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Abstract

This thesis examines what drives differences between credit default swap (CDS) spreads and
corporate bond credit spreads, known as the CDS—bond basis, in the European investment
grade market during 2020, with a focus on the Covid-19 crisis. A corporate bond credit
spread is the extra return investors require to hold a risky bond instead of a safe government
bond. A CDS spread is the insurance premium paid to protect against default on the same
firm. Both measures reflect the same underlying credit risk, which is the risk that the firm
fails to repay its debt.

In a frictionless market, CDS spreads and credit spreads should be closely aligned when they
refer to the same firm and maturity. An investor can either hold the bond and bear the default
risk, or hedge that risk by buying CDS protection. Since both positions are linked to the same
default event, the cost of bearing or hedging that risk should be similar, implying a
CDS-bond basis close to zero. However, large and persistent deviations are often observed,
especially during periods of market stress, indicating that market frictions may affect pricing.
This thesis examines whether such frictions can explain the CDS—bond basis during the
Covid-19 crisis.

Using daily panel data for 36 firms included in the iTraxx Europe index, our analysis
constructs a synthetic five year credit spread by interpolating between available bond yields
for each firm and estimates the CDS—bond basis using firm fixed effects panel regressions.
The 1Traxx Europe index tracks liquid CDS contracts on major European investment grade
firms. Investment grade refers to firms with relatively high credit quality and low default risk,
while firms below this threshold are typically classified as speculative grade or high yield.
Our analysis focuses on four main drivers of CDS-bond basis deviations. Bond market
illiquidity reflects how difficult it is to trade bonds. Counterparty risk captures the likelihood
that the CDS seller fails to honor the contract. Market wide uncertainty is measured using
implied volatility, which reflects how uncertain investors are about future market conditions.
Funding conditions reflect how costly it is to finance arbitrage positions.

Our results show that bond market illiquidity is strongly associated with a more negative
basis, suggesting that higher trading costs limit arbitrage activity. Market wide uncertainty
and tighter funding conditions display similar negative effects. Counterparty risk shows a
positive relationship with the CDS—bond basis, which differs from the negative relationship
predicted in Bai and Collin-Dufresne (2019) and Augustin and Schnitzler (2021). Our
positive relationship between counterparty risk and the CDS-bond basis is likely explained
by post crisis regulatory changes and limitations in the empirical proxy.



Our findings indicate that the large negative CDS—bond basis observed during the Covid-19
crisis was primarily driven by market wide conditions that constrained arbitrage, rather than
by changes in underlying credit risk. Overall, our results indicate that limits to arbitrage play
a central role in explaining CDS-bond basis deviations in the European market.
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1. Introduction

This section provides the background and motivation for our thesis. Section 1.1 introduces
the CDS-bond basis and the market dislocations observed during the Covid-19 crisis. Section
1.2 presents the problem description and the two research questions examined in this thesis.
Section 1.3 describes the scope and purpose of the analysis.

1.1 Background

In March 2020, the outbreak of the Covid-19 pandemic led to a sudden and severe episode of
financial market stress worldwide. European corporate bond markets were heavily affected as
investors demanded higher compensation for holding corporate debt, reflecting rising
concerns about default risk and worsening market conditions. This compensation is reflected
in the bond yield, which represents the annual return an investor receives from holding a
bond, and in the credit spread, here defined as the difference between the yield on a corporate
bond and the yield on a risk-free government bond of the same maturity. A wider credit
spread indicates higher perceived credit risk for a corporate bond, while a tighter spread
reflects improved credit conditions. During the crisis, credit spreads widened sharply as bond
prices fell and yields increased. At the same time, credit default swaps (CDS) also saw their
spreads widen, but comparatively more moderately for many issuers. A CDS is a financial
contract that provides protection against potential losses from the default of a reference entity,
typically a corporate or sovereign bond issuer. The CDS contract involves two parties, the
protection buyer and the protection seller. The protection buyer pays a quarterly premium to
the protection seller, referred to as the CDS spread or CDS premium, and in return, the
protection seller compensates the protection buyer for the credit loss in the event of a default
of the reference entity. The difference between CDS spreads and bond credit spreads during
the crisis gave rise to an expanding CDS-bond basis, defined as the difference between the
CDS spread and the bond credit spread of the same issuer and maturity. This basis reached
levels inconsistent with no-arbitrage pricing, which refers to the principle that identical risks
must be priced equally in efficient markets such that no investor can earn a riskless profit,
indicating a significant breakdown in the normal pricing relationship between the two
instruments.
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Figure 1: Average CDS spread, credit spread and CDS-Bond basis over the sample period of 2020.

This thesis examines what caused the large negative CDS-bond basis deviations in the
European investment-grade market during 2020, as illustrated in Figure 1. Using daily panel
data on 36 firms from the iTraxx Europe index, we test whether four limits-to-arbitrage
frictions can explain the observed deviations. The four frictions are bond market illiquidity,
counterparty risk, market-wide risk aversion, and funding liquidity, all of which are defined
and discussed in detail in Sections 2.5, 2.6, and 4.2. In this thesis we find that bond illiquidity,
market-wide risk aversion, and funding liquidity have negative and statistically significant
coefficients, while counterparty risk has a positive and statistically significant coefficient,
contrary to theoretical predictions. Our results suggest that the CDS-bond basis deviations
reflect a temporary breakdown in arbitrage mechanisms driven by market frictions rather than
fundamental mispricing of credit risk. Similar observations, but for other time periods and
geographical markets, have been reported by Bai and Collin-Dufresne (2019), Augustin and
Schnitzler (2021), and Haddad, Moreira and Muir (2021).

A CDS contract and a corporate bond written on the same reference entity and maturity are
both designed to price the same underlying credit risk, namely the risk that the issuer defaults
on its debt obligations. Under this principle, the two spreads should be approximately equal,
implying a basis close to zero. If CDS spreads exceed bond credit spreads, an investor can
short the bond and sell protection, and if bond credit spreads exceed CDS spreads, the
investor can purchase the bond and buy CDS protection to hedge credit risk. In frictionless
markets with unconstrained capital, such arbitrage activity should eliminate persistent
differences (Duffie, 1999). However, historical financial crises have repeatedly challenged
this theoretical framework. During the Covid-19 crisis, credit spreads widened substantially
more than CDS spreads, causing the basis to turn sharply negative. Haddad, Moreira and
Muir (2021) document this pattern in the US investment-grade market, showing that the price
decline in US corporate bonds during March 2020 was primarily driven by market frictions



rather than changes in default risk. Similar patterns are visible in the European market, as
illustrated in Figure 1, which plots the average CDS spread, credit spread, and CDS-bond
basis for European investment-grade issuers in 2020. Prior to the crisis, the basis is modestly
negative and stable, consistent with normal market conditions. In late February and March
2020, credit spreads rose sharply and substantially faster than CDS spreads, driving the
average basis to a trough of approximately -75 basis points (bps), before gradually recovering
towards zero over the remainder of the year.

To examine what drove this breakdown, we use daily panel data on 36 firms from the iTraxx
Europe index and estimate panel regressions relating the CDS-bond basis to four potential
limits-to-arbitrage frictions. The first is funding liquidity, which refers to the ease with which
investors can obtain short-term financing to fund leveraged positions. The second is bond
market illiquidity, which captures the cost and difficulty of trading cash bonds in the
secondary market. The third is market-wide risk aversion, proxied by the VSTOXX index, a
measure of implied volatility on European equity markets that reflects the general level of
investor risk aversion. The fourth is counterparty risk, which refers to the risk that the CDS
protection seller defaults before a credit event occurs, thereby reducing the effective value of
the protection.

We find that bond illiquidity is the most robust determinant of CDS-bond basis deviations.
Both illiquidity measures have negative and statistically significant coefficients across all
specifications, indicating that higher transaction costs in the bond market are consistently
associated with a more negative basis. Market-wide risk aversion and funding liquidity
similarly have negative and statistically significant coefficients across all specifications.
Counterparty risk has a positive coefficient across all specifications, contrary to theoretical
predictions, which is likely explained by post-crisis regulatory reforms and limitations in
proxy construction. Taken together, our results suggest that the large negative basis deviations
observed during the Covid-19 crisis reflect a temporary breakdown in arbitrage mechanisms
driven by identifiable market frictions, rather than fundamental mispricing of credit risk,
consistent with the findings of Haddad, Moreira, and Muir (2021) in the US market.

The findings of this thesis are consistent with a broader literature arguing that persistent
deviations between CDS spreads and bond credit spreads reflect limits to arbitrage rather than
mispricing (Bai and Collin-Dufresne, 2019; Augustin and Schnitzler, 2021). In theory, credit
spreads and CDS spreads are designed to price the same underlying credit risk, and any
persistent spread differential should in theory be exploitable through a so-called basis trade,
which involves buying a bond and simultaneously purchasing CDS protection to lock in the
spread differential. Implementing such a trade requires funding, collateral, and balance sheet
capacity. When these resources are constrained, investors may be unable or unwilling to
exploit pricing differences even when they are clearly observable. Bai and Collin-Dufresne
(2019) show that differences in the CDS-bond basis across firms are systematically related to
funding liquidity, bond market illiquidity, and counterparty risk, suggesting that basis
deviations reflect constraints on arbitrage activity rather than mispricing of credit risk.
Similarly, Mitchell and Pulvino (2012) find that investors are least able to exploit pricing



differences precisely when those differences are largest, as declining asset values reduce their
capacity to fund and maintain leveraged positions. Together, this literature suggests that the
CDS-bond basis reflects time-varying market frictions that intensify during stress episodes,
and directly motivates the empirical analysis conducted in this thesis.

1.2 Problem Description and Analysis

Although the CDS-bond basis widened significantly in the European Investment Grade bond
market during the Covid-19 crisis in 2020, it is not clear what drove this development.
No-arbitrage theory suggests that deviations between CDS spreads and corporate credit
spreads should be temporary and corrected through arbitrage trading. However, the
persistence and magnitude of the CDS-bond basis during this period suggests that the
adjustment mechanism may not have functioned effectively.

Two broad explanations to the CDS-bond basis are considered in this thesis. The first is that
CDS and bond markets responded differently to changes in underlying credit risk, reflecting
structural differences in how the two instruments are priced. The second is that deviations
persisted because arbitrage became constrained during the stress episode, due to tightening
funding liquidity, higher market volatility, reduced bond market liquidity, increased
counterparty risk, or limitations in dealer balance sheets (Bai and Collin-Dufresne, 2019;
Augustin and Schnitzler, 2021). The Covid-19 crisis provides a well-defined stress episode in
which these competing explanations can be examined empirically.

Arbitrage trades are not risk-free in practice. CDS-bond basis trades require funding,
collateral, and balance sheet capacity, and when these resources are limited, investors may be
unable or unwilling to exploit pricing differences even when they are clearly visible (Bai and
Collin-Dufresne, 2019; Augustin and Schnitzler, 2021).If the 2020 distortions were largely
associated with such constraints, the findings support a limits-to-arbitrage interpretation of
the basis and provide insight into the conditions under which pricing relationships weaken.

To examine the causes of the basis widening, our thesis addresses the following research
questions:

1. Are CDS-bond basis deviations during 2020 associated with limits to arbitrage,
specifically funding liquidity constraints, elevated market volatility, bond illiquidity,
and counterparty risk?

2. Is the relationship between limits-to-arbitrage factors and the basis stronger during
the critical stress phase of the crisis than during calmer periods within the same
year?

To address these questions, this thesis uses panel regressions on a sample of European
corporate bond issuers and analyses the relationship between the CDS-bond basis and
measures of funding conditions, market volatility, liquidity, and counterparty risk.



1.3 Scope and Purpose

This thesis focuses on the European corporate credit market during the year 2020. This year
is chosen because it represents a clear and well-defined episode of financial stress caused by
the Covid-19 pandemic, in which funding conditions, liquidity, and intermediation capacity
deteriorated sharply and in a concentrated timeframe (Haddad, Moreira and Muir, 2021). By
restricting the analysis to the single year of 2020, our thesis captures how credit markets
behave under extreme conditions while avoiding confounding effects from other structural
shifts in the pre- and post-pandemic period.

It is worth noting that the market structure of CDS markets has changed considerably since
the Global Financial Crisis of 2008 (Akari et al., 2021). Following the crisis, regulators
introduced central clearing through central counterparties (CCPs) and stricter collateral
requirements. CCPs stand between buyers and sellers in derivative contracts, which reduces
direct bilateral counterparty exposure through centralized netting, collateral requirements,
and default management if one party fails to meet its obligations. Together, these reforms
were designed to reduce counterparty exposure in over the counter (OTC) derivatives markets
(ISDA, 2019). These structural changes have reduced, but not eliminated, the role of
counterparty risk. The 2020 episode therefore provides an opportunity to examine whether
the limits to arbitrage forces documented during the Global Financial Crisis remain relevant
in a more regulated market environment.

This thesis focuses on the European market for two main reasons. First, restricting the
analysis to a single regional market improves the comparability of observations across firms.
Corporate bond and CDS markets vary considerably across regions in terms of market
structure, investor base, regulatory framework, and liquidity conditions. By focusing on a
single market, these differences are held relatively constant, reducing the risk that
cross-regional variation in market characteristics contaminates the estimated relationships
between the basis and the explanatory variables. Although Brexit introduced some regulatory
divergence between the UK and EU during 2020, this concern is partially mitigated by the
fact that all companies in the sample are included in the iTraxx Europe index. The iTraxx
Europe is a standardised and widely recognised index tracking the CDS spreads of the 125
most liquid investment-grade European corporate issuers. The index is updated every six
months to ensure that only the most actively traded names are included. Using firms from the
same index ensures a consistent and comparable sample of issuers, limiting the influence of
cross-country regulatory differences on the results. Second, and perhaps most importantly, the
existing empirical literature on the CDS-bond basis during the Covid-19 crisis is
predominantly focused on the US market. Haddad, Moreira and Muir (2021) document the
basis dislocation in the US investment-grade market during March 2020. This thesis therefore
complements and extends the existing evidence by examining whether the same
limits-to-arbitrage forces also drove basis deviations in the European market during 2020.



2. Theoretical framework

This section presents the theoretical concepts underlying the empirical analysis. Section 2.1
introduces credit spreads and their role as a measure of credit risk. Section 2.2 describes the
structure and pricing of CDS. Section 2.3 defines the CDS-bond basis and discusses the
conditions under which deviations from zero can persist. Section 2.4 introduces the interest
rate swap as the risk-free benchmark used in the basis construction. Sections 2.5 and 2.6
discuss liquidity risk and counterparty risk as theoretical drivers of basis deviations.

2.1 Credit Spreads

Bonds are debt instruments through which firms raise external financing by borrowing from
investors. In return, bond investors receive periodic coupon payments and the repayment of
principal at maturity, provided the bond issuer has not defaulted. While government bonds
are generally considered to have very low default risk, corporate bonds expose investors to
the risk that the issuing firm may fail to meet its debt obligations, also known as credit risk.

Credit risk refers to the risk that a borrower fails to fulfil its debt obligations in full and on
time, an event commonly referred to as a default (Duffie and Singleton, 2003). A default can
take several forms, including failure to make scheduled interest payments, failure to repay the
principal at maturity, or a formal declaration of bankruptcy. The severity of a default event is
further characterised by the recovery rate, which refers to the fraction of the outstanding debt
that investors expect to recover following a default. A lower recovery rate implies greater
losses for investors and therefore commands a higher credit risk premium (Hull, 2015). For
corporate bond investors, credit risk is the primary source of uncertainty, as it determines
both the likelihood of receiving the promised cash flows and the expected loss in the event of
default. The higher the perceived credit risk of an issuer, the greater the compensation
investors demand for holding its bonds.

As a result of this credit risk, corporate bonds typically offer higher yields than government
bonds to compensate investors for the additional credit risk. The difference between the yield
on a corporate bond and the yield on a government bond of the same maturity is referred to as
the credit spread (Cherubini and Della Lunga, 2007). Credit spreads serve as a market-based
measure of credit risk and reflect investors' assessment of the issuer's creditworthiness and
probability of default (Hull, 2015). Wider credit spreads indicate higher perceived credit risk,
while tighter spreads suggest improved credit conditions. However, the bond yield does not
only capture expected default losses, but can be decomposed into several components.

In addition to the credit spread, bond yield also includes a liquidity premium which
compensates investors for the risk that the bond may be costly or difficult to trade. Less
liquid bonds require higher yields to attract investors, even if their underlying credit risk is
similar to that of more liquid securities (Elizalde et al., 2009). Accounting for the liquidity
premium is important when comparing credit spreads to CDS spreads. Although both
instruments are designed to price the same underlying credit risk, differences in liquidity
premia between the quoted CDS spreads and bond market prices can give rise to deviations in
their spreads even when the underlying credit risk of the issuer has not changed.
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Theoretical models of credit risk provide a link between credit spreads, a firm’s underlying
asset value and default probability. Structural models, originating from Black and Scholes
(1973) and Merton (1974), view a firm’s debt as a contingent claim on its assets, implying
that changes in credit spreads convey information about shifts in firm value and bankruptcy
risk (Manning, 2004). Therefore, based on the Merton framework, changes in credit spreads
indicate shifts in firm value and bankruptcy risk.

Credit spreads are also closely connected to macroeconomic conditions and tend to widen
during periods of economic stress. Rising credit spreads may reflect deteriorating economic
fundamentals, weaker corporate balance sheets, or disruptions in the supply of credit from
financial intermediaries (Philippon, 2008; Bernanke et al., 1999). Empirical studies show that
credit spreads provide a clearer measure of financing conditions than raw bond yields, as they
filter out movements related to monetary policy and inflation and allow for more meaningful
comparisons across firms and markets (Gilchrist and ZakrajSek, 2012; Friewald et al., 2014).

2.2 Credit Default Swaps (CDS)

Credit default swaps (CDS) are financial derivatives that allow market participants to trade
and transfer credit risk independently of the underlying debt instrument. They were first
introduced in the early 1990s (Cherubini and Della Lunga, 2007), and emerged as an
extension of the well-established interest rate swap market which enabled banks and other
financial institutions to hedge exposures to detonations in corporate or sovereign credit
quality. As illustrated in Figure 2, a CDS contract involves three parties. The protection buyer
pays a periodic premium to the protection seller in exchange for compensation if a specified
credit event occurs during the life of the contract (Hull, 2015). The third party is the reference
entity, typically a corporation or sovereign bond issuer. It is the default of this entity that
triggers the compensation payment from the protection seller to the protection buyer.

Premium payments of CDS spread
(expressed in % p.a.)

CDS / Protection ” CDS / Protection
Buyer « Seller
Compensation payment if credit event

| occurs before maturity. [
| I
| |
| Default triggers compensation payment. |

|
! |
! J

______ Reference Entity -~

Figure 2: Structure of standard CDS contract.

The periodic premium paid by the protection buyer is known as the CDS spread, or CDS
premium, and is expressed in bps per year of the contract's notional amount. The CDS spread
is determined at the start of the contract and is set such that the present value of the premium
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payments equals the present value of the expected credit loss in the event of default, ensuring
that the contract has zero value at initiation (Duffie, 1999; Hull, 2015). As illustrated in
Figure 3, this means that the sum of the discounted regular premium payments, represented
by the dark blue bars, equals the present value of the single compensation payment in the
event of default, represented by the light blue bar. The CDS spread therefore reflects the
market's assessment of both the probability that the reference entity defaults and the expected
loss given default, making it a direct market-based measure of credit risk.

As illustrated in Figure 3, payments continue either until the contract reaches maturity or
until a credit event of the reference entity is triggered, whichever comes first. If a credit event
occurs, the protection seller compensates the protection buyer for the credit loss associated
with the default of the reference entity. Settlement can take place through physical delivery,
where the protection buyer delivers a defaulted bond in exchange for its face value, or
through cash settlement, where the protection seller pays the difference between the face
value and the post-default market value of the bond.

Cash outflow

Occurs only in the
event of default of
reference entity

Cash inflow |

CDS / Protection
Buyer

CDS / Protection
Seller

Cash outflow Cash inflow

Figure 3: Cash flow of a CDS contract.

The definition of credit events is a central feature of CDS contracts. Commonly recognised
events include bankruptcy, failure to pay, obligation default or acceleration, repudiation or
moratorium for sovereigns, and restructuring. Restructuring has been the most contentious
due to the diversity of deliverable obligations. To harmonise contractual terms and reduce
uncertainty, the International Swaps and Derivatives Association (ISDA) has played a crucial
role in standardising documentation across the OTC market. The ISDA Master Agreement
and the ISDA Credit Derivatives Definitions provide the legal and operational framework
under which most CDS contracts are negotiated (ISDA, 2019b; 2020). ISDA also coordinates
regional Determinations Committees, which formally confirm the occurrence of credit events
and oversee auction processes used to determine recovery values following default.

CDS spreads are intended to reflect the market’s assessment of credit risk for the underlying
reference entity, including expectations about probability of default and the expected
recovery value of the reference entity. However, in practice, CDS spreads may also reflect
other factors. For example, less actively traded contracts may trade at higher spreads due to a
liquidity premium (Tang and Yan, 2008). In addition, counterparty risk may influence pricing
as the protection buyer is exposed to the risk that the protection seller fails to honor the
contract in the event of default. Therefore, CDS spreads provide a relatively direct
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market-based measure of credit risk for the reference entity, although they may also reflect
liquidity and counterparty risk premia (Bai and Collin-Dufresne, 2019).

2.3 CDS-Bond Basis

CDS and corporate bonds are closely related instruments, as both are designed to price the
credit risk of the same reference entity. CDS Spreads and bond credit spreads should in
theory compensate investors for the same underlying risk, namely the risk that the issuer
defaults. Under this assumption, the two spreads should be approximately equal. The
CDS-Bond basis measures deviations from this theoretical parity and is defined as the
difference between the CDS spread and the corresponding bond credit spread for the same
maturity (Duffie, 1999; Blanco et al., 2005; Longstaff et al., 2005).

As we will show next, theoretically CDS and credit spreads should be equal, which implies
that the CDS-bond basis should equal zero. To see why, consider the following example.
Suppose a corporate bond and a CDS contract are issued on the same date, written on the
same reference entity, with identical maturities and coupon and premium payment dates. In a
market without frictions, where credit risk is the only source of price variation, the two
instruments should be priced identically. This equality follows from the arbitrage argument
formalized by Duffie and Singleton (2003), who show that a long position in a corporate
bond combined with a long position in a CDS contract written on the same issuer
synthetically replicates a default-free floating-rate note. The CDS eliminates the credit risk of
the bond position, such that the combined portfolio should earn the risk-free rate. If the CDS
spread were to exceed the credit spread, an arbitrageur could sell protection and short the
bond to earn a riskless profit. Conversely, if the credit spread were to exceed the CDS spread,
the arbitrageur could buy the bond and buy protection to achieve the same outcome. In
equilibrium, absent any market frictions, these arbitrage forces ensure that the CDS spread
equals the credit spread and the basis equals zero.

While the arbitrage argument above establishes that the CDS-bond basis should theoretically
equal zero, measuring it in practice is considerably more complex. CDS spreads are directly
observable, however, measuring the appropriate bond credit spread is less straightforward, as
firms typically issue bonds with different coupon types, call-structures, maturities, and
market prices. Previous literature provides three main methodologies to calculate the
CDS-bond basis, and below we will discuss each method.

The first method is a model-based approach that relies on structural credit risk models to
price CDS and credit spreads within an explicit theoretical framework. The model values
both instruments using the same underlying model of default risk, and the basis is derived as
the difference between model-implied spreads. The model-based methodology is used by
Longstaff et al. (2005).

The second approach is the par equivalent CDS methodology (PECDS) originally developed
by Elizalde et al. (2009). This method adjusts for bonds trading away from par by extracting
default intensities implied by observed bond prices and computing the corresponding fair
CDS spread under standard recovery assumptions (Elizalde et al., 2009). This method has
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been widely used in empirical studies such as Nashikkar et al. (2011) and Bai and
Collin-Dufresne (2019).

The third and last method, which will be used in this thesis, derives the CDS-bond basis by
directly comparing observed CDS spreads with credit spreads calculated from transaction
prices in the bond market. This nonparametric method reduces sample size due to limited
bond price availability, but it has the advantage of relying on fewer structural assumptions.
This nonparametric methodology has been adopted by Blando et al. (2005), Fontana (2010)
and Augustin and Schnitzler (2021). Under the above framework, the CDS-bond basis is
defined as the difference between the observed CDS spread and the corresponding bond
credit spread for the same reference entity and maturity:

B, = CDS, — CS, (1)

it

where Bi . denotes the CDS-bond basis for firm i on day ¢, CDS i denotes the five-year CDS
spread for firm 7 on day ¢, and CS i denotes the corresponding synthetic five-year bond credit

spread.

Further, the bond credit spread, CSL_ v is calculated by subtracting a five-year risk-free

benchmark rate from the interpolated bond yield. Following common practice in the
literature, the five-year interest rate swap rate is used as the benchmark, as it better reflects
funding conditions relevant to CDS markets than Treasury yields. Formally, the bond credit
spread is defined as:

cs =y — xF %)

it it t

5Y . : 5Y . .
where Y., denotes the synthetic five-year bond yield and x s the five-year interest swap

rate.

Having established how the CDS-bond basis is measured, we now turn to the conditions
under which deviations from zero can persist. As concluded above, the no-arbitrage condition
implies that the CDS spread should equal the bond credit spread in frictionless markets,
resulting in a CDS-bond basis of zero. Persistent deviations from zero suggest the presence of
market frictions, such as liquidity differences, funding constraints, counterparty risk, or other
limits to arbitrage. By relying directly on observed market prices and avoiding structural
modeling of default intensities or recovery rates, the nonparametric approach provides a
transparent measure of pricing differences between the CDS and bond markets.

When the basis is positive, the CDS spread exceeds the credit spread. In theory, an investor
could exploit this by shorting the bond and selling CDS protection. Conversely, when the
basis is negative, meaning that the CDS spread is lower than the credit spread, an investor can
buy the bond and purchase CDS protection, thereby locking in a near risk-free annuity equal
to the absolute value of the basis (Bai and Collin-Dufresne, 2019). Although such strategies
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appear to offer arbitrage opportunities, empirical evidence shows that the CDS-bond basis
can persist for extended periods. This persistence suggests that constraints such as liquidity
risk, funding constraints, and other market frictions, prevent arbitrageurs from fully
eliminating price differences (Blanco et al., 2005; Longstaft et al., 2005).

An important driver of the CDS-bond basis is liquidity. In practice, credit instruments price
not only credit risk but also liquidity risk, and the CDS-bond basis captures differences in the
liquidity premia embedded in the two markets (Augustin and Schnitzler, 2021). While
liquidity conditions in bond and CDS markets are often similar during normal times, periods
of financial stress can affect the two markets very differently. Bond markets tend to become
significantly less liquid than CDS markets in stressed environments, as bonds are harder to
sell and short, whereas CDS contracts remain relatively easier to trade (Blanco et al., 2005;
Nashikkar et al., 2011). This asymmetry can cause CDS spreads to rise relative to credit
spreads, resulting in a positive CDS-bond basis. In contrast, during spread-tightening periods,
improved bond liquidity may compress credit spreads more rapidly than CDS spreads,
contributing to a positive basis.

2.4 Interest Rate Swap

An interest rate swap (IRS) is a derivative contract in which two parties agree to exchange
interest payments on a specified notional amount over an agreed period of time (Hull, 2015).
The most common form is a fixed-for-floating swap, where one party pays a fixed interest
rate and receives a floating rate linked to a benchmark rate such as EURIBOR. The notional
principal is not exchanged, instead the net difference between the fixed and floating payments
is settled periodically. The fixed rate is determined at the beginning of the contract and
remains constant over the life of the agreement. This rate is known as the swap rate and
reflects the market’s expectations of future short-term interest rates over the maturity of the
contract, and current interbank funding conditions (M. Aquilina, et al. 2024). As a result, the
IRS often serves as a benchmark yield curve used in the pricing of interest rate derivatives
and credit instruments.

Blanco et al. (2005), Longstaff et al. (2005), and Augustin and Schnitzler (2021) use the
interest rate swap curve as the financing benchmark in the CDS market. The IRS curve
reflects the funding conditions faced by market participants active in derivatives markets and
is consistent with the discounting framework applied under the ISDA standard CDS pricing
model. Further, Augustin and Schnitzler (2021) use the IRS as a proxy for the risk-free rate in
the calculation of bond credit spreads (difference between bond yield and risk free rate). This
ensures consistency between the bond and CDS markets. Government bond yields are
sometimes used as proxies for the risk-free rate, however several studies argue that they are
not the most appropriate benchmark in CDS-related analysis. Treasury yields may be
influenced by tax advantages and special repurchase agreement features that distort their
interpretation as pure funding rates (Duffie, 1999).
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2.5 Liquidity Risk

Liquidity is broadly defined as the ability to execute trades quickly and at low cost without
causing significant price movements (ECB, 2017). In financial markets, a key distinction
exists between asset liquidity and funding liquidity. Asset liquidity refers to the ease of
trading a specific instrument in the market, while funding liquidity refers to the ability of a
market participant to obtain financing to hold or trade that instrument. Brunnermeier and
Pedersen (2009) show that the asset and funding liquidity are mutually reinforcing. When
funding conditions tighten, investors are forced to reduce leveraged positions, which
depresses asset prices and widens bid-ask spreads, further worsening collateral values and
tightening funding conditions in a self-reinforcing spiral. This liquidity spiral is particularly
relevant during crisis episodes, when both dimensions of liquidity deteriorate simultaneously
and interact to enhance market dislocations.

2.5.1 Bond Illiquidity Risk

Corporate bonds and CDS contracts written on the same reference entity are exposed to
identical credit risk in theory (Duffie, 1999), but differ considerably in their liquidity
characteristics in practice (Blanco et al., 2005). Corporate bonds trade OTC in a decentralised
market, meaning that transactions occur through bilateral negotiations rather than on a
centralised exchange. As a result, buyers and sellers can be more difficult to match,
increasing transaction costs and reducing trading activity. Corporate bonds are also typically
issued in relatively small amounts with a heterogeneous investor base and require upfront
capital to fund. Together, these characteristics contribute to higher transaction costs and lower
trading frequency relative to CDS contracts (Bessembinder et al., 2009; Dick-Nielsen et al.,
2012). The asymmetry in liquidity between the two instruments can therefore create a
divergence between CDS and credit spreads even in the absence of changes in underlying
credit risk. Previous research shows that illiquidity is priced in financial markets, with
investors demanding compensation for holding less liquid assets (Amihud, 2002). In the
corporate bond market, Dick-Nielsen et al. (2012) document that less liquid bonds trade at
higher spreads, reflecting a liquidity premium that is not directly captured by CDS spreads.

In the CDS-bond basis literature, this liquidity asymmetry plays a central role. Bai and
Collin-Dufresne (2019) show that bond illiquidity is one of the most important
cross-sectional determinants of CDS-bond basis deviations. Augustin and Schnitzler (2021)
further distinguish between two dimensions of liquidity. The first is firm-specific liquidity,
which captures the ease of trading a given issuer's bonds. The second is market-wide liquidity
shocks, which capture systemic deterioration in trading conditions in the broader bond
market. The importance of market-wide liquidity shocks is supported by Bao, Pan, and Wang
(2011), who document that corporate bond illiquidity is subject to co-movement across bonds
and rises sharply during periods of market stress, suggesting that systemic liquidity
deterioration can far exceed what firm-level characteristics would predict. During normal
conditions, firm-specific factors tend to dominate cross-sectional variation in liquidity.
However, market-wide liquidity shocks become the dominant force during periods of market
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stress, as funding constraints and risk aversion reduce dealer intermediation broadly across
instruments regardless of their individual characteristics.

2.5.2 Funding Risk

Beyond bond market liquidity, funding conditions represent a distinct but related channel
through which liquidity risk affects the CDS-bond basis. When funding conditions tighten,
the cost of maintaining leveraged positions increases, which can prevent arbitrageurs from
exploiting basis deviations even when they are clearly observable. A flat or inverted yield
curve is commonly interpreted as a signal of tighter funding conditions, as it implies that
short-term borrowing costs are high relative to long-term yields, increasing the cost of
funding basis trades. Conversely, a steep yield curve indicates more favourable funding
conditions, making it less costly to maintain such positions (Brunnermeier and Pedersen,
2009; Augustin and Schnitzler, 2021).

2.6 Counterparty Risk

Counterparty risk affects CDS contracts and corporate bonds asymmetrically. While both
instruments reflect the default risk of the reference entity, a CDS contract additionally
depends on the financial health of the protection seller. Unlike a corporate bond, where the
investor's claim is directly on the issuing firm, a CDS provides compensation only if the
protection seller remains solvent at the time a credit event occurs. If the protection seller
defaults simultaneously with or prior to the reference entity, the promised compensation may
not be delivered, reducing the effective value of the protection (Gregory, 2020).

This asymmetry has direct implications for the CDS-bond basis. The value of a CDS contract
depends not only on the probability that the reference entity defaults, but also on the
probability that the protection seller survives long enough to honour the contract. When the
credit risk of the reference entity and the financial sector co-move positively, as tends to
occur during systemic stress episodes, the likelihood of joint distress increases. In such states,
the expected value of CDS protection declines relative to the bond, causing CDS spreads to
fall relative to credit spreads and contributing to a more negative basis (Bai and
Collin-Dufresne, 2019; Augustin and Schnitzler, 2021).

It is worth noting that the importance of counterparty risk in CDS markets has declined since
the Global Financial Crisis. Following the crisis, regulators introduced a series of structural
reforms aimed at reducing bilateral counterparty exposure in OTC derivatives markets,
including mandatory central clearing through central counterparties, stricter collateral
requirements, and higher margin standards (ISDA, 2019). Nevertheless, counterparty risk
remains a theoretically relevant determinant of the basis, particularly during acute stress
episodes when the financial health of protection sellers can deteriorate rapidly.
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3. Literature Review

This section reviews the empirical literature on the CDS-bond basis and develops the
hypotheses tested in this thesis. Section 3.1 discusses the three papers most directly related to
our thesis and states our contribution within the existing literature. Section 3.2 develops the
two hypotheses examined in our empirical analysis.

3.1 Empirical Literature

The starting point for this thesis is the theoretical methodology established by Duffie (1999),
which states that in frictionless markets, a CDS contract and a corporate bond referencing the
same entity should price identical credit risk, implying a basis of zero. The three papers most
directly related to this article are Bai and Collin-Dufresne (2019), Augustin and Schnitzler
(2021), and Haddad, Moreira and Muir (2021). Together, these three papers form the
empirical and theoretical foundation of this thesis.

Their limits-to-arbitrage interpretation rests on the idea that exploiting CDS-bond basis
deviations is costly. Arbitrageurs face funding constraints, collateral requirements, transaction
costs, and counterparty risk, which limit their ability to exploit all available basis
opportunities. As a result, arbitrageurs are more likely to trade bonds with lower haircuts,
higher liquidity, lower counterparty risk, and lower exposure to funding shocks. A haircut is
the difference between the market value of a bond and the amount that can be borrowed
against it in a repurchase agreement. Bonds with lower haircuts require less capital from the
arbitrageur to finance a position, making them less costly to trade and maintain. Basis
deviations associated with higher arbitrage costs are therefore less likely to be eliminated.
Consequently, bonds with higher arbitrage costs tend to exhibit more negative basis levels
than bonds where arbitrage is easier to implement.

Using Fama-MacBeth regressions on a sample of nearly 700 US firms from 2006 to 2014,
Bai and Collin-Dufresne (2019) find that bond illiquidity, collateral quality, counterparty risk,
and funding liquidity risk together explain around 80 percent of the cross-sectional variation
in basis levels across rating and size sorted portfolios. Importantly, while these factors are
strongly significant during the crisis period, collateral quality, as proxied by credit ratings,
remains the only consistently significant factor outside of crisis periods. This conditional
pattern is directly relevant to our thesis, as it suggests that the limits-to-arbitrage mechanism
is most active during periods of market stress such as the one we examine in 2020.

Augustin and Schnitzler (2021) extend the framework in Bai and Collin-Dufresne (2019) by
separating three distinct types of liquidity: asset-specific liquidity, market-wide liquidity, and
funding liquidity. Using a sample of 177 US firms around the 2007-2009 global financial
crisis and using a nonparametric basis construction methodology, they show that all three
liquidity types have independently negative and statistically significant effects on the basis.
Their most important finding for the purpose of this analysis is that funding liquidity is the
economically dominant factor, with a standardized coefficient approximately three times
larger than those of the other liquidity measures. They further document that market and
funding liquidity matter primarily for the bond market rather than the CDS market, meaning
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that liquidity shocks widen the basis by depressing bond prices rather than by directly
affecting CDS spreads. This asymmetry is central to our thesis, as it implies that observed
basis movements during stress episodes should be interpreted as reflecting bond market
dislocations rather than changes in the CDS market's assessment of credit risk.

Augustin and Schnitzler also test specific predictions of limits-to-arbitrage theories and find
strong support for flight-to-quality effects and margin-based asset pricing as described in
Garleanu and Pedersen (2011). The central prediction of this framework is that bonds with
higher margin requirements are more costly to finance and therefore less attractive to
arbitrageurs. As a result, these bonds tend to exhibit larger CDS-bond basis deviations during
periods of market stress, when funding constraints become more binding. Augustin and
Schnitzler also find that firm-specific bond illiquidity becomes more important when
market-wide liquidity and funding conditions deteriorate simultaneously. In other words,
liquidity problems at the individual bond level become more severe when overall market
conditions worsen. Given that this thesis adopts the nonparametric CDS-bond basis
construction methodology developed by Augustin and Schnitzler (2021) and examines a
period of severe market stress, their findings provide a useful benchmark for interpreting the
empirical results. Similar dynamics may therefore be expected during the critical phase of the
Covid-19 crisis in 2020.

Haddad, Moreira and Muir (2021) provide the most direct evidence on the CDS-bond basis
during the Covid-19 episode. Examining US corporate bond markets in March and April
2020, Haddad, Moreira and Muir find that investment-grade credit spreads increase
dramatically while CDS spreads on the same reference entities remain largely unchanged. At
the peak of the dislocation around March 20, 2020, approximately three-quarters of the price
decline in investment-grade bonds was attributable to the widening basis rather than to any
deterioration in underlying credit fundamentals. This finding is striking because it implies
that the majority of observed price movements during the crisis reflected market frictions
rather than changes in default risk. The authors identify two primary mechanisms behind the
disruption. First, forced selling pressure from bond investors, particularly mutual funds facing
large investor withdrawals, led to substantial sales of corporate bonds as funds sought to raise
cash. This selling pressure was concentrated in the bond market, as liquidating CDS positions
does not generate cash in the same way as selling bonds. Second, dealers were unable or
unwilling to intermediate these flows and absorb the selling pressure, partly because of
post-2008 regulatory constraints on balance sheet capacity, and partly because the size and
persistence of the selling pressure made warehousing bonds particularly costly.

Haddad, Moreira and Muir further show that the basis tightened rapidly following the Federal
Reserve's announcement of corporate bond purchase facilities on March 23, 2020, with the
recovery concentrated precisely in the most disrupted segments of the investment-grade
market. This provides evidence that the disruptions were driven by market frictions rather
than fundamental repricing. Notably, policies targeting dealers' short-term funding constraints
had little effect on bond prices, while the announcement of large-scale purchases was
sufficient to tighten the basis. This suggests that the core problem was the absence of a
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credible buyer willing to absorb persistent selling pressure rather than a short-term liquidity
shortage alone.

This thesis builds directly on the contributions of Bai and Collin-Dufresne (2019), Augustin
and Schnitzler (2021), and Haddad, Moreira, and Muir (2021). From Bai and Collin-Dufresne
(2019), the limits-to-arbitrage framework is adopted as the main theoretical foundation for
interpreting basis deviations. Their identification of bond illiquidity, counterparty risk, and
collateral quality as key explanatory variables provides the foundation for the empirical
specification used in this thesis. From Augustin and Schnitzler (2021), this thesis adopts the
nonparametric basis construction methodology, the distinction between synthetic and
firm-level illiquidity measures, and the counterparty risk variable. Their finding that funding
liquidity is the economically dominant driver of basis deviations, particularly during crisis
periods, motivates its inclusion as a central explanatory variable. From Haddad, Moreira, and
Muir (2021), this thesis draws on the empirical context of the 2020 stress episode and their
evidence that basis dislocations during the Covid-19 crisis were driven by market frictions
rather than changes in credit fundamentals. This evidence directly motivates the hypotheses
examined in this thesis.

Where this thesis differs from the three papers discussed above is in its focus on the
European rather than the US market, and in its use of panel regressions across the full
calendar year of 2020 rather than focusing on the acute stress phase alone. The European
corporate bond market differs from the US market in several relevant respects. The European
financial system is more bank-centred, secondary market liquidity is generally lower, and the
trading environment is more fragmented across national markets and currencies. These
structural differences may amplify the liquidity and funding frictions that are central to the
limits-to-arbitrage framework examined in this thesis. By applying an empirical framework
developed in the US context to European data, this thesis contributes to the literature by
examining whether the same forces that drove basis deviations during the Global Financial
Crisis and the Covid-19 episode in the US also characterise the European market, and
whether the relative importance of bond illiquidity, funding liquidity, market volatility, and
counterparty risk differs across the two markets.

3.2 Development of Hypothesis

The empirical evidence reviewed in Subsection 3.1 motivates the hypotheses tested in this
thesis. The theoretical starting point is the null hypothesis that CDS and corporate credit
spreads incorporate credit information efficiently, meaning that any deviations in the basis
should be temporary and driven by changes in credit fundamentals rather than by market
frictions. However, the literature reviewed above provides strong grounds for expecting this
null to be violated during periods of financial stress, as funding constraints, liquidity
deterioration, and intermediation frictions can prevent arbitrageurs from closing basis
deviations even when they are clearly observable. The following hypotheses therefore focus
specifically on whether limits-to-arbitrage factors can explain the basis deviations observed
during 2020, and whether their explanatory power is stronger during the acute stress phase of
the crisis.
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HI: CDS-bond basis deviations during 2020 are associated with limits to arbitrage,
including tightening funding liquidity, bond market illiquidity, elevated market volatility, and
increased counterparty risk, rather than solely reflecting changes in underlying credit
fundamentals.

If H1 is supported, it implies that the observed basis deviations reflect identifiable market
frictions rather than a fundamental breakdown in credit pricing. This is consistent with the
findings of Bai and Collin-Dufresne (2019), who show that these four factors explain the
large majority of cross-sectional variation in the basis during the 2008 crisis, and with
Augustin and Schnitzler (2021), who document that funding liquidity is the economically
dominant driver. It is also consistent with the evidence of Haddad, Moreira and Muir (2021),
who show that approximately three-quarters of the price decline in US investment-grade
bonds during March 2020 was attributable to market frictions rather than changes in default
risk. Support for H1 would suggest that the CDS-bond basis during 2020 is better understood
as a measure of constrained arbitrage capacity than as a reflection of credit mispricing.

H?2: The relationship between limits-to-arbitrage factors and the basis is stronger during the
critical stress phase of the crisis than during calmer periods within the same year.

If H2 is supported, it would confirm the conditional nature of the limits-to-arbitrage
mechanism, consistent with the evidence in both Bai and Collin-Dufresne (2019) and
Augustin and Schnitzler (2021) that the explanatory power of funding liquidity, bond
illiquidity, and counterparty risk increases substantially during crisis periods. This is further
supported by Haddad, Moreira and Muir (2021), who document that basis dislocations during
the Covid-19 crisis were most severe and persistent during the acute stress phase of March
and April 2020, before compressing rapidly following central bank interventions. This
conditional pattern would support a view of market efficiency in which pricing alignment
across CDS and bond markets holds reasonably well under normal conditions but deteriorates
when funding constraints and intermediation frictions bind simultaneously.

Together, hypotheses H1 and H2 allow us to assess whether the 2020 European CDS-bond
basis deviations reflect a temporary failure of arbitrage mechanisms driven by identifiable
frictions, or whether they indicate a more fundamental breakdown in credit market efficiency.
We test hypotheses H1 and H2 empirically using panel regressions on European corporate
issuers in the sections that follow.
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4. Methodology

In this section, we describe the construction of the CDS-bond basis, define the explanatory
variables used in the empirical analysis, and present the regression framework. Section 4.1
explains the CDS-bond basis construction. Section 4.2 defines the explanatory variables and
describes how they are derived from and adapted to the measures proposed in the existing
literature. Section 4.3 presents the empirical model and estimation strategy.

4.1 Implementation of CDS-Bond Basis

Following the nonparametric methodology of Augustin and Schnitzler (2021), we construct
the CDS-bond basis for each firm and trading day as the difference between the observed
five-year CDS spread and a synthetic five-year bond credit spread. The CDS spread is
obtained directly from market mid-quotes for the standard five-year contract, which
represents the most liquid and actively traded maturity in the CDS market (Blanco, Brennan
and Marsh, 2005; Burgess, 2018). However, the construction of the bond credit spread
proceeds in three steps.

First, a synthetic five-year constant-maturity bond yield is constructed through linear
interpolation. For each firm and trading day, the two bonds with remaining maturities closest
to the five-year tenor are identified, one with a remaining maturity below five years and one
above. The synthetic five-year yield is then obtained by linearly interpolating between the
yields of these two bonds, using weights proportional to their distance from the five-year
tenor. Observations where an issuer does not have at least one bond with a remaining
maturity below five years and one bond with a remaining maturity above five years on a
given day are excluded from the sample.

Second, the bond credit spread is calculated by subtracting the five-year euro interest rate
swap rate from the synthetic five-year bond yield. Following Augustin and Schnitzler (2021)
and consistent with standard practice in the CDS-bond basis literature, the swap rate is used
as the risk-free benchmark rather than government bond yields, as it more accurately reflects
the funding conditions relevant to derivatives markets.

Third, we define the CDS-bond basis as the difference between the observed five-year CDS

mid-spread for firm i on trading day ¢, denoted as CDS i/ and the corresponding synthetic

five-year bond credit spread, denoted as CS LS:

B =cps’ —cs’ (1)
Lt it it

The interpolation weights are retained and later used to construct the synthetic bond
illiquidity measure described in Section 4.2. The maturity gap between the underlying bonds
is retained to assess the quality of the synthetic credit spread and is used in subsequent
robustness analyses. Larger maturity gaps require a stronger nonparametric interpolation
assumption and may therefore reduce the reliability of the constructed measure.
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The interpretation of the CDS-bond basis as a measure of pricing differences between the two
markets depends on the assumption that liquidity premia are equal across the bond and CDS
markets at the point of basis construction, following Augustin and Schnitzler (2021). If
liquidity conditions are similar across the two markets, the basis primarily reflects differences
in the pricing of credit risk. However, when liquidity differs substantially, the basis captures a
combination of credit and liquidity effects. To the extent that liquidity differences exist and
contribute to basis deviations, this is addressed empirically by including bond illiquidity as an
explanatory variable in the regression model, which allows the contribution of liquidity to
basis dynamics to be identified and separated from other frictions.

4.2 Variables

This section defines the variables used in the empirical analysis. Table 1 provides an
overview of the variables, their descriptions, and units. Table 2 summarizes the construction
of each variable, the literature from which it is derived, and the corresponding equation
numbers. The detailed construction of each variable is explained in the following subsections.

Variable Description Unit

Basis CDS-bond basis Basis points
[liquidity (Synthetic) Synthetic illiquidity Basis points
Mliquidity (Firm-Level)  Firm-level illiquidity Basis points

CPR (BCD) Counterparty risk based on Bai and Collin-Dufresne (2019) Unitless
CPR(A&S) Counterparty risk based on Augustin and Schnitzler (2021) Unitless
Market-Wide Risk

Aversion Market-wide uncertainty (Euro Stoxx 50 implied volatility) Index level
Funding Liquidity Yield curve slope, proxy for funding conditions Percentage points
Credit Rating Numeric conversion of Moody’s Credit rating Score

Table 1: Overview of the variables, descriptions, and units used in the empirical analysis of
CDS-bond basis deviations and the tests of hypotheses HI and H2.
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Variable Construction Literature References, Equation

Basis CDS;, — (Bonds, — Swap rate;s)) Following Augustin and (1)
Schnitzler (2021)

Mliquidity Weighted bid-ask spread using basis weights Own calculation (bid-ask (5)

(Synthetic) with 21-day trailing average based proxy)

Mliquidity Median bid-ask spread across all Own calculation (robust (6)

(Firm-Level) bonds per firm-day issuer-level proxy)

CPR (BCD) Rolling covariance of CDS changes and Adapted from Bai and (7)
iTraxx Financials divided by variance Collin-Dufresne (2019)

CPR (A&S) Rolling beta of CDS changes on iTraxx Adapted from Augustin and (8)
Financials relative to iTraxx 1G Schnitzler (2021)

Market-Wide Implied volatility index on Euro Stoxx 50 -

Risk Aversion

Funding Difference between 10-year -

Liquidity and 3-month German Bund yields

Credit Rating Moody’s ratings, otherwise Following Bai and
S&P mapped to Moody’s scale Collin-Dufresne (2019)

Table 2: Variable construction, literature references, and corresponding equation numbers. The
references indicate the literature from which each variable is derived. “Following” denotes measures
implemented consistently with the cited study, while “Adapted from” denotes measures that retain the
underlying theoretical framework but require modifications to the empirical implementation due to
differences in data availability, market structure, or sample design. Equation numbers refer to the
formal definitions presented in the text. Market-wide risk aversion and funding liquidity are proxied
using the VSTOXX index and the German yield curve slope, respectively, consistent with Augustin and
Schnitzler (2021).

The explanatory variables in the analysis capture four theoretical channels through which
limits to arbitrage may affect the CDS-bond basis: bond market liquidity, counterparty risk,
market-wide risk aversion, and funding liquidity. A credit rating control variable is also
included to account for issuer-specific differences in credit quality.

4.2.1 Bond Illiquidity

Bond illiquidity is captured using two complementary measures that distinguish between
basis-specific and broader firm-level liquidity conditions. The first measure, Synthetic
illiquidity, proxies the illiquidity of the synthetic five-year bond underlying the basis. At the
bond level, illiquidity is defined as the bid—ask spread scaled by the mid price and expressed
in bps:

raw ASki,b,t_Bldi,b,t

ibt — Mid, (3)
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where i denotes the firm, b the bond, and ¢ the trading day.

For each firm i and date ¢, let b, and b, denote the bonds with maturities closest below and
above the five-year target. Synthetic illiquidity is constructed using the same interpolation
weights as in the basis calculation:

raw raw

k *

Lig =w +w
qi,t low,i,t low,i,b,t high,i,t high,i,b,t

(4)

where the weights sum to one. The daily bid-ask spreads can be volatile and may reflect
temporary market noise rather than persistent liquidity conditions. To capture the underlying
liquidity environment relevant for CDS-bond basis deviations, the synthetic liquidity measure
is smoothed using a 21-day trailing average:

20

e _ 1 .
Synthetic Illlquldltyi’t =1 *EO qui’t (5)

Because the measure uses the same bonds and interpolation weights as the basis, it captures
the liquidity conditions relevant for basis trading.

The second measure, firm-level illiquidity, denoted as Liq{ Zfl, captures broader issuer-level

bond market liquidity conditions. Following Augustin and Schnitzler (2021), the measure
summarizes liquidity across all bonds issued by a given firm. By using the median, it reduces
the influence of individual bonds with unusually high or low bid-ask spreads and provides a
more stable measure of issuer-level liquidity. The firm-level illiquidity measure is defined as:

raw.

Liqf = Median, (L")

bEB.
it

(6)

where b indexes individual bonds and Bit denotes the set of all bonds issued by firm i that

trade on date t.

While Augustin and Schnitzler (2021) use a more sophisticated bond-level liquidity proxy
based on transaction data, this thesis relies on bid—ask spreads due to limited availability of
such data. Alternative measures, such as the Amihud (2002) illiquidity ratio or the
covariance-based measure proposed by Bao, Pan, and Wang (2011), capture additional
dimensions of liquidity, including price impact and market depth, but require detailed
transaction-level or volume data. The median aggregation approach of Augustin and
Schnitzler (2021) is therefore retained, while the underlying liquidity proxy is simplified.
Including both measures allows the analysis to distinguish between liquidity conditions
specific to the basis construction and broader firm-level bond market liquidity.
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4.2.2 Counterparty Risk

Direct measurement of bilateral counterparty exposure is infeasible, as CDS markets in
general are OTC and contract-level counterparties are not publicly observable. Counterparty
risk is therefore proxied using two alternative measures, both estimated using a rolling
window of 21 trading days and included separately in the regression analysis to assess
robustness.

The first measure is adapted from Bai and Collin-Dufresne (2019), who motivate their
measure by noting that counterparty risk arises because the protection seller, typically a
broker-dealer, may be unable to honour its commitment to the protection buyer in the event of
default. The higher the correlation between the default risk of the underlying entity and the
protection seller, the greater the expected counterparty risk, and the less valuable the
insurance contract. To capture this, Bai and Collin-Dufresne (2019) construct a
market-capitalisation weighted CDS index of the primary government securities dealers
reporting to the Federal Reserve Bank of New York, as these institutions dominate CDS
market activity and represent the most likely counterparties in basis trades. Counterparty risk
is then defined as the sensitivity of each firm's CDS spread changes to changes in this index.

This thesis adapts the approach to the European market by replacing the primary dealer index
with the iTraxx Financials index, a standardised and liquid index tracking the CDS spreads of
major European financial institutions. Our thesis adapts the approach to the European market
by replacing the primary dealer index with the iTraxx Financials index, a standardised,
equally weighted, and liquid index tracking the CDS spreads of major European financial
institutions. Equal weighting avoids the systematic underrepresentation of distressed
institutions that arises in market-capitalisation weighted indices during stress periods, as
discussed later in this section. However, equal weighting also has a limitation, as it does not
account for the fact that larger financial institutions can reasonably be assumed to issue more
CDS contracts and therefore represent a more likely counterparty in basis trades. The iTraxx
Financials index is nonetheless preferred as a practical compromise, given its consistency,
liquidity, and reliability throughout the sample period. The first counterparty risk measure in
our thesis is therefore defined as:

cov (ACDS. , AiTraxme)
T it T

CPR(BCD). = -
( )i't varr(AiTraxxfm) (7)

where 4 denotes daily changes in the CDS spread for firm i1 and in the iTraxx Financial index,
and 7 indexes observations in the 21-day rolling window prior to time ¢.

A higher value of CPR(BCD) implies greater co-movement between the reference entity and
the financial sector, and therefore a higher likelihood of joint distress and greater
counterparty risk. Consequently, firms with higher CPR(BCD) values are more exposed to
financial sector distress. Because the measure relies on a broad financial sector index rather
than dealer-specific exposures, it may also capture broader credit market movements that
affect many firms simultaneously.
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Augustin and Schnitzler (2021) share the same underlying motivation as Bai and
Collin-Dufresne (2019) but construct their counterparty risk measure differently. Rather than
using CDS spread changes, they measure counterparty risk as the sensitivity of a firm's stock
return to the excess return of a value-weighted primary dealer index. The intuition is that
firms whose returns co-move more strongly with primary dealers are more exposed to dealer
distress and therefore to counterparty risk.

To isolate financial sector stress from broader market movements, Augustin and Schnitzler
(2021) use the excess return of the primary dealer index relative to a broad market index. By
removing the component explained by general market conditions, their measure aims to
capture financial sector stress that is specific to dealer institutions rather than economy-wide
shocks.

This thesis adopts the same underlying logic but applies it to the European CDS market.
Rather than using primary dealer equity returns, the measure is constructed using CDS
indices that directly capture credit market conditions. The iTraxx Europe Investment Grade
index tracks the CDS spreads of a broad set of European investment-grade firms across all
sectors and serves as a proxy for general credit market conditions. The iTraxx Financials
index tracks the CDS spreads of major European financial institutions and serves as a proxy
for financial sector credit conditions.

The difference between the two indices captures the component of financial sector credit
stress that cannot be explained by broader credit market movements. Counterparty risk for
firm 7 is then measured as the sensitivity of changes in the firm's CDS spread to this
financial-sector-specific stress component. A higher value therefore indicates greater
exposure to financial sector distress and higher counterparty risk.

cov (ACDS . , AiTraxme—AiTraxxm)
T it T T

CPR(A&S = i
( ) it var_ (AiTraxxfm—AiT raxxic) (8)

where 4 denotes daily changes in the CDS spread for firm i and in the difference between the
iTraxx Financial and iTraxx IG indices, and 7 indexes observations in the 21 day rolling
window prior to time ¢.

The measure in equation (8) aims to provide a more targeted proxy for counterparty risk of
firm 7, as it attempts to isolate financial sector specific stress from general credit market
movements.

Both Bai and Collin-Dufresne (2019) and Augustin and Schnitzler (2021) construct their
financial sector index using a list of primary dealers reporting to the Federal Reserve Bank of
New York. Our thesis initially attempted to replicate this approach for the European market
by constructing a market-capitalisation weighted CDS index using the constituents of the
iTraxx Financials index. However, this approach proved problematic for two reasons. First, as
firms become riskier, their CDS spreads increase while their equity values decline, reducing
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their weight in the index. This causes a systematic underrepresentation of distressed
institutions at precisely the times when their credit risk is most relevant. Second, the
constructed index was sensitive to missing observations and changes in sample composition,
causing fluctuations that reflected data availability rather than true market conditions. Both
problems were particularly pronounced during the COVID-19 period, where the index
declined during periods of elevated financial stress, which is economically counterintuitive.

To address these issues, we in this thesis instead use the iTraxx Financials index as a direct
replacement. The iTraxx Financials index is standardized, consistently maintained, and
provides a reliable proxy for the perceived default risk of major European financial
institutions throughout the sample period. Its broad coverage of major European financial
institutions also makes it suitable for constructing a counterparty risk proxy in the European
market.

4.2.3 Market-Wide Risk Aversion

Market-wide risk aversion captures the general level of investor risk aversion in financial
markets. In this thesis, market-wide risk aversion is proxied by the VSTOXX index. The
VSTOXX index measures the implied volatility of Euro Stoxx 50 index options and is
commonly interpreted as a forward-looking measure of market uncertainty and risk aversion.

Higher levels of market-wide risk aversion should increase the compensation investors
require for holding corporate bonds relative to CDS contracts, contributing to a more negative
CDS-bond basis. The VSTOXX index is therefore a suitable proxy for market-wide risk
aversion because it directly reflects the level of uncertainty and risk aversion priced into
European financial markets.

4.2.4 Funding Liquidity

Funding liquidity is proxied by the slope of the yield curve, computed as the difference
between the 10-year and 3-month German government bond yields, following the approach
of Augustin and Schnitzler (2021) adapted to the European market. The objective is to
capture common funding conditions in the European credit market rather than
country-specific funding conditions. German government bonds are therefore used as a
common benchmark across all firms in the sample.

A steeper yield curve indicates more favourable funding conditions, as short-term borrowing
costs are low relative to long-term yields, making it less costly for investors to finance
leveraged positions such as basis trades. Conversely, a flat or inverted yield curve signals
tighter funding conditions, which may prevent arbitrageurs from exploiting basis deviations
even when they are clearly observable.
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4.2.5 Credit Rating

In our thesis credit rating is included as a proxy for collateral quality, following the approach
of Bai and Collin-Dufresne (2019) and Augustin and Schnitzler (2021). In the context of
CDS-bond arbitrage, the arbitrageur must pledge the bond as collateral in a repurchase
agreement to fund the trade (Augustin and Schnitzler, 2021), meaning that the bond's
collateral quality directly affects the cost and availability of funding. Higher-rated bonds are
generally accepted as superior collateral, implying lower margin requirements and more
favourable funding conditions.

Credit rating is measured using a numerical score mapped from Moody's rating categories,
ranging from 3 for Aa2-rated issuers to 10 for Baa3-rated issuers, where a higher score
corresponds to lower credit quality and, by extension, lower expected collateral quality. Since
the regressions include firm fixed effects, the variable mainly controls for changes in credit
quality and collateral quality within firms over time, rather than permanent differences across
firms.

4.3 Empirical Model

In our study, the CDS-bond basis, as defined in Section 4.1, is analyzed using a panel
regression framework with firm-level observations over time. The empirical specification
relates the basis to measures of bond liquidity and counterparty risk while controlling for
broader market conditions.

The baseline model used in our regressions is given by:

. N . : 9
Baszsi‘t = + [311lllquldltyi‘t_1 + BZCPRM_1 + B3Rlsk Averswni’t

+ B4Funding Liquidityit + BS Credit rating,  + €

where 7 denotes the firms and ¢ denotes trading days. The dependent variable, Basis;,, denotes
the CDS-bond basis. Illiquidity ,_;, represents the bond illiquidity measures defined in Section
4.2.1 , and CPR;,; captures counterparty risk as defined in Section 4.2.2. Both variables are
included with a one-period lag to reduce the potential for endogeneity. We repeat the analysis
using alternative measures of illiquidity and counterparty risk to assess robustness.

Firm fixed effect o, in equation(9), controls for time-invariant differences across firms, such
as business models and industry characteristics. Risk aversion captures market conditions,
specifically the general level of uncertainty in financial markets and is proxied by the
VSTOXX index. Funding liquidity, is measured by the slope of the German yield curve,
where a flatter curve indicates tighter funding conditions. Lastly, Credit Rating is included to
control for credit quality.
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In addition, we extend the model in equation (9) to account for differences between normal
and stress periods by introducing a stress indicator and interaction terms with the key
explanatory variables. This allows the estimated relationships to vary across market regimes
and is used to test whether the effects differ during periods of market stress.

4.4 Estimation Approach

Our empirical model in equation (9) is estimated using ordinary least squares with firm fixed
effects. This approach exploits variation over time within firms while controlling for
time-invariant firm characteristics.

Standard errors are clustered at the firm level to account for potential serial correlation and
heteroskedasticity in the error terms. Clustering allows the residuals to be correlated within
firms over time, while assuming independence across firms. Our estimation uses daily
observations for each firm, but not all firms are observed on all trading days, resulting in an
unbalanced panel. The estimation sample follows the data treatment and sample construction
described in Section 5.6.

4.5 Identification and Controls

Identification in our regression relies on within-firm variation over time. By including firm
fixed effects, the estimation removes time-invariant differences across firms, such as business
models, industry characteristics, and other persistent firm-specific factors. The estimated
coefficients therefore reflect whether changes in liquidity and counterparty risk within a
given firm are associated with changes in the CDS-bond basis for that same firm.

In our regression, bond illiquidity and counterparty risk serve as the primary explanatory
variables. Both variables are measured with a one-period lag to reduce the potential for
reverse causality. Market-wide risk aversion, funding liquidity, and credit rating serve as
control variables to account for broader market conditions and changes in credit quality that
may simultaneously affect both the explanatory variables and the CDS-bond basis.

Despite these controls, we cannot fully eliminate potential endogeneity concerns. Changes in
the CDS-bond basis may occur simultaneously with changes in illiquidity and counterparty
risk, making it difficult to establish the direction of causality. While deteriorating liquidity or
increasing counterparty risk may affect the basis, large basis deviations may also influence
market liquidity and perceptions of risk, creating a potential reverse causality problem. The
use of lagged explanatory variables mitigates these concerns but does not fully resolve them,
as the effects may persist over time and simultaneous shocks may affect both the explanatory
variables and the CDS-bond basis. The results should therefore be interpreted as reflecting
associations between the CDS-bond basis and its determinants rather than causal effects.

4.6 Robustness

To assess the robustness of our results and ensure that they are not driven by specific
modelling choices, we employ several alternative specifications and sample restrictions. First,
we include different measures of bond illiquidity and counterparty risk to examine whether
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the results depend on how these variables are constructed. This also allows a comparison
between measures that reflect the liquidity of the bonds used in the basis calculation, broader
firm-level liquidity, and alternative counterparty risk proxies.

Second, we restrict the sample based on the maturity gap used in the interpolation.
Observations with gaps above seven and five years are excluded to test whether the results
are sensitive to cases where the approximation of a synthetic five-year yield is less reliable. In
addition, we re-estimate the baseline specification including the maturity gap as an
explanatory variable to assess whether the results depend on the strength of the linear
interpolation assumption.

Third, we introduce a stress dummy together with interaction terms between the stress
indicator and the key explanatory variables, allowing their estimated effects to differ between
normal and stress periods. We also repeat the analysis using only observations from the stress
period, providing a direct examination of the determinants of the basis during the crisis
without relying on interaction terms.

The stress period in our regression is defined as 27 February to 30 June 2020 based on the
development of VSTOXX, as shown in Figure 6. This period captures the sharp increase in
market-wide uncertainty in late February and the subsequent phase in which VSTOXX
remains persistently elevated. Values around 30 indicate continued stress even after the initial
peak. Because the stress period is defined using VSTOXX, we exclude market-wide risk
aversion from the interaction regressions to avoid introducing overlapping information into
the specification.
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5. Data

This section describes the data used in the empirical analysis and the construction of the final
sample. Section 5.1 presents the data sources and sample selection procedure. Section 5.2
describes the construction of the CDS-bond basis and the explanatory variables used in the
regression analysis. Section 5.3 provides descriptive statistics and examines the
characteristics of the final sample.

5.1 Data Sources and Sample

This thesis uses bond transaction data, macroeconomic variables, and market variables
obtained from the Bloomberg Terminal, while single-name CDS spread data are sourced from
S&P Market 1Q. The primary sample period covers the European corporate credit market
during 2020.

The sample is constructed from firms included in the iTraxx Europe Investment Grade index
during 2020. We use the index as a starting point because it contains 125 of the most liquid
single-name CDS contracts in the European market, increasing the likelihood that observed
CDS spreads reflect market prices rather than infrequent trading or stale quotes. Restricting
the sample to investment-grade firms also provides a relatively homogeneous set of issuers
and is particularly relevant given the large basis dislocations observed in investment-grade
credit markets during the Covid-19 crisis (Haddad, Moreira and Muir, 2021).

Bond-level data are collected for all available euro-denominated senior unsecured
fixed-coupon bonds issued by these firms over the period from 2019 to 2020. Bonds with
embedded call or put options are excluded to avoid pricing effects unrelated to credit risk.
After merging the bond and CDS data, 52 firms had sufficient simultaneous bond and CDS
observations.

To construct the synthetic five-year bond yield, firms must have at least one bond with a
remaining maturity below five years and one above five years on a given date. This allows
linear interpolation between the two surrounding bonds. Observations where interpolation is
not possible are excluded.

After applying these filters and merging the bond, CDS, and market-level data, the final
sample consists of an unbalanced panel of 36 firms and 249 bonds over the period from
October 2019 to December 2020. The earlier part of the sample is retained to construct
lagged and rolling variables used in the regression analysis.

5.1.1 Corporate Bonds

The daily corporate bond data is obtained from the Bloomberg Terminal. The sample includes
all bonds that were active at any point during the period from January 1, 2020 to December
31, 2020. To ensure comparability across instruments and consistency with the nonparametric
basis construction methodology described in Section 4.2.1, the sample is limited to senior
unsecured, fixed-coupon bonds denominated in euros. Bonds with convertible, callable,
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puttable, or other embedded option features are excluded, as these contractual differences
introduce pricing distortions that are unrelated to credit risk and would complicate the
construction of a clean basis measure.

5.1.2 Credit Default Swaps

Single-name CDS spread data is obtained from S&P Market 1Q. To maintain consistency
with the existing literature, the sample is restricted to five-year senior unsecured CDS
contracts, which represent the most liquid maturity in the CDS market (Blanco, Brennan and
Marsh, 2005; Burgess, 2018). The CDS data cover the period from January 1, 2019 to
December 31, 2020. The inclusion of 2019 data serves two purposes. First, it provides a
pre-crisis baseline against which the 2020 dislocations can be assessed. Second, it allows for
the estimation of rolling window variables, such as the counterparty risk beta described in
Section 4.2.2, which require a sufficient history of observations prior to the main sample
period. CDS contracts are matched to bond issuers by reference entity, retaining only those
issuers for which both CDS and bond data are available simultaneously, as this is required for
the construction of the basis.

5.1.3 Interest Swap Rate

As explained in Section 4.2.4, the reference rate used in this analysis is the five-year Euro
Interest Rate Swap rate. Daily data has been obtained from the Bloomberg Terminal. The
swap rate is used as the risk-free benchmark in the construction of bond credit spreads rather
than government bond yields, as Treasury yields may be influenced by tax advantages and
special repurchase agreement features that distort their interpretation as pure funding rates
(Duffie, 1999). This ensures consistency between the bond and CDS markets, as both are
priced relative to the same funding curve.

5.2 Cleaning the Data

The dataset is constructed from bond-level data for senior unsecured, fixed-coupon
euro-denominated bonds issued by firms included in the iTraxx Europe investment-grade
index. The sample covers all bonds active at any point between January 1, 2020 and
December 31, 2020. The empirical analysis covers the full calendar year of 2020, with a
particular focus on the stress period defined in Section 4.6. Observations from late 2019 are
used solely to construct our 21-day trailing measures and rolling-window variables, such as
the counterparty risk proxies described in Section 2.6.

After matching bond and CDS data by reference entity, the initial sample consists of 52 firms
covering 411 unique bonds. Firms are excluded if they do not have at least one bond with
remaining maturity below five years and one above five years at any point during 2020, as
this condition is required to interpolate a synthetic five-year constant-maturity bond yield.
Observations are subsequently dropped at the firm-day level where data availability is
insufficient to construct the dependent or explanatory variables.

After we apply these filters, our final basis sample consists of 36 firms and 249 unique bonds.
Our final regression sample is an unbalanced panel, with the number of observations ranging
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from 8,124 to 8,306 across the baseline specifications and from 6,343 to 6,919 under the
maturity gap restrictions. Compared with studies such as Bai and Collin-Dufresne (2019) and
Augustin and Schnitzler (2021), our sample is smaller because we focus on European
investment-grade issuers during 2020 rather than the larger US corporate bond market
examined in these studies. To reduce the influence of extreme observations, we winsorized
the illiquidity and counterparty risk measures at the 1st and 99th percentiles, consistent with
Augustin and Schnitzler (2021).

5.3 Descriptive Data

This section describes the data used in the empirical analysis and presents descriptive
statistics of the key variables.

5.3.1 Summary Statistics

Variables Mean Median Std Min Max N
CDS-bond basis -16,4235 -12,0091 35,1767 -230,2329 137,3372 8369
[liquidity

(Synthetic) 27,1416 25,6450 10,6606 4,8061 77,1972 8338
Mliquidity

(Firm-Level) 31,4335 25,1036 28,8944 1,5759 496,9350 9257
CPR (BCD) 0,4372 0,3664 2,3723 -62,1282 61,0889 9027
CPR (A&S) 0,7102 0,5514 25,7287 -798,0000 1580,0000 8973

Market-Wide
Risk Aversion 28,9479 26,7640 12,7915 10,6899 85,6206 9144

Funding Liquidity 16,1571 14,3000 10,4154 -12,6000 56,3000 9253

Credit Rating 7,2791 7,0000 1,6276 3,0000 10,0000 9257

Table 3: Summary statistics for the dependent and independent variables used in the regressions,
including the mean, median, standard deviation, minimum, maximum, and number of observations.

Table 3 presents the summary statistics for the CDS-bond basis and all independent variables
used in our analysis in this thesis. The CDS-bond basis has a mean of -16.42 bps and a
median of -12.01 bps, indicating that the basis is predominantly negative across the sample
period. This is consistent with the findings of Bai and Collin-Dufresne (2019), who document
a negative basis both before and after the Global Financial Crisis. The basis ranges from a
minimum of -230.23 bps to a maximum of 137.34 bps, with the lower end of the distribution
reflecting the sharp widening observed during the COVID-19 market stress of early 2020, as
documented in Figure 1.
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The two illiquidity measures present similar distributions. The synthetic illiquidity has a
mean of 27.14 and a median of 25.65, with a standard deviation, as seen in Table 3 of 10.66,
and ranges from 4.81 to 77.20. Firm-level illiquidity has a slightly higher mean of 31.43 and
median of 25.10, but a considerably wider distribution, with a standard deviation of 28.89 and
a maximum value of 496.94. The larger distribution of firm-level illiquidity relative to
synthetic illiquidity is consistent with the fact that the former is a contemporaneous
cross-sectional measure capturing firm-level bond market conditions, while the latter is
smoothed using a 21-day trailing moving average, which reduces short-term variation.

The two counterparty risk measures also differ in their summary statistics. The counterparty
risk proxy adapted from Bai and Collin-Dufresne (2019) has a mean of 0.44 and a median of
0.37, with a standard deviation of 2.37, and ranges from -62.13 to 61.09. The counterparty
risk proxy adapted from Augustin and Schnitzler (2021) has a similar mean of 0.71 and
median of 0.55, but a substantially wider distribution, with a standard deviation of 25.73 and
a range from -798.00 to 1,580.00. The considerably larger spread of the proxy adapted from
Augustin and Schnitzler (2021) reflects differences in the underlying construction of the two
measures and suggests that the variables capture related but distinct aspects of counterparty
risk.

Furthermore, as shown in Table 3, Market-Wide Risk Aversion has a mean of 28.95 and a
median of 26.76, with a standard deviation of 12.79, and ranges from 10.69 to 85.62. The
mean exceeds the median, reflecting occasional spikes in market-wide risk aversion during
periods of financial stress. Funding Liquidity has a mean of 16.16 and a median of 14.30,
with a standard deviation of 10.42, and ranges from -12.60 to 56.30. Finally, Credit Rating
has a mean of 7.28 and a median of 7.00, with a standard deviation of 1.63, and ranges from 3
to 10, corresponding to ratings from Aa2 to Baa3 on the numerical scale used in the analysis.
The median value of 7 corresponds to an A3 credit rating. Table 4 provides a more detailed
overview of the Credit Rating variable.

Row Score Firms Obs Share

Aa? 3 2 379 4,09%
Aa3 4 2 392 4,23%
Al 5 2 514 5,55%
A2 6 4 832 8,99%
A3 7 11 2652 28,65%
Baal 8 10 2004 21,65%
Baa2 9 10 2320 25,06%
Baa3 10 1 164 1,77%
Total 42 9257 100%

Table 4: Distribution of credit ratings across firms in the sample, including the number of firms,
observations, and their share of total observations. Differences in the number of observations across
rating categories with the same number of firms reflect the unbalanced panel structure and changes in
credit ratings over time. During the sample period, only downgrades were observed.
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5.3.2 CDS-Bond Basis over the sample period

To examine how the CDS-bond basis evolved during 2020, Figure 4 presents the 10th, 50th,
and 90th percentiles of the basis distribution over time. This allows us to assess both the
overall level of the basis and how its cross-sectional distribution changed during the
Covid-19 crisis.
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Figure 4: Distribution of CDS-Bond Basis Percentiles During 2020

As can be seen in Figure 4, at the start of the period in January 2020, the average basis is
modestly negative, at approximately -5 bps. The 10th and 50th percentiles are similarly
below zero, at roughly -25 and -2 bps respectively, while the 90th percentile is slightly
positive at around 20 bps. The average CDS spread and credit spread are both low and move
closely, which is expected during a period of stable credit market conditions.

The outbreak of the COVID-19 pandemic in late February and early March of 2020 created a
sharp divergence between the CDS spread and credit spread, which is visible in the data.
Credit spreads rise substantially faster than CDS spreads over this period, with the average
credit spread reaching approximately 165 bps compared to around 100 bps for the average
CDS spread. The basis correspondingly turns sharply more negative, with the average basis
reaching a trough of approximately -75 bps in late March. The 10th percentile falls more
severely, reaching a trough of nearly -170 bps, while the 50th percentile declines to around
-60 bps. These movements suggest that the widening of the basis occurs across a large share
of issuers, although the variation across issuers also increases considerably during this period,
with the gap between the 10th and 90th percentiles exceeding 200 bps at its lowest point. A
brief upward movement in the 90th percentile is also visible in early March, just prior to the
broader decline, during which the upper tail of the distribution turns temporarily positive
before reversing drastically.
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From April 2020 and onward, the basis recovers gradually across all percentiles, with credit
spreads declining faster than CDS spreads through the second and third quarters. By the
fourth quarter, both the average basis and the median have returned to near their January
levels. By December 2020, the average basis stands at approximately -2 bps, the 10th
percentile at around -20 bps, and the 90th percentile at approximately 25 bps. By December
2020, the average CDS spread and credit spread are broadly back in line with each other, both
ending the year at approximately 47 bps.

5.3.3 Correlation Analysis

Before proceeding to the regression analysis, Table 5 presents the pairwise correlations
between the explanatory variables used in the empirical model. Examining the correlation
structure provides an initial assessment of whether the variables capture distinct dimensions
of market conditions and whether multicollinearity is likely to affect the regression estimates.

Market-
Wide
liquidity  Illiquidity Risk Funding  Credit
Variables (synthetic) (firm-level) BCD CPR CPR  Aversion liquidity rating
Iliquidity (synthetic) 1,0
Nliquidity (firm-level) 0,384 1,0
CPR (BCD) 0,027 0,004 1,0
CPR (A&S) 0,040 -0,001 0,035 1,0
Market-Wide Risk
Aversion -0,018 0,011 0,036 0,000 1,0
Funding liquidity -0,087 -0,045 0,014 -0,015 0,074 1,0
Credit Rating 0,098 0,025 0,027 0,003 -0,009 -0,013 1,0

Table 5: Pairwise correlations among the explanatory variables used in the regression analysis. The
table is used to assess whether the variables capture distinct dimensions of market conditions and
whether multicollinearity is likely to be a concern.

Table 5 presents the correlations among the explanatory variables used in our regressions.
Overall, the correlations are low, which suggests that multicollinearity is not a concern and
that all variables can be included simultaneously in the regression analysis. The two
counterparty risk measures show very low correlations with each other and with the
remaining variables, with the correlation between them at 0.0354 and all other pairwise
correlations ranging between -0.0008 and 0.0398. Funding Liquidity displays similarly low
correlations with most other variables, ranging between -0.0868 and 0.0742, with the
exception of a modest positive correlation of 0.0742 with Market-Wide Risk Aversion. Credit
Rating is also largely uncorrelated with the other variables, with values ranging between
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-0.0129 and 0.0976. Our findings are consistent with Bai and Collin-Dufresne (2019), who
report similarly low correlations among their explanatory variables and conclude that
multicollinearity is not a concern in their analysis.

The only notable correlation is 0.3842 between Synthetic Illiquidity and Firm-Level
Iliquidity. This is not surprising given that both variables are intended to capture bond
market liquidity, although using different constructions. At the same time, the correlation is
far from perfect, suggesting that the two measures capture related but distinct aspects of
liquidity conditions. For this reason, both measures are examined separately in the regression
analysis to assess whether the results are robust to alternative liquidity definitions.

5.3.4 Interpolation Gap

The construction of the synthetic five-year bond yield relies on a linear interpolation
assumption between the two bonds surrounding the five-year maturity target. The reliability
of this approximation depends on how closely the maturities of the selected bonds bracket the
target maturity. Figure 5 and Table 6 therefore evaluate how restrictive the interpolation
assumption is by presenting the distribution of maturity gaps, distances to the five-year target,
and yield differences between the bonds used in the interpolation.
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Figure 5: Distribution of the maturity gap between the two bonds used to construct the synthetic bond
yield. Bars represent 6-month intervals and the red and orange vertical lines at 5 and 7 years
respectively mark the sample restrictions used in the robustness analysis.
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Variable Mean Median Std P25 P75 P90 Max

Maturity Gap (years) 4,28 3,84 403 1,81 481 8,67 20,74
Distance to Lower maturity (years) 1,60 1,46 1,26 050 238 3,29 4,99
Distance to Upper maturity (years) 2,67 1,61 3,66 045 2,76 7,46 18,42
Yield Gap (absolute, bps) 53,28 30,60 81,33 13,20 67,30 98,44 545,60

Table 6: Summary statistics of the interpolation measures. The maturity gap denotes the difference in
time to maturity between the two bonds used for interpolation, while the distance measures capture
deviations from the five-year maturity target. The yield gap is the absolute difference in yields between
the bracketing bonds, expressed in bps.

As shown in Figure 5 and Table 6, we find that the maturity gap distribution contains several
large observations. While the median maturity gap is 3.84 years, the 90th percentile reaches
8.67 years and the maximum gap is 20.74 years.

Large maturity gaps imply that the synthetic five-year bond yield is constructed by
interpolating between bonds whose maturities are far from the five-year target, increasing
interpolation error. In such cases, the interpolated yield, the corresponding basis, and the
synthetic illiquidity measure may all be less representative of a true five-year instrument,
potentially introducing measurement error into both the dependent variable and the primary
explanatory variable.

To assess whether the empirical results are sensitive to interpolation quality, three robustness
tests are conducted. The first excludes observations with maturity gaps exceeding seven
years, while the second applies a stricter restriction by excluding observations with maturity
gaps exceeding five years, as indicated by the vertical lines in Figure 5. The third retains the
full sample but includes the maturity gap as an additional control variable in the regression
analysis.

5.3.5 Market Conditions

Market conditions during 2020 were characterized by a sharp and sudden deterioration in
both market-wide uncertainty and credit risk. Figure 6 illustrates the dynamics of the
VSTOXX index, which is used as a proxy for market-wide risk aversion in the empirical
analysis. The index remained low and stable during January and early February before rising
sharply in late February and peaking above 80 in mid-March, reflecting the sudden surge in
uncertainty following the outbreak of the Covid-19 pandemic. Following the peak, implied
volatility declined gradually but remained elevated relative to pre-crisis levels for the
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remainder of the year. The persistence of elevated volatility indicates that market conditions
remained strained well beyond the initial shock, supporting the use of VSTOXX as a proxy
for time-varying market-wide risk in the regression analysis.

VSTOXX (2020)

90

Index level

10 | | | ]
Jan Apr Jul Oct Jan

Date 2020
Figure 6: VSTOXX over 2020. The vertical dashed lines mark the start of the stress period (February
27, 2020) and the beginning of the post-crisis period (June 30, 2020), which continues for the
remainder of the year. The horizontal line at index level 30 indicates persistently elevated market
stress.

A similar pattern was visible in credit markets. Figure 7 illustrates the dynamics of the iTraxx
Europe Investment Grade and iTraxx Financials indices during 2020. Both indices rose
sharply in late February and peaked in mid-March, consistent with a broad deterioration in
perceived credit risk. The two indices moved closely together throughout the year, suggesting
that a substantial share of the variation was driven by common market-wide factors. The
iTraxx Financials index was generally somewhat higher and more volatile than the broad
investment-grade index, but their overall dynamics were similar.

Based on these observations, the stress period was defined as February 27 to June 30, 2020,
with the remainder of the year treated as the post-crisis period. This classification captured
the initial shock, the peak in market stress, and the subsequent phase of gradual stabilization
visible in Figure 6. Although credit spreads in Figure 7 began to normalize somewhat earlier,
market-wide uncertainty as measured by VSTOXX remained persistently elevated throughout
this period. The stress period definition was therefore based on VSTOXX rather than credit
spreads, as it provided a more consistent measure of overall market conditions and avoided
overlap with the variables used in the construction of the counterparty risk measures.
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Figure 7: iTraxx IG and iTraxx Financials during 2020. The financial index is used to

construct the counterparty risk measure of Bai and Collin-Dufresne (2019), while the
difference between the two indices underlies the measure of Augustin and Schnitzler (2021).
adapted from Augustin and Schnitzler (2021).
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6. Empirical Results

Our empirical results show that higher bond illiquidity is associated with a more negative
CDS-bond basis, while counterparty risk has a positive and statistically significant
coefficient. These findings address Hypothesis 1, which tests whether limits-to-arbitrage
factors explain basis deviations during 2020. We further find that the estimated relationships
remain broadly stable across alternative specifications and during the stress period.

Our analysis proceeds in two steps. First, Subsection 6.1 presents the baseline regressions for
Hypothesis 1. Table 7 reports the main estimates, with Model 3 as the baseline, and Table 8
provides robustness checks.

Then in Subsection 6.2 we examine Hypothesis 2 by testing whether these relationships
change during the stress period. Table 9 introduces interaction terms with the stress dummy,
with Model 9 as the baseline, while Table 10 reports results for the stress period only.
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6.1 Hypothesis 1

Variable Model 1 Model 2 Model 3 Model 4 Model 5
Iliquidity (Synthetic) -0.684%** -0.644%** -0.723%%* -0.722%%* -
[-3.526] [-3.447] [-4.031] [-4.045]
Iliquidity (Firm-Level) - - - - -0.565%*
[-2.132]
Counterparty Risk (BCD) - 1.210% 1.770** - 1.744%*
[1.822] [2.476] [2.480]
Counterparty Risk (A&S) - - 0.298%*
[2.067]
Market-Wide Risk Aversion - - -0.723%%* -0.717%%* -0.705%**
[-7.457] [-7.390] [-7.214]
Funding Liquidity - - -0.293%** -0.204%** -0.270%**
[-3.692] [-3.688] [-3.456]
Credit Rating - - 2.401%** 2.458%** 0.340
[2.771] [2.875] [0.420]
N 8306 8209 8124 8083 8155
Adj. R? 0.494 0.499 0.583 0.581 0.580

Table 7: Baseline regressions of the CDS-bond basis on illiquidity and counterparty risk. The
dependent variable is the CDS-bond basis in basis points. llliquidity is measured as the bid ask spread
scaled by the mid price and expressed in basis points. Counterparty risk is measured using the BCD
and A&S proxies. All specifications include firm fixed effects, and standard errors are clustered at the
firm level. t statistics are reported in brackets. ***, ** and * denote significance at the 1%, 5%, and
10% levels. N and adjusted R squared are reported for each specification. Differences in N reflect
data availability.

Our baseline regression results for 2020, reported in Table 7, show that synthetic illiquidity
has a negative and statistically significant coefficient in Models 1 to 4, ranging from —0.644
to —0.723. A 10 basis point increase in illiquidity corresponds to a 6 to 7 basis point decrease
in the CDS-bond basis. The firm-level illiquidity measure has a coefficient of —0.565 in
Model 5 and remains statistically significant at the 5% level. We therefore find support for
Hypothesis 1, which predicts a negative relationship between illiquidity and the CDS-bond
basis.

Our regression results in Table 7 also show that counterparty risk has a positive and
statistically significant coefficient across all specifications in which it is included. This result
contrasts with the theoretical prediction. Bai and Collin-Dufresne (2019) and Augustin and
Schnitzler (2021) report a negative relationship between counterparty risk and the basis.

43



Table 7 further shows that Market-Wide Risk Aversion and Funding Liquidity remain
negative and statistically significant across the specifications in which they are included.
Table 7 also shows that Credit Rating has a positive and statistically significant coefficient in
Models 3 and 4 but is not statistically significant in Model 5. Overall, our regression results
reported in Table 7 support Hypothesis 1 with respect to illiquidity but not with respect to
counterparty risk.

Variable Baseline (Model 3) Gap<7 Gap <5 Gap control
Iliquidity (synthetic) -0.723%** -0.941*** -1.019%** -0.732%**
[-4.031] [-5.090] [-5.163] [-3.894]
Counterparty risk (BCD) 1.770%* 1.544%%* 1.172%%* 1.752%%*
[2.476] [2.435] [2.211] [2.435]
Market-Wide Risk Aversion -0.723%** -0.761%** -0.693%** -0.722%**
[-7.457] [-6.867] [-6.675] [-7.402]
Funding liquidity -0.293%*x* -0.365%** -0.365%** -0.299%**
[-3.692] [-4.079] [-4.323] [-3.728]
Credit rating 2.401%** 3.285%** 3.401%** 2.336%**
[2.771] [4.180] [3.967] [2.720]
Maturity gap - - - 0.668
[0.396]
N 8124 6919 6343 8124
Adj. R? 0.583 0.605 0.595 0.583

Table 8: Robustness tests for Model 3 (baseline). The dependent variable is the CDS-bond basis.
Observations with interpolation gaps exceeding 5 and 7 years are excluded, and the interpolation gap
is included as a control variable. Significance levels and estimation details are as defined in Table 7.

Our robustness tests for the baseline specification in Model 3, reported in Table 8, assess
whether the main results depend on the maturity gap between the bonds used to construct the
synthetic five-year yield. We find that including the maturity gap directly as a control variable
leaves the baseline results largely unchanged. For example, the coefficient on synthetic
illiquidity changes only from —0.723 to —0.732.

The robustness tests in Table 8 also show that restricting the sample based on the maturity
gap does not alter the main conclusions. The signs and statistical significance of the key
variables remain unchanged, while the coefficient on synthetic illiquidity increases in
absolute magnitude from —0.723 in the baseline model to —0.941 under the seven-year
restriction and —1.019 under the five-year restriction. Counterparty risk remains positive and
statistically significant, while Market-Wide Risk Aversion and Funding Liquidity remain
negative and statistically significant.
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Finally, we find that the maturity gap is not statistically significant when we include it
directly in the regression. The estimated coefficient equals 0.668 with a t-statistic of 0.396.
We therefore find no evidence that the CDS-bond basis is systematically related to the
maturity difference between the bonds used in the interpolation.
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6.2 Hypothesis 2

Variable Model 6 Model 7 Model 8 Model 9 Model 10 Model 11
Iliquidity (Synthetic) -0.504%%* -0.428%* -0.503%** -0.428%* - -0.433%*
[-3.038] [-2.506] [-3.029] [-2.509] [-2.534]
Iliquidity (Synthetic) x Stress -0.187 -0.185 - -0.184
[-0.958] [-0.949] [-0.934]
Iliquidity (Firm-Level) - - - - _0.449%* -
[-1.998]
Iliquidity (Firm-Level) x Stress - - - - 0.083 -
[0.678]
Counterparty Risk (BCD) 1.633%** 1.657*** 1.895%** 1.907%** 1.888*** -
[3.278] [3.380] [3.939] [4.040] [4.033]
CPR (BCD) x Stress - - -0.452%* -0.432%%* -0.471%* -
[-2.013] [-1.970] [-2.189]
Counterparty risk (A&S) - - - - - 0.355%**
[2.831]
CPR (A&S) x Stress - - - - B _0.054%**
[-2.780]
Funding Liquidity -0.462%** -0.465%** -0.460%** -0.463%**  .(0.445%** -0.464***
[-6.074] [-6.174] [-6.048] [-6.150] [-5.786] [-6.130]
Credit Rating 0.888 0.656 0.880 0.651 -0.445 0.793
[1.460] [0.992] [1.448] [0.985] [-0.663] [1.207]
Stress -34.010%*** -29.245%** -33.767*** -29.062%*** -36.255%** -29.229%**
[-9.418] [-4.593] [-9.415] [-4.561] [-8.364] [-4.558]
Post Crisis -7.500% -7.900** -7.481%* -7.877** -7.603%* -8.011%*
[-1.949] [-2.077] [-1.945] [-2.074] [-2.117] [-2.115]
N 8209 8209 8209 8209 8240 8155
Adj. R2 0.661 0.661 0.661 0.661 0.661 0.659

Table 9: Regression results with stress interactions. The baseline period includes observations outside

the stress and post-crisis periods. The stress dummy equals one for 27 February 2020 to 30 June

2020, and the post-crisis dummy equals one for observations from 30 June 2020 to the end of the

sample. Market-wide risk aversion is excluded due to its high correlation with the stress indicator.

Model 10 provides additional robustness checks. t-statistics are reported in brackets. Significance

levels and estimation details are as defined in Table 7.
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Our regression results with stress interactions reported in Table 9 show that the effects of the
limits-to-arbitrage variables do not strengthen during the stress period from 27 February to 30
June 2020. We test Hypothesis 2 by interacting the key explanatory variables with a stress
dummy for this period. Table 9 shows that Synthetic Illiquidity remains negative and
statistically significant across all specifications, while the interaction terms for both Synthetic
Illiquidity and Firm-Level Illiquidity are not statistically significant. We therefore find no
evidence that the relationship between bond illiquidity and the CDS-bond basis becomes
stronger during the stress period.

Our regression results in Table 9 also show that both counterparty risk measures remain
positive and statistically significant. However, the interaction terms for both the BCD and
A&S measures are negative and statistically significant. We therefore find that the positive
relationship between counterparty risk and the CDS-bond basis becomes weaker during the
stress period.

Table 9 further shows that Funding Liquidity remains negative and statistically significant
across all specifications, while Credit Rating is not statistically significant once the stress and
post-crisis indicators are included. Table 9 also shows that both the stress and post-crisis
dummies have negative and statistically significant coefficients. Overall, our regression
results reported in Table 9 do not support Hypothesis 2 for bond illiquidity. However, the
negative and statistically significant interaction terms for both counterparty risk measures
show that the estimated relationship between counterparty risk and the CDS-bond basis
becomes weaker during the stress period.
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Variable Stress 1 Stress 2 Stress 3 Stress 4 Stress 5 Stress 6

Illiquidity (Synthetic) -1.094** - -1.093** -0.586 - -0.571
[-2.125] [-2.110] [-1.260] [-1.218]
Illiquidity (Firm-Level) -0.620%* - - -0.446 -
[-1.911] [-1.598]
Counterparty Risk (BCD) 3.278** 3.253%* - 2.649%* 2.593%* -
[2.221] [2.117] [2.215] [2.139]
Counterparty Risk (A&S) - - 0.282 - - 0.296
[1.298] [1.386]
Funding Liquidity -0.829%** -0.799%** -0.822%** -1 136%** -1 155%** -1.138%**
[-8.567] [-7.565] [-8.325] [-13.456] [-14.124] [-13.347]
Credit Rating -3.297*%* -5.783%** -2.764** -5.796%** -7.599%** -5 AT HH*
[-2.268] [-5.958] [-2.055] [-3.820] [-6.326] [-3.718]
Market-Wide Risk Aversion - - - 0.536%** 0.592%** 0.550%**
[4.128] [3.702] [4.189]
N 2857 2869 2830 2857 2869 2830
Adj. R2 0.576 0.569 0.572 0.595 0.595 0.591

Table 10: Stress-period regressions. The sample is restricted to the stress period (27 February to 30
June 2020). Stress 1-3 report the baseline stress-only specifications, while Stress 4—6 additionally
include Market-Wide Risk Aversion. t-statistics are reported in brackets. Significance levels and
estimation details are as defined in Table 7.

Table 10 shows that bond illiquidity and Funding Liquidity remain negative and statistically
significant, with larger coefficients than in the interaction models reported in Table 9. Table
10 also shows that the BCD counterparty risk measure remains positive and statistically
significant, while the A&S counterparty risk measure is not statistically significant. In
addition, Market-Wide Risk Aversion has a positive and statistically significant coefficient in
Stress 4 to Stress 6. Finally, Credit Rating is statistically significant in the stress-only
regressions but not in the interaction specifications reported in Table 9.

48



7. Discussion

This chapter discusses the empirical findings in relation to the hypotheses, the
limits-to-arbitrage framework, and the existing literature. Section 7.1 discusses the results for
Hypothesis 1, while Section 7.2 discusses the results for Hypothesis 2. Section 7.3 outlines
the main limitations of the study and identifies directions for future research.

7.1 Discussion of Hypothesis 1

Overall, our results provide support for the limits-to-arbitrage explanation related to bond
illiquidity, funding conditions, and market-wide risk. However, our evidence does not support
the predicted negative relationship between counterparty risk and the CDS-bond basis.
Hypothesis 1 is therefore only partially supported.

The negative relationship between bond illiquidity and the CDS-bond basis is consistent
across specifications and robust to alternative measures. This finding is consistent with the
limits-to-arbitrage framework, where higher transaction costs in the bond market constrain
arbitrage activity and are associated with a more negative basis. Both the synthetic and
firm-level illiquidity measures have negative and statistically significant coefticients, which
increases confidence that the result is not driven by the choice of illiquidity measure. Our
finding is also consistent with Bai and Collin-Dufresne (2019) and Augustin and Schnitzler
(2021). The difference in coefficient magnitude may reflect differences in both construction
and variation between the two measures. While the synthetic measure is based on the same
bonds used to construct the synthetic five-year spread and is smoothed using a 21-day
average, the firm-level measure incorporates all available bonds at the issuer level and
exhibits substantially greater variation, with a standard deviation of 28.89 compared to 10.66
for the synthetic measure.

Counterparty risk is positive and statistically significant, which is inconsistent with the
theoretical prediction of a negative relationship. In theory, counterparty risk reduces the value
of CDS protection because the protection seller is more likely to fail when the protection is
needed most. This weakens the insurance value of the CDS and implies a lower CDS spread
relative to the credit spread.

The positive coefficient suggests that our proxies do not isolate counterparty risk. In Bai and
Collin-Dufresne (2019), dealer exposure is proxied by size, while Augustin and Schnitzler
(2021) construct a measure that isolates financial sector risk from broader market
movements. In contrast, our proxies used here rely on an equally weighted iTraxx Financials
index, which removes the link between the index and exposure, as all institutions receive
equal weight regardless of their economic importance. As a result, our measure captures
broad financial sector conditions rather than counterparty risk.

This limitation differs across the two proxies. For the BCD-style measure, iTraxx Financials
primarily reflects general financial sector stress, which weakens its connection to
exposure-based counterparty risk. For the A&S-style measure, our issue is more pronounced,
as it is constructed from the difference between iTraxx Financials and iTraxx Europe. Since
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the two indices move closely together during the stress period, shown in Figure 7, this
difference contains limited independent variation, reducing the ability to isolate counterparty
risk.

Institutional changes in the CDS market provide a complementary explanation. Central
clearing and higher margin standards reduce bilateral counterparty exposure, which weakens
the role of counterparty risk as a driver of both CDS pricing and the basis more broadly. This
implies a smaller effect in the current sample compared to the pre-reform periods studied by
Bai and Collin-Duftresne (2019) and Augustin and Schnitzler (2021), but does not explain our
positive coefficient.

Market-wide risk and funding conditions both enter with negative coefficients, consistent
with limits-to-arbitrage explanations. Higher volatility and tighter funding conditions are
associated with a more negative basis. One mechanism is that increased volatility raises the
risk of interim losses and margin calls, which discourages arbitrage activity and limits the
ability to exploit basis deviations.

Our credit rating coefficient should be interpreted with caution. Identification relies on
within-firm variation, and the limited number of rating changes in our sample weakens the
precision of the estimate. In addition, CDS spreads may adjust more rapidly to changes in
credit risk than credit spreads, which can contribute to a more positive basis.

Overall, our results are robust to alternative specifications and sample restrictions and
provide partial support for a limits-to-arbitrage explanation of basis deviations during the
Covid-19 stress period, consistent with evidence that intermediary constraints limit arbitrage
in stressed markets Haddad, Moreira, and Muir (2021). However, our counterparty risk
proxies do not capture the theoretical mechanism emphasized in literature and instead
primarily reflect broader financial sector conditions.

7.2 Discussion of Hypothesis 2

Overall, our results provide limited support for Hypothesis 2. Our findings are broadly
consistent with a limits-to-arbitrage explanation of CDS-bond basis deviations during the
Covid-19 stress period, particularly for bond illiquidity, funding conditions, and market-wide
risk. However, we find limited evidence that the effects of these variables strengthen during
the stress period.

Our interaction regressions in Table 9 show that bond illiquidity remains statistically
significant in the full sample, while the interaction terms are not statistically significant. We
therefore find no evidence that the sensitivity of the CDS-bond basis to illiquidity changes
materially during the stress period. Our stress-period regressions in Table 10 show that bond
illiquidity remains statistically significant when Market-Wide Risk Aversion is excluded but
loses statistical significance once Market-Wide Risk Aversion is included. We therefore
interpret the illiquidity effect as partly reflecting common market conditions rather than
purely firm-specific liquidity variation. During the Covid-19 crisis, liquidity deteriorated
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broadly across the market, reducing the cross-sectional variation needed to identify a stable
relationship between bond illiquidity and the CDS-bond basis.

Our results for the two counterparty risk measures differ across specifications. Table 9 shows
that both counterparty risk measures have positive coefficients, while the interaction terms
have negative coefficients. We therefore find that the estimated relationship between
counterparty risk and the CDS-bond basis becomes weaker during the stress period. Our
stress-period regressions in Table 10 show that the BCD-adapted measure remains positive
and statistically significant with a larger coefficient, while the A&S-adapted measure is not
statistically significant. One explanation is that the A&S-adapted measure relies on the
difference between the iTraxx Financials and iTraxx Europe indices. As shown in Figure 7,
the two indices moved closely together during the Covid-19 stress period, leaving limited
independent variation in the difference between them. The A&S-adapted measure also
exhibits substantially greater variation than the BCD-adapted measure, with a standard
deviation of 25.73 compared to 2.37. Together, these characteristics may reduce the ability of
the A&S-adapted measure to identify meaningful cross-sectional differences in counterparty
risk and may help explain its weaker explanatory power during the stress period.

As discussed in Section 7.1, our positive counterparty risk coefficients are not consistent with
theory. We therefore interpret both counterparty risk proxies as measures of broader financial
sector stress rather than counterparty risk. The larger coefficient for the BCD-adapted
measure in the stress-only specification is therefore more consistent with an increased role of
financial sector conditions than with a stronger counterparty risk effect.

Our results also show that Funding Liquidity remains a robust determinant in the stress-only
specification. The coefficient remains negative and statistically significant across
specifications, indicating that tighter funding conditions are associated with a more negative
CDS-bond basis. This interpretation is consistent with the discussion in Section 7.1.

The Credit Rating results should be interpreted with caution. Our results show that Credit
Rating is not statistically significant in the full sample but becomes statistically significant in
the stress-only specification. However, identification relies on limited within-firm variation,
as only a small number of rating changes occurred during the sample period. This weakens
the precision of the estimate.

Our stress-period regressions in Table 10 show that Market-Wide Risk Aversion is positive
and statistically significant within the crisis period. This indicates that higher uncertainty is
associated with a higher CDS-bond basis within the stress period. One interpretation is that
the stress dummy captures the level shift in the basis, while Market-Wide Risk Aversion
captures variation within the crisis period.

Finally, our results show that the stress and post-crisis dummies capture a substantial shift in
the level of the CDS-bond basis. While several determinants remain statistically significant
during the stress period, our results provide little evidence that their effects strengthen
relative to normal periods. The stress and post-crisis dummies capture a substantial share of
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the variation in the basis that is not explained by the interaction terms. We therefore interpret
the Covid-19 crisis as a broad deterioration in market conditions rather than a change in the
underlying mechanisms. Common market conditions account for a large share of the
variation in the CDS-bond basis, while firm-specific factors play a more limited role once
Market-Wide Risk Aversion and Funding Liquidity are included.

7.3 Limitations

A key limitation of our empirical specification is the absence of time fixed effects. Given the
large market-wide shock during 2020, several variables exhibit strong common time
variation. Although market-wide controls are included, they may not fully capture these
dynamics, particularly during periods of extreme stress. As a result, some estimated
relationships may reflect time-series variation rather than cross-sectional differences between
firms. Including time fixed effects would isolate cross-sectional variation more clearly but
would also absorb much of the common time variation that is central to the analysis of crisis
dynamics. Our chosen specification therefore reflects a trade-off between identifying
cross-sectional relationships and capturing the time-series behavior of the basis during the
stress period.

Second, our counterparty risk proxies are constructed from a financial CDS index with equal
weighting, rather than from exposure-based measures where dealer risk is proxied by size. As
discussed in Section 7.1, this limits the variable’s ability to isolate the theoretical
counterparty risk mechanism. Our proxies are therefore more likely to reflect broader
financial sector conditions than counterparty default risk. Access to contract-level CDS data
would allow for more targeted measures based on actual dealer exposures and enable a more
direct test of the theoretical mechanism. This represents a more fundamental identification
challenge than the measurement limitations associated with the liquidity proxy.

Third, our bond illiquidity measure relies on bid-ask spreads rather than transaction-based
measures. While bid-ask spreads are an important indicator of illiquidity and capture
transaction costs, they do not reflect key dimensions such as market depth and resilience
(Bao, Pan, and Wang, 2011). Alternative measures, such as the Amihud (2002) illiquidity
ratio or the covariance-based measure of Bao, Pan, and Wang (2010), capture these aspects
but require transaction-level data that are not available for this analysis.

Fourth, our analysis is restricted to firms included in the iTraxx Europe Investment Grade
index, which represents the most liquid and actively traded names in the European CDS
market. These firms may exhibit smaller and more stable CDS-bond basis deviations than
less liquid, non-index entities. Extending the analysis to a broader sample, including
high-yield firms and non-index issuers, would allow for a more comprehensive assessment of
whether the documented relationships generalize to less liquid segments of the market.

Finally, our sample is restricted to senior unsecured, fixed-coupon, non-callable bonds.
Callable bonds are widely issued by European investment-grade firms and constitute a
substantial share of the market (Bai and Collin-Dufresne, 2019), and their exclusion may
introduce selection bias if callable bonds exhibit different liquidity characteristics or basis
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dynamics. An alternative approach would be to include callable bonds and control for
optionality directly, for example through a callable bond indicator. This would enable future
research to assess whether our findings extend to a broader set of instruments. More
generally, expanding the sample may increase statistical power, particularly for variables with
limited within-firm variation over time, such as credit rating.

8. Conclusion

This thesis examines the determinants of the CDS-bond basis in the FEuropean
investment-grade market during 2020, with a particular focus on whether the basis deviations
observed during the Covid-19 stress episode can be explained by limits to arbitrage. Using
daily panel data on firms included in the iTraxx Europe index and a nonparametric basis
construction methodology following Augustin and Schnitzler (2021), we estimate panel
regressions relating the basis to measures of bond illiquidity, counterparty risk, market-wide
risk aversion, and funding liquidity.

Hypothesis 1 predicts that CDS-bond basis deviations during 2020 are explained by limits to
arbitrage, specifically tightening funding liquidity, bond market illiquidity, elevated market
volatility, and increased counterparty risk, rather than by changes in underlying credit
fundamentals. Our results provide strong support for this hypothesis. Bond illiquidity is
consistently negative and statistically significant across all specifications and robustness tests,
consistent with the interpretation that higher transaction costs in the cash bond market limit
arbitrage activity and are associated with a more negative basis. Market-wide risk aversion
and funding liquidity are similarly negative and significant, consistent with the theoretical
expectation that elevated uncertainty and tighter funding conditions are associated with
constraints on arbitrage activity. Our findings align with the evidence of Bai and
Collin-Dufresne (2019) and Augustin and Schnitzler (2021), who document similar patterns
during the 2008 financial crisis, and with Haddad, Moreira, and Muir (2021), who show that
basis deviations in the US investment-grade market during March 2020 are closely associated
with market frictions rather than changes in credit fundamentals.

However, our counterparty risk variables have a positive sign across all specifications,
contrary to the theoretical prediction. This may reflect post-crisis regulatory changes that
have reduced the relevance of bilateral counterparty exposure in CDS markets, as well as
limitations in our proxy construction. Our proxy is therefore likely to reflect broader financial
sector stress rather than counterparty default risk, and the estimated coefficient should be
interpreted with caution.

Hypothesis 2 predicts that the relationship between limits-to-arbitrage factors and the basis is
stronger during the acute stress phase of the crisis than during calmer periods within the same
year. Our results provide only limited support for this hypothesis. While our stress dummy
captures a substantial shift in the level of the CDS-bond basis during the crisis period, there is
little consistent evidence that the sensitivity of the basis to its determinants changes
materially during the stress phase. Our interaction terms for bond illiquidity are statistically
insignificant, suggesting that the relationship between illiquidity and the basis does not
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strengthen during the crisis in a manner that is distinguishable from the general level shift.
Our counterparty risk interaction terms are negative and statistically significant, indicating
that the estimated effect of the proxy weakens during the stress period. One possible
interpretation is that, during the crisis, the underlying variation captured by the proxy
becomes more uniform across firms, reducing its ability to explain cross-sectional differences
in the basis. As a result, the remaining variation is primarily associated with common
movements over time rather than firm-specific differences. This is consistent with the
interpretation in Section 7.1 that the proxy fails to isolate counterparty risk.

Overall, our findings suggest that the large negative CDS-bond basis deviations observed
during the Covid-19 crisis in the European market reflect a period in which arbitrage
mechanisms appear to be constrained by identifiable market frictions, rather than a
fundamental breakdown in the pricing of credit risk. Common market-wide conditions,
particularly funding constraints and elevated uncertainty, appear to play a central role in
explaining the basis during the stress episode, with firm-specific factors playing a more
limited role once these broader conditions are accounted for.

This thesis contributes to the literature by providing evidence that the limits-to-arbitrage
forces documented during the 2008 financial crisis in the US market also characterise the
European market during the Covid-19 crisis. Our findings suggest that the CDS-bond basis
can be understood as a measure of constrained arbitrage capacity rather than solely as a
reflection of credit mispricing, and highlight the central role of bond market liquidity and
funding conditions in determining the extent to which prices of closely related financial
instruments can diverge during periods of market stress.
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