-year spread and CDS premium, following 

the collapse of Bearn Stearns and Lehman Brothers indicating a perception of increased credit risk. Shortly 

after the collapse of Lehman Brothers, on September 15th 2008, the Basis reaches its lowest point on 

Augustin (2012) Mahanti et al. (2010) De wit (2006) Bühler and Trapp (2018) Fontana (2010) Blanco et al. (2005)

# of firms 159 1.167 103 155 37 33

Proportion of HY 21% 10% 9% 6% 0% 0%
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December 18th 2008 at -235bps for the overall sample. From the cross-sectional division, we observe 

significant differences across both industries and ratings. Comparing Financials to Non-Financials, we find 

that the Basis became significantly more negative for Non-financials during the crisis. This is slightly counter-

intuitive as Financials were one of the industries that suffered the most during the crisis. Intuitively, one 

would have expected market frictions to increased more for this industry and thus decrease the Basis 

relatively more. Augustin (2012) argue that a significant demand effect in the CDS market for Financials 

increased the premium and hereby made the Basis relatively bigger for Financials. Non-financials reached 

the lowest level on December 17th 2008 with an average Basis of -249bps. When splitting the Basis into 

investment grade (IG) and high yield (HY)11 we find that the Basis is significantly more negative for HY. 

Augustin (2012) and Fontana (2010) argues that this is, in part, driven by a ‘flight to quality’ effect, with AAA 

rated firms even becoming strongly positive during the crisis. HY companies reach their lowest point on 

December 1st 2008 with a Basis of -594bps compared to IG companies at -181bps on October 21st 2008.     

 

Figure 9.3: Figure (A) plots the average Basis across time for Financials (F) only while (B) does so for Non-financials (NF). (C) and (D) 

repeats this cross-sectional exercise for Investment Grade (IG) and High Yield (HY) companies respectively   

                                                           
11 IG and HY are split at an A3 rating, despite market convention normally splitting at Baa3. This is done to capture 
more of the flight-to-quality effect in the cross-sectional analysis.  
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The significant cross-sectional difference, presented in Figure 9.3, underlines the importance of adjusting for 

both sector, time and rating when performing statistical analysis.  

Finally, we turn our attention to the Basis of the individual firms. In Table 9.6, each firms average Basis has 

been calculated for four distinct periods. Prior to the crisis, 30 out of 45 companies has an average Basis 

above zero, in line with previous literature. Furthermore, the sample mean is 1bps and thus very close to the 

no-arbitrage relationship of zero. This picture changes dramatically during the crisis, with 40 firms becoming 

negative on average out of 48. During the crisis, an interesting phenomenon happens known as the ‘flight to 

quality’. We find that high rated companies, such as General Electric (AAA), Berkshire Hathaway (AAA), and 

Procter & Gamble (Aa) all experiences an increasing Basis relative to the former period. As investors liquidate 

their positions in high-risk volatile bonds, they place their money ‘safe havens’ such as AAA bonds. This 

creates a buy pressure on AAA-rated companies increasing prices and lowering yields, thus driving the Basis 

into a positive range (D.E. Shaw Group, 2009). On the other hand, we find that most other bonds experiences 

a large negative Basis with Raytheon taking the lead at -343bps. In the Post-crisis period, the negative Basis 

continues, although at a lower level. 42 out of 51 firms are averaging a negative Basis throughout the period, 

with the overall sample averaging -16bps. Although cross-sectional differences prevail in the Post-crisis 

period, the negative Basis seems to be the new norm, with only four firms having an average Basis in excess 

of 10bps.  
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Table 9.6: Summary statistics for the individual companies presenting the average Basis in four distinct periods  

Company Sector 

Entire sample Pre-crisis During-crisis Post-crisis 

General Electric 15bp 4bp 75bp -2bp Industrial

KB Home -60bp 3bp -312bp -41bp Consumer

J.C. Penney 18bp 1bp -67bp 38bp Consumer

AT&T -58bp -11bp -120bp -36bp Utilities

Avon Products -89bp 5bp -103bp -110bp Consumer

Bank of America -27bp 6bp -76bp -20bp Financial

Centrylink -24bp -11bp -35bp -25bp Utilities

Chesapeak Energy 31bp n.a. 50bp 28bp Utilities

Campbell  Soup 6bp 7bp 3bp 6bp Consumer

Freeport-McMoran -69bp 4bp -174bp -47bp Industrial

Goldman Sachs -18bp 5bp -49bp -16bp Financial

JPMorgan Chase -21bp 9bp -49bp -22bp Financial

Macy's -37bp -1bp -235bp -12bp Consumer

Lennar Corporation -67bp 0bp -252bp -44bp Consumer

Morgan Stanley -22bp -8bp -36bp -20bp Financial

Sprint Communication -58bp -26bp -207bp -12bp Utilities

Xerox Corporation -21bp -10bp -126bp 0bp Industrial

Abbott Laboratories -64bp -6bp -116bp -63bp Consumer

American Electric Power -89bp n.a. n.a. -89bp Utilities

American Express -16bp 13bp -20bp -25bp Financial

Berkshire Hathaway 38bp 12bp 45bp 45bp Financial

Boeing 10bp 9bp 0bp 11bp Industrial

CIT Group -54bp n.a. n.a. -54bp Financial

CVS -72bp -7bp -35bp -96bp Consumer

Citigroup -19bp 6bp -44bp -21bp Financial

Capital One -7bp 10bp 19bp -19bp Financial

The Walt Disney Company -10bp 4bp -30bp -7bp Utilities

Comcast -21bp -4bp -78bp -12bp Utilities

Deere & Company -7bp 8bp -38bp -2bp Industrial

The Home Depot -21bp 5bp -66bp -10bp Consumer

Johnson & Johnson 5bp n.a. n.a. 5bp Consumer

Lockheed Martin -33bp -11bp -67bp -32bp Industrial

Mcdonald's -21bp 18bp -54bp -21bp Consumer

Northrop Grumman -39bp -3bp -16bp -48bp Industrial

Procter & Gamble 11bp 17bp 23bp 8bp Consumer

Raytheon -152bp n.a. -343bp -91bp Industrial

Pfizer 2bp 18bp -8bp -4bp Consumer

Southwest Airlines -49bp -6bp -92bp -29bp Consumer

Target Corporation 2bp 9bp -2bp 1bp Consumer

Verizon Communication -37bp -39bp -79bp -32bp Utilities

Viacom -33bp -6bp -54bp -30bp Utilities

Walmart 6bp 11bp 3bp -2bp Consumer

Wells Fargo -10bp 7bp -38bp -10bp Financial

Whirlpool -35bp -8bp -94bp -24bp Consumer

YUM! Brands -45bp -7bp -73bp -48bp Consumer

Chevron -23bp n.a. -104bp -15bp Utilities

Cisco 3bp 1bp -26bp 8bp Utilities

Kellogg Company -1bp 7bp 10bp -2bp Consumer

Kimberly-Clark -10bp 3bp -17bp -9bp Consumer

Eli Lilly and Company -9bp 12bp -26bp 0bp Consumer

Pepsico -4bp -7bp -12bp -1bp Consumer

Mean -22bp 1bp -68bp -16bp

Median -11bp 4bp -34bp -13bp

# of firms 51 45 48 51

Average basis
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9.2. Liquidity and Counterparty Risk  

During the financial crisis, the market experienced a major liquidity crisis, drastically increasing liquidity risk 

on financial assets. In Figure 9.4 the Basis is plotted against market illiquidity and asset-specific illiquidity 

using Bank of America as an example. It is widely argued that increased liquidity risk was one of the key 

drivers of the extreme negative Basis observed during the crisis (Augustin, 2012 and Bhanot and Gou, 2012). 

This seems to fit well with the plotted figure below. 

 

Figure 9.4: The average Basis is plotted against market illiquidity and asset-specific illiquidity (exemplified through Bank of America) 

When constructing the liquidity measure, the prices of the 606 bonds presented in Table 9.1 were collected 

for a total of 155.864 observations. This is then reduced to 148.061 liquidity observations when following the 

methodology described in Section 8.3.  

In Figure 9.5 the Basis has been plotted against funding illiquidity, proxied by the LIBOR-OIS spread, and 

counterparty risk. It immediately becomes apparent that funding illiquidity seems highly correlated to the 

Basis during the financial crisis. The strong correlation does seem to fade in the post-crisis period. The same 

observation applies to counterparty risk. Especially, we notice that counterparty risk reaches its highest level 

ultimo 2012, while the Basis becomes slightly positive during this period.   
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Figure 9.5: The average Basis plotted against funding illiquidity, proxied by the LIBOR-OIS spread, and counterparty risk 

This might indicate that counterparty risk is not a major driver of the Basis, especially after the financial crisis. 

However, further examination needs to be done before any conclusions can be made.  

Finally, both the VIX and Moody’s Aaa vs. Baa index have been plotted against the Basis in Figure 9.6. 

 

Figure 9.6: The average Basis plotted against market volatility, proxied by the VIX index, and Moody’s Aaa vs Baa index   

Firstly, we notice that a strong correlation seems to persist between the Basis and both variables. This is 

especially apparent during the crisis, but also in 2015/2016 where both the VIX and Moody’s Aaa vs. Baa 

index is increasing, while the Basis reaches its lowest point since 2009.     

-250

-200

-150

-100

-50

0

50

100

150

200

250

-4%

-3%

-2%

-1%

0%

1%

2%

3%

4%

2005 2007 2009 2011 2013 2015 2017 2019

M
ea

n
 C

D
S-

b
o

n
d

 b
as

is
 (

b
p

s)

P
er

ca
n

ta
ge

Basis Counter party risk Funding illiquidity

-250

-200

-150

-100

-50

0

50

100

150

200

250

-90%

-60%

-30%

0%

30%

60%

90%

2005 2007 2010 2013 2015 2018

M
ea

n
 C

D
S-

b
o

n
d

 b
as

is
 (

b
p

s)

V
IX

 a
n

d
 M

o
o

d
y'

s 
in

 %

Basis VIX Moody's Aaa vs. Baa



Page 49 of 86 
 

10. Empirical Results 

In the following section, an empirical analysis will be performed by analyzing different variables effect on the 

Basis. Firstly, we project the Basis on all variables in a univariate framework in order to isolate the individual 

effects of each variable. 

Following the univariate regressions, we turn our attention to a multivariate setting. Using the previously 

defined measure of funding illiquidity (FI), asset-specific illiquidity (AI), market illiquidity (MI), and 

counterparty risk (CR), we construct the regression model presented below. 

𝐵𝑖,𝑡 = 𝛽1𝐹𝐼𝑖,𝑡 + 𝛽2𝐴𝐼𝑖,𝑡 + 𝛽3𝑀𝐼𝑖,𝑡 + 𝛽4𝐶𝑅𝑖,𝑡 + 휀𝑖,𝑡 + 𝑎𝑖 

This model is further expanded to include different control variables including market volatility (VIX), yield 

slope (Yield slope), perceived risk premia (Moody’s Aaa vs Baa index), and rating (Rating) simply referred to 

as “Controls” below.       

𝐵𝑖,𝑡 = 𝛽1𝐹𝐼𝑖,𝑡 + 𝛽2𝐴𝐼𝑖,𝑡 + 𝛽3𝑀𝐼𝑖,𝑡 + 𝛽4𝐶𝑅𝑖,𝑡 + 𝛿𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 휀𝑖,𝑡 + 𝑎𝑖 

𝑎𝑖  represents the firm-specific error term and is eliminated by applying a Fixed effect model in the regression 

framework.  

10.1. The Univariate Framework   

To begin our examination, we run a univariate regression for each of our variables against the Basis. Augustin 

(2012) and Bai and Dufresne (2013) (among others) argue for the importance of looking at the effect of 

variables on the Basis in different periods separately. The analysis is therefore split into four different time 

groups: The Entire period ranging from January 3rd 2005 to February 8th 2019 which constitutes all collected 

data, Pre-crisis which includes all data prior to June 1st 2007, During-crisis starting at June 1st 2007 and ending 

on January 1st 2010, and Post-crisis starting on January 2nd 2010 and ending on February 8th 2019.  

Firstly, a univariate OLS regression for asset-specific illiquidity (AI) of the following form is calculated. 

𝐵𝑖,𝑡(𝑒𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑) = 𝛽1𝐴𝐼𝑖,𝑡(𝑒𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑) + 𝑎𝑖 + 휀𝑖,𝑡(𝑒𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑) 

As the above model would fail to adjust for firm-specific errors, a fixed effect model is applied to eliminate 

the error term, 𝑎𝑖, following the example of Bühler and Trapp (2009) and Augustin (2012). 

𝐵𝑖,𝑡(𝑒𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑)
𝐹𝐸 = 𝛽1

𝐹𝐸𝐴𝐼𝑖,𝑡(𝑒𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑)  + 휀𝑖,𝑡(𝑒𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑) 

The above regression yields a coefficient of -0,93 and is highly significant with a p-value below 1% (see Table 

10.1). However, as is often the case when working with panel data, simply using normal standard errors could 
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lead to bias results due to heteroscedastic. A Breusch-Pagan test for heteroscedastic is therefore applied 

(Wooldridge, 2009). Firstly, the residuals of the model, denoted as u, is obtained. The squared residuals are 

then regressed on the original explanatory variable. 

𝑢2 = 𝛾0 + 𝛾1𝐴𝐼𝑖,𝑡(𝑒𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑) + 휀𝑖,𝑡(𝑒𝑛𝑡𝑖𝑟𝑒 𝑝𝑒𝑟𝑖𝑜𝑑) 

By obtaining the R2 and the number of observations n, we can calculate the LM statistics as 𝐿𝑀 = 𝑅𝑢2
2 𝑛 which 

can be shown to approximately follow a 𝜒2 distribution. We can then test the null of homoscedasticity or 

reject it for the alternative of heteroscedasticity. From the above regression, a LM statistic of 48,6 is obtained 

which equals a 𝜒1
2  ≈ 3.12 ∗ 10−12 for a one-sided test. We therefore reject the null and conclude that 

despite the introduction of a fixed effect model there is still heteroscedasticity present. All standard errors 

are therefore presented by Driscoll and Kraay’s (1998) non-parametric estimators, which produce 

heteroscedasticity consistent standard errors and adjust for serial correlation.  

In Table 10.1, the coefficients for each regression is presented across the different time periods. 

 

Table 10.1: Univariate regressions for each of our variables executed across four different time periods. Each figure represents the 

single coefficient for the univariate regression with Driscoll and Kraay’s (1998) standard errors presented below in brackets   

Firstly, we consider asset-specific illiquidity. We find that the measure mostly aligns with expectations. All 

periods have the anticipated sign and are significant at a 99% level except for the Pre-crisis period. In the 

Entire sample Pre-crisis During-crisis Post-crisis

(1) (2) (3) (4)

Asset specific illiquidity -0.9
*** 0.1 -0.6

***
-0.9

***

(0.1) (0.03) (0.1) (0.1)

Market illiquidity -4.2
***

-3.4
**

-3.6
***

-1.5
***

(0.4) (1.6) (0.4) (0.5)

Funding illiquidity -35.0
***

-27.2
***

-20.2
*** 7.3

(8.3) (8.0) (5.7) (4.8)

Counterparty risk -32.3
*** -1.9 15.7 -4.1

(3.9) (5.9) (22.0) (3.3)

Rating 1.4
**

17.6
***

-27.8
***

7.9
***

(0.6) (1.0) (3.0) (0.7)

VIX -3.0
*** 0.7 -4.2

***
-0.9

***

(0.2) (0.5) (0.2) (0.1)

Moody's AAA vs BBB index -66.0
***

-33.7
***

-74.0
***

-31.3
***

(2.3) (6.5) (2.2) (3.4)

Yield slope -12.3
***

13.9
***

-25.2
***

-5.7
***

(1.1) (0.9) (2.6) (0.8)

Firm fixed effects Yes Yes Yes Yes

Time fixed effects No No No No

Observations 127.235 20.007 19.563 87.595

Note:

Basis

*
p<0.1; 

**
p<0.05; 

***
p<0.01

Univariant regressions

Dependent variable:
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second half of 2006, the Basis turned negative while illiquidity remained low and stable which might drive 

the positive sign and also explain why the coefficient is not significant pre-crisis. For the entire sample, asset-

specific illiquidity has a standard deviation of 17. One standard deviation change is therefore expected to 

decrease the Basis by 16bps. During the crisis, asset-specific illiquidity becomes more volatile magnifying the 

effect to 24bps decrease at one standard deviation increase in illiquidity. The same interpretation prevails at 

the aggregated level for market illiquidity. The effect is, however, far more pronounced. For the entire sample 

in (1), one standard deviation increase in market illiquidity is expected to yield 47bps decrease of the Basis 

which, economically, is a huge impact. Although both market- and asset-specific illiquidity show economically 

large effects, the reader should be careful when interpreting the results. It is suspected that omitted variable 

bias is increasing the observed effects. Specifically, the strong positive correlation between funding illiquidity 

and market illiquidity (0,59 for the entire sample) would produce a downward pressure on the coefficient, 

i.e. make the coefficient more negative than the true estimate (Wooldridge, 2009). This will be further 

investigated in the multivariate setting.  

Funding illiquidity is proxied by the residuals of market illiquidity projected onto the LIBOR-OIS spread. It is 

expected that as funding constraints become binding, investors will have to unwind their positions in the 

cash leg. The result should be a sell pressure on bonds, making them relatively cheaper compared to CDS’s. 

Therefore, the sign is expected to be negative which is also supported by our findings. For the entire sample, 

one standard deviation change in funding illiquidity results in a 14bps decrease in the Basis. Again, omitted 

variable bias might overstate this result as argued above. Interestingly, the sign flips and the coefficient 

become insignificant in the Post-crisis era. The potential disconnect between the Basis and funding liquidity 

is an interesting result and will be discussed more in depth in Section 11.  

The counterparty risk regressions are not as in line with our expectations as the former variables. For the 

overall sample, the coefficient has the expected negative sign and is significant at 99%. For one standard 

deviation increase, the Basis is expected to decrease by 14bps. Pre- and Post-crisis, we find that the effect is 

far smaller at ~1bps decrease for one standard deviation increase. The coefficients are, however, not 

significant. During the crisis, we find an interesting development. In line with previous findings by Augustin 

(2012), counterparty risk becomes positive (yet insignificant). This is a counterintuitive finding. One would 

expect the Basis to become very dependent on counterparty risk as systemic risk rippled through the financial 

system during the crisis. This leads to a fundamental question about what is captured by the measure and if 

we are missing some of the dynamics in relation to counterparty risk during stressed times. 

Turning our attention to the control variables, we find that the Basis is decreasing in volatility, proxied by the 

VIX, as expected. For a unit increase in the VIX, we find an opposite movement of 3bps for the Basis in (1). 
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The perceived risk premia, proxied by the difference in Moody’s Aaa and Baa index, has the anticipated 

direction and is significant at 99% for all periods. Surprisingly, the economic impact of the variable is the 

strongest among all variables. One standard deviation increase during the crisis results in 54bps decrease of 

the Basis and 27bps for the entire sample. The result is, however, in line with the findings of Augustin (2012), 

who also finds the variable to have the, economically, largest impact. As discussed before, this might suggest 

that although the economic intuition seems to confirm our original hypotheses, strong correlation to omitted 

variables might exacerbate the impact (see Appendix 6). The drivers of this variable will be explored further 

in depth in the multivariate framework (Table 10.5).   

During the crisis, Rating has the anticipated impact on the Basis, decreasing it by 28bps per one-notch 

downgrade. Outside of the crisis, the variable does not seem to affect the Basis as anticipated. One-notch 

downgrade increases the Basis by 18bps and 8bps in the Pre- and Post-crisis period respectively. 

Unfortunately, it is suspected that the fixed effect transformation might be skewing the result. As fixed effect 

models cannot handle time invariant data, we are experiencing that companies with stable rating throughout 

a given period is being transformed into a numerical value of zero (Wooldridge, 2009). Applying a regular 

linear model, the expected impact per one-notch downgrade is 3bps and 2bps decrease of the Basis in the 

Pre- and Post-crisis period. This is both the anticipated directional effect and of a reasonable economic 

impact. However, as previously argued, several assumptions under the OLS framework is violated, especially 

concerning heteroscedasticity. Interpreting such results should therefore be done with caution. The yield 

slope is significant and for most periods have a negative sign with the exception of the Pre-crisis period.  

10.2. The Multivariant Framework   

Following the univariate regressions, we now turn our attention to the multivariate analysis. We further 

extend the framework by distinguishing between Financial and Non-financial companies in separate 

regressions while still maintaining the aforementioned periodic division. In Section 9.1, our descriptive 

analysis showed that a significant difference seemed to prevail between the two groups, which is also 

observed by Augustin (2012) and Bühler and Trapp (2009). Distinguishing between the two industry groups 

should help determine what drives the observed differences. 

To begin with, we run a multiple regression for the entire sample for our main variables. 

𝐵𝑖,𝑡 = 𝛽1𝐹𝐼𝑖,𝑡 + 𝛽2𝐴𝐼𝑖,𝑡 + 𝛽3𝑀𝐼𝑖,𝑡 + 𝛽4𝐶𝑅𝑖,𝑡 + 휀𝑖,𝑡 + 𝑎𝑖 

Once again, a firm-specific fixed effect model is applied to eliminate the error term 𝑎𝑖. Applying a Breusch-

Pagan test, we find that there, as in the univariate case, persists heteroscedasticity despite the introduction 

of the fixed effect model. Driscoll and Kraay’s (1998) standard errors are therefore applied. In Appendix 4 
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the residuals are plotted as a histogram and against each observation. They are generally well behaved, why 

a fixed effect model with Driscoll and Kraay’s (1988) standard errors is chosen as the final model for our 

regressions.       

10.2.1. Entire Sample Period   
In Table 10.2, the multiple regression results are presented for the entire sample period. Column (1) and (2) 

display the results for all firms. (1) only applies the main regressors while control variables are added in (2). 

(3) and (4) repeats this exercise for Financials while (5) and (6) does so for Non-financials.  

 

Table 10.2: Multivariant regressions for the entire sample period. The regressions are split across all firms, Financials, and Non-

financials. Furthermore, two regressions are performed for each sub-set; one with the main variables and one with controls added    

A quick preliminary glance of the coefficients shows that they mostly align with expectations affecting the 

Basis in the anticipated direction. As argued in the univariate settings, the economically large impact of 

funding illiquidity seems to have been affected by omitted variable bias. By adding more explanatory 

variables, we find that the impact has been reduced to 7bps in (1) and 2bps when adding control variables in 

(2) at one standard deviation increase in funding illiquidity. Furthermore, it seems that Non-financials are 

more susceptible to fluctuations in funding illiquidity compared to Financials.  

One standard deviation increase in asset-specific illiquidity amounts to 10bps and 9bps decline of the Basis 

for (1) and (2) respectively. Interestingly, the variable becomes insignificant for financial firms while the effect 
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is larger and significant at 99% for Non-financials when compared to (1) and (2). Market illiquidity is still 

significant and with the predicted sign. The impact of the variable has also been reduced from the univariate 

setting. One standard deviation increase of market illiquidity decreases the Basis by 4bps when adjusting for 

control variables in (2). The effect on Financials and Non-financials is similar in size.  

As in the univariate setting, it is less straightforward to interpret counterparty risk. When only considering 

our main regressors, the variable acts as anticipated in (1), (3), and (5). One standard deviation increase 

amounts to a 7bps decrease for Non-financials (5) and 4bps for Financials (3). However, when adjusting for 

control variables, the results become more conflicting. The measure becomes insignificant for all three 

regressions and even changes sign for Financials and the overall sample. Although insignificant, this result is 

highly counterintuitive as one would expect Financials to be hit more harshly as they were at the center of 

the financial crisis.  Again, this raises a question about the nature counterparty risk and how it is measured 

in this paper. Arora, Gandhi, and Longstaff (2012) found that counterparty risk is not priced in CDS’s for 

financial firms, but only for Non-financials. They argue that CDS’s for large financial institutions might be 

treated as ‘too big to fail’ driving the discrepancy between the two industry groups. This would explain the 

difference between regression (4) and (6). However, the current results suggest that counterparty risk does 

not matter for the Basis. 

Moving on to the control variables, we find market volatility has the expected sign, but is not significant 

neither on an aggregated level nor for the industry groups. This is not very surprising as one would expect 

market volatility to be relevant predominantly in times of crisis. This will be confirmed or disproven when 

looking at the During-crisis regressions.  

As with the univariate case, we find that perceived risk premia, proxied by Moody’s Aaa and Baa index 

difference, is significant at 99% and with the expected sign. The economic impact of the variables is once 

again large. One standard deviation increase changes the Basis by ~19bps for both industry groups and the 

overall sample. It is thus the variable with the strongest influence on the Basis in line with the findings of 

Augustin (2012). It is hard to tell exactly how the variable drives the Basis. As the credit risk premium 

increases it might be that investors become more risk-averse and thus require a larger premium in the cash 

market. This would drive bond prices down and hereby yields up causing a negative Basis. On the other hand, 

it should similarly push CDS premiums up, which would push the Basis into positive territory. Conversely, CDS 

buyers might require a discount due to increased risk aversion pushing the CDS premium down. As such, it 

might reflect a difference between the participants of the cash and derivatives market with the latter being 

driven by more professional institutional investors (Blanco, 2005). Risk-aversion would then be priced 
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proportionally less in the derivatives market having a negative effect on the Basis. This is, however, only of a 

speculative nature as of now.     

For all firms in (2), we find that rating is insignificant although negative. For Financials, rating behaves as 

expected and a one-notch downgrade (i.e. from BBB to BBB- or 9 to 10) decreases the Basis by 4bps. 

Surprisingly, rating has the opposite effect on Non-financials increasing the Basis as collateral quality is 

decreasing. Although the effect is not very large at 1bps per one notch downgrade it might be that the fixed 

effect transformation is skewing the results again.  

10.2.2. Pre-Crisis Sample Period 
Having looked into the entire sample, the following section will examine the Pre-crisis period. The regression 

outputs are presented in Table 10.3. 

 

Table 10.3: Multivariate regressions for the pre-crisis sample period. The regressions are split across all firms, Financials, and Non-

financials. Furthermore, two regressions are performed for each sub-set; one with the main variables and one with controls added 

Firstly, we notice that for our regressions, which only include the main regressors, Funding illiquidity becomes 

insignificant. However, when adjusting for controls it is significant and in absolute terms becomes larger 

compared to the entire sample in Table 10.2. This is the result of low volatility in the LIBOR-OIS spread prior 

to the crisis. For Financials, one standard deviation increase pushes the Basis down by 1bps and 3bps for 

Non-financials. The effect is therefore smaller in the Pre-crisis period compared to the Entire sample.  
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As in the univariate setting, we find that asset-specific illiquidity has turned positive. Although the economic 

impact is small (0.5bps for one standard deviation in (6)), it is still a puzzling effect. Market liquidity still 

behaves as expected. The economic impact is now much smaller at 3bps and 2bps for Financials and Non-

financials respectively.  

Counterparty risk is now significant in all regressions, but the sign is mainly positive. This is in contrast to our 

univariate regression and to a large extent for the entire sample. Furthermore, we are also seeing differences 

in the directional impact between (3) and (4). This is a slightly concerning finding as it might point towards 

multicollinearity between the independent variables skewing the results. Generally speaking, the intuition 

for the Pre-crisis period is difficult. Market conditions were generally good, with strong liquidity, stable 

collateral quality, and low volatility. Despite this, the Basis turned slightly negative in the second half of 2006 

and onwards as supported by the findings of Bai and Dufresne (2013). In addition to, this Bai and Dufresne 

(2013) also found a positive coefficient for counterparty risk Pre-crisis. They mainly attribute this to a strong 

correlation with Rating, which is also the case in this paper at -0.54 in the Pre-crisis period. As such, it might 

be that the variable suffers from multicollinearity. 

Furthermore, Rating is found to be positive, contrary to expectation. This might be driven by the stable 

collateral quality during this period as argued in Section 10.1. If a linear OLS regression, without fixed effects, 

is applied, the rating coefficient changes to -2,3 (i.e. one-notch downgrade results in a 2bps decrease) for all 

firms. Although one has to be careful about interpreting such result, it does hint that this specific variable 

suffers from some of the very corrections made in order to make the regression BLUE12.  

10.2.3. During-Crisis Sample Period  
Turning our attention to the crisis period, we find that the explanatory power of our model increases and 

regressors largely comply with expectation. The R2 is in a reasonable range of 27% (5) and 57% (4), indicating 

that a satisfactory part of the variation is captured.   

                                                           
12 BLUE: Best linear unbiased estimate 
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Table 10.4: Multivariate regressions for the during-crisis sample period. The regressions are split across all firms, Financials, and 

Non-financials. Furthermore, two regressions are performed for each sub-set; one with the main variables and one with controls 

added 

For all firms and adjusted for control variables, we find that one standard deviation change in funding 

illiquidity decreases the Basis by 4bps although the effect is slightly larger for Non-financials at 6bps. For 

Financials, the results are insignificant. Asset-specific illiquidity follows expectation and decreases the Basis 

by 17bps for Non-financials versus 6bps for Financials at one standard deviation in (4) and (6). Economically 

speaking, this is a fairly large difference between the two industry groups. As asset-specific illiquidity focuses 

on the cash side of the Basis, it points towards the cash leg being more important for Non-financials 

compared to Financials. In addition to this, market volatility and rating affect the Basis more strongly for 

Financials at 11bps and 17bps13 compared to 7bps and 14bps for Non-financials. As these measures capture 

effects on both the cash market and derivatives market, it seems that some of the cross-sectional variation 

is driven by asymmetry between the cash- and derivative market for the two groups. This seems to support 

Augustin’s (2012) finding of a demand effect in the CDS market for Financials to be driving the cross-sectional 

variation. This hypothesis will, however, not be explored more in depth, but the reader is referred to Augustin 

(2012) for additional information. Alternatively, it might be that public bail-out programs especially directed 

                                                           
13 Market volatility is based on a standard deviation change and Rating on an absolute change   
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at financial institutions, such as TARP14, helped increase liquidity in the secondary bond market for this sector. 

This would explain the smaller illiquidity impact on Financials, as the US treasury and Federal Reserve Bank 

injected cash into the market. Caution is, however, advised. Understanding the full effects of TARP (and 

related programs) is beyond the scope of the paper. Any conclusions on TARP’s cross-sectional effects on the 

Basis would require further investigation and is left to future research.    

Despite the financial system laying in ruins during the crisis, counterparty risk is still insignificant in our 

regressions. Although not the focus of this paper (and therefore not examined in depth), Augustin (2012) 

examine this more thoroughly. He finds that firms with high counterparty risk (beta>1) are indeed affected 

by counterparty risk as expected. Firms with low counterparty risk, however, are not. This could suggest that 

the measure might not be linear. On the other hand, it may be that the measure captures some effect of 

systemically important institutions. Government sponsored cash injections to financial institutions during the 

crisis, such as TARP, might be distorting the variable. One of these factors, or maybe both, could be shifting 

the variable and driving the conflicting interpretations.   

Moody’s Aaa vs. Baa variable has the largest impact on the Basis decreasing it by an astounding 35bps for 

Financials and 40bps for Non-financials. Determining the exact dynamics of the variable is difficult as 

previously discussed. The fact that Non-financials are affected more than Financials could hint that the 

measure is affecting the cash leg more than the derivative leg. This would support the hypothesis of risk-

aversion being priced more in the bond market compared to the CDS market, thus driving a negative Basis 

during stressed times. To further explore this area, it is proposed to decompose the Basis into the five-year 

spread and CDS premium and then run a new set of regressions, with a few amendments. As we are 

interested in understanding the excess premium required above the default component on the bond and 

CDS market respectively, an appropriate proxy has to be applied. Gilchrist and Zakrajšek’s (2012) index for 

excess bond premium is proposed as this measure15. It is hypothesized that if the large effect of Moody’s Aaa 

vs. Baa is in part due to larger risk aversion on the bond market, then the excess bond premium index should 

affect the five-year spread more than the CDS premium. In Table 10.5, six regressions have been run. (1) and 

(4) are univariate regressions of the excess premium projected on the five-year spread and CDS premium. (2) 

                                                           
14The Troubled Asset Relief Program (TARP) was a 475 USDb US government sponsored relief program intended to help 
certain sectors (automotive and especially banking), provide liquidity to credit markets and help struggling families. For 
more information please visit www.treasury.gov  
15 Gilchrist and Zakrajšek’s (2012) p. 1700 definition: “A residual component - the excess bond premium - that, as we 
argue below, likely represents variation in the average price of bearing exposure to US corporate credit risk, above and 
beyond the compensation for expected defaults” 
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and (5) are the multiple regression framework with Moody’s Aaa vs. Baa substituted for the excess premium. 

(3) and (6) serves as a control excluding the excess premium variable. 

 

Table 10.5: Regressions focusing on the effect of the excess premium in the bond and CDS market during the financial crisis   

Initially, we find that the excess premium is significant at 99% and positively correlated with the five-year 

corporate spread and CDS premium following expectation. As hypothesized, the effect is significantly 

stronger in the bond market. The five-year spread increases 75bps per standard deviation increase in excess 

premium against 53bps for the CDS market in the multivariate regressions of (2) and (5). The discrepancy is 

thus 22bps between the two markets with non-overlapping confidence intervals at 95%. These findings seem 

to support our hypothesis of investors requiring a larger excess premium in the cash market.  

In addition to the excess premium, we also note that our liquidity measures are predominantly negative in 

(2) and (5). This is largely attributed to multicollinearity in the regression. The excess premium has a 

correlation of 74% with market illiquidity and is also high for the other liquidity measures. By removing the 

excess premium, the effects of liquidity are mostly in line with expectation ((3) and (6)). Liquidity affects the 

cash market more strongly, while counterparty risk is more pronounced in the CDS market. Surprisingly, 

market liquidity seems to affect the CDS premium despite it has been assumed to be a fully liquid market. 

This suggests that liquidity in the cash- and derivatives market is cross-correlated, as also found by Fontana 

(2010).           
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10.2.4. Post-Crisis Sample Period 
Having looked into the three first periods, we now concentrate on the Post-crisis period. The first observation 

to make is that the explanatory power of our regressions has significantly decreased with an R2 ranging from 

3% (1) to 11% (6). From a R2 of ~60% during the crisis for Financials (see Table 10.4), this is a significant drop 

and might point towards some omitted variables or new dynamic in the Post-crisis era.  

 

Table 10.6: Multivariate regressions for the post-crisis sample period. The regressions are split across all firms, Financials, and Non-

financials. Furthermore, two regressions are performed for each sub-set; one with the main variables and one with controls added 

Asset-specific illiquidity is now only significant for Non-financials and affects the Basis in the anticipated way 

decreasing the Basis by 9bps for one standard deviation in (6). Market illiquidity seems to have lost much of 

its explanatory power and is only significant in (3) with a 2bps decrease per standard deviation. Market 

volatility is no longer significant and counterparty risk still exhibits the previously discussed behavior. Rating 

is positive again increasing the Basis by 4bps (4) and 6bps (6) for a one-notch downgrade. Again, a regular 

linear regression provides more realistic results. One-notch downgrade amounts to 3bps and 6bps decrease 

of the Basis for Non-financial and Financial respectively.  

Funding illiquidity was expected to have a negative sign and throughout the analysis, our results have 

supported this. However, in the Post-crisis period the impact of the variable seems to have reversed for Non-

financials increasing the Basis by 3bps for one standard deviation increase in funding illiquidity. Financials 

remain at a ‘normal’ level showing a 3bps decrease per standard deviation increase in (4). The cross-sectional 
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difference is most likely due to multicollinearity in the model estimation and caution is therefore advised 

when interpreting funding illiquidity in (6).   

All things combined, we find that the behavior of our variables mostly aligns with expectation. In the 

univariate regressions, the economic impact on the Basis was large for most variables. It was hypothesized 

that this was most likely due to omitted variable bias, which was supported by our findings in the multiple 

regressions. During the crisis, we found that dynamics affecting the cash leg, noticeably through assets- 

specific illiquidity, was affecting Non-financials more than Financials. This seems to support Augustin’s (2012) 

hypothesis of demand effects in the derivative leg to affect Financials relatively more driving some of the 

cross-sectional difference. Counterparty risk showed some puzzling behavior throughout most periods, but 

the findings were, however, consistent with previous literature. It was hypothesized that investors required 

a larger excess premium in the cash market. Following our analysis of the decomposed Basis, this does indeed 

seem to be the case. At a difference of 22bps per standard deviation of the excess premium between the 

two markets, it could be the case that investors are more risk-averse in the cash market. Although the 

findings do support this, any firm conclusion on the matter would require a more in-depth analysis.      

In the post-crisis period, we found that much of the explanatory power was lost. Previously strong and well-

documented variables such as funding illiquidity and market illiquidity lost much of their economic intuition 

and correlation with the Basis. This hints towards new dynamics affecting the market and understanding 

these forces will be at the center of the following sections.            

11. Applying the Negative Basis Trade under Varying Regulatory Schemes 

In Section 5.1, we looked into the different regulatory schemes that have guided and restricted how financial 

institutions allocate capital. With an array of different capital buffers, inter-company capital allocation, and 

liquidity constraints, unraveling the exact dynamics between regulation and trading constraints is a difficult 

task. Boyarchenko et al. (2018) suggest that the Supplementary Leverage Ratio (SLR) forms a lower boundary 

for the minimum amount of equity required to enter a trade. While individual business units and firms might 

have a unique approach in determining equity requirements, the SLR should provide a good measure of 

leverage on an aggregated level. As argued by Gromb and Vayanos (2010), equity- and leverage constraints 

are at the center of limits to arbitrage (see Section 4). The SLR restriction should affect both of these 

constraints and therefore fits well into this framework.  

In the previous section, we found that our regressions lost much of their explanatory power in the Post-crisis 

period. In the ensuing section, it is examined whether regulatory changes, as proposed by Boyarchenko et 
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al. (2018), might be one of the new dynamics affecting the Basis. This is done by constructing a hypothetical 

trade and examining the profitability under different leverage assumptions.         

11.1. Setting Up the Equity-Constraint Basis Trade 

In Section 3.1.1, the profitability of the Basis trade from a carry perspective in fully leveraged settings was 

defined. However, to further our understanding and come as close to real life as possible, leverage is now 

added to the set-up. Define the fully leveraged (FL) profit as: 

 𝑃𝑟𝑜𝑓𝑖𝑡𝐹𝐿 = (𝑆 ∗ 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙 − (𝑁𝑜𝑡𝑖𝑜𝑛𝑎𝑙 − ℎ𝑎𝑖𝑟𝑐𝑢𝑡) ∗ 𝑟𝑒𝑝𝑜 𝑟𝑎𝑡𝑒 − ℎ𝑎𝑖𝑟𝑐𝑢𝑡 ∗ 𝑂𝐼𝑆)

− (𝐶𝐷𝑆𝑝𝑟𝑒𝑚𝑖𝑢𝑚 ∗ 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙 + 𝑀𝑎𝑟𝑔𝑖𝑛𝐶𝐷𝑆 ∗ 𝑂𝐼𝑆 + 𝑈𝑝𝑓𝑟𝑜𝑛𝑡𝐶𝐷𝑆 ∗ 𝑂𝐼𝑆) 

Adding the equity constrain (EC), 𝑞, we get:    

𝑃𝑟𝑜𝑓𝑖𝑡𝐸𝐶 = 𝑞 ∗ (𝑏𝑎𝑠𝑖𝑠 ∗ 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙) + (1 − 𝑞) ∗ 𝑃𝑟𝑜𝑓𝑖𝑡𝐹𝐿 

Boyarchenko et al. (2018) argue that returns are increasingly being viewed not in dollar terms, but rather in 

return on equity (ROE) terms. We therefore rewrite the profit to equity returns: 

𝑅𝑂𝐸𝐸𝐶 =
𝑃𝑟𝑜𝑓𝑖𝑡𝐸𝐶

𝑞 ∗ (ℎ𝑎𝑖𝑟𝑐𝑢𝑡 + 𝑀𝑎𝑟𝑔𝑖𝑛𝐶𝐷𝑆 + 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙) + 𝑐𝑎𝑝𝑖𝑡𝑎𝑙 𝑏𝑢𝑓𝑓𝑒𝑟
 

𝑅𝑂𝐸𝐸𝐶 =  
𝑞 ∗ (𝑏𝑎𝑠𝑖𝑠 ∗ 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙) + (1 − 𝑞) ∗ 𝑃𝑟𝑜𝑓𝑖𝑡𝐹𝐿

𝑞 ∗ (ℎ𝑎𝑖𝑟𝑐𝑢𝑡 + 𝑀𝑎𝑟𝑔𝑖𝑛𝐶𝐷𝑆 + 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙) + 𝑐𝑎𝑝𝑖𝑡𝑎𝑙 𝑏𝑢𝑓𝑓𝑒𝑟
 

The investor has to invest a fraction q of equity plus some extra capital buffers, which will be addressed later. 

The total equity requirement is therefore defined as the denominator in the above equation and 

decomposed in Table 11.3. As investors always look to maximize returns, we can rewrite the above as the 

following maximization problem: 

max(𝑅𝑂𝐸𝐸𝐶) = max (
𝑞 ∗ (𝑏𝑎𝑠𝑖𝑠 ∗ 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙) + (1 − 𝑞) ∗ 𝑃𝑟𝑜𝑓𝑖𝑡𝐹𝐿

𝑞 ∗ (ℎ𝑎𝑖𝑟𝑐𝑢𝑡 + 𝑀𝑎𝑟𝑔𝑖𝑛𝐶𝐷𝑆 + 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙) + 𝑐𝑎𝑝𝑖𝑡𝑎𝑙 𝑏𝑢𝑓𝑓𝑒𝑟
 ) , 𝑤𝑟𝑡. 𝑡𝑜 𝑞 

𝑠. 𝑡.  𝑞 ≥ 𝑆𝐿𝑅 

As the ROEEC is a decreasing convex function with respect to 𝑞, it is trivial to prove that the constraint is 

always binding such that 𝑞 = 𝑆𝐿𝑅. Therefore, we get: 

𝑅𝑂𝐸𝐸𝐶 =
𝑆𝐿𝑅 ∗ (𝑏𝑎𝑠𝑖𝑠 ∗ 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙) + (1 − 𝑆𝐿𝑅) ∗ 𝑃𝑟𝑜𝑓𝑖𝑡𝐹𝐿

𝑆𝐿𝑅 ∗ (ℎ𝑎𝑖𝑟𝑐𝑢𝑡 + 𝑀𝑎𝑟𝑔𝑖𝑛𝐶𝐷𝑆 + 𝑛𝑜𝑡𝑖𝑜𝑛𝑎𝑙) + 𝑐𝑎𝑝𝑖𝑡𝑎𝑙 𝑏𝑢𝑓𝑓𝑒𝑟
 

With the above equation, we can construct a preliminary ROE for a given entity. Using the American 

telecommunication company Comcast as a case study, we will run through the calculations and estimate the 
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annualized returns. In the following example, we consider December 10th 2015 on a notional of 10 USDm. 

The haircut is assumed to be 5%16 and the relevant rates along with additional information are summarized 

in Table 11.1.  

 

Table 11.1: Summary of relevant information for setting up the negative Basis trade on December 10th 2015 for Comcast 

The OIS rates are collected from Bloomberg17 while the Repo rates are provided by the DTCC. The DTCC 

provides three Repo reference rates based on mortgage-backed securities, treasury, and agency. The 

economic difference is only marginal between the three rates. Treasury-based Repo rate were chosen, as 

treasuries are some of the most liquid asset in the world18. Firstly, the fully leveraged returns are calculated. 

Assuming a position of 10 USDm, we enter a CDS contract of an equivalent notional such that the position is 

perfectly hedged against default. Boyarchenko et al. (2018) argue that a 2% margin requirement when buying 

a CDS is reasonable. The investor funds the CDS margin at the OIS for a total cost of 670 USD. Next, the 

investor has to acquire the cash leg of the trade. Notional less haircut is funded through a repurchase 

agreement for a total cost of 24.890 USD, while the haircut is funded at the OIS for a total cost of 1.675 USD. 

The income amounts to the negative discrepancy between the CDS and bond spread times the notional for 

a total of 38.991 USD. This leads to a total profit from carry of 11.756 USD and is presented in Table 11.2.  

                                                           
16 Boyarchenko et al. (2018) argues that this a reasonable level although concrete haircut for Comcast has not been 
obtainable nor for any other entities  
17 Bloomberg security code: ussoc cmpn curncy 
18 DTCC: Treasury GCF Repo® Weighted Average Rate 

Company Comcast

Notional 10 USDm

Day 10-12-2015

Basis -39bp

Repo rate 0,26%

OIS rate 0,34%

Haircut 5%

CDS margin 2%

Rating A
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Table 11.2: The different transaction cost required to enter the negative Basis trade split into CDS cost and bond cost. The cost is then 

subtracted from the carry income to get total profit 

Firstly, it is noticed that the cash leg, by far, is the most expensive part of the trade. This is because the entire 

notional has to be funded right away whereas only the margin requirement has to be funded for the 

derivative side. Furthermore, we can calculate that on the given day, the breakeven Basis spread (spread that 

sets ROE equal to zero) for the trade is -27bps. As such the investor has a relatively large range at which he 

can expect a positive profit.  

Turning our attention to the equity side we can see that equity costs are increasing linearly in leverage. 

Considering 1% leverage the investor pays 100.000 of the notional plus 5.000 of the haircut in equity for the 

cash leg. For the derivative leg, the investors pay 2.000 in equity for the 200.000 margin requirement plus 

some capital buffer for Potential Future Exposure (PFE) as shown in Table 11.3.  

Single name CDS cost 

CDS notional (USD) 10.000.000

     Margin 200.000

CDS cost 

     Margin funding cost - OIS (670)                      

CDS running premium 

     Effective market spread (29.339)                

Corporate bond cost

Bond notional 10.000.000

Haircut 500.000

Cost

     Repo cost - repo (24.890)                

     Haircut funding cost - OIS (1.675)                  

Total corporate bond cost (26.565)                

Net profit from carry 

CDS margin cost (670)                      

Bond margin cost (1.675)                  

Bond repo cost (24.890)                

Total funding cost (27.235)                

Income (basis*notional) 38.991                 

Total profit from trade 11.756                 
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Table 11.3: Equity requirements for entering a negative Basis trade at different leverage ratios  

The concept of PFE merits further discussion. The measure estimates the potential future replacement cost, 

using a distribution of potential future values within some given confidence interval. Estimating these 

distributions is done by an array of different methodologies including path simulations and constant 

exposure methods (Bank for International Settlements, 2017a). The latter is applied in the Basel accords and 

simply uses a fixed fraction of the notional as PFE. Using the Basel framework, a PFE of 5% has been applied 

to our equity cost for the derivative’s PFE. Appendix 5 provides an overview of the different PFE categories 

and rates. Using the above construction, we can estimate the annualized ROE an arbitrageur would have 

earned by taking a position in the negative Basis trade. Continuing with our example from December 10th 

2015 for Comcast the ROE for various leverage ratios are presented in Table 11.4. 

 

Table 11.4: Return on equity for various leverage ratios based on the Comcast trade on December 12th 2015 

On the given day, the expected return on the trade was 10,7% at a leverage ratio of 1%. At 6% leverage the 

equity return is substantially reduced to only 2,0%. Repeating this process for the entire time series ranging 

from primo 2005 to ultimo 2018, we can observe the projected ROE for Comcast in Figure 11.1.  

1% 2% 3% 4% 5% 6%

Corporate bond 100.000 200.000 300.000 400.000 500.000 600.000

Haircut 5.000 10.000 15.000 20.000 25.000 30.000

CDS margin 2.000 4.000 6.000 8.000 10.000 12.000

Potential future expsure 5.000 10.000 15.000 20.000 25.000 30.000

Total equity cost 112.000 224.000 336.000 448.000 560.000 672.000

Equity cost under different SLR

1% 2% 3% 4% 5% 6%

Comcast ROE (%) 10,7% 5,5% 3,7% 2,9% 2,3% 2,0%

Supplementary Leverage Ratio
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Figure 11.1: Estimated return on equity when entering a negative Basis trade at different leverage levels plotted against the Basis   

Prior to the financial crisis, we find that entering a negative Basis trade is very unprofitable. This is driven by 

two factors. Firstly, a high-interest rate environment persisted from 2005 to mid-2007. The high funding cost 

is therefore making the trade unprofitable. Secondly, from 2005 to primo 2006 the Basis was positive and 

the expected return from the trade is therefore per definition negative.    

During the crisis, we find that the profitability of the trade explodes. This is driven by rapidly decreasing 

funding rates and the extreme negative Basis. However, caution is advised to the reader when considering 

these results. Extreme liquidity risk, counterparty risk, and high volatility all affect the profitability of the 

position. As a result, the estimates are most likely overstated.   

Post-crisis, we find that the ROE fluctuates around zero until ultimo 2016 when interest rates start increasing 

rendering the trade firmly negative. In Table 11.5 the number of positive returns across different leverage 

ratios in the post-crisis period is presented. 

 

Table 11.5: Number of returns in excess of a given threshold at different leverage levels in the period ranging from January 1st 2010 

to February 8th 2019  

As can be seen, a large range of profitable trades persists in the market. However, for the vast majority of all 

positions, the returns are negligible. Under current SLR regulations for the largest financial institutions, there 

have only been 10 trading days where investors could expect a return larger than 5% (yet smaller than 10%). 
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Under a low regulatory scheme with an SLR of 1%, the picture is, however, very different. At this leverage 

level, the investor would have multiple attractive investment opportunities with ROE’s in excess of 15%. This 

is an important finding and might point towards regulatory restrictions forming an obstacle for arbitrageurs 

deferring them from entering the market despite a persistent negative Basis.    

The FRED calculates annual average equity returns for financial institutions in the US on a quarterly Basis. 

The historical development is presented in Appendix 7. Coming out of the financial crisis in Q1 2010, the 

average return on equity was a mere 4,8%. From 2012 to 2017 this had increased and stabilized at ~9% before 

increasing to ~12% in 2018. This further emphasizes how regulatory changes have affected the attractiveness 

of taking a negative Basis trade position. Under the strict SLR requirement, investors are not able to generate 

satisfying returns despite the consistent negative Basis in our case study. Assuming a required ROE of 10%, 

which is roughly the average since Q1 2012, we can calculate the daily breakeven Basis under the low 

regulatory scheme of 1% SLR. That is, the hypothetical Basis as which the investor is indifferent between 

entering the trade or not with a required ROE of 10% and an SLR of 1%. This is done by numerical calibration 

and the result is presented in Figure 11.2. 

 

Figure 11.2: Actual Basis plotted against the theoretical breakeven Basis corresponding to a return on equity of less than 10% at an 

SLR of 1% for Comcast 

As we can see in the above figure, an arbitrageur operating under a low SLR (1%) would have entered the 

Basis trade during two clustered periods in ultimo 2011 and mid-2015. Their trading activities could then 

have reduced the Basis up to 35bps ultimo 2011 and 20bps in 2015. This shows that prolonged periods of a 

low negative Basis might have been sustained as a result of increased capital restrictions in the Post-crisis 

period. Although this finding does not fully explain the persistent negative Basis in the Post-crisis period, it 

does add a piece to the puzzle.               
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To generalize the findings, the above methodology is applied to the entire sample from primo 2010 to ultimo 

2018. The daily average break-even Basis, at a required ROE of 10%, across all firms is then calculated under 

the low regulatory scheme and presented in Figure 11.3.  

 

Figure 11.3: Average Basis plotted against the theoretical break-even Basis corresponding to a return on equity of less than 10% at 

an SLR of 1% on average  

From the above figure, we can see that the average Basis would be significantly reduced under a low 

regulatory scheme. Aggregating the Comcast case study to the entire sample therefore seems to further 

confirm the hypothesis of increased regulation removing the incentive to enter a negative Basis trade. We 

observe that until ultimo 2016, when interest rates start to increase, the negative Basis has consistently been 

sustained at levels that would have been profitable to trade under a low regulatory scheme. Considering the 

yearly averages, we find that the Basis would have been lowered considerably. The yearly average across all 

firms have been calculated for both the true Basis and break-even Basis and summarized in Table 11.6.  

 

Table 11.6: Yearly average of the actual Basis compared to the yearly average of the theoretical breakeven Basis corresponding to a 

return on equity of less than 10% at an SLR of 1%   
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2010 -25,6 -5,9 19,7

2011 -22,0 0,4 22,4

2012 1,5 10,4 -8,9

2013 -10,1 -0,7 9,4

2014 -7,6 0,2 7,8

2015 -31,9 -19,5 12,4

2016 -30,6 -23,1 7,5

2017 -5,1 -5,1 0,0

2018 -9,7 -9,7 0,0
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From 2010 to 2014, the negative Basis has virtually been reduced to zero and is thus complying with theory. 

Mid-2015, the Repo rate starts to increase again while the average Basis also start to increase. Despite this, 

the Basis would still have been reduced significantly under a low regulatory scheme in these years, although 

not to zero. Instead, it would have averaged ~20bps in 2015/2016 compared to the actual ~30bps.  

11.1.1. Criticism and Reflection of Methodology     

Although strong evidence of increased regulation being a strong driver of the persistent negative Basis in the 

Post-crisis era was presented in the previous section, some problems might skew the results. In the following 

subsection, we will reflect upon these problems and how they might be mitigated in order to provide an 

extra dimension of realism to the analysis.  

Firstly, the regulatory framework under which we operate was introduced in 2010, but not required to be 

implemented until the implementation period from 2013-2015. Public disclosure of the measure was not 

mandatory until 2015 (Bank for International Settlements, 2014b) although data has been obtainable from 

2013. This will be discussed more in depth in Section 12. One important observation to make in relation to 

the current discussion is that all G-SIFI’s, except two19, were compliant from the start of the implementation 

period. This indicates that implementation of the new regulation has begun right from the start supporting 

the relevance of the measure from 2010. The exact dynamics of implementation are, however, unknown and 

would require confidential data from several different institutions to identify their aggregated leverage. 

Secondly, the haircut is currently fixed at 5% following the example of Boyarchenko et al. (2018). The true 

haircut would likely be a function of collateral quality, among other things, and vary from institution to 

institution. Estimating a realistic time varying haircut is difficult as there is little available data to do so. 

Getting real insight from a large institution would help create a more factual haircut, but has not been 

obtainable for this paper. 

Thirdly, Basel III’s standardized fixed fraction of notional as the PFE might not be the actual equity cost. Most 

large institutions have approved internal models that estimate PFE through various methods. These models 

are likely to materialize into smaller PFE’s during stable times and perhaps larger PFE’s in unstable times, 

although this is more of a speculative nature. If this is true, we would be overstating the ROE during stressed 

times and understating it during normal periods. This might explain part of the large ROE that investors were 

set to make in Figure 11.1 trading Comcast during the financial crisis. Modeling PFE or getting actual quotes 

from an institution might help alleviate this problem.    

                                                           
19 Barclays and Credit Suisse at 0,5% and 0,3% below the required ratio of 3% respectively  
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Finally, as the above position is viewed simply in terms of carry and not also convergence, liquidity risk is of 

little concern. On one hand, this creates a purer ‘near’ arbitrage trade, but on the other hand, some 

additional profit might have been left out. This would render the paper’s estimated ROE to low, but also 

increase the risk of the position substantially. Considering the persistent negative Basis in the Post-crisis era 

convergence is expected to be of lesser importance, but could be of interest to include for future research. 

12. Adding SLR Requirements to the Regression Framework 

In Section 10.2.4, we found that the explanatory power and economical intuition of our regression models 

significantly decreased in the Post-crisis period. It was speculated that this might be driven by new dynamics 

in the market following the financial crisis. Specifically, it was shown that the introduction of stricter capital 

requirement might be rendering previously profitable negative Basis trades unattractive and thus explain the 

puzzling persistent negative Basis. In the following section, we seek to develop a measure of market leverage, 

proxied by the SLR, in order to test the aforementioned hypothesis.  

Although proposed in 2010, it did not become mandatory to disclose SLR until 2015 as previously mentioned. 

Despite this, it has been possible to obtain SLR since the second quarter of 2013 for different financial 

institutions. The proxy has then been constructed by firstly collecting all Global Systemically Important 

Financial Institutions (G-SIFIs) since 2013 from the Financial Stability Board. Since 2013, there have been a 

total of 33 unique G-SIFIs. Of these 33 banks, four Chinese banks have been excluded due to reporting issues 

and an additional six banks have been excluded due to missing data for a total of 23 institutions. The SLR has 

then been collected from Bloomberg for the shortest possible reporting period which is quarterly. As a result, 

it is only possible to collect four datapoints per year per firm. The leverage is therefore simply duplicated 

until the next quarter for continuous daily data matching our Basis data. This makes the proxy rather static 

and will inevitable reduce the explanatory power of the measure. However, given the nature of the data, it 

is considered as the best approximation to be made. The arithmetic mean of the SLR is then calculated for 

each quarter over the 23 banks as a proxy for the average leverage. The result is presented in Figure 12.1.  



Page 71 of 86 
 

 

Figure 12.1: Average SLR across 23 G-SIFI’s and their average distance (buffer) to Basel requirements  

The first thing to notice is that from the onset of the implementation period close to all G-SIFIs were already 

compliant with regulations muscling an average of close to 1% in buffer. Furthermore, we notice the dip in 

the average distance to Basel requirement primo 2015. This is due to the American implementation of the 

enhanced SLR (eSLR) now requiring an SLR of 6% for all American G-SIFIs. Beside these two observations, we 

simply find the SLR index is steadily increasing and then leveling off at a buffer of ~1% or an SLR of 5,5%.   

Following our hypothesis, we expect that an increasing SLR will result in a decreasing Basis and as such we 

are expecting the Basis and SLR index to be negatively correlated with one another. The hypothesis is tested 

in three different regression and presented in Table 12.1. 
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Table 12.1: Regressions for the period spanning June 30th 2013 to December 31st 2018. The regressions are run on all companies and 

split into one univariant regression using only the SLR index (1), one multiple regression without the SLR (2) and one multiple 

regression using the SLR index (3)  

The first regression is simply a univariant regression projecting the SLR index onto the Basis. (2) and (3) are 

the previously performed regressions with and without the SLR index. The regressions are performed from 

June 30th 2013 to December 31st 2018, as this is the period where data has been available.  

To begin with, we notice that (2) is exhibiting similar results to the Post-crisis regressions in Table 10.6. 

Removing data from 2010 therefore does not seem to affect any previous conclusions as expected. 

Unsurprisingly the coefficient in (1) is not significant. This is in part due to the strong statistical requirements 

imposed by using Driscoll and Kraay standard errors and data limitations due to quarterly reporting. 

Interestingly though, the measure does exhibit the expected negative correlation with the Basis and with an 

economically strong impact at 68bps for every 1% absolute increase in SLR. Plotting the average Basis against 

the SLR index, as done in Appendix 3, provides a simple overview of the distribution. A naive visual inspection 

seems to indicate the negative relationship, with the more negative Basis being concentrated around the 

right extremities of the x-axis. Any firm conclusion cannot be made based solely on (1) however. In (3) the 

leverage proxy still exhibits the expected sign and the economic impact has significantly increased to 154bps 

for every 1% absolute increase in SLR. Again, the measure is however insignificant. 
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All in all, the measure acts as anticipated and with a strong economic impact. The lack of statistical 

significance of the coefficient limits the ability to make any firm conclusions though. A stronger measure 

would most likely require continuous data, but as the nature of balance sheet data is at most quarterly 

constructing such an index is difficult. Hence the above analysis should be viewed in terms of the directional 

impact of the measure rather than the concrete economic impact. As such our hypothesis is supported, but 

in no way proven from the result in Table 12.1.               

13. Discussion  

In the following section, we will reflect upon the reliability of the data used in the examination of the Basis. 

Furthermore, the results will be discussed and put into perspective of previous literature and the current 

regulatory landscape. By doing so, the paper aims to open up for future research question that could help 

increase the understanding of the Basis but also limits to arbitrage as a whole.  

One of the most important technicalities in the paper is on the construction of the synthetic five-year spread. 

While reliable five-year CDS premiums are readily available due to their synthetic nature, this is not the case 

for bonds. Under the actual quotes’ methodology discussed in Section 6, the prevailing data sources have 

been from either Bloomberg or TRACE. TRACE is a publicly available database capturing 99% of all publicly 

traded bonds in the US on the secondary market (Augustin, 2012). Starting on July 1st 2002 for a subset of 

bonds all members of FINRA20 were to publicly disclose trading information. This was done in an effort to 

promote transparency and disseminate information. On October 1st 2004, it was expanded to include close 

to all bonds. Augustin (2012) and Bai and Dufresne (2013) sourced their data from TRACE arguing that actual 

trading data should provide more realistic bond yields. Following the work of authors such as Blanco et. al 

(2005), Bhanot and Guo (2012), and Bühler and Trapp (2012), this paper used Bloomberg data to obtain bond 

prices. Bloomberg’s Generic Prices (BGN) uses both indicative and executed trades to calculate an ‘average’ 

price although the full methodology is not publicly available. This leads to a trade-off between the two data 

sources. Using TRACE, one obtains actual trading information which should provide the best measure. 

However, it might introduce noise through reporting error if not cleaned properly. Dick-Nielsen (2009) argue 

that up to 18% of all data should be deleted as a result. Such errors might be reduced using Bloomberg, but 

introduces a new error through uncertainty regarding the pricing formula and its consistency through time. 

Comparing papers using the respective data sources do not seem to yield any systematical differences, with 

the observed Basis being of similar size and timing. As such, one does not seem to be superior to another in 

                                                           
20 Financial Industry Regulatory Authority (FINRA), is a private self-regulatory not-for-profit organization overseeing 
regulation of broker-dealers. For more information please visit www.finra.org/about  
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relation to the examination done in this paper. Hence, the results should be robust to variance arising from 

the different data sources.  

In line with previous literature, liquidity was found to be one of the major drivers of the negative Basis during 

the crisis. Furthermore, it was shown that the effect was time varying with a larger effect during the crisis 

than outside. This supports previous research on the topic such as Augustin (2012) and Bai and Dufresne 

(2013). To capture different types of liquidity factors, three different measures were applied. During the 

crisis, asset-specific illiquidity was shown to affect the Basis the most at 13bps for Non-financial and 6bps for 

Financials per standard deviation increase. This is in slight contrast to Augustin (2012) who found funding 

illiquidity to affect the Basis the most during the crisis, although our findings are close to one another. The 

strongest coefficient, both inside and outside the crisis, was found to be the credit risk premia as proxied by 

Moody’s Aaa vs. Baa index. It was proposed that this might be driven by an asymmetry between the risk-

aversion of the participants of the bond and CDS market respectively. Blanco et al. (2005) and Fontana (2010) 

found that the price discovery process between bonds and CDS’s takes place in the CDS market. They argue 

that CDS’s are the primary marketplace for sophisticated investors to trade credit risk due to their synthetic 

nature. As such, this could be one explanation for the results in Table 10.5. If large sophisticated investors 

have a less volatile risk-aversion then the two markets should depart from one another during stressed 

periods as a larger excess premium is priced in the bond market. However, a more thorough examination 

would be required for any firm conclusion to be made. Previous literature (and this paper) has mainly focused 

on how technical aspects such as regulation, liquidity, and counter-party risk affect the Basis. However, the 

hypothesized difference between the synthetic- and cash market opens up for a new research area. Applying 

a more qualitative approach, questioning traders and arbitrageurs through structured interviews, could help 

unravel the perceived difference between the markets. This should help gain a greater insight into the 

differences between the two markets, and how it translates into the observed discrepancy.   

From the post-crisis regressions, it was found that the explanatory power had significantly decreased. 

Considering the consistent negative Basis, it was argued that new dynamics had to affect the market. One 

possible explanation was the introduction of new leverage requirements in Basel III. In line with Boyarchenko 

et al. (2018), it was found that the inability to lever investments below 6%, as required by eSLR, significantly 

increased the level at which the Basis trade was attractive to enter. It was shown that this could explain a 

large proportion of the persistent negative Basis in the Post-crisis period (see Table 11.6). These findings raise 

a fundamental question about the SLR analysis. Specifically, how to disentangle causality and correlation. The 

fact that eSLR has limited potential returns from a negative Basis trade, does not directly translate into the 

Basis becoming negative. Rather, it limits the arbitrageur’s capacity to correct mispricing – at least in theory. 
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However, in reality it is not known exactly what drives arbitrageurs investing in the Basis. Again, a more 

qualitative approach could help shed light on the matter. By interviewing arbitrageurs, one might be able to 

bridge the observed correlations and hypothesized causality to a more tangible causation.     

14. Conclusion 

The paper adds to the literature on the dynamics of the CDS-bond Basis. It differentiates itself from previous 

papers in a number of ways. The data collection constitutes one of the biggest samples in the literature. 

Spanning more than 14 years it is by far the longest running sample and with 51 companies, it is the third 

most diversified using the actual quotes methodology to the author’s knowledge21. The long sample has 

allowed the paper to study a less scrutinized period of the Basis in the Post-crisis era. Additionally, it is the 

first paper to systematically examine the impact of the SLR requirements on the Basis for a large sample. 

During the crisis, it was found that splitting liquidity into three different measures helped capture different 

dynamics in the market. Bao, Pan and Wang’s (2010) asset-specific liquidity measure had the, economically, 

largest impact on the Basis of the three measures during the crisis. Non-financials were far more exposed to 

asset-specific illiquidity compared to Financials. Conversely, it was found that variables affecting both the 

cash- and synthetic leg, such as market volatility and rating, had a larger impact on Financials. This drove a 

large part of the cross-sectional variation. Given the complexity and multitude of different dynamics affecting 

the market during the crisis, concrete causation for the cross-sectional difference was hard to pinpoint. A 

demand effect for CDS’s used as protection against financial institutions was proposed. As was public liquidity 

injections through TARP. This might have reduced asset-specific illiquidity for Financials explaining the 

smaller observed Basis for Financials during the crisis. Any firm conclusion on the matter remained elusive 

though. The most influential variable was the perceived credit risk as proxied by Moody’s Aaa vs. Baa index. 

It was proposed that the variable caught an asymmetry between the risk-aversion of the cash- and synthetic 

market. Using Gilchrist and Zakrajšek’s (2012) index for excess bond premium, this hypothesis was tested on 

a decomposed Basis. It was found that per standard deviation increase in the excess premium, the bond 

market would increase 22bps more relative to the synthetic market. Consequently, investors seemed to 

require a larger premium on the bond market indicating these participants to be more risk-averse than those 

of their synthetic counterpart. 

Post-crisis, the explanatory power of the regressions diminished. Comparing (4) in Table 10.4 and Table 10.6 

it was found that the R2 has been reduced from 57% to 10% while variables such as asset-specific illiquidity 

and market illiquidity have become insignificant at any meaningful level. Considering the persevering 

                                                           
21 Bühler and Trapp (2009) has 155 firms while Augustin (2012) has 159 
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negative Basis, it was proposed that regulatory changes in Basel III are influencing the Basis. An index of the 

market SLR was constructed and tested against this hypothesis. The variable exhibited the expected impact 

on the Basis but was insignificant. Finally, the hypothesis was tested through the construction of a 

hypothetical trade. Adjusting for funding costs, the trade was executed under different leverage ratios. It was 

found that the introduction of the eSLR formed a significant barrier to arbitrageurs. Using 10% as required 

return on equity it would never be profitable to enter a Basis trade on Comcast under eSLR. Rather, if the 

SLR was set at 1%, a multitude of attractive trades would have persisted in the market. By constructing a 

break-even Basis, the level at which investors are indifferent between entering the trade or not at an SLR of 

1%, it was found the negative Basis was virtually eliminated on an aggregated market level from 2010 to 

2014. Furthermore, the Basis would have been significantly closer to equilibrium in 2015/2016, when it 

reached the lowest level since the crisis. This indicates that the inability to lever sufficiently, due to regulatory 

requirements, has caused arbitrageur to refrain from entering the market and correct the mispricing.      

All in all, the paper examines what drives the Basis and by extension limits to arbitrage. The analysis showed 

how the dynamics of a relatively simple arbitrage position, such as the negative Basis trade, quickly rise in 

complexity. Different kinds of illiquidity, counterparty risk, contractual clauses, risk-aversion, and 

institutional frictions, all add to this complexity and need to be understood by the arbitrageur when taking a 

position in the Basis. While more technical factors such as illiquidity and risk-aversion were found to drive 

the negative Basis during the crisis, institutional frictions seem to be one of the main drivers in more recent 

years. This underlines that the arbitrageurs cannot simply look to the past in an effort to understand the 

dynamics of the Basis, but also have to understand the current economic and regulatory landscape.   
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Appendix 

 

Appendix 1: Limit order book 

Limit order book for the second stage of Windstream Services LLC Auction on April 3rd 2019. The overview 
shows the respective price and size offered by dealers. The final price is found as the offer at which the 
cumulative order book exactly exceeds the open-interest. The result is found at index 16 at a final price of 
29,5 per 100 notional resulting in a CDS payment of 70,5. 

 

 

Open-interest at 68,204 USDm matched at index 16

Index Dealer Offer Size (USDm) Cummulative order book 

1 Morgan Stanley & Co. 25,8 9,8 9,8

2 Merrill Lynch 25,8 6,5 16,3

3 Barclays Bank 25,8 3,5 19,8

4 Barclays Bank 25,8 2,8 22,6

5 Barclays Bank 26,0 7,8 30,4

6 Citigroup 27,0 2,0 32,4

7 Credit Suisse 27,5 2,0 34,4

8 BNP Paribas SA 27,5 2,0 36,4

9 J.P. Morgan Securities 28,0 4,0 40,4

10 Deutsche Bank 28,0 2,0 42,4

11 Morgan Stanley & C. 28,0 2,0 44,4

12 J.P. Morgan Securities 28,0 2,0 46,4

13 Societe Generale 28,0 2,0 48,4

14 Merrill Lynch 29,0 2,0 50,4

15 Merrill Lynch 29,3 0,5 50,9

16 Goldman Sachs & Co. 29,5 17,3 68,3

17 Goldman Sachs & Co. 29,5 10,0 78,3

18 Merrill Lynch 30,0 2,0 80,3

19 Barclays Bank 30,0 2,0 82,3

20 Goldman Sachs & Co. 30,0 2,0 84,3

21 J.P. Morgan Securities 30,0 1,0 85,3

22 Credit Suisse 30,3 5,0 90,3

23 Goldman Sachs & Co. 30,5 10,0 100,3

24 Merrill Lynch 31,1 25,0 125,3

25 Goldman Sachs & Co. 31,5 10,0 135,3

26 Merrill Lynch 31,5 2,0 137,3

27 J.P. Morgan Securities 31,8 4,0 141,3

28 Credit Suisse 32,0 5,0 146,3

29 Goldman Sachs & Co. 32,5 6,6 152,9

30 Merrill Lynch 33,0 2,0 154,9

31 Merrill Lynch 33,1 25,0 179,9

32 J.P. Morgan Securities 33,8 4,0 183,9

33 Morgan Stanley & Co. 35,0 7,4 191,3

34 Deutsche Bank 35,0 5,0 196,3

35 Merrill Lynch 35,1 18,2 214,5

36 J.P. Morgan Securities 35,8 4,0 218,5

37 J.P. Morgan Securities 37,8 5,0 223,5

38 J.P. Morgan Securities 39,8 3,3 226,8
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Appendix 2: Primary dealers 

A list of the Federal Reserve Bank of New York’s primary dealers as of March 4th 2019. The entities have 
been used to construct the primary dealer index used to calculate counterparty risk.      

 

 

 

 

 

 

 

 

 

 

Bank of Nova Scotia

BMO Capital Markets

BNP Paribas Securities

Barclays Capital

Cantor Fitzgerald & Co.

Citigroup Global Markets

Credit Suisse AG

Daiwa Capital Markets America

Deutsche Bank Securities

Goldman Sachs & Co.

HSBC Securities 

Jefferies

J.P. Morgan Securities

Merrill Lynch, Pierce, Fenner & Smith

Mizuho Securities

Morgan Stanley & Co.

NatWest Markets Securities

Nomura Securities International

RBC Capital Markets

Societe Generale

TD Securities

UBS Securities

Wells Fargo Securities

Source: Federal Reserve Bank of New York, March 4, 2019
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Appendix 3: SLR index plotted against the average Basis 

The SLR index calculated as the unweighted arithmetic mean of G-SIFI’s since Q2 2013 to Q4 2018 plotted 
against the average Basis in the sample.  

 

 

 

Appendix 4: Residuals 

The residuals of the regression performed in Table 10.2 (1) illustrated as a histogram (left hand side) and 
indexed at the nth observation in our sample (right hand side)  
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Appendix 5: Basel III, provision to PFE 

Fixed rates provided by the Basel committee which should be used as provision to Potential Future Exposure 
(PFE). The rate time notional is used as required equity buffer for PFE  

 

 

 

Appendix 6: Correlation matrix 

Correlation matrix of relevant variables spanning the entire sample from January 3rd 2005 to February 8th 
2019. 

 

 

 

 

 

 

 

 

 

Interest rates FX & gold Equities

Precious metals 

except gold

Other 

commodities

One year or less 0,0% 1,0% 6,0% 7,0% 10,0%

More than one year and up 

to five years

0,5% 5,0% 8,0% 7,0% 12,0%

More than five years 1,5% 7,5% 10,0% 8,0% 15,0%

Source: Basel III, https://www.bis.org/bcbs/publ/d424.htm

Variables Basis Market volatility TED spread LIBOROIS Asset-specific illiquidity Market illiquidity Counterparty risk Moody's AAA vs. BBB Rating Yield slope Funding residuals

Basis 1,00

Market volatility -0,36 1,00

TED spread -0,24 0,52 1,00

LIBOROIS -0,32 0,69 0,87 1,00

Asset-specific illiquidity -0,26 0,21 0,16 0,21 1,00

Market illiquidity -0,34 0,63 0,46 0,59 0,31 1,00

Counterparty risk -0,08 0,21 0,12 0,21 0,05 0,09 1,00

Moody's AAA vs. BBB -0,42 0,78 0,49 0,66 0,23 0,69 0,23 1,00

Rating -0,18 -0,06 -0,09 -0,04 0,00 -0,06 -0,04 -0,06 1,00

Yield slope -0,17 0,36 -0,13 0,13 0,08 0,23 0,22 0,24 0,06 1,00

Funding illiquidity residuals -0,15 0,39 0,74 0,81 0,03 0,00 0,19 0,32 -0,01 0,00 1,00

    Correlation matrix 
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Appendix 7: Average ROE for US banks 

Average Return on Equity (ROE) for US based banks as calculated by the Federal Reserve Bank of St. Louis 

 

 

 

 

Appendix 8: Numerical rating conversion 

The ratings of Moody’s and S&P converted to numerical values. If an entity receives an outlook change 0.5 
will be subtracted from the numerical value given a positive outlook and 0.5 will be added to the numerical 
value given a negative outlook 
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