
Rollover Risk as the Linkage between Debt

Market Liquidity and Credit Risk
Rollover Risiko som Forbindelsen mellem Likviditeten i Lånemarkedet og Kredit Risiko

by Stine Louise Daetz

(XXXXXX-XXXX)

MASTER THESIS

for the degree of

MSc. in Business Administration and Management Science
Cand.merc.(mat.)

Supervisor: Jens Dick-Nielsen Frederiksberg, 6'th of August 2013

Department of Finance

Copenhagen Business School

Total no. of pages: 142

Hereof thesis (signs): 79 (181.362)



Abstract

This thesis analyses the linkage between debt market liquidity and �rms' credit risk. Following

the framework of He and Xiong (2012), a deterioration in debt market liquidity leads not only to

an increase in the liquidity premium of the corporates bonds, but also to an increase in its credit

risk. The increase in �rms credit risk originates from their rollover of debt. Equity holders are

exposed to rollover risk because a deterioration in debt market liquidity can make the �rm su�er

losses when rolling over its maturing debt. The rollover risk makes the �rm to default at a higher

fundamental threshold and a�ects thereby the �rms credit risk.

This thesis investigates a theoretical framework for rollover risk and uses validated models to

understand and evaluate presumptions of �rms' rollover risk and their e�ects. Finally, the thesis

provides an empirical analysis of the signi�cance of rollover risk as a linkage between debt market

liquidity and uses as a new approach �rms' credit default swap spreads as the measuring variable.

Despite some factors in�uencing the overall picture and blurring the models exact conclusions the

results indicate a positive and signi�cant impact of rollover risk on �rms' credit risk.
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Danish resume

Rollover Risiko som Forbindelsen mellem Likviditeten i Lånemarkedet og Kredit Risiko

Denne afhandling motiverer og analyserer virksomheders såkaldte rollover risiko og dens betydning som koblin-

gen mellem likviditeten i lånemarkedet og virksomheders kredit risiko.

I følge He and Xiong (2012) leder en forringelse af likviditeten i lånemarkedet ikke kun til en større likviditet-

spræmie i virksomhedens obligationer, men også til en stigning i dens kredit risiko. Kredit risikoen påvirkes

i forbindelse med virksomhedernes gælds fornyelse (rollover). Nærmere sagt vil en forringelse af likviditeten i

lånemarkedet medføre at markedsprisen på virksomheders nyudstede obligationer vil falde og kan således føre

til tab når virksomhederne fornyer udløbende gældskontrakter. Da det er virksomhedernes egenkapitalholdere

der eksponeret over for denne �fornyelses� risiko vil disse kræve at virksomheden går konkurs ved en højere

fundamental værdi. Dermed øges alt andet lige virksomhedens kredit risiko.

Denne afhandling præsenterer og analyserer det teoretiske set-up for virksomheders rollover risiko og tager her-

til afsæt i modellen fra He and Xiong (2012). På baggrund af denne model analyseres og evalueres endvidere

de teoretiske og empiriske forudsætninger for rollover risiko og dets konkrete påvirkning på virksomhedernes

kredit risiko. Endeligt foretager denne afhandling en empirisk analyse af betydningen af rollover risikoen og

dets funktion som interaktionsled mellem likviditeten i lånemarket og kredit risiko. Som noget nyt bruges hertil

Credit Default Swaps (CDS) spænd som et mål for e�ekten af rollover riskio og dermed et direkte mål for

virksomhedernes kredit risiko.

På trods af en række data begrænsninger der forhindrer modellen i at drage eksakte konklusioner, �nder jeg

generelt beviser for en positiv og signi�kant e�ekt af virksomheders rollover risiko på deres kredit risiko.
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1 Introduction

The recent U.S. sub-prime mortgage crisis and the �nancial crisis of 2007-2008 are considered as one of

the worst economic crises since the Great Depression in the 1930s, but have also given new knowledge

about the importance of market liquidity.

The �nancial crisis has lead to the total collapse of many major businesses and large �nancial institu-

tions, bank bailouts by national governments, and downturns in global stock markets. Furthermore,

the crisis was the key determinant for the downturn in economic activity and hence the 2007 liquidity

crisis which lead up to a global recession in 2008-2012 and resulted in a sovereign-debt crisis in Europe.

In particular, the deterioration in debt market liquidity caused severe �nancing di�culties for many

�rms when money markets broke down and banks no could longer were able to borrow from each other

in order to cover their short term liabilities. As a direct consequence this exacerbated the credit risk

for both �rms and sovereign borrowers. The real e�ects of the joint deterioration in market liquidity

and credit risk made �rms like Lehman Brothers default and the e�ects and consequences of theses

bankruptcies are still present and can for instance also be observed by the �nancial su�ering of the

Greek citizens.

In this sense has the recent �nancial crisis not only outlined the global impact of a collapse in the �-

nancial markets, but together with the sub-prime and Euro sovereign crises especially also highlighted

and given new empirical evidence for the importance of debt market liquidity and its interaction with

credit risk.

The purpose of this thesis is to analyse the e�ect of a speci�c linkage between debt market liquidity

and credit risk, namely the interaction caused by the �rms' so-called rollover risk. Rollover risk is the

risk that the proceeds from newly issued bonds does not always cover the payment of maturing bonds.

Within the rollover risk framework, the value of newly issued bonds may have fallen because of a shock

to market liquidity and thus the rolling over of debt may imply a loss for the �rm.

The main framework for modelling the rollover risk in the present thesis will be the structural rollover

risk model of He and Xiong (2012). The key contribution in He and Xiong (2012) is to show that

shocks to market liquidity a�ect bond prices not only through the liquidity premium but also through

a credit risk channel. The credit risk channel arises because equity holders who have to bear the

potential rollover losses will increase their default threshold when illiquidity shocks hits the economy

and thereby make the �rm to default at a higher fundamental value of the �rm. As the default of the

�rm in this sense becomes more severe it will directly lead to an increase of the �rms' credit risk.

As one of the �rst He and Xiong (2012) outline this linkage between debt market liquidity and �rms

credit risk and build a rollover risk model based upon the model by Leland and Toft (1996). In order

to analyse the liquidity e�ect on credit risk they extent the model by Leland and Toft (1996) with a

debt market illiquidity factor in line with Amihud and Mendelson (1986). In the model by Amihud and

Mendelson (1986) they state that liquidity shocks force bondholders to sell their holdings immediately

at a proportional cost (see e.g. Acharya et al. (2011)) which then leads to an increase in the liquidity

premium of the bond's credit spread. As a key result, He and Xiong (2012) outline that a deterioration

of debt market liquidity in combination with the need for rolling over maturing debt also changes the

1



default probability and default premium of the �rm and thereby a�ect bonds credit spread through a

channel beyond the direct liquidity channel.

However, this outline of a connection between debt market liquidity and �rms' credit risk contradicts in

fact the view of Leland (2004). In his paper Leland argues that there is no linkage between �rms' credit

risk and the potential liquidity premium contained in the bond spread. In particular Leland outlines

that credit risk originates only from �rm fundamentals whereas the liquidity premium originates from

investors trading the bond in the secondary market. But despite of that these two premia intuitive

may seem to originate from completely separate areas He and Xiong (2012) show by a calibration of

their rollover risk model that these two elements in fact can be connected.

Furthermore, the recent �nancial crisis gives as outlined clear indications for a linkage between the debt

market liquidity and credit risk and contradicts the statement by Leland (2004). In fact, during and

after the recent �nancial crises many observers like Brunnermeier (2009) and Krishnamurthy (2010)

have pointed out that one major factor leading up to the sub-prime crisis was the heavy use of short-

term debt �nancing by many �nancial institutions. For example was Lehman Brothers, in the month

preceding its bankruptcy, rolling over 25% of its debt every day through overnight repos1. In line with

the rollover di�culties Lehman Brothers were facing, the results by He and Xiong (2012) demonstrate

that short-term debt can signi�cantly amplify a �rms' rollover risk and make it very sensitive to shocks

in market liquidity. In this sense �rms' debt maturity structure can be highlighted as an important

determinant of credit risk.

In line with this anecdotal evidence for rollover risk this thesis provides in addition also an empirical

investigation of the signi�cance of rollover risk as the linkage between debt market liquidity and �rms

credit risk. A natural starting point for assessing the impact of rollover risk would be to do a regression

of corporate bonds credit spread on various rollover risk proxies and credit and liquidity risk controls

as in Valenzuela (2011). This mimics the approach in Chen et al. (2007) and Dick-Nielsen et al.

(2012). However, in this thesis the emphasize and focus is on the more untapped aspect of using credit

default swaps instead of corporate bond spreads for the empirical analysis. The use of CDS spreads

is motivated by the fact that it is well known that a part of the corporate bond spread is due to

illiquidity (see e.g. Huang and Huang (2003) and Dick-Nielsen et al. (2012)) and that it is not possible

to disentangle the direct liquidity e�ect on the bond spread from the indirect rollover risk e�ect if one

uses bond spreads on the left-hand side of the regression as in Valenzuela (2011). In bond spreads

we would therefore expect to see an e�ect of bond market liquidity whether there is rollover risk or

not. The CDS spread is in contrast a more pure credit risk indicator and if bond market liquidity can

explain variation in �rms credit risk via CDS spreads that would be stronger evidence for a rollover

risk e�ect than when using bond spreads.

Thus by using CDS spreads as a proxy for �rms default risk and further applying a base regression

which directly can be motivated from He and Xiong (2012) this thesis seeks to exploit empirical evi-

dence for the rollover risk channel as a linkage between debt market liquidity and credit risk.

1A type of collateralized lending agreement with an extremely short maturity of 1 day.
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1.1 Problem statement

After having motivated the need for further investigation of the �rms rollover risk and its linkage to

credit risk the main objectives of this thesis will be:

� to understand and present the rollover risk model by He and Xiong (2012) and to evaluate its

extensions with respect to the classic structural credit risk model by Leland and Toft (1996)

� to investigate the properties of the He and Xiong (2012) model and through this to outline

important rollover risk variables and to build an empirical rollover risk model

� to run several regressions on the empirical rollover risk model and to analyse the empirical �ndings

in the light of the presented theoretical model and other empirical �ndings

� to evaluate whether the use of CDS spreads improves the empirical framework for analysing

rollover risk, can proof the existence of the rollover risk channel as the linkage between debt

market liquidity and credit risk and �nally can reject the statement by Leland (2004), or not.

1.2 Thesis structure

In line with the main objectives of this thesis the following analysis of rollover risk is divided into three

main parts: The �rst part presents the Leland and Toft (1996) as well as the He and Xiong (2012)

model and outlines the theoretical framework of rollover risk along the lines of the original articles.

The second part examines the properties of the He and Xiong (2012) rollover risk model and motivates

the empirical model analysed in this thesis. The third and �nal part analyses the results of the rollover

risk regression model and summarises the key �ndings in this thesis.

As the focus of the theoretical part of this thesis is to describe and explain He and Xiong's extensions

of the model by Leland and Toft (1996), section 2 starts out by brie�y presenting the Leland and Toft

(1996) model. The section describes �rst of all the set-up and the value of �nite maturing debt and

determines afterwards the value of debt and the �rm in a stationary debt structure framework. (This

section further introduces the notation used in the whole thesis). Section 3 outlines the rollover risk

model by He and Xiong (2012) and starts by motivating and illustrating the debt rollover issue. Af-

terwards the section describes He and Xiong's extension with and implementation of a liquidity shock

factor and the secondary bond market following Amihud and Mendelson (1986) and derives the value

of debt and equity as well as the endogenous default boundary within the new framework. The section

ends by explaining and illustrating the two debt market illiquidity channels, i.e. the direct illiquidity

channel and the indirect rollover risk channel.

Section 4 calibrates the model by using parameters which broadly are consistent with those used for

calibration of standard structural credit risk models and examines the properties of the He and Xiong

(2012) model. Further, the section provides an analysis of the maturity and �rm type ampli�cations

of rollover risk. Motivated by the theoretical �ndings section 5 presents the framework for the empir-

ical rollover risk model. The section discusses and highlights empirical determinants and measures of
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�rms' rollover risk and outlines �nally the new empirical approach covered in this thesis in light of the

approach of He and Xiong (2012) and the empirical rollover risk model provided by Valenzuela (2011).

Section 6 gives a description and overview of the overall empirical framework and data used in the

empirical analysis, whereas section 7 outlines the base rollover risk regression model and the overall

empirical methodology. This includes �rst of all discussions of the illiquidity measures and rollover risk

measures used in the empirical analyses and furthermore the outline of other credit controls included

in the regression. Finally, I give an overview of the variables included in my regression analyses. A �rst

analysis of the general data behaviour is covered in section 8. Based upon the developments and the

overall levels of the variables I discuss my expectations regarding the rollover risk regressions. Section

9 then presents and analyses the regression results in several regression frameworks. Based upon the

full rollover risk regression model I estimate the size of the rollover risk component and its fraction of

the (log) CDS spreads. Further I compare the results to the �ndings by Chen et al. (2013).

In perspective of the theoretical framework and the empirical �ndings by both Valenzuela (2011) and

Chen et al. (2013) section 10 brie�y determines and discusses the main result. Further, this section

outlines limitations and improvements of the rollover risk model covered in this thesis as well as further

investigation areas of �rms' rollover risk. Finally, section 11 summarises the key elements and �ndings

and concludes this thesis.
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2 The model by Leland and Toft

As mentioned is the rollover risk model by He and Xiong (2012) based upon Leland and Toft (1996).

Already in an earlier article, Leland (1994) showed how the debt value and optimal leverage is directly

linked to the credit risk of the �rm. In particular, Leland derived closed-form results for the value

of perpetual risky debt and yield spreads and determined the optimal capital structure as a trade-o�

between the tax advantage of debt and the bankruptcy costs in case of default. In order to derive the

value of debt and equity, Leland assumed an in�nite maturity debt and an endogenously set bankruptcy

trigger.

Whereas the assumption of in�nite maturity debt is very restrictive and empirically not representative,

Leland and Toft (1996) examined the optimal capital structure of a �rm that can choose both the

maturity and amount of debt. This makes the model further able to determine the e�ect of debt

maturity on bond prices, credit spreads and the optimal capital structure. The following section

brie�y outlines the framework of the model by Leland and Toft, while the extensions by He and Xiong

are presented and analysed in the next section2.

2.1 The set-up and the value of �nite maturing debt

Leland and Toft (1996) assume that the �rm's asset value Vt : 0 ≤ t < ∞ in the absence of leverage

follows a continuous di�usion process with constant asset volatility σ. The asset value follows thus an

Itô process given of the form
dVt
Vt

= (µ(Vt, t)− δ)dt+ σdZt, (2.1)

and where µ(Vt, t) is the total expected rate of return on the asset value Vt, δ is the dividend payment

paid to equity holders, while {dZt : 0 ≤ t < ∞} represents the increment of a standard Brownian

Motion. Under the risk-neutral probability measure it is assumed that there exist a default-free asset

which pays a continuous interest rate given by r. The drift rate of the �rms asset value is under the

new measure given by (r − δ) so that the process for the �rm's asset value can be written as

dVt
Vt

= (r − δ)dt+ σdZt. (2.2)

In order to derive the value of �nite maturity debt consider one single bond issue which has time-to-

maturity t, pays a continuously and constant coupon c(t) and has a principal of p(t). Further it is

assumed that the holders of debt with maturity t at issuance in the case of bankruptcy receive a fraction

ρ(t) of the asset value VB. VB denotes in the model the value at which the �rm defaults. To begin

with the default-triggering value is assumed to be �xed3. Later, VB will be determined endogenously

in the model re�ecting the situation where the default-triggering value can be chosen by the �rm.

By using a risk-neutral valuation and letting f(s;Vt, VB) denote the density of the distribution of the

(�rst) time of default at time s and with drift (r − δ), the value of �nite debt can be written as the

sum of the expected cash �ows, i.e. the payment of the coupon, principal and liquidation value. That

2Note that the notation follows the notation by He and Xiong (2012).
3Assume for the moment that VB is imposed by a covenant re�ecting a positive net-worth requirement.
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is, the debt value is given as

d(Vt;VB, t) =

∫ t

0
e−rsc(t) (1− F (s;Vt, VB)) ds+ e−rtp(t) (1− F (t;Vt, VB))

+

∫ t

0
e−rsρ(t)VBf(s;Vt, VB)ds. (2.3)

The �rst term in equation (2.3) represents the discounted expected value of the coupon �ow. Note that

the coupon will be paid at s with probability (1 − F (s;Vt, VB)), where F (s;Vt, VB) is the cumulative

distribution function of the �rst passage time to bankruptcy. The second term represents the expected

discounted value of repayment of principal. Finally, the third term represents the expected discounted

liquidation value, i.e. the fraction of the asset value which the debt holder receive in case of default

before time t.

Integrating the �rst term in equation (2.3) by parts and writing F (s) for convenience reasons instead

of F (s;VT , VB) gives that4:∫ t

0
e−rsc(t)(1− F (s))ds = c(t)

[(
−1

r

)
e−rs(1− F (s))

]t
0

− c(t)
∫ t

0

(
−1

r

)
e−rs (−f(s)) ds

=

(
−c(t)

r
e−rt(1− F (t))−

(
−c(t)

r

))
− c(t)

r

∫ t

0
e−rsf(s)ds

=
c(t)

r
− c(t)

r
e−rt(1− F (t))− c(t)

r

∫ t

0
e−rsf(s)ds. (2.4)

By using this result and de�ning G(t) =
∫ t
0 e
−rsf(s)ds the value of �nite debt in (2.3) is given by

d(Vt;VB, t) =
c(t)

r
+ e−rt

[
p(t)− c(t)

r

]
(1− F (t)) +

[
ρ(t)VB −

c(t)

r

]
G(t). (2.5)

Again we see that the value of debt value is given by the the payment of the coupon, principal and

liquidation value and that the value depends upon the probability of default; F (t) and G(T ).

The cumulative hitting distribution function at time t, F (t), can be derived by using a restated version

of the �ndings by Harrison (1990). Harrison (1990) derives by applying the strong Markov property and

the change of measure theorem the cumulative hitting distribution function for a standard Brownian

motion starting in zero and having an upper boundary. However, the model analysed here examines

a process Vt representing the �rms' asset value, which starts at some value V0 > VB > 0 and where

the �rm defaults when its value hits a lower boundary, VB. A restatement of Harrison's �ndings with

respect to a process with a lower boundary is given in appendix B.1 in Lando (2004).

Following Lando (2004)'s restatement the probability that a (µ, σ)-Brownian motion, Xt, which starts

at some positive value X0 = x0, hits a lower boundary equal to zero at time T 5 after some point t is

4The integration by parts property states that
∫
u · dv

dx
dx = uv −

∫
v du
dx
dx.

5Note in particular that T here denotes the �rst-passage time to 0, that is T := inf{Xt = 0|X0 = x0}.
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in general given by

P{T > t} = N

(
x0 + µt

σ
√
t

)
− e−2µx0/σ2

N

(
−x0 + µt

σ
√
t

)
. (2.6)

Now as the value of the �rm, Vt, in Leland and Toft (1996) is log normally distributed and the �rm runs

into bankruptcy when it hits the default threshold VB > 0, the probability that the value of the �rm

hits the default barrier at some point after time, t, is obtained by using x0 = ln
(
V
VB

)
and (r− δ− σ2

2 )

as the drift rate in equation (2.6). Using this result and the fact that F (t) = P{T ≤ t} = 1−P{T > t},
the cumulative hitting distribution function at time t is given as

F (t) = N

−ln
(
Vt
VB

)
− (r − δ − σ2

2 )t

σ
√
t

+

(
Vt
VB

)−2(r−δ−σ
2

2 )

σ2

N

− ln
(
Vt
VB

)
+ (r − δ − σ2

2 )t

σ
√
t


= N(h1(t)) +

(
Vt
VB

)−2a
N(h2(t)) (2.7)

where

h1(t) =
(−vt − aσ2t)

σ
√
t

, h2(t) =
(−vt + aσ2t)

σ
√
t

,

q1(t) =
(−vt − ẑσ2t)

σ
√
t

, q2(t) =
(−vt + ẑσ2t)

σ
√
t

,

vt ≡ ln

(
Vt
VB

)
, a ≡ r − δ − σ2/2

σ2
, ẑ ≡ [a2σ4 + 2(r + ξk)σ2]1/2

σ2
. (2.8)

and N(x) ≡
∫ x
−∞

1√
sπ
e−
−y2
2
dy is the cumulative standard normal distribution. As seen in equation

(2.5), F (t) is used in order to derive the expected value of the repayment of the principal at maturity.

On the other hand, G(t) =
∫ t
0 e
−rsf(s)ds represents the distribution function of the probability that

the barrier is hit at time t (and before the bond matures) and is used to determine the expected

liquidation value. By using the barrier option framework given in Rubinstein and Reiner (1991) it can

show that G(t) can be derived to

G(t) =

∫ t

0
e−rsf(s)ds =

(
Vt
VB

)−a+ẑ
N(q1(t)) +

(
Vt
VB

)−a−ẑ
N(q2(t)). (2.9)

Note that the last equality is obtained by using the de�nitions in (2.8). Further note that full and

more detailed derivations of F (t) and G(t) are shown in appendix A of this thesis.

2.2 The stationary debt structure

In the model by Leland and Toft (1996) the �rm maintains a stationary debt structure similar to the

one in Leland (1994). The stationary debt structure implies that the �rm at every time holds the

same amount of debt. Speci�cally, the �rm holds a constant amount of outstanding bonds with an

aggregated principal of P and a total coupon denoted by C. The �rm's bonds are measured by m
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units implying that each bond has a principal, p, and pays a yearly coupon, c, which are given by

c =
C

m
and p =

P

m
. (2.10)

The �rm continuously sells a constant principal amount of (new) bonds. Each bond have maturity m

at issuance and, if solvent, the bond expires at par upon maturity. As the maturity event is i.i.d. across

individual bonds the expirations of the bonds are uniformly spread out over time. By (an appropriately

chosen) law of large numbers this means that the �rm retires a fraction of mdt of its bonds over each

(small) time interval [t, t + dt) (Chen et al. 2013). The expected average debt maturity is thus given

by 1
m . Further, and in order to keep the stationary debt structure, the same amount of principal has

to be issued in order to replace the fraction of the previously issued bonds which mature. By following

this stationary debt structure set-up it is further seen, that the individual bonds only di�er in the

time-to-maturity denoted by τ ∈ [0,m]6.

As mentioned before, each bond pays a fraction ρ(t) of the asset value Vt = VB in the case of default

and thus the total recovery value paid to debt holders in case of default will equal the sum of all

fractional claims ρ(t). In the stationary debt structure set-up the total recovery value of the �rm is

de�ned as αVB
7 and α is chosen so that it equals the sum of all fractional claims, that is

α =
∑

ρ(t). (2.11)

As it further for simplicity is assumed that each bond pays the same fraction of the liquidation value

in case of default we have that the recovery value of each bond equals

αVB
m

. (2.12)

To sum-up, the stationary debt structure is in the model thus determined by the aggregate yearly

coupon, the aggregate principal and the amount of bonds and denoted by (C,P,m). Note that the

amount of bonds also equals the time-to-maturity at issuance of each bond. Further equation (2.5)

can now be restated and each single bond is thus under the stationary debt structure given as

d(Vt, τ ;VB) =
c

r
+ e−rτ

[
p− c

r

]
(1− F (τ)) +

[
αVB
m
− c

r

]
G(τ). (2.13)

2.2.1 The total value of debt

In line with the outlined stationary debt structure the value of each single bond with time-to maturity

τ ∈ [0,m] is denoted by d(Vt, τ) whereas the �rms' total value of debt is given by D(Vt;VB,m) and

has maturity m at issuance. As the total value of the �rms' debt is de�ned as the aggregated value of

all the �rm's outstanding bonds D(Vt;VB,m) is in general given by

D(Vt;VB,m) =

∫ m

t=0
d(Vt;VB, t)dt (2.14)

6Note that I in order to highlight the stationary debt structure from now on use τ instead of t as time-to-maturity.
7Leland and Toft de�ne in their paper from 1996 the recovery value as (1− α)VB . However, for convenience purpose

with respect to the later presented model by He and Xiong (2012) I change the notation to αVB .
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where the value of each bond is given in equation (2.5). However under the outlined stationary debt

structure the total value of debt becomes

D(Vt;VB,m) =

∫ m

τ=0
d(Vt, τ ;VB)dτ

=
C

r
+

(
P − C

r

)
1

m

∫ m

τ=0
e−rτ (1− F (τ))dτ +

(
αVB −

C

r

)
1

m

∫ m

v=0
G(τ)dτ

=
C

r
+

(
P − C

r

)
1

m

([
−1

r
e−rτ

]m
0

−
∫ m

0
e−rτF (τ)dτ

)
+

(
αVB −

C

r

)
1

m

∫ m

τ=0
G(τ)dτ

=
C

r
+

(
P − C

r

)(
1− e−rm

rm
− 1

m

∫ m

0
e−rτF (τ)dτ

)
+

(
αVB −

C

r

)
1

m

∫ m

τ=0
G(τ)dτ

=
C

r
+

(
P − C

r

)(
1− e−rm

rm
− I(m)

)
+

(
αVB −

C

r

)
J(m) (2.15)

where I have de�ned

I(m) =
1

m

∫ m

0
e−rτF (τ)dτ and J(m) =

1

m

∫ m

0
G(τ)dτ. (2.16)

By using the integration by parts rule and the former de�nition of G(τ), I(m) can be rewritten to

I(m) =
1

m

∫ m

0
e−rtF (t)dt =

1

m

([
−1

r
e−rtF (t)

]m
0

−
∫ m

0
−1

r
e−rtF (t)dt

)
=

1

rm

∫ m

0
e−rtf(t)dt− 1

rm
e−rtF (m) =

1

rm

[
G(m)− e−rmF (m)

]
. (2.17)

In line with the derivations of Leland and Toft (1996) and by using the de�nitions as given in (2.8) I

further show in appendix B J(m) can be rewritten to

J(m) =
1

zσ
√
m

[
−
(
Vt
VB

)−a+z
N(q1(m))q1(m) +

(
Vt
VB

)−a−z
N(q2(m))q2(m)

]
. (2.18)

2.2.2 The value of the �rm and the endogenous default boundary

Miller (1977) analysed �rms' optimal capital structure in the perspective of debt �nancing and out-

lined bankruptcy costs and tax gains arising due to debt �nancing as main determinants of the �rm

value. In particular are leveraged �rms exposed to credit risk as they by holding risky debt can run

into bankruptcy and thus are exposed to bankruptcy costs and agency problems. On the other hand,

leveraged �rms enjoy tax advantages in the sense that they can deduct their interest payments to bond-

holders in computing their corporate income tax (as long as they are solvent). As leverage increases,

the tax advantage of debt might be o�set by increasing bankruptcy cost of debt, re�ecting the greater

likelihood of �nancial distress. Thus balancing the bene�ts and the disadvantages of holding debt

is central for de�ning the �rms optimal capital structure. Based upon these �ndings, Leland (1994)

determined the total value of the �rm, v(Vt), to be re�ected by three terms: the �rm's asset value, the

value of the tax deduction of coupon payments and the value of bankruptcy costs.
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In line with this de�nition of the total value of the �rm Leland and Toft (1996) de�ne the �rm value

as the �rm's asset value plus the tax bene�ts less the bankruptcy costs over an in�nite time horizon.

Further they assume that the tax bene�ts are obtained at rate πC per year as long as the �rm is

solvent, i.e. as long Vt > VB. π denotes here the corporate tax rate while C determines the annual

coupon payment. The bankruptcy costs are determined by the non-recovered value of the �rm in case

of default, e.g. (1− α)VB. The total value of the �rm is thereby given as8

v(V ;VB) = Vt︸︷︷︸
Asset Value

+
πC

r

[
1−

(
Vt
VB

)−a−z]
︸ ︷︷ ︸

Tax bene�ts

− (1− α)VB

(
Vt
VB

)−a−z
︸ ︷︷ ︸

Bankruptcy costs

. (2.19)

When further assuming that there are no other bene�ts or costs in�uencing the value of the �rm, the

value of the �rm can in general also de�ned as the total value of debt plus the total value of equity,

i.e. V = D + E. Hence, the value of equity is in the Leland and Toft (1996) model can simply be

calculated as the di�erence between the value of debt and the total �rm value. Thus by using the total

value of debt (2.15) and the total value of the �rm (2.19) the equity value is given by

E(Vt;VB,m) ≡ v(Vt;VB)−D(Vt;VB,m). (2.20)

Finally, Leland and Toft (1996) derive an endogenous equilibrium expression for the default-triggering

asset value and which implies that VB can be chosen by the �rm rather than it is imposed by a covenant.

As it can be seen from equation (2.19) the total value of the �rm will be maximised when setting VB

as low as possible. However, the fact that the equity holders have limited liability, i.e. that E ≥ 0

as long as Vt ≥ VB and that the equity value in case of default will be equal to zero, prevents the

default-barrier from being arbitrarily small.

Note further that E(Vt) in (2.20) is strictly convex in Vt
9. The endogenous chosen VB is then found by

determining the lowest possible value for the default-barrier which is consistent with positive equity

value for all Vt > VB and at the same time maximizes (with respect to VB) both the value of equity

and the value of the �rm. Formally this means that the default-barrier is given by the smooth-pasting

condition at Vt = VB for which VB solves the equation

∂E(Vt;VB,m))

∂Vt

∣∣∣∣
Vt=VB

= 0. (2.21)

By using equation (2.14), (2.19) and (2.20) and solving (2.21) for VB, Leland and Toft (1996) derive

the endogenous equilibrium expression for the default-triggering asset value to be given as

VB =
(C/r)(A/(rm)−B)−AP/(rm)− (πC(a+ z)/r)

1 + (1− α)(a+ z)− αB
, (2.22)

8Note that the total value of the �rm in Leland and Toft (1996) directly refers to equation (12) in Leland (1994).
9Leland and Toft (1996) have veri�ed numerically that δ2E(VB)

δV 2
t

≥ 0 holds strictly for all examples considered.
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where

A = 2ae−rtN(aσ
√
m)− 2zN(zσ

√
m)− 2

σ
√
m
n(zσ

√
m) +

2erm

σ
√
m
n(aσ

√
m) + (z − a) (2.23)

and

B = −
(

2z +
2

zσ2m

)
N(zσ

√
m)− 2

σ
√
m
n(zσ

√
m) + (z − a) +

1

zσ2m
. (2.24)

Again, N(x) ≡
∫ x
−∞

1√
sπ
e−
−y2
2
dy is the cumulative standard normal distribution whereas n(·) denotes

the standard normal density function10.

Note further that when m→∞ it can be shown that VB → (1−π)(C(a+z)/r)
1+a+z . Hence the Leland (1994)

model is obtained when assuming an in�nite bond maturity in the Leland and Toft (1996) model.

2.3 The starting point for the He and Xiong (2012) model

To brie�y sum-up, Leland and Toft (1996) show that allowing the �rms to choose maturity and the

amount of debt has a signi�cant impact on the �rm's optimal capital structure, i.e. the value of debt

and equity and thus the overall value of leveraged �rms.

Among others the model by Leland and Toft (1996) states that the choice of debt maturity represents

a trade-o� between tax advantages, bankruptcy cost and also agency costs. In particular, the results

suggest that as short term debt reduces agency costs, riskier �rms should issue shorter term debt in

addition to using less debt in presence of agency costs. On the other hand their model also outlines

that the optimal leverage is signi�cantly lower when the �rm is �nanced by shorter term debt and

con�rms the empirical fact that short term debt in general increases the �rm's bankruptcy costs.

The discussion of the impact of short term debt is also a key element in the rollover risk model by He

and Xiong (2012) which is presented in the next section. Speci�cally, they use the illiquidity of the

bond market and the framework of the rollover risk channel as linkage between �rms' short term debt

�nancing and credit risk. In fact they outline that �rms due to the high frequency of debt rollover in

case of shorter term debt have higher credit risk and indicate thereby that riskier �rms from a rollover

risk point of view should hold less short term debt. As mentioned He and Xiong (2012) build on the

above presented model by Leland and Toft (1996) and implement the rollover risk channel by adding

an illiquid secondary bond market. The following section outlines He and Xiong's extensions of the

presented model by Leland and Toft (1996) and highlights the debt market liquidity as a new economic

factor for predicting �rm default.

10Note that α in this presentation of the Leland and Toft (1996) model again denotes the fraction of the value of the
�rm recovered in case of default whereas the original paper uses the term (1− α).
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3 The model by He and Xiong (2012)

Following the same set-up as outlined for the model by Leland and Toft (1996), this section analysis

the rollover risk model by He and Xiong (2012) (from now on referred to as "`the model"). He and

Xiong analyse in their model the rollover risk channel as the indirect channel between the debt market

liquidity and �rms' corporate bond spreads. In order to create this linkage He and Xiong implement

as a new approach an illiquid secondary bond market in the Leland and Toft (1996) type model and

are thereby able to analyse the theoretical impact of the debt market liquidity on �rms' credit risk.

The linkage between debt market liquidity and credit risk is motivated by two steps: First of all,

following the framework of Amihud and Mendelson (1986) investors holding the bonds may experience

an idiosyncratic liquidity shock which forces them to sell the bonds immediately at a discount on

the secondary market. As this potential loss can hit the bond investor at any time the cost will be

discounted into the bond price and thereby a�ect the value of the �rm and hence its credit risk.

Secondly, when the �rm needs to rollover a maturing bond, equity holders will have to cover any

di�erence between the principal of the maturing bonds and the market value of the newly issued

bonds. And as a deterioration in debt market liquidity suppresses the �rm's bond prices this loss to

equity holders is increasing in the debt market illiquidity. As a new feature He and Xiong show by

adding an illiquid secondary bond market in the Leland and Toft (1996) type model that this loss will

make the equity holders default at a higher threshold and thereby increase the credit risk of the �rm.

This section outlines He and Xiong's implementation of an illiquidity factor in the Leland and Toft

(1996) type model and highlights the main changes. The speci�c properties of the model are then

discussed in section 4 which provides a calibration of the theoretical model.

3.1 The rollover of maturing debt

He and Xiong use the same stationary debt structure set-up as presented in Leland and Toft (1996) and

the model implies thus that the �rm's bonds are measured by m units and each bond has a principal, p,

and pays a yearly coupon, c. To keep the stationary debt structure the �rms are forced to continuously

rollover their maturing bonds and to replace them by debt with the same structure.

Assuming a discrete time-setting, the outlined stationary debt structure of the �rm and the timing of

the debt rollover can be illustrated as in example 1. The example outlines as one of the key feature of

the stationary debt structure model and also the He and Xiong (2012) model that only one bond at

a time needs to be rolled over. Beside that this feature simpli�es the derivations in the model it also

highlights the rollover risk channel as the model thereby is able to analyse the e�ect of a change in

the debt market liquidity on one speci�c debt rollover event. Note further that the model is set-up in

a continuous framework which as outlined before implies that the �rm retires a fraction of mdt of its

bonds over each time interval [t, t+ dt) and that the expected average debt maturity is equal to 1
m .

The �rms are exposed to the rollover risk every time a bond needs to be replaced in order to keep the

stationary debt structure. The replacement is as mentioned before done by the �rms issuance of new

bonds which have the same payment structure, i.e. the same coupon, principal and time-to-maturity,

as the maturing bonds. The rollover problem arises then due to the market price of the newly issued

bonds, as the price either can be higher or lower than the required principal payment of the expiring
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bond. In this way the rollover of the �rm's maturing bonds leads to either a gain or a loss.

Example 1: Figure 1 illustrates the timing of the debt rollover in a discrete time-setting and for the case where

the �rm holds 5 bonds each having a maturity equal to �ve time units. As seen in the �gure at time t = 5 bond

number 1 needs to be rolled over as τ1 = 0. Meanwhile, the other bonds still have time left until they mature, i.e.

τ2 = 1, τ3 = 2, τ4 = 3 and τ5 = 4. Thus only one bond at a time has to be rolled over each time unit.

m1 = 5 

m2 = 5 

m3 = 5 

m5 = 5 

m4 = 5 

0 

1 

 
2 

 
3 

 
4 

 
5 

5 10 15 20 

Figure 1: The timing of debt rollover (discrete time-setting)

The fact that the equity holders are the residual claimants of the rollover gains/losses makes their net

cash �ow to depend on the cash �ow of the rollover of expiring bonds. The equity holders net cash

�ow is for at short time interval [t, t+ dt] given by

NCt = δVt − (1− π)C + [d(Vt,m)− p]. (3.1)

The �rst term in (3.1) is the amount of the �rm value, which is paid out to the equity holders and

where δ is the payout ratio. This term is also often referred to as the �rm's dividend payments.

The second term captures the tax adjusted coupon payment. The equity holders have to pay the whole

coupon to the debt holders, but as debt implies a tax bene�t the equity holders save paying πC of

the total taxes where π denotes the marginal tax bene�t rate of debt11. The third term captures the

�rm's rollover gain/loss obtained by replacing maturing bonds with newly issued bonds. Note here

that the market value of the newly issued bonds is d(Vt,m)dt, while the maturing bonds require a

principal payment of pdt. So when the bond price drops, equity holders have to absorb the rollover

loss [d(Vt,m)− p]dt to prevent bankruptcy.

In order to cover the rollover losses and to prevent default the �rm can issue additional equity. But as

issuance of additional equity dilutes the existing equity holders' shares the rollover loss falls directly

back to the equity value. This means that the equity value as another feature of the model is jointly

determined by the value of the �rm and the cash �ow related to the debt rollover as stated in the

de�nition (3.1). Example 2 illustrates the impact of an deterioration in the debt market liquidity on

equity holders' shares.

11In Leland (1994) the value of tax bene�ts associated with debt �nancing is denoted by τ and resemble a security
that pays a constant coupon equal to the tax-sheltering value of interest payments τC as long as the �rm is solvent and
pays nothing in the case of bankruptcy.
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Example 2: Consider the case that a �rm has 1,000 outstanding shares, and each share has a value of e10 so that

the total amount of shares are worth e 10,000. Further, the �rm holds debt worth e 10,000 which matures today

and needs to be rolled over. However, a deterioration of the debt market liquidity has led to that bonds, with the

same face value as the maturing bonds, today can only be sold for e 9,000 in the market.

In order to absorb the loss generated by the rollover the �rm needs to issue more equity, i.e.
e 10,000−(1,000×e 9)

e 9
=

111.111 = 1
9
thousands of shares (assuming the rollover is a one-time occurrence). As the new shares dilute the

existing shares each share is now only worth e9. The e1 price drop re�ects here the roll over loss incurred by each

share.

As the equity holders have to bear the losses of the debt rollover they also decide whether the �rm

has to be liquidated or not. Due to limited liability the equity holders (the �rm) will as long as E ≥ 0

absorb the rollover losses by issuing new equity. The �rm however defaults when E = 0 which implies

that Vt = VB, i.e. the value of the �rm has hit the default boundary set by the equity holders. The

liquidation value which is paid to the debt holders in case of default is (as before) determined by αVB.

Note that the liquidation value in most cases is lower than the face value of the �rm's total debt, P .

Another feature of the model is that it ignores transaction costs and asymmetric information. This

means that the �rm is able to raise additional equity without any costs and thereby is free to increase

its equity stock. In this way, any kind of an internal liquidity factor is turned o� and the e�ects of the

external debt market liquidity factor can be analysed without being distorted by the internal factors.

Note however, that the equity value itself can be a�ected by the �rm's rollover losses.

As described, the whole rollover issue depends on whether the market price of newly issued bonds is

higher or lower than the principal of the maturing bond. But what makes the market price become

lower? Empirically there are of course many factors in�uencing the market price of bond and in the

presented theoretical model it is assume that the empirical issues are re�ected by a deterioration of the

debt market liquidity. In this sense the debt market liquidity is the rollover risk model the driver for

suppressed bond market prices. The next section outlines how a speci�c debt market liquidity factor

is implemented in the rollover risk model.

3.2 The liquidity shock and the secondary bond market

In order to actually be able to analyse the rollover risk as a consequence of the deterioration of debt

market liquidity the model by He and Xiong contains as mentioned an illiquidity factor which is based

on the market structure in line with Amihud and Mendelson (1986).

The illiquidity factor implies that each bond investor is exposed to an idiosyncratic liquidity shock that

drive up the costs for holding the bonds. At the point where the shock hits the investor, the investor

is thereby forced to exit the market immediately by selling the bond in the secondary market in order

to raise capital (for exogenous loans). But as the �rm's increased default risk in�uences the bargaining

with the outside illiquid bond investor the bond can only be sold at a fractional cost of k ∈ [0; 1].

This means, that the investor due to the illiquid secondary market only can sell the bond at a price
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of (1 − k) times the bonds fundamental value, d(Vt, τ), while the fraction k times the bond's market

value is lost. For each bond investor the arrivals of a liquidity shock follows a Poisson distribution with

intensity ξ ∈ [0; 1] and implies the immediate sale of the bond on the less liquid secondary market.

The total expected loss in case of a deterioration in the debt market liquidity is therefore given as

ξ k d(Vt, τ). (3.2)

Note that ξk denotes the liquidity premium and that d(Vt, τ) is the value of one unit of a bond with

a time-to-maturity of τ < m, an annual payment of c and a principal value of p.

That the secondary bond market for corporate bonds in fact is highly illiquid is empirically re�ected

by a large bid-ask spread that bond investors have to pay in trading with dealers, as well as a potential

price impact of the trade. Evidence for this is well documented by a series of empirical papers (e.g.

Edwards et al. (2007) and Bao et al. (2011)).

3.3 Valuation

In order to see how the illiquidity factors and the �rms' rollover risk a�ects the debt and the equity

value of the �rm as given in Leland and Toft (1996), the following part presents the implementation

of the outlined illiquidity factors and derives the value of debt and equity within the new framework.

Note that the �rm's default boundary, VB, as before initially is taken as given.

3.3.1 The debt value

To sum-up from the former part, d(Vt, τ ;VB) de�nes the value of one unit of a bond with a time-to-

maturity of τ < m, an annual coupon payment c and a principal value of p, and the value of debt

depends on the fundamental value of the �rm (equation (2.2)) and time-to-maturity.

In order to outline the value of debt assume for a moment that d(Vt, τ ;VB) determines a zero-coupon

bond. Then by using Itô's lemma12 and using the fundamental value of the �rm as the underlying

asset of the bond value the value of debt is given by the following stochastic di�erential equation

d d(Vt, τ) =

(
∂d(Vt, τ)

∂τ
+ µVt

∂d(Vt, τ)

∂V
+

1

2
σ2V 2

t

∂2d(Vt, τ)

∂V 2

)
dt+ σVt

∂d(Vt, τ)

∂V
dZt. (3.3)

Now consider the delta-hedge portfolio which implies holding a portfolio consisting of being short in

one option and short in ∂d(Vt,τ)
∂V shares at time τ . The value of this holding is

Π = −d(Vt, τ) +
∂d(Vt, τ)

∂V
Vt (3.4)

12Itô's formula: Assume that the process X has a stochastic di�erential given by X(t) = µ(t)dt+ σ(t)dW (t), where
µ and σ are adapted processes, and let f be a twice continuously di�erentiable function of X. De�ne the process Z by
Z(t) = f(t,X(t)). Then Z has a stochastic di�erential given by

df(t, x(t)) =
{
∂f
∂t

+ µ ∂f
∂x

+ 1
2
σ2 ∂2f

∂x2

}
dt+ σ ∂f

∂x
dW (t).
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The total pro�t/loss over the time period [t, t+ ∆t] from changes in the value of the holdings is then

∆Π = −∆d(Vt, τ) +
∂d(Vt, τ)

∂V
∆Vt (3.5)

Now by discretize the equations for dVt
Vt

and d d(Vt, τ) by replacing di�erentials with deltas the change

in the pro�t/loss of the delta-hedge portfolio can be written as

∆Π = −
(
∂d(Vt, τ)

∂τ
+ µVt

∂d(Vt, τ)

∂V
+

1

2
σ2V 2

t

∂2d(Vt, τ)

∂V 2

)
∆t− σVt

∂d(Vt, τ)

∂V
∆Zt

+
∂d(Vt, τ)

∂V
(µVt∆t+ σVt∆Zt)

= −
(
∂d(Vt, τ)

∂τ
+

1

2
σ2V 2

t

∂2d(Vt, τ)

∂V 2

)
∆t (3.6)

Note that as the ∆Zt term has vanished the uncertainty has been eliminated and the portfolio is

e�ectively risk less. Thus we can now in line with the no-arbitrage argument state that the rate of

return of this portfolio must be equal to the rate of return on any other risk less instrument. Letting

r determine the risk free rate this implies that the value of the zero coupon bond over the time period

[t, t+ ∆t] must full-�ll that rΠ∆t = ∆Π. By inserting the obtained terms for Π and ∆Π the standard

partial di�erential equation for the value of a zero-coupon bond is obtained.

However, as the model of He and Xiong (2012) implies that each bond pays an annual coupon payment

c and due to the illiquid secondary bond market is exposed to an total expected loss of ξkd(Vt, τ) in

case of a deterioration, the value of each bond in the He and Xiong (2012) model must satisfy that

rΠ∆t = c− ξkd(Vt, τ) + ∆Π. (3.7)

As mentioned before, kd(Vt, τ) is the amount of the bond's price which is lost due to the illiquid

secondary market and can be called a transaction cost of selling the bond after a shock. ξ is the

intensity by which the shock occurs so that ξdt represents the probability by which the liquidity shock

hits the economy. As this �cash �ow� caused by the liquidity shock is an expected loss to the debt

holders it is subtracted from the debt value. The coupon payment determines in contrast a surplus for

the bond holders and is thus added to the total value of debt.

By inserting the terms for Π and ∆Π in equation (3.7) the following standard partial di�erential

equation is obtained re�ecting the value of debt which pays an annual coupon of c and is exposed to

an idiosyncratic liquidity shock:

rd(Vt, τ) = c− ξkd(Vt, τ)− ∂d(Vt, τ)

∂τ
+ (r − δ)Vt

∂d(Vt, τ)

∂V
+

1

2
σ2V 2

t

∂2d(Vt, τ)

∂V 2
. (3.8)

The left hand side of this equation, where r as mentioned is given as the risk-free rate, de�nes the

required return of holding one unit of the bond and is a term in amount of Euro's. The required return

of holding the bond under the risk neutral measure must equal the expected return from holding the

bond which is given on the right side of the equation.

The �rst term, c, is as before the annual coupon payment for the bond, whereas the second term again
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de�nes the expected loss of the bond in amount of Euro's due to a liquidity shock to the bond holders.

Note here however that this term in fact is the only new term when comparing the expression for the

debt value to the base case model by Leland and Toft (1996), i.e. equation (2.5).

The remaining three terms de�ne the expected change of the debt value due to a change in the time-to-

maturity and �uctuations in the fundamental value of the �rm and follows the standard representation

of the Black-Scholes equation for the price of an option over time where however the risk-free rate is

adjusted for the rate of dividend payments.

By moving the expected loss of the liquidity shocks to the left hand side (3.8) can be rewritten to

(r + ξk)d(Vt, τ) = c− ∂d(Vt, τ)

∂τ
+ (r − δ)Vt

∂d(Vt, τ)

∂V
+

1

2
σ2V 2

t

∂2d(Vt, τ)

∂V 2
. (3.9)

By doing so equation (3.9) shows an increase in the required return to the bond holder to r + ξk

and determines thus the expected value by which the bond holders have to be compensated due to

the possibility of a loss in the future. In other words, the new implemented liquidity factor in the

model by He and Xiong leads to a higher discount rate determined by the risk-free rate plus a liquidity

premium ξk. Note again, that the discount rate in Leland and Toft (1996) was only the risk-free rate, r.

In order to �nd a solution for equation (3.9) and thus to determine an explicit expression for the debt

value two boundary conditions can be de�ned: First of all, when the bond matures, i.e. when τ = 0,

the debt holders receive the principal value p. Written formally, this means that

d(Vt, 0;VB) = p ∀ Vt > VB. (3.10)

Secondly, the �rm holds as before m bonds which all have a principal of p and the same annual coupon

payment c and only di�er in the time-to-maturity τ . When the �rm runs into liquidation, that is when

the fundamental value of the �rm Vt hits the default barrier VB, the liquidation value of the �rm is

shared proportionally between the bond holders. Hence, each unit of bond in case of default gets

d(Vt, τ ;VB) =
αVB
m

∀ τ ∈ [0,m]. (3.11)

By using these boundary conditions and the liquidity-adjusted risk-free rate, the debt value can be

(re-)determined by the discounted expected pay-o� of holding a bond, i.e.

d(Vt, τ ;VB) =

∫ τ

0
ce−(r+ξk)s(1− F (s))ds+ pe(r+ξk)τ (1− F (τ)) +

∫ τ

0

(
αVB
m

)
e−(r+ξk)sf(s)ds

(3.12)

The �rst term in equation (3.12) represents the discounted and expected value of the annual coupon

payment. Speci�cally, F (s) determines as in the Leland and Toft (1996) model the cumulative dis-

tribution function of the (�rst) time the company goes bankrupt and has to be liquidated and thus

(1−F (s)) re�ects the probability by which the yearly coupon will be paid. Further, the discount rate
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is represented as the price of a risky zero-coupon bond at time s, i.e. e−(r+ξk)s, and includes thereby

the liquidity-adjusted risk free rate.

The second term represents the expected discounted value of repayment of the principal, which is paid

only when the bond matures and thereby only when the �rm has not run into liquidation before the

bond expires, i.e. boundary condition (3.10). The term (1−F (τ)) represents as before the probability

by which the �rm is still alive at time τ when the bond matures and thereby the probability of the

repayment of the principal. Again, the value is discounted with respect to r + ξk for the period [0; τ ].

The third term covers the boundary condition given by equation (3.11) and represents the expected

discounted fraction of the liquidation value which each of the debt holders receive in case of default.

The term f(s) is as before the �rst derivative of F (s) and denotes the density of the �rst time, s, the

fundamental value of the �rm, Vt, hits the default-triggering value, VB.

Using the earlier stated integration by parts rule on the �rst term in (3.12) gives that∫ τ

0
e−rsc(1− F (s))ds =

[
c

(
− 1

r + ξk
e−(r+ξk)s

)
(1− F (s))− c

∫ (
− 1

r + ξk
e−(r+ξk)s

)
(−f(s))ds

]τ
0

=

[
− c

r + ξk
e−(r+ξk)s(1− F (s))− c

r + ξk

∫
e−(r+ξk)sf(s)ds

]τ
0

=

[
− c

r + ξk
e−(r+ξk)s(1− F (s))

]τ
0

− c

r + ξk

∫ τ

0
e−(r+ξk)sf(s)ds

= − c

r + ξk
e−(r+ξk)τ (1− F (τ))− (− c

r + ξk
)− c

r + ξk

∫ τ

0
e−(r+ξk)sf(s)ds

=
c

r + ξk
− c

r + ξk
e−(r+ξk)τ (1− F (τ))− c

r + ξk

∫ τ

0
e−(r+ξk)sf(s)ds.

(3.13)

By using (3.13) and de�ning G(τ) =
∫ τ
0 e
−(r+ξk)sf(s)ds, the value of the bond can be rewritten to

d(Vt, τ ;VB) =
c

r + ξk
+ e−(r+ξk)τ

[
p− c

r + ξk

]
(1− F (τ)) +

[
αVB
m
− c

r + ξk

]
G(τ) (3.14)

where F (τ) and G(τ) are the same as the one outlined in the former presented model by Leland and

Toft (1996). Thus for the full derivation and a more in deep description of these terms I refer to section

2 and appendix A.

Note that (3.14) is a similar presentation of the debt value as the one derived in the Leland and Toft

model (see equation (2.13)). In particular, the debt value expressions represented in respectively equa-

tion (3.12) and (3.14) are in fact exactly the same as the one seen in Leland and Toft (1996), except

that the implementation of a liquidity factor makes the discount rate of the bond becoming r + ξk in

stead of r.

Another key result in the model by He and Xiong (2012) is that the credit spread in contrast to the

model by Leland and Toft (1996) includes both a liquidity premium and a default premium. In general,
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the credit spread is de�ned as the spread between the bond yield y and the risk-free rate r.

The bond yield re�ects the equivalent return of the bond given that it is held to maturity without

default or the need to be traded. At maturity, that is for τ = m, and for the case when the �rm still

is solvent at maturity, i.e. for 1− F (τ) = 1 and G(τ) = 0 in (3.14), the promised bond yield y can be

determined by solving the equation for the debt value given by

d(Vt,m) =
c

y
(1− e−ym)− pe−ym. (3.15)

In particular, this is the price of a bond with a constant coupon payment c and a principal payment

of p at maturity m conditional on that the �rm does not default or that the bond is traded before

maturity. As mentioned, the spread between the bond yield y and the risk-free rate r is often referred

to the credit spread of the bond and de�nes thus the risk premium which has to be paid for holding the

risky bond instead of a risk-free bond. Now as the bond price given in equation (3.14) both includes

trading cost e�ects related to the liquidity shock and bankruptcy costs the derived credit spread will

both contain a liquidity premium and a default premium. In contrast, a bond yield derived within the

model by Leland and Toft (1996) would only include a default premium. This is a further and very

important di�erence between the model by He and Xiong (2012) and Leland and Toft (1996).

3.3.2 The equity value and the endogenous default barrier

In Merton (1974), Leland (1994) and Leland and Toft (1996) the equity value is simply derived as

the di�erence between the total value of the �rm and the debt value, i.e. E(Vt;VB,m) = v(Vt;VB) −
D(Vt;VB,m) and by assuming that the total value of the �rm is determined as the value of the unlev-

ered �rm plus the tax bene�t of debt, minus the bankruptcy costs. This can however only be done,

when the sum of the �rm's equity and debt value covers the whole value of the �rm, and that there

thus are no other costs or income a�ecting the �rm value.

However and in contrast to the named models, the implementation of a liquidity shock in the He and

Xiong model does imply future transaction costs of kd(Vt, τ). When the shock hits a bond investor,

the bond is immediately sold at a lower price on the secondary market and a�ects thus the value of the

�rm. In this sense, the value of the �rm depends not solely on the value of equity and debt, but also

on future transaction cost obtained on the secondary bond market. Note that these transaction costs

actually can be seen as a kind of agency cost as they represent the cost of uncertainty in the future. Due

to these agency costs the approach of using the �rm value and the debt value to derive the equity value

does not apply to the model by He and Xiong and the equity value has therefore to be derived explicitly.

By using Itô's formula in line with the derivation of the debt value and thus using the value of the �rm

as given in equation (2.2) as the underlying asset of the equity value it can be shown that the equity

value E(Vt) under the risk-neutral probability measure is given by the di�erential equation

rE = (r − δ)Vt
∂E(Vt)

∂V
+

1

2
σ2V 2

t

∂2E(Vt)

∂V 2
+ δVt − (1− π)C + d(Vt,m)− p.︸ ︷︷ ︸

Net Cash Flowt

(3.16)
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The left hand side of this equation, where r is given as the risk-free rate, de�nes the required return

of holding one unit equity and the full equation re�ects the fact that the required equity return under

the risk neutral measure must equal the expected return from holding equity in the �rm.

The �rst two terms on the right side, (r − δ)Vt ∂E(Vt)
∂V and 1

2σ
2V 2

t
∂2E(Vt)
∂V 2 , are the partial derivatives of

the value of the �rm and capture the expected change in equity value caused by �uctuations in the

�rm's asset value Vt. The remaining four terms represent as indicated the presented net cash �ow to

the equity holders over a short time, NCt (see equation (3.1)). To recall, δVt represents the cash �ow

generated by the �rm per unit of time (the dividend payment), while the fourth term, (1− p)C, is the
after-tax coupon payment per unit of time. Further the �fth and sixth term, d(Vt,m) − p, together
capture the equity holders' rollover gain/loss from paying o� maturing bonds and issuing new bonds

at market price.

In order to solve equation (3.16) and to derive a term for the equity value one can use the boundary

condition given by the equity holders' limited liability. As stated earlier, equity holders have limited

liability which implies that the equity value will be equal to zero when the fundamental value of the

�rm hits the default barrier, VB. That is

E(VB) = 0 for V = VB, (3.17)

Note in particular as this implies that the value of equity is zero when the �rm is liquidated, the equity

holders neither hold a positive nor a negative value in case of default. By using the former de�nition

of v in (2.8), that is vt ≡ ln
(
Vt
VB

)
, the equity value as given in equation (3.16) can be rewritten to

rE =

(
r − δ − 1

2
σ2
)
Evt +

1

2
σ2Evtvt + d(vt,m) + δVBe

vt − [(1− π)C + p]. (3.18)

The boundary conditions for the equity value becomes then

E(0) = 0 and Evt(0) = l. (3.19)

The �rst boundary condition covers the limited liability condition and states speci�cally that when the

�rm hits the barrier and vt = 0 ⇔ Vt = VB, the equity value is zero. The second boundary condition

says that when vt →∞ the equity value becomes linear in Vt at a rate equal to free parameter l which

is determined by the boundary condition.

Now by using these boundary conditions and a Laplace transformation of the equity value given by

F (s) ≡ L[E(vt)] =
∫∞
0 e−svtE(vt)dvt a speci�c term for the equity value in the He and Xiong model can

be derived. However, for convenience reasons, the full mathematical derivation of the equity value which

follow the derivations by He and Xiong (2012) is given in appendix C.1 in this thesis. Nevertheless,

the result for the expression for equity value, E(Vt), and also the expression of the endogenous default

boundary, VB, which is derived by using the derived equity value and the smooth-pasting condition

E′(VB) = 0, are summarised in the following proposition:

20



PROPOSITION 1: The equity value E(Vt) is given by

E(Vt) = Vt −
δVB
zσ2

e−γvt

γ + 1
−

(1− π)C + (1− e−(r+εk)m)
[
p− c

r+εk

]
zσ2

[
1

η
+

(1− e−γvt)
γ

]
+

1

zσ2

{
e−(r+εk)m

(
p− c

r + εk

)
A(a)−

(
αVB
m
− c

r + εk

)
A(ẑ)

}
(3.20)

while the endogenous default-barrier can be derived to

VB =

(1−π)C+(1−e−(r+ξk)m)
(
p− c

r+ξk

)
η +

[(
p− c

r+ξk

)
[b(−a) + b(a)] + c

r+ξk [B(−ẑ) +B(ẑ)]
]

δ
η−1 + α

m [B(−ẑ) +B(ẑ)]
(3.21)

where

a ≡ r − δ − σ2/2
σ2

, z ≡ [a2σ4 + 2rσ2]1/2

σ2
,

η ≡ z − a < 1, ẑ ≡ [a2σ4 + 2(r + ξk)σ2]1/2

σ2

b(x) =
1

z + x
e−(r+ξk)m[N(xσ

√
m)− ermN(−zσ

√
m)]

B(x) =
1

z + x
[N(xσ

√
m)− e

1
2
[z2−x2]σ2mN(−zσ

√
m)] (3.22)

Note again, that an impact of the new implemented illiquidity factor also can be seen from the expres-

sions of the equity value and the endogenous default barrier. In particular, the implementation of a

liquidity factor changes as before the discount rate to equal r + ξk in stead of r.

To sum-up, it can thus be said that the implementation of an illiquidity factor changes the �rm's

optimal capital structure in the sense that it throughout the whole model changes the discount rate

and furthermore directly a�ects the valuation of the �rms' equity and thus has also has a direct impact

of the value of the �rm. However, with respect to the later empirical analysis of rollover risk this gives

in fact a good basis as a potential impact in this sense directly can be measured on proxies for the

value of �rm.

The following section outlines brie�y the liquidity channels identi�ed within the model by He and

Xiong and highlights especially the framework for the rollover risk channel which will be the main

element in the rest of this thesis. An analysis of speci�c rollover risk properties of the He and Xiong

model will then be covered in the subsequent section (see section 4).
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3.4 The two market liquidity channels

In the above sections two di�erent channels have been identi�ed by which a liquidity shock to the bond

investors can a�ect the �rm's credit spread; a direct e�ect based upon a change in the liquidity pre-

mium and an indirect e�ect a�ecting the default premium through the rollover of the �rms maturing

bonds. Figure 2 illustrates the two illiquidity channels.

Shock to ξ 

Deterioration of the  

bond market liquidity 

Direct 

effect  

Change in the  

Liquidity Premium: ξk 

Rollover Risk Channel 

Default 

Threshold: VB 

Debt Value: 

 d(Vt, m; VB) 

Change in the  

Default Premium 

Change in the Credit Spread 

Shock to k 

Indirect effect 

Figure 2: The key channels of an illiquidity e�ect on the credit spread

Note �rst of all that a change in the bond market liquidity in the model is implied by either an increase

in ξ or k. As the liquidity shock intensity, ξ, and the fractional cost, k, at which the bond is sold on

the secondary market a�ect the bond price symmetrically through the liquidity premium, an increase

in ξ will have the exact same impact as an increase in k (see e.g. the bond price de�nition given by

equation (3.14)).

As mentioned can the credit spread �rst of all be directly a�ected by a change in bond market liquidity,

i.e. a direct change in one of the terms in the liquidity premium, ξ or k. For example, increased

uncertainty about the �rm's fundamentals due to a strategic change of the �rms operations or increased

competition in the market can lead to increased bond trading costs. This will all else equal lead to

an increase in the fractional loss k and hence imply that the investors, when they are hit by an

idiosyncratic shock, will be forced to sell their bond at an even lower price. Obviously, the higher

fractional cost for the bond investor leads to a higher credit risk of the �rm and requires thus a higher

liquidity premium. In this sense the �rm's credit spread is directly a�ected by the change in k. The

direct e�ect is illustrated in the left side of �gure 2. As further indicated in the �gure, the credit spread

will be a�ected in a similar way by an increase in the liquidity shock intensity, ξ. An increase in the
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idiosyncratic shock intensity can for example be forced by a decrease in traders' funding liquidity, i.e.

the ease with which investors can obtain funding, which determines the traders ability to trade and

thus their ability to provide market liquidity (see e.g. Brunnermeier and Pedersen (2009)).

Secondly, there is the indirect rollover risk channel which a�ects the �rm's credit risk requiring a higher

default premium. The indirect channel is illustrated in the right side of �gure 2 and the channel works

as followed: As outlined will a shock to either ξ or k immediately lead to an increase in the �rm's

liquidity premium. Besides the direct e�ect on the �rm credit spread the increase will also suppress

the overall market price of newly issued bonds. Now when the �rm has to rollover its maturing debt

and replace them with the newly issued bonds this will all else equal increase equity holder's rollover

losses. As a result, equity holders become more reluctant to keep the �rm alive even though the falling

bond price is caused by deterioration in market liquidity rather than the �rm's fundamentals. In other

words, the equity holders choose to increase the default threshold, VB, which in turn reduces the value

of the �rm's debt and immediately makes the �rm more likely to default. In this sense the lower liq-

uidity premium caused by a deterioration of the bond market liquidity also leads to a greater default

premium in the �rm's credit spread. This indirect rollover risk channel, which links the bond market

liquidity and �rms credit risk, is the new economic linkage illustrated in the model by He and Xiong

(2012) and also the focus of this thesis.

The aim with the rollover risk model by He and Xiong (2012) is to analyse the interaction of the debt

market liquidity and the �rm's credit risk. In order to measure the impact of �rms' rollover risk the

model builds upon factors in�uencing the debt market liquidity and thus ξ and/or k. Empirically

there are of course many factors a�ecting the bond market liquidity to change over time and which

thereby activate one or both liquidity determinants in the model. Two main factors determining the

debt market liquidity are outlined below.

The �rst mentioned is the markets impression of the �rm and its fundamental value today and their

expectation of the �rm's development and fundamental in the future. Due to for example a bad �-

nancial statement or news about shift of the management or the fail of an important and high valued

order, investors and other market participants can become uncertain about the �rm and its funda-

mental value. Further, also general market conditions like times of �nancial recession can a�ect the

market participants' overall impression and thus a�ect their impression of the single �rm. Whether

the uncertainty of the investors is �rm speci�c or market driven, the uncertainty can cause an increase

in the cost of trading the bonds of the �rm. In the model, this would be re�ected by an equivalent

increase in k and subsequently a�ect the �rm's credit spread (i.e. see �gure 2).

A main factor in�uencing the liquidity shock intensity, ξ, is as mentioned the deterioration in funding

liquidity. Brunnermeier (2008) and Brunnermeier and Pedersen (2009) analyse the interaction between

funding liquidity and market liquidity and outlines within this four economic mechanisms that amplify

the initial liquidity shock. First, borrowers' balance sheet e�ects cause two "liquidity spirals"; when

asset prices drop, the capital of �nancial institutions erodes and at the same time lending standards

and margins tighten. Both e�ects cause "`�re-sales"' 13 and suppresses in this way the market prices

13A �re sale is here referred to as the sale of goods at extremely discounted prices, typically when the seller faces
bankruptcy or other impending distress and do not have time to �nd an appropriate buyer.
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and funding even further. Second, when banks become uncertain about their future access to capital

markets they tighten their lending's and start hoarding funds even if the creditworthiness of borrow-

ers has not changed. Third, runs on �nancial institutions, like those that occurred at Bear Steams

and Lehman Brothers in 2008, can cause a sudden erosion of bank capital. Fourth, network e�ects

can arise when �nancial institutions are lenders and borrowers at the same time 14. The decrease

in funding liquidity will thus imply an increase of the investors idiosyncratic liquidity shock inten-

sity. Note further that funding liquidity and its linkage with the overall market liquidity also was

one of the channels through which the sub-prime mortgage crisis ampli�ed into a severe �nancial cri-

sis. In this sense funding liquidity is also an important factor in the general analysis of �rms credit risk.

To sum-up, there is a wide range of factors determining the bond market liquidity. And as illustrated

in �gure 2 and explained above a change in the bond market liquidity both implies a direct e�ect on the

�rm's liquidity premium and, what more interesting, an indirect e�ect on the �rms default premium

through the rollover risk channel. Note further that there following He and Milbradt (2013) also exist

an interaction between the two channels denoted as the so-called default-liquidity spiral indicating a

feedback loop between default and liquidity in the corporate bond market. The spiral implies that

when the secondary market liquidity deteriorates the equity holders will su�er heavier rollover losses

in re�nancing their maturing bonds. Consequently the equity holder choose as mentioned before to

default earlier and raises the default barrier, VB. In turn, this earlier default worsens the secondary

bond market liquidity even further, and thus the investor are hit by even greater trading cost, and so

on so forth. This default-liquidity spiral is in fact a very interesting aspect of the linkage. However,

in order to focus on the rollover risk channel only the following analysis is concentrated on its �stand-

alone� a�ect on the �rm's credit risk only.

Further, the fact that the focus in the recent literature has been primarily on the direct liquidity

channel might indicate that the rollover risk channel only has a minor impact on �rm's credit spreads

and/or in overall only explains a minor fraction of the credit spreads. However, as also outlined by

Brunnermeier (2008) and Brunnermeier and Pedersen (2009) changes in the bond market liquidity was

a major factor leading to the 07-08 �nancial crisis. Together with the heavy use of short-term debt

under the �nancial crisis which made the �rms very sensitive to shocks in market liquidity this on

the other hand indicates a signi�cance of �rms rollover risk and thus a basis for the empirical linkage

between debt market liquidity and credit risk.

However, before turning to an empirical analysis of �rm's rollover risk and its signi�cance for �rm's

credit risk, the next section analyses the properties of the model by He and Xiong (2012). As outlined

in the He and Xiong model and �gure 2, a change in the determinants of the liquidity premium, ξ and

k, directly a�ects the default barrier, VB, and the gain/loss equity holders have to cover when rolling

over the maturing debt, i.e. d(Vt,m)−p. In addition to this, the following section includes an analysis

of the (theoretical) e�ect of a change in ξ and/or k on VB and d(Vt,m) − p. Further, to �nally build

up an empirical rollover risk model in this thesis the following section also outlines some parameters

determining the size of the �rm's rollover risk.

14In particular, a gridlock can occur in which multiple trading parties fail to cancel out o�setting positions because of
concerns about counter party credit risk. To protect themselves against the risks that are not set o�, each party has to
hold additional funds.

24



4 Calibration of the He and Xiong (2012) model

This section provides a calibration of the He and Xiong (2012) model and discusses its properties and

predictions with respect to a change in debt market liquidity and which factors ampli�es its e�ect.

Speci�cally, this section illustrates the e�ect of an increase in market illiquidity on the endogenous

default barrier, VB, and the equity holder's rollover gains/losses, d(Vt,m)− p.
As the market illiquidity in the model is determined by k and ξ which a�ect the bond price in (3.14)

symmetrically, only an increase in ξ is used to illustrate the e�ect. To focus on the speci�c illiquidity

and rollover risk channel e�ect the �rm's debt structure is held constant by using �xed �rm speci�c

and macro parameters. To further outline variables determining the size of the rollover risk e�ect, the

parameter assumptions regarding the debt maturity and �rm type are changed during the analysis.

4.1 Parameter assumptions

For the choice of baseline parameters, the analysis calibration will follow the calibration-model in He

and Xiong (2012) and use parameters which are broadly consistent with those used for calibration of

standard structural credit risk models in the latest literature. Table 1 summarises the used parameters

whereas an explanation for the speci�c choice of parameter is given underneath.

Table 1: Baseline parameters for the calibration of the He and Xiong model

Baseline Parameters
Macro Parameters

Common Parameters
Interest rate r = 8.00%
Debt tax bene�t rate π = 27.00%

Firm Characteristic
BB-rated �rms A-rated �rms

Volatility σ = 23.71% σ = 21.28%
Bankruptcy recovery rate α = 60.00% α = 60.00%
Dividend rate δ = 2.15% δ = 2.02%

Bond Market Illiquidity
BB-rated �rms A-rated �rms

Transaction costs k = 1.00% k = 0.50%
Liquidity shock intensity ξ = 1 ξ = 1

Debt Structure
Common Parameters

Maturity m = 1
Current Fundamental V0 = 100
Annual Coupon Payment C = 6.39
Aggregate principal P = 61.68

As macro parameters a risk-free rate of r = 8% 15 is used in line with He and Xiong (2012) and Huang

and Huang (2003) and a debt tax bene�t rate of π = 27%. The debt tax bene�t rate is based upon

the leverage gain formula by Miller (1977) and uses a marginal corporate tax rate of 35%, a marginal

capital gain tax rate of 15% and a bond income tax rate equal to 25% 16. The tax rates are in line

15The risk free rate is close to the historical average Treasury rates during 1973-1998. Knowing that the average risk
free rate in the latest 20 years was lower, I choose not to update this rate for comparison reasons with the He and Xiong
model. Note however that this not changes the overall conclusions with respect to the e�ect of a change in liquidity.

16The leverage gain GL is following Miller (1977) given as GL =
(
1− (1−τC)(1−τps

(1−τpb)

)
BL, where τC is the corporate tax

rate, τps is the personal income tax rate applicable to income from common stock, τpb is the personal income tax rate
applicable to income from bonds and BL is the market value of the levered �rm's debt.
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with the U.S. Federal Reserves tax guidelines and are similar to those used by He and Xiong (2012).

With respect to the �rm speci�c parameters the analysis will to begin with calibrate the model and

analyse the overall e�ect with respect to speculative-grade BB rated �rms and afterwards compare the

results to the case where parameters regarding �rms with an investment grade A-rating are used. The

average fundamental volatility is set to σ = 23.71% for the BB-rated �rms and to σ = 21.28% for the

A-rated �rms and are based this upon the �ndings by Zhang et al. (2009). In line with He and Xiong

(2012) the recovery rate is set equal to α = 60% for both types of �rms 17. With respect to �rms

payout rates, Huang and Zhou (2008) �nd that the average pay-out rate for BB-rated �rms is about

2.15%, and for A-rated �rms is 2.02%. Therefore, for BB-rated �rms (A-rated �rms) the analysis uses

a dividend yield equal to δ = 2.15% (δ = 2.02%) .

As seen in the former chapter, is the rollover risk determined by the �rm's overall debt maturity rather

than the maturity of the individual bonds. In line with this the debt maturity in the model is calibrated

by only using the �rm's overall debt maturities. In order to highlight the e�ect, which implies a short

debt maturity the maturity is initially set to m = 1. Later the model analyses the case where m = 5

in order to determine the maturity e�ect on the debt value.

Following the framework of He and Xiong (2012), the �rm's current fundamental is normalized to

V0 = 100 and whereas C = 6.39 and P = 61.68 re�ecting the baseline coupon and principal parame-

ters for the BB-rated �rms. These numbers imply that the �rm issues 1-year bonds at par and that

these bonds have a credit spread of 330 basis points, which is in line with the �ndings of Rossi (2009).

For AA rated �rms the same base line coupon and principal as for BB-rated �rms is used even though

AA-rated �rms according to Rossi (2009) have an average spread of 107 (90) basis points if maturity

is 0-2 years (3-10 years) and therefore also in general have a debt structure which is di�erent from the

one of BB-rated �rms.

Note further, that a detailed description of the calibration method is covered in appendix D.1. The

appendix also shows �gures for all run calibrations whereas the following section for convenience reasons

only outlines selected �gures.

4.2 The e�ect of the market illiquidity

Figure (3) illustrates the e�ect of an increase in the illiquidity shock intensity, ξ, on the �rm's endoge-

nous default boundary and rollover gain/loss. The model is calibrated using the baseline parameters

for BB-rated �rms (see table (1)) and re�ects the case where m = 1.

As seen in panel A, the �rm's default boundary, VB, increases when increasing the illiquidity measure,

ξ. That is, as the bond market illiquidity deteriorates, the equity holders choose to default at a higher

threshold and thus the �rm defaults earlier and at a higher value. Note, that even the �gure might

indicate that the default boundary increases linear in the bond market illiquidity, the second deriva-

tive of VB with respect to ξ is actually positive indicating an increasing positive e�ect of the market

illiquidity. However, due to the chosen calibration and set-up for the �gures the a�ect is not observable

17Note that Chen (2010) based upon Moody's aggregate recovery rate series for the years 1982-2008 determines a mean
recovery rate around 40% across nine states with di�erent values for the �rm's expected growth rate and the conditional
volatility. However, for exempli�cation of speci�c characteristics of the indirect liquidity e�ect I use the same recovery
rate as He and Xiong.
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Figure 3: The e�ect of an increase in the market illiquidity for BB-rated �rms

in the �gure 18.

Panel B demonstrates further that the bond market illiquidity highly a�ects the cash �ow of the rollover

which is determined by the di�erence between the value of the expiring and the value of newly issued

bonds. The graph shows that the magnitude of rollover losses increases with ξ. For small values of ξ,

the di�erence d(Vt,m;VB)− p is actually positive implying a gain for the equity holders when rolling

over their debt. The gain arises due to the fact that the calibrated value of debt for small values of ξ

is greater than the chosen and �xed principal payment requirement equal to p = 61.68. In particular,

the gain is driven by the fact that when ξ is small, the bonds coupon payment is only discounted by

are rate close to the risk free rate and further the fact that the default barrier due to a low liquidity

shock intensity is close to its lowest point implying a very low likelihood of default. Summing these

facts gives a high value of debt which actually for small values exceeds the principal payment. The

intuition behind this argument might be seen more clearly when analysing the de�nition of the debt

value as given in equation (3.14) 19.

However, when increasing ξ the gain actually decreases and for illiquidity measures greater than ap-

proximately 0.4, the rollover of the �rm's maturing debt implies a loss to the equity holders which is

increasing in ξ. Thus, when the illiquidity shock intensity increases, the increased illiquidity premium

makes it more costly for the equity holders to rollover their maturing debt.

Thus, in overall the model predicts that a more illiquid bond market leads to a higher rollover risk for

the �rm. Taking this into account when determining a �rms credit risk, this means that �rms due to

the rollover risk channel in a less liquid bond market all else equal will have a higher credit risk than

�rms in a liquid bond market. Said in other words, a change in the bond market liquidity will directly

a�ect �rms credit risk and thus also have an impact on corporate bond spreads.

The calibrated e�ect of a change in the bond market liquidity on corporate bond spreads is illustrated

in �gure 4. Panel C depicts the liquidity shock intensity ξ against the corporate bond spread, which

here is calibrated for BB-rated �rm and the respective baseline parameters in table 1.

18The same issue becomes in fact e�ective for the other �gures analysing the e�ects of the illiquidity measure.
19Note that the gain for small values of ξ is obtained by using the baseline parameters (table 1). However, when I for

example change the recovered rate to α = 40% the rollover term d(Vt,m;VB)− p also becomes negative for small values
of ξ.
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Figure 4: The e�ect of an increase in the market illiquidity on BB-rated �rms corporate bond spread

As seen in the graph, the corporate bond spread increases when increasing ξ, meaning that a more

illiquid market will lead to higher spreads. Again, even if the bond spread seems to increase linear in

the bond market illiquidity the bond is actually an increasing function of ξ.

Further, as the corporate bond spread following the overall literature contains a illiquidity premium as

well as a default premium, panel D shows a decomposition of the bonds spread and the calibration of

both components. The illiquidity premium is calculated as ξk, while the default part simply is de�ned

as the residual credit spread, i.e. the bond spread minus the illiquidity premium. The e�ect of an

increase in ξ on the two bond spread components is as mentioned illustrated in Panel D (the default

part is labelled the default premium). As expected due to the de�nition of the illiquidity component

the illiquidity premium increases linearly with ξ. However, what is more interesting is that also the

default premium, which is shown as the solid line in Panel D, increases with ξ. This result is again

in line with the former discussion about the e�ect on respectively the endogenous default boundary

and the rollover cash �ow: when the bond market liquidity deteriorates, the equity holders choose to

default at a higher value and the value of the maturing bonds decreases so that the equity holders have

a lower or even negative rollover cash �ow. Overall, this leads to a higher credit risk of the �rm, i.e. a

higher default premium.

So, when actually extracting the illiquidity premium, the change in the bond market liquidity still has

an e�ect on the corporate bond spread. This proofs thus that there (at least within the theoretical

framework) exist a relation between bond market liquidity and �rms' corporate bond spreads which

is not kept in the illiquidity premium and which furthermore is reasonable to be represented by the

rollover risk channel.

4.3 The impact of bond maturity

In addition to the evidence for an e�ect of the bond market liquidity on �rms' credit risk, the maturity

term of bonds issued by the �rm plays an important role for the size of the �rm's rollover risk and

thus the impact on credit risk. The following section analyses therefore whether and which impact the

maturity of the �rm's bonds has on the illiquidity e�ect and the framework of this analysis will be the

same as in the former section.
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In general, a short debt maturity of an individual bond is often linked to low bond spread. The broad

argument is that when the repayment of the debt is close by the value of the �rm is less likely to

decrease and thus the likelihood of default is reduced 20. However, in a more dynamic perspective the

opposite is expected to be true, i.e. shorter maturities of all bonds issued by the �rm is expected all

else equal to increase the credit risk. The argument is as followed:

First of all, according to the He and Xiong model shortening the bond maturities will imply a higher

rollover frequency. Firms with shorter average debt maturities or with a higher degree of short term

debt will consequently have to rollover their debt more frequently and based upon the results from

the former section directly face a higher default risk. The di�erence in the rollover frequency of a �rm

with overall short respectively long bond maturities is illustrated in table 5.
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Figure 5: Illustration of the rollover frequency and bond's maturity

This e�ect of short-term debt is often referred to as the �rms so-called maturity risk and implies that

shorter bond maturities all else equal ampli�es the overall e�ect of an increase in debt market liquidity.

Many observers of the current crises actually names �rms' maturity risk as one of the key determi-

nants of the default of many �rms under and after the �nancial crises. Speci�cally, Brunnermeier

(2009) and Krishnamurthy (2010) have pointed out that the heavy use of short-term debt �nancing

such as commercial paper and overnight repos was a key factor in the collapse of Bear Stearns and

Lehman Brothers in 2008. Lehman Brothers had for instance at point of default a debt maturity of

only 1 day, which must be said to imply a very high rollover risk.

The shorter maturity for all the �rm's issued bonds also exacerbates its rollover risk by forcing its

equity holders to quickly absorb losses faced by the high frequent debt rollover. As a direct conse-

quence, equity holders will raise their default barrier and choose to default at a higher fundamental

value. Also, Leland and Toft (1996) numerically illustrated in their paper that shorter debt maturity

can lead a �rm to default at a higher fundamental boundary. Again, this consequence of holding debt

with a shorter maturity will amplify the overall e�ect of an increase in debt market liquidity and lead

to a general higher credit risk of the �rm.

In order to formally analyse this e�ect, the model is also calibrated by using the above baseline

parameters for BB-rated �rms and for the case where the maturity equals m = 5. In contrast to the

former calibration where the maturity was m = 1, the new case thus re�ects a longer debt maturity

20Note that this mainly applies to investment grade �rms whereas high yield �rms due to the overall higher level of
credit risk often have a higher bond spread when the debt maturity is short.
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which means that a lower rollover risk is expected. In order to see the e�ect of a change in maturity

directly, the outcome of both calibrations are is given in �gure 6.
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Figure 6: The impact of a change in debt maturity on the e�ect of an increase in the market illiquidity for BB-rated �rms

As seen in panel A of �gure 6 does the case where the maturity is longer imply a lower default boundary

(the dotted line) meanwhile the slope of the line is the same as in the case where m = 1. Thus, for a

longer debt maturity the equity holders decide to default at a lower fundamental value.

Further panel B shows that the equity holders in line with the former discussion have to bear a higher

rollover losses for shorter bond maturities. As illustrated in the �gure, the dotted line re�ecting the

case m = 5 lies over the line of the case where the debt maturity is only m = 1 and has furthermore a

lower slope, i.e. the increase in ξ has a smaller impact on the �rms' rollover gain/loss when the debt

maturity is m = 5.

In overall the calibration thus shows that the e�ect of a deterioration in the bond market liquidity is

ampli�ed when using debt with shorter maturity and further that the magnitude of rollover losses is

signi�cantly increased. A direct prediction and conclusion drawn from the analysis of the impact of

the debt maturity is thus that �rms which hold more short-term debt all else equal will have a higher

rollover risk. Note that this key insight of the model will be used in the later outlined empirical model.

4.4 The impact of �rm type

Another issue to have in mind when analysing the bond market liquidity e�ect on the �rm's credit risk

is which credit type of �rm the parameters in the model refer to. High yield �rms have in general a

higher degree of credit risk where an increase in the use of short-term debt in general ampli�es their

current credit risk. Thus for high yield �rms one would expect to see a high degree of rollover losses.

On the other side, investment grade companies' credit risk is in general less dependent on the use of

short-term debt. Hence, an increase of the short-term debt to total debt ratio is at least in a theoretical

manner expected to have a minor impact on the rollover losses and the default barrier for investment

grade companies than it has for high yield companies.

Table 1 shows the baseline parameters for investment grade companies and based upon these this

section shows the results of the calibrations. The calibrations are similar to the ones presented for high

yield companies and by directly comparing the results obtained for both types of �rms it possible to
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determine the impact of �rms' overall credit rating and whether it ampli�es or reduces the illiquidity

e�ect. Hence, �gure 7 illustrates the results from the calibration of the model and when using the

parameters for respectively BB-rated and AA-rated �rms.
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Figure 7: The e�ect of an increase in the market illiquidity for A- and BB-rated �rms

First of all, �gure 7 shows that high yield �rms in general have a higher credit risk than investment

grade companies.

As illustrated in panel A, high yield companies choose in general a higher default boundary than in-

vestment grade companies and when increasing the illiquidity shock intensity VB is increased by more

than the investment grade companies. Note however also that when using a longer time to maturity,

m = 5, and when ξ is close to zero the default barrier for high yield companies lies actually slightly

below the default barrier of the investment grade companies. This might be due to the fact that high

yield companies' credit risk in contrast to investment grade companies' credit risk actually decreases

when they hold bonds with longer maturities as the default of investment grade companies might

become more likely when the maturity of the bonds is increased. In this sense high yield companies

might choose a lower default boundary than investment companies when the time-to-maturity is close

by. However, when the illiquidity shock is increased and is higher than approximately 0.4, the default

boundary for the high yield companies again exceed the one for the investment grade. This indicates

thus that the e�ect of the illiquidity shock on �rms' credit risk dominates for higher values of ξ.

Panel B shows the e�ect of the deterioration in debt market illiquidity on rollover gains/losses for high

yield and investment grade companies. Again, the curve of the high yield companies is more steep and

the rollover losses are in general higher for high yield companies when increasing ξ.

To sum-up the analysis of the impact of �rms' rating type indicates that the rollover risk channel is

ampli�ed for �rms with lower credit ratings. Again, this insight will be used in the empirical analysis.

In particular the analysis of the signi�cance of the impact of �rms' rollover risk on credit risk will be

made separately for di�erent �rm types.

The subsequent section will based upon the general predictions of the theoretical model illustrated and

discussed in this section as next outline the empirical framework for rollover risk.
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5 The empirical framework for Rollover Risk

The former section has outlined the e�ects of a deterioration in debt market liquidity on �rms' credit

spreads. In addition the analysis identi�ed three main parameters in�uencing the presence and size of

�rms' rollover risk: �rst of all the change in bond market liquidity, secondly the �rm's term-structure

with respect to debt maturity and �nally the credit rating of the �rm. The following section outlines

the empirical framework for measuring rollover risk using these insights in more detail. Finally, based

upon these parameters I set up the base empirical rollover risk model which afterwards, in an empirical

framework, is used to analyse the signi�cance of rollover risk for �rms credit risk and its property as

the linkage between debt market liquidity and credit risk.

5.1 Measuring the rollover risk

A natural starting point for assessing the impact of rollover risk on corporate debt would be to do a

regression of corporate bond spreads on various rollover risk proxies and credit and illiquidity risk con-

trols in line with Valenzuela (2011). Based upon a data set on corporate bonds placed on international

markets Valenzuela (2011) �nds positive and signi�cant for some rollover risk proxies and concludes

upon this that the debt market illiquidity a�ects corporate bond spreads through the rollover risk.

However, I propose in my empirical analysis to use CDS spreads instead of corporate bond spreads.

Credit default swaps (CDS) are contracts insuring against the default of a particular bond or tranche.

The buyer of these contracts pays a periodic �xed fee in exchange for a contingent payment in the

event of default.

The use of CDS spreads is motivated by the fact that it is well known that corporate bond spreads

not exclusively are determined by the �rms default premium, but that a part of the corporate bond

spread actually is due to illiquidity, see for example Huang and Huang (2003) and Dick-Nielsen et al.

(2012). As the model by He and Xiong (2012) outlined in the former section, there exist two debt

market liquidity channels. First of all, there exist the direct e�ect on �rms bond spreads arising due

to the impact of a change in the debt market liquidity on the �rms' liquidity premium and the bond

investors exposure to an idiosyncratic liquidity shock. Secondly, there is the indirect rollover risk e�ect

arising from equity holders who upon a deterioration in debt market liquidity and the lower price

of newly issued bonds raise their default threshold leading to a higher credit risk. This means, that

when using corporate bond spreads on the left-hand side of the regression as in Valenzuela (2011)

both channels might show an signi�cant impact, but whether the impact is caused by the direct or

the indirect liquidity channel will not be possible to state. Said in other words, when using corporate

bond spreads which both contains a liquidity and a default premium, it is not possible to disentangle

the direct liquidity e�ect on the bond spread from the indirect rollover risk e�ect. Therefore, we would

expect to see an e�ect of bond market liquidity in bond spreads whether there is rollover risk or not.

In contrast to corporate bond spreads CDS spreads provide a more pure credit risk indicator. Remem-

ber that a credit default swap is a credit derivative which directly provides an insurance of default of

an issuer or on a speci�c underlying bond and in this sense directly measure credit risk. And if bond

market liquidity can explain variation in credit risk via CDS spreads through the regression provided

in this thesis, this would be stronger evidence for a rollover risk e�ect than when using bond spreads.
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Thus, whereas the model by Valenzuela (2011) directly uses the approach outlined in the He and

Xiong model the approach in this thesis di�erentiates it self by using a direct proxy for �rms credit

risk. Figure 8 illustrates approach and highlights the focus of the empirical model covered in this

thesis.
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Figure 8: The approach of this thesis for analysing the rollover risk channel

The approach of using CDS spreads is further in line with the �ndings by Longsta� et al. (2005) who

analyse corporate yield spreads and whether these depend on default risk or liquidity. By using the

credit default swap premium as a direct and exclusive measure of the default component, Longsta� et al.

(2005) �nd (not surprisingly) that the majority of the corporate spread is due to default risk. With

respect to the non-default component they �nd that this part of corporate bond spreads is strongly

related to measures of bond speci�c illiquidity such as the size of the bid-ask spread and the principal

amount outstanding, as well as to macroeconomic measures of bond market liquidity which is in line

with the other mentioned results. In addition Longsta� et al. (2005) also outline a strong positive

relation between the non-default component and the time-to-maturity of the bond and indicates thus

that bonds with a shorter time-to-maturity are less liquid than bonds with longer time-to-maturity.

Note however also on the other hand that Bongaerts et al. (2011) in fact �nd evidence that the bond

market liquidity can also a�ect CDS spreads through a hedging argument. They derive an equilibrium

asset pricing model incorporating liquidity risk, derivatives, and short-selling due to hedging of non-

traded risk and show that the pricing of liquidity risk is di�erent for derivatives than for positive-net-

supply assets, and depends on investors' net non-traded risk exposure. When estimating this model for

the credit default swap market, they �nd strong evidence for an expected liquidity premium earned by
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the credit protection seller. Their results thus suggest that CDS spreads are no frictionless measures

of default risk. However, as the e�ect of liquidity risk in the model by Bongaerts et al. (2011) is

signi�cant but economically small this thesis will use CDS spreads as a direct measure of credit risk,

and leave it for further research to disentangle the rollover risk based liquidity e�ect from the hedging

liquidity e�ect.

5.2 Rollover risk determinants

Due to its de�nition, a �rm's rollover risk is �rst of all determined by the debt market liquidity. To

repeat from the former sections, a deterioration of the debt market liquidity causes the suppression of

the market price of the �rm's newly issued bonds and thus the equity holders face rollover losses when

renewing their debt position. As a result equity holders become more reluctant to keep the �rm alive

even though the falling bond price is not caused by a deterioration of the �rm's fundamental value

itself and as a direct consequence the equity holders increase the default threshold, VB. In this sense

the change in the debt market liquidity directly a�ects the �rms' credit risk through the rollover risk

channel. Further, also the calibration of the He and Xiong model in the former section illustrated that

the �rms' rollover risk is an increasing function in debt market illiquidity. Thus, using an illiquidity

measure when analysing the signi�cance of the rollover risk is a good starting point.

However as also explained in �gure 2 the illiquidity measure is not exclusively linked to �rms' credit

spread through the rollover risk channel. As mentioned, a change in bond market liquidity has also a

direct e�ect on the credit spread which is driven by the bond investors exposure to an idiosyncratic

liquidity shock and leads to an increase of the �rms' liquidity premium (see section 3 for a more de-

tailed explanation). Thus, as a change in the credit spread also can arise through the direct illiquidity

channel a signi�cant illiquidity measure on its own will not be evidence for the rollover risk channel

when running a regression.

However as stated above, this thesis will as a new approach base the empirical analysis on �rms' CDS

spreads. By doing so the model is actually able to eliminate the possibility that a signi�cant illiquidity

coe�cient obtained by the model is motivated by the direct illiquidity channel and will thereby also

have a stronger evidence for a rollover risk(see �gure 2). However as the recent literature has not yet

disclosed whether there exist factors like the one stated by Bongaerts et al. (2011) which link the

debt market liquidity and �rms' credit risk beyond the rollover risk channel, any signi�cant illiquidity

measure obtained by the model can in fact only prove that there is a linkage between debt market

liquidity and credit risk, but not whether this linkage actually is driven by the rollover risk channel.

However for now it is assumed that there is no signi�cant impact of other indirect liquidity channels

and the illiquidity measures itself is thus also used as a proxies for �rms' rollover risk.

A more direct estimate for the presence of rollover risk is however the maturity of corporate bonds. As

the former section showed, changing the debt maturity of the �rm's issued bonds has all else equal a

major e�ect on whether the equity holders rollover cash �ow d(Vt,m)−p is greater or less than zero and
determines furthermore the magnitude of the equity holder's rollover gains/losses. Furthermore, this

is also in line with the �ndings by Leland and Toft (1996). In their paper, Leland and Toft numerically

illustrated that shorter debt maturity can lead a �rm to default at a higher fundamental boundary.
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Thus, for bonds with shorter debt maturity will an increase in illiquidity all else equal lead to a greater

default premium in the credit spread.

Now while a change in the illiquidity measure both will have an impact on the �rms' credit risk whether

there is a rollover risk channel or not, a change in the �rms' term-structure, i.e. a shorter or longer

maturity structure of the �rms' issued bonds, will only have an impact on the illiquidity e�ect through

the �rms' rollover risk channel. This was also outlined in the former section where it in fact was shown

that a shorter debt-maturity will amplify the e�ect of �rms' rollover risk.

As a �rms' rollover risk is determined by its overall debt maturity rather than the maturity of a par-

ticular bond, the �rm's short-term debt to total debt ratio is used to implement the debt maturity

e�ect in the empirical rollover risk model. This is of cause only one way to take the maturity impact

into consideration, but the advantage of doing so is that it �rst of all is a very simple measure and

that it directly measures the degree of the �rms' overall rollover exposure and does not rely on a

speci�c bond or similar. Note however as there is no unique de�nition of short-term debt and a �rms'

short term debt typically not exclusively is determined by the �rm's short-term bonds the measure

might be a somehow imprecisely maturity risk measure21. However, for now it is assumed that the

short-term debt to total debt ratio all else equal re�ects an appropriate measure of the �rms' rollover

risk exposure. The use of another, potential better measure is meanwhile left for further investigations.

Obvious, the short-term debt ratio re�ects not on its own the �rms rollover risk. As discussed earlier

its importance moreover arises through the fact that it is a parameter amplifying the e�ect of a change

in bond market liquidity. However, as this parameter in fact represents an exclusive measure of �rms'

rollover risk the direct rollover risk measure in the model will be de�ned as the �rms' short-term debt

to total debt ratio times the illiquidity measure. The illiquidity measure on its own is also added to

the model, but as it moreover re�ects the signi�cance of a linkage between debt market liquidity and

credit risk and thus moreover re�ects a base measure for the presence of rollover risk, the term named

as the indirect rollover risk measure of the model. Finally, the model assumes a positive relationship

between the illiquidity premium and �rms' rollover risk as a deterioration in the debt market liquidity

leads to lower market prices and thus implies increased rollover losses. To sum-up, a �rm's rollover

risk is in the rollover risk model covered in this thesis de�ned by the market illiquidity premium and

its interaction with the short-term debt to total debt ratio, that is

Rollover Riskit = β1 · Illiquidityit + β2 ·
Short-term Debt

Total Debt
· Illiquidityit (5.1)

where β1 > 0 and β2 > 0 whereas the sign it indicates observations for �rm i at time t. Due to this

construction of the rollover risk determinants, the actual rollover risk component will be �rm speci�c.

The use of the illiquidity premium and its interaction with the short-term debt to total debt ratio as

determinants of �rms' rollover risk and credit risk is also in line with Valenzuela (2011). Valenzuela

21For example can a �rm with a high degree of short-term bonds and a �rm with a high degree of short-term supplier
payables have the same short-term debt to total debt ratio, even though that these two debt types are very di�erent.
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analyses �rms' rollover losses determined by a bond market liquidity premium and using the �rms'

short-term debt to total debt ratio. Furthermore Valenzuela states that

"Market illiquidity shocks increase the liquidity premium, pushing bond prices down and increasing the cost of rolling

over the maturing debt. This e�ect is ampli�ed with a higher short-term debt to total debt ratio as the short-term debt

has to be rolled over at a higher frequency"

(Valenzuela 2011, p. 10)

Using corporate bond spreads and a couple of rollover risk proxies and credit and illiquidity risk

controls Valenzuela (2011) shows in an empirical study that debt market liquidity a�ects corporate

bond spreads through the rollover risk channel. Using a rollover risk de�nition in line with equation

(5.1), Valenzuela speci�cally shows that �rms with a high proportion of short term debt over total debt

have higher rollover losses originated by market illiquidity. Furthermore, the e�ect of rollover risk on

corporate bond spreads is seen to be signi�cant even after controlling for all other known determinants

of corporate bond spreads and other heterogeneous e�ects of debt market illiquidity.

In addition Valenzuela (2011) analyses the signi�cance and size of rollover risk based upon �rms within

di�erent credit ratings and �nds that rollover risk is higher for speculative bonds than for investment

grade bonds. This is also in line with the calibrations of the theoretical model which speci�cally

indicated that the equity holder's rollover gains/losses depend on the credit rating of the �rm. Based

on this evidence for the impact of the �rm type on the credit risk the data sample used for the empirical

analysis will be divided into minor samples based upon the �rms' credit ratings.

5.3 The base rollover risk model

As outlined in �gure 8 the focus of the empirical analysis in this thesis is only the indirect illiquidity

e�ect de�ned as the rollover risk channel. Further, as outlined and motivated above the model will

use an illiquidity measure as well as the �rms' short-term debt to total debt ratio times an illiquidity

measure as proxies for the �rms' rollover risk. Furthermore, CDS spreads are used as a proxy for �rms'

credit risk and thus as measure of the impact of a change in debt market liquidity. In line with this,

the base rollover risk model used in the following empirical analysis is given by

CDSit = α+ β1 · Illiquidityit + β2 ·
Short-term Debt

Total Debt
· Illiquidityit︸ ︷︷ ︸

Rollover Riskit

+"`credit risk controls"' + εit (5.2)

where it again indicate observations for the i'th �rm at time t. Note that the �rst two regression pa-

rameters are directly motivated from the model in He and Xiong (2012), whereas the overall regression

is based upon the models and �ndings provided in Merton (1974), Valenzuela (2011) and Dick-Nielsen

et al. (2012). Illiquidityit provides any reasonable illiquidity measure/premium and the speci�c mea-

sures used in my analysis are discussed in the following sections. Note further that the direct rollover

risk measure, Short-term Debt
Total Debt · Illiquidityit, for convenience reasons in the following will be labelled and

referrred to as �Rolloverit�.

The following section brie�y outlines the selected framework and data samples used for the increments

of the base rollover risk model and the empirical analysis.
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6 Data sample description and characteristics

This section gives an overview of the selected framework for the applied data samples in the empirical

analysis of the impact of rollover risk on �rms CDS spread.

6.1 Reference entities

Since this thesis as a new approach will use credit default swap (CDS) data for the empirical study the

data sample is restricted to only cover those �rms for which CDS contracts are trading. Therefore, the

list of companies included in the analysis is based upon Markit data's list of the most traded/liquid

contracts for North American companies in the single name CDS market. The Markit CDX index

is a family of indices covering multiple sectors. Knowing that the �rm type has an impact on the

signi�cance of �rms rollover risk the empirical study is based on Markit's CDX index for investment

grade companies and high yield companies and includes companies as of the Markit CDX list no.

19. The CDX index list for investment grade companies covers 125 names whereas the list for high

yield companies covers 100 names. Note that companies categorized as high yield (investment grade)

companies relate to entities that have been assigned a long-term speculative (investment grade) credit

rating by a relevant rating agency, such as S&P, Moody's or Fitch. That is a rating within BB to D

credit rating whereas investment grade companies have ratings from AAA to BBB.

Unfortunately, not all information covered in the analysis is available for all listed companies in the

Markit CDX family. Companies for which this is the case are excluded from the study, leaving the

analysis with 80 high yield companies and 120 investment grade companies. A list of these companies

and some general information used in the analysis is given in appendix E.1.

6.2 Transaction data from TRACE

The calculation of illiquidity measures is based upon transaction data collected from TRACE (Trade

Reporting and Compliance Engine) through WRDS (Wharton Research Data Services). The TRACE

database covers all secondary over-the counter corporate bond transactions. The consolidation of

transaction data for all eligible corporate bonds became e�ective in July 2002 and today the database

contains the execution time, price, yield, and volume for all publicly traded bonds. However, as

mentioned in Dick-Nielsen (2009) the TRACE database also covers reports that are errors, i.e. reports

that are later corrected, cancelled etc. but not are deleted or excluded from the database. Following

Dick-Nielsen (2009) 7.7% of the TRACE reports are of this type and not correcting for these will

bias liquidity measures in the direction of a more liquid market. In order to avoid this the extracted

TRACE data is cleaned in line with Dick-Nielsen (2009) before calculating the illiquidity measures.

6.3 Study period

The empirical study contains data for the period October 2004 to September 2012. As mentioned

does the empirical model include transaction data from TRACE which has consolidated transaction

data since July 2002. However, not all bonds reported were initially publicly disseminated. Following

Goldstein et al. (2007) full dissemination for the universe of corporate bonds was implemented in
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October 2004. Since then, almost all bonds except some very lightly traded bonds are disseminated.

As this is assumed not to in�uence the results the start date of the study is set to October 2004.

Further, at the time when data was collected the share price information of the included �rms was only

available until September 2012. The share price information is obtained from CRSP through WRDS

and used for the calculation of the �rms equity volatility. Thus, to have all data available for the whole

period the analysis in the other end restricted to end ultimo September 2012.

Note further, that the eight-year period covers the 2007-08 �nancial crisis and for later the period

is divided into 3 minor sub-periods. The �rst period, denoted as the pre-crises period, reaches from

October 2004 to the beginning of the sub-prime mortgage crisis in April 2007. The second period covers

the peak of the crises and is set to end in March 2010. The period end is set due to the United States

adoption of the Dodd-Frank Wall Street Reform and Consumer Protection Act22 in Summer 2010. As

a response to the late-2000s �nancial downturn the act was signed into federal law by President Barack

Obama in July 2010 and brought the most signi�cant changes to �nancial regulation in the United

States since the regulatory reform that followed the Great Depression and a�ected all federal �nancial

regulatory agencies and almost every part of the nation's �nancial services industry23. The third

period, denoted as the post-crises period includes the continued downturn after and the consequences

of the crises and covers the period April 2010 to September 2012. Figure 9 shows the average CDS

spread development for the entities included in my analysis and indicates further the sub-periods.
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Figure 9: The historical development of CDS spreads

As the analysis further relies on monthly observations all variables included are derived on a monthly

basis. In the perfect case where all data is available this would leave the analysis with 96 observations

per entity. However as not every monthly CDS spread is available for all entities the raw data sample

contains in total 15,295 observations, i.e. 10,343 observations corresponding to investment grade com-

panies and 4,952 observations corresponding to high yield companies24.

22www.gpo.gov/fdsys/pkg/PLAW-111publ203/html/PLAW-111publ203.htm
23The Wall Street Journal, July 16, 2010, �Law Remakes U.S. Financial Landscape� by D. Paletta and A. Luccetti
24As some of the companies change name during the study period and I have no information about the reason of the
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How much data is available for the individual entity depends further in general upon the �age� of the

data. In general there is more data available as newer the data is. This might be due to the fact that

some of the �rms did not had CDS's in the early years or because of lack of information storage. In this

sense, there is also a wide di�erence in the number of observations within each sub-period. Only for

about 34% of the high yield companies is information about the �rms' CDS spreads available within

the pre-crises period. The percentage increases to 71% for the peak-crises period and to 88% for the

post-crises period. For investment grade companies, the percentage is in general higher. For about

80% of the investment grade companies included in the analysis CDS spread information regarding

the pre-crises period was available. For the peak-crises and post-crises periods the number increases

to 92% and 98% of the investment grade companies.

6.4 Firm type

The reference entities included in the analysis contains publicly traded �rms operating both in the

�nancial and non-�nancial sectors. The distribution of the 200 reference entities in the �nal sample is

given as followed: Consumer Discretionary (26.0%), Consumer Staples (14.5%), Industrials (12.5%),

Financials (9.5%), Information Technology (8.5%), Materials (7.0%), Energy (7.0%), Health Care

(7.0%), Utilities (4.5%) and Telecommunications (3.5%).

In order to highlight the rollover risk channel, He and Xiong (2012) focus on only �nancial �rms who

often have a di�erent debt structure. Speci�cally, �nancial �rms seem often to be characterised by a

higher leverage ratio compared to other sectors. Other somehow special sectors include energy and

utility �rms, which due to their focus on public resources and utilities often are state-owned companies

and thus may have a non-pro�t target. However, due to the restricted data sample which only covers

those �rms for which CDS contracts are trading, the analysis includes to begin with �rms within all

sectors. In a later section the overall di�erence in leverage degrees is outlined and the impact of the

rollover risk channel across the �nancial, energy and utility as well as non-�nancial and non-public

�rms included in the data samples is analysed.

6.5 Data cleaning method

In order to reduce the amount of potential errors and outliers in the data sample, the data is cleaned

as followed before running the regressions: First of all, I eliminate the top and bottom 0.05% of the

CDS data in my analysis. This has the aim to reduce the amount of outliers and as high yield and

investment grade companies typically have very di�erent levels of CDS spreads, �rm size, leverage

and so on I clean the data for the high yield and investment grade company data samples separately.

Second, I drop observations where any of the variables included in the full model exceed the sample

mean by more than �ve standard deviations. Again, I do so for the high yield and investment grade

company data sample separately.

This cleaning method leaves the analysis with a �nal sample containing 14,419 monthly CDS observa-

tions, i.e. 9,888 corresponding to investment grade companies and 4,531 to high yield companies.

name shift, I only include observations regarding the latest names of the companies.
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7 Empirical methodology

This section provides details of the regression analysis and outlines the base regression model and the

parameters included in the analysis. In particular this section presents the set of illiquidity measures

and rollover risk measures, as well as the �rm speci�c items used in the empirical analysis.

Note that all the derivations covered in this section and also the later run regressions which are

presented in section 9 are run by using the SAS 9.3 programming tool.

7.1 The base regression

The base regression model in this thesis follows as mentioned before the set-up as provided in Valen-

zuela (2011) and Dick-Nielsen et al. (2012) who beside illiquidity and rollover risk measures use the

Merton (1974) motivated credit risk measures leverage and equity volatility as well as other credit risk

controlling parameters.

For each regression model the analysis covers 3 regressions using monthly observations, one for each

rating class and one for the whole data sample. The base rollover risk regression model (also referred

to as the full regression model) is given by

CDS spreadit = α+ β1 · Illiquidityjit + β2 · Rolloverjit︸ ︷︷ ︸
Rollover risk measures

+ γ1 · Leverageit + γ2 · Equity Volatilityit︸ ︷︷ ︸
Merton type credit risk measures

+ γ3 ·
Operating incomeit

Revenueit
+ γ4 · Firm Sizeit + γ5 ·

Short-term Debtit
Total Debtit︸ ︷︷ ︸

Other credit control measures

+ γ6 · Swap ratet︸ ︷︷ ︸
Macro credit risk measure

+εit (7.1)

where i refers to the CDS issue and t determines the time (year and month). Further Illiquidityjit(j ∈
1, 2, 3) and Rolloverjit(j ∈ 1, 2, 3) contain one of the 3 illiquidity proxies which are outlined in more

detail in the following section. As my focus in the analysis is to outline the importance of �rms' rollover

risk the regression analysis in the subsequent sections will focus on the signi�cance of the �rst two

regression parameters which represent the He and Xiong motivated rollover risk determinants.

Note that the data samples per construction contain panel data. That is, the data samples include

observations on multiple �rms as well as observations in multiple years which implies that the resid-

uals of the data may be correlated across �rms or across time. As this may lead to biased standard

errors when using the ordinary least squares method, a model using the panel data may over or under

estimate the true variability of the coe�cient estimates (see (Petersen 2009)). As a criticism, the

empirical model covered in this thesis does not correct for these potential time-series e�ects, �rm �xed

e�ects or heteroskedasticity in the residuals and an improvement of this is left for further investigation.
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7.2 CDS spreads

As outlined in the former section the present rollover risk model uses as a new approach �rms' CDS

spreads as the dependent variable as these represent a more clean price for credit risk than corporate

bond spreads. Speci�cally, the model uses 5-yr CDS spreads as these represent the most liquid CDS

spreads25 and for each reference entity the month-end CDS spread observations are collected from

Bloomberg. The quantiles for the CDS spreads covered in the data sample are given in table 2.

Table 2: Summary statistics for CDS spreads and Log(CDS) spreads covered in the 3 data samples

CDS spreads Log(CDS spreads)

Quantile All Companies High Yield Investment Grade All Companies High Yield Investment Grade

1st 12.250 35.855 11.570 2.50553 3.57948 2.44842

5tht 20.066 64.000 17.672 2.99903 4.15888 2.87198

10th 26.750 110.690 22.750 3.28653 4.70673 3.12457

25th 46.415 220.000 36.716 3.83762 5.39363 3.60320

50th 99.175 395.582 63.147 4.59689 5.98036 4.14547

75th 268.739 638.529 116.944 5.59374 6.45917 4.76169

90th 577.764 1036.467 189.051 6.35917 6.94357 5.24202

95th 810.401 1465.560 263.141 6.69753 7.28999 5.57269

99th 1766.918 2702.719 531.600 7.47699 7.90201 6.27589

Mean 229.10 525.00 93.51 4.72 5.90 4.18

Std. Dev. 354.13 501.52 95.52 1.16 0.89 0.83

Skewness 4.28 2.88 3.12 0.33 -0.38 0.21

As seen from the table, the grand average CDS spread for the total data sample is about 229.10 bps. As

the average level in fact is very close to the 75% quantile and signi�cantly higher than the median this

indicates that the distribution of the CDS spreads is highly positively skewed. In fact, the skewness

estimate for the total data sample is 4.28. Also, when analysing high yield �rms and investment grade

�rms separately, I �nd highly positive skewed CDS spread distributions. The average CDS spread for

high yield companies is about 525.00 bps and for investment grade �rms about 93.51 bps. As seen

from table 2, also the high yield and investment grade data samples have positively skewed CDS spread

distributions. The skewness is for the high yield data sample estimated to 2.88 and for the investment

grade companies estimated to 3.12.

However, when taking the natural logarithm on the CDS spreads much smaller skewness estimates

at 0.34 are obtained for the total data sample (-0.38 and 0.21 for respectively the high yield and

investment grade data sample). This suggests that the Log(CDS spreads) samples imply much better

distributional behaviours that are closer to the normal distribution (e.g. see appendix F.1 which covers

histograms for the Log(CDS spreads)). In line with the �ndings and empirical analysis by Bai and Wu

(2012), I therefore use the logarithmic term of the CDS spreads when running the regression.

7.3 The Rollover Risk measures

In order to measure the e�ect of the rollover risk on �rms credit risk the empirical model covers a

two-legged rollover risk measure in the regression model. As indicated in the presented base regression

model the overall rollover risk measure consists of an illiquidity measure and the �rms short-term debt

to total debt ratio times the illiquidity measure as a more direct rollover risk measure.

25CDS contracts are the most liquid at the 5-year horizon when measured by the number of dealers o�ering quotes.
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The model by He and Xiong (2012) shows that a deterioration in the bond market liquidity leads to

signi�cant rollover risk and higher credit risk for �rms. However, the model does not indicate or discuss

which kind of bond market liquidity has to be used, i.e. if it should be a market based or �rm speci�c

illiquidity measure or which measure explains the rollover risk issue best. In order to provide measure

independent results and further to provide robustness checks of the model I choose to use three types

of illiquidity measures throughout the whole analysis. Speci�cally, I will use two �rm speci�c and one

market wide illiquidity measure.

For the two �rm speci�c measures I use the so-called �Amihud Measure� following Amihud (2002)

which is based on the theoretical model by Kyle (1985). The Amihud measure is an illiquidity measure

de�ned as the daily ratio of absolute stock return divided by the total trade size (volume), averaged

over some period. The measure can be interpreted as the price response of a trade per dollar-unit

traded and serves thus as a price impact measure.

As mentioned, the regression model be run on two �rm speci�c Amihud illiquidity measures: The

�rst, denoted illiquidity1, is based on the companies reference bond only. Following the de�nition of

Markitdata, the �rms' reference bond is the �rm's most traded bond and based upon these reference

bonds Markitdata's selects the �rms listed the CDX Index of North-America's 100 (125) most traded

high yield (investment grade) �rms. As I base my company data upon Markit CDX lists no. 19 as

of September 2012, the used reference bonds are the most liquid bond of the �rms at the time of

September 2012. Thus using this measure implies a highly liquid �rm based measure, but is however

only the latest most liquid measure and also a very sensitive illiquidity measure as it only relies on

one single bond for each �rm. Secondly, I use an Amihud measure, Illiquidity2, which is based on the

weighted average of all the �rm's outstanding bonds traded in the respective period. Compared to the

Amihud measure which only relies on the reference bond, this measure is in general more liquid, but

is somehow more robust and less sensitive to changes of the liquidity of individual bonds.

For each corporate bond, I �nd the Amihud measure by calculating the daily average of absolute

returns rj of consecutive transactions divided by the trade size Qj (in million $), i.e.

Amihudt =
1

Nt

Nt∑
j=1

∣∣∣Pj−Pj−1

Pj−1

∣∣∣
Qj

(7.2)

Note, that Nt counts the number of returns on day t and thereby equals the number of price observa-

tions on day t minus 1. Clearly this implies that the calculation of the Amihud measure requires at

least two transactions on a given day. As the empirical study is based upon monthly observations the

monthly Amihud measure is calculated by taking the median of daily measures within the month. For

the �rst Amihud measure this method is used for the �rms' reference bond only, whereas the second

measure �nally is obtained by further taking the volume weighted average Amihud measure of all the

entities bonds traded in the period (e.g. see appendix F.2.1). Note that I in the analysis will refer to

these measures as AmihudRef. and AmihudPortfolio.

The third illiquidity measure, Illiquidity3, which is included in the analysis is the market illiquidity

measure derived in Dick-Nielsen et al. (2012). The market illiquidity measure, λ, is an equally weighted
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sum of Amihud's measure of price impact, a measure of roundtrip cost of trading, and the variability

of each of these two measures (all normalized to a common scale). Within this framework the Amihud

measure and the round trip cost measure can be said to measure the illiquidity, whereas the variability

measures are representing illiquidity risk. In the analysis this market based illiquidity measure repre-

sents the most robust and I refer to the measure as λMarket.

The direct rollover risk measure included in the analyses is given by the �rms short-term debt to

total debt ratio times an illiquidity measure. The motivation is as said before that a higher degree of

short-term debt ampli�es the e�ect of a deterioration in debt market liquidity on �rms rollover risk as

the higher frequency and the endorsed current situation increases the �rms credit risk.

The short-term debt to total debt ratio is based upon each �rm's balance sheet information collected

from COMPUSTAT through the WRDS. Whereas the �rm's total debt implies the companies' total

liabilities, the short-term debt represents the amount of debt which is due in one year, i.e. total

amount of short-term notes and the current portion of long-term debt. Note that this implies that the

short-term debt besides bond debt also includes other short-term payables. This might in fact be a

criticism of my direct use of the short-term debt to total debt ratio as a proxy for �rms' rollover risk.

One way to correct for the non-interesting short-term payables would be to either �nd more detailed

balance sheet items or to derive the ratio of bond debt to total debt and use this as a correction proxy.

For now, however it is assume that the short-term debt to total debt ratio is a su�cient measure of

the �rms rollover frequency.

As company reports and �nancial statements are only published on a quarterly basis and the regressions

are based on monthly observations, I use the quarterly balance sheet information for each month within

the respective quarter. Thus, balance sheet information for the fourth quarter 2004 is aligned to be

used for both October, November and December 2004. Again, the su�ciency of this approach can be

discussed but potential corrections are left for further investigations.

As the analysis will run the regressions by using the three outlined illiquidity measure the model

also will cover three di�erent direct rollover risk measures: �rstly, Rollover riskRef. derived as �rms

short-term debt to total debt ratio times AmihudRef., secondly Rollover riskPortfolio derived as �rms

short-term debt to total debt ratio times AmihudPortfolio and �nally the market based rollover risk

measure Rollover riskMarket derived as �rms short-term debt to total debt ratio times λMarket.

7.4 Merton type credit measures

Merton (1974) found that �rms' debt to �rm value (leverage) as well as the variance (or volatility)

of the �rms' operations are important determinants of the �rm's credit risk, and stated that the risk

premium, for a given maturity, is a function of only these two variables. Since then, the measures

have been used, however not exclusively, as key measures of �rms credit risk in both theoretical and

empirical models. In line with these �ndings and the overall proof of this in the literature these two

credit risk measure are expected also to have an important impact on �rms' CDS spreads in the pre-

sented rollover risk model. Therefore I include both a proxy for the �rms leverage and a proxy for the

variance in the �rms' value and its business risk and use these as the base credit risk measures in my

regression analyses.
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As a measure of the leverage, i.e.the degree to which the �rms are utilizing borrowed money, I use the

�rms' total debt to total asset ratio. Companies that are highly leveraged are mostly characterised as

�rms being at risk of bankruptcy if they are unable to make payments on their debt. Of course as

outlined by Miller (1977) and Leland and Toft (1996), leverage is not always bad as it can increase the

shareholders' return on investment and they often have tax advantages associated with borrowing (e.g.

see equation (2.19) in section 2.2.2). In fact Graham (2000) showed in a sample of 87,643 American

�rm-year observations that the capitalized tax bene�t of debt equals 9.7 % of �rm value. However,

when the �rms' bankruptcy costs are relatively signi�cant these might at some point outweighs the

tax bene�t obtained from increasing leverage. In line with this Leland (1994) derived the optimal

capital structure, which however empirically not always will be ful�lled. Note further, even if it might

be somehow basic knowledge that a leverage ratio di�erent from zero in the rollover risk model is a

requirement in the same sense as it is in the Merton model; When the �rms holds no debt, there

is no credit risk and thus also no rollover risk. The balance sheet information is collected from the

COMPUSTAT database through WRDS and the last known quarterly observations is used as monthly

observation for the months within the respective quarter.

As a proxy for the variance in the �rms' value and its business risk the �rms' equity volatility is

included in the model. The equity volatility, σSt , is derived assuming that equity prices follow a

geometric Brownian motion. Thus,

σSt =

√√√√ 1

N∆t

N∑
i=1

(
ln

(
Sti
Sti−1

)
− ξ̄
)2

(7.3)

where ξ̄ = 1
N

∑N
i=1 ln

(
Sti
Sti−1

)
= 1

N [lnStN − lnSt0 ]. The stock price information is collected from the

CRSP database in WRDS and I use the daily closing price for the respective �rms. Further, the day t

volatility measure is based on daily price change observations over the prior 90 days period, i.e. N = 90

and ∆t = 1
252 . Finally, the model uses the derived equity volatility measure of the last trading date of

the month as the monthly measure which is the same day for which the CDS spreads are extracted.

The �rms' monthly equity volatility is derived by using the SAS 9.3. programming tool in combination

with excel (e.g. see appendix F.2.2).

7.5 Other credit risk measures

In order to control for further credit risk measures the empirical model includes also a couple of balance

sheet based variables. First of all, I add the ratio of the �rms' operating income to revenue and use

this as a cash-generating ability measure. Secondly, I add the ratio of short-term debt to total debt as

a stand-alone explanatory variable measuring both the �rms' current short-term �nancing and current

credit risk, as well as its rollover frequency. As a third measure I include information about the �rms'

amount of total assets and use it as a proxy for the size of the �rm. The �rm speci�c balance sheet

items are based upon quarterly reports and company information collected from the COMPUSTAT

database in WRDS. As the model covers monthly data the quarterly data for each of the respective

months covered in the quarter is used. The balance sheet information will thus be the same for months
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within the same quarter. Whenever the balance sheet information is not used as a ratio, the respective

data will be included in logarithmic terms in order to obtain better distributional behaviour.

Finally, to control for macro e�ects, the model furthers contains the 1-year swap rate. The swap rate

measure is obtained from the H-15 Federal Reserve Statistical Release series and re�ects the monthly

1-year interest swap rate and operates in the model as a proxy for the general interest rate level.

7.6 Variable overview

The following table gives an overview of variables extracted for each entity in the study and used in

the regression analysis following in the next sections:

Table 3: Variable overview

Name Description Unit Source

Dependent Variable

CDS spread Ultimo month price observations of 5 year senior credit
default swaps (the prices re�ect the average of the bid
and ask price for the respective entity and day).

USD bsp (in
log)

Bloomberg

Firm Speci�c Credit Risk Controls

Firm type Long-term investment grade or high yield rating. Indices/factor Markit-data

Credit Rating S&P Credit Rating covering 7 levels: AAA, AA, A, BBB,
BB, B, C and D.

Indices/factor COMPUSTAT

Income to revenue Operating income after depreciation divided by total rev-
enue.

Ratio COMPUSTAT

Firm Size Total Assets. USDm (in log) COMPUSTAT

Leverage Total debt divided by total assets. Ratio COMPUSTAT

Short-term debt to debt Short-term debt divided by total debt where the short-
term debt is the amount of debt which is due in one
year.

Ratio

Equity volatility The standard deviation of the day to day logarithmic
price change (90-days volatility).

Percent CRSP Database

Rollover risk measures

AmihudRef. Firm speci�c illiquidity measure de�ned as the monthly
median of daily Amihud measures for the �rm speci�c
reference obligation.

Unit TRACE data

AmihudPortfolio Firm speci�c illiquidity measure de�ned as the volume
weighted mean of the monthly median of daily Amihud
measures for each of the �rm speci�c obligation portfolio.

Unit TRACE data

λMarket Market based illiquidity measure determined as the
equally weighted sum of the Amihud measure, the mea-
sure of round trip cost of trading, and the variability of
each of these two measures (all normalized to a common
scale).

Unit Dick-Nielsen et al.
(2012)

RolloverRef. Firm speci�c proxy for �rm's direct rollover risk de-
�ned as the short-term debt to total debt ratio times
AmihudRef..

Unit TRACE and COM-
PUSTAT

RolloverPortfolio Firm speci�c proxy for �rm's direct rollover risk de-
�ned as the short-term debt to total debt ratio times
AmihudPortfolio.

Unit TRACE and COM-
PUSTAT

RolloverMarket Market based proxy for �rm's direct rollover risk de�ned
as the short-term debt to total debt ratio times λMarket.

Unit Dick-Nielsen et al.
(2012) and COMPU-
STAT

Macro Variable

Swap Rate 1-year interest swap rate Percent Federal Reserve Bank
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8 Initial data analysis

This section will give a short presentation and outline overall characteristics of the used data samples.

Due to this analysis the section will provide some �rst indications of the characteristic and importance

of �rms rollover risk and its relation to credit risk and furthermore outline some expectations and

predictions with respect to the empirical rollover risk model. The results of the regression analysis is

then covered in the subsequent section.

8.1 Data presentation

As the empirical model uses CDS spreads as the dependent variable it becomes a direct measurement

for the signi�cance of �rms' rollover risk on credit risk. Therefore, when analysing the signi�cance

of rollover risk it is also important to outline the general behaviour and tendencies observed over the

study period in the CDS spreads.

Due to the 07-08 �nancial crisis and the �nancial stability/instability before and after the crisis the

overall CDS spread level has varied a lot and has been characterised by �peaks�, i.e. quickly raising and

decreasing CDS spread levels. This is also re�ected in the CDS data covered in my samples. Figure

10 illustrates the development in CDS spreads obtained from Bloomberg for the period October 2004

to September 2012 and re�ects the monthly average of the CDS spreads covered in the high yield and

investment grade data samples26. As seen in the �gure, the CDS spreads are on an overall stable level
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Figure 10: The historical development of the CDS spreads for high yield and investment grade companies

in the pre-crisis period while the CDS spreads in the active phase of the crisis shows a clear increase. In

fact the average CDS spreads in my total data sample increase from about 67.9 bps to nearly 290.0 bps

indicating an increase of more than 300% within a 5 year period. The post-crises period shows again

more stable CDS spreads with an average of 274 bps and is thus on a signi�cantly higher level than in

was in the pre-crisis period. Besides the general tendency the �gure illustrates the credit rating based

26The tendency and di�erence between high yield companies and investment grade companies is also kept when using
the logarithmic term of the CDS spreads, see �gure 24 in appendix G.1.
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di�erence in �rms' CDS spreads. High yield companies, which cover �rms with BB ratings or lower,

are in general seen as high risk companies. As CDS spreads as mentioned are seen as the "`insurance"'-

price for the respective reference company, which will be higher priced if the company is more risky,

the high yield companies will in general have higher CDS spreads than investment grade companies

(companies with AAA to BBB credit ratings). As seen in �gure 10 the high yield companies show in

all sub-periods higher CDS spreads. Especially the di�erence between credit ratings is shown in the

peak crisis period where the average di�erence between the CDS spreads for the companies covered

in my high yield and investment grade data samples is about 525 bps. Note further that the active

phase of the crisis shows the highest variation (see table 20 in appendix G.2 for speci�c numbers of

the average CDS spreads and standard deviation). The overall decline in the �nancial markets is also

re�ected in the �rms' asset values and equity volatility. At time of the default of Lehman Brothers,

the �rms' asset values declined immediately, while the �rms' equity became more volatile at the peak

of the crisis (e.g. see �gure 25b and 25a in appendix G.3).

When analysing the signi�cance of �rms' rollover risk it is interesting to see whether a potential impact

of the rollover risk on �rms' credit risk is more or less signi�cant and/or ampli�ed in times of �nancial

instability and thus follows the overall market tendencies. A primer indication of the behaviour of

�rm's rollover risk is given by looking at the general development in the �rms' leverage and short-term

debt to total debt ratios within the study period.
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Figure 11: Development of the �rms' leverage and short-term debt to total debt ratios

As seen in panel (a) of �gure 11 the �rms' leverage ratio has increased signi�cantly in the recent years,

beginning with the sub-prime crisis. Especially high yield companies which in general have a higher

degree of debt �nancing have experienced a huge increased in the fraction of total debt to assets,

raising from about 31% to more than 41% under the crisis and ended at 46% in the post crises period

(see appendix G.2). For a comparison, the debt �nancing fraction for the investment grade �rms only

raised from about 23% to 26% under the crisis and felt again to 25% in the post-crisis period. Even

though that the overall asset value of the �rms was also a�ected by the crisis and thus experienced a

downward peak in the active phase of the crisis, the overall increasing leverage ratios are mainly driven

by the �rms' increased debt positions (in absolute numbers). Hence, the �rms' ratio of debt �nancing
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increased in times of �nancial instability and implied, indicated by the increasing CDS spreads, also

a higher credit risk. Note that this follows the theory and general predictions of the Merton (1974)

model and thus are no surprising observations. With respect to rollover risk, the increased overall

leverage ratio further also provide a higher potential for rollover risk as this, despite the debt maturity,

increases the total debt amount needed to be rolled over.

However when looking at the development in the short-term debt to total debt ratio it is seen that the

ratio actually decreases in times of the �nancial crisis. The average short-term debt to total debt ratio

is illustrated in panel (b) of �gure 11 and the shown decrease is driven by two main factors. Firstly, as

mentioned the total amount of debt increased with the beginning of the sub-prime crisis and increased

even further in the years after the active phase of the crisis. Secondly, the total amount of short-term

debt �nancing actually decreased in times of �nancial instability.
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Figure 12: Development of the total amount of short-term debt

As illustrated in �gure 12 both the high yield and investment grade �rms' total short-term debt amount

was suppressed at the peak of the �nancial crisis. Following Acharya et al. (2011) the collaps of short-

term funding at the time of the �nancial crisis was due to the so-called market freeze phenomenon:

"One of the many striking features of the crisis of 2007 to 2008 was the sudden freeze in the market for the rollover of

short-term debt. From an institutional perspective, the inability to borrow overnight against high quality but long-term

assets was a market failure that e�ectively led to the demise of a substantial part of investment banking in the United

States. More broadly, it led to the collapse, in the United States, the United Kingdom, and other countries, of banks

and other �nancial institutions that had relied on signi�cant maturity mismatch between assets and liabilities, and,

in particular, on the rollover of short-term wholesale debt in the asset-backed institutions relied heavily on short-term

�nance prior to the crisis, but we do not attempt to explain why this was so."

(Acharya, Gale, and Yorulmazer 2011, p. 1177)

Thus, the �rms' short-term debt �nancing position was in overall suppressed by the �nancial crisis

and obtained among other a signi�cant downward peak at the time of the default of Lehman Brothers

in October 2008. Note here further that the investment grade companies in general hold a higher

fraction of short-term debt. In addition the short-term debt to total debt ratio was for both �rm types

highly a�ected by the �nancial crisis and the investment grade and high yield companies experienced a

decrease of respectively 20% and 45% from August 2008 to October 2008. Speci�cally, the short-term

debt ratio for investment grade (high yield) �rms felt on average from about 13.0% (5.8%) in the active
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phase of the crisis to 10.3% (3.1%) in the aftermath period of the crisis. Thus whereas investment

grade companies hold more short-term debt, the increased uncertainty in the �nancial markets seems

to have a higher impact on the short-term debt to total debt ratio for high yield companies.
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Figure 13: Figures for the illiquidity and direct rollover risk measures

In relation to the �rms' rollover risk, the above discussion indicates that even though the �rms' CDS

spreads increase in times of �nancial instability the rollover risk exposure, which is measured by the

short-term to total debt ratio, decreases. Hence, this might imply that the signi�cance of the rollover
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risk channel will be lower in times of �nancial crisis. As the model however as the direct rollover proxy

will use the short-term debt to total debt ratio times an illiquidity measure it is further important to

look on the development in the illiquidity measures.

As outlined in the former section the rollover risk model uses three di�erent illiquidity measures. For

each of the three measures it applies that a higher value indicates a higher degree of illiquidity and as

mentioned is the reference bond based Amihud measure the most sensitive measure. This is due to

the fact that it only depends on the �rms latest reference bond, whereas the portfolio based measure

depends on all the �rms' bonds. Further, the market based λ measure represents the overall bond

market illiquidity in this analysis and is the less sensitive measure. This is also re�ected in �gure 13

which illustrates the overall development of the used rollover risk proxies.

While the reference bond based illiquidity measure shows a wide variation where an increase in the

illiquidity only is observable for the investment grade companies, the market measure shows a very

smooth increase in the bond market illiquidity until October 2008. After this time the measure begins

to decline. The bond portfolio based illiquidity measure is also more volatile than the market mea-

sure, but is more smooth and shows a more clear increase and decrease than the reference bond based

Amihud measure.

Hence, as both the �rm speci�c as well as market based illiquidity measure show a deterioration of

bond liquidity in the mid-crisis period, the rollover risk model implies that the �rms will have a higher

degree of rollover risk and thus probably have a greater impact on the �rms CDS spreads. As men-

tioned, the short-term debt to total debt ratio showed a decrease in times of �nancial insecurity, but

as shown in �gure 13b, 13d and 13f, the illiquidity measures seem to dominate when calculating and

plotting the direct rollover risk measure (at least for the investment grade companies). Even when

looking at the �rm speci�c direct rollover risk measures a tendency in line with the shown CDS spreads

is observable.

To sum-up from the above, the �rst data analysis already provides some minor empirical indications

for a positive relation between the determinants of rollover risk and �rms credit risk and thus also for

a rollover risk driven impact on the �rms' CDS spreads.

8.2 Summary statistics for the rollover risk proxies

Further indications of the behaviour of the rollover risk measure can be found when looking at some

summary statistics for the rollover risk proxies. Table (4) shows for the total data sample the quantiles

for and the correlation between the illiquidity and direct rollover risk measures.

As it can be seen in panel A the median reference bond based Amihud measure is 0.00610. This implies

that a trade of $ 300, 000 in an average bond moves the price by about 0.183%. Meanwhile the Amihud

measure based on the �rms' bond portfolio is 0.00535 which similar means that a trade of $300, 000 in

an average bond increases the price by nearly 0.161%. By comparing these numbers to the �ndings of

Dick-Nielsen et al. (2012) I �nd slightly higher price e�ects. Note here, that I similar to Dick-Nielsen

et al. (2012) have eliminated small transactions de�ned as transactions with a trade volume lower

than $ 100,000 before calculating the Amihud measures. This is done in order to reduce the amount
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Table 4: Rollover risk statistics for the dataset including all companies

Panel A: Summary statistics for rollover risk proxies, all companies

Quantile AmihudRef. AmihudPortfolio λMarket RolloverRef. RolloverPortfolio RolloverMarket

1st 0.00000 0.00025 -1.30126 0.00000 0.00000 -0.47746

5tht 0.00040 0.00081 -1.17408 0.00000 0.00000 -0.26840

10th 0.00078 0.00134 -1.12084 0.00000 0.00000 -0.15727

25th 0.00234 0.00275 -0.65307 0.00005 0.00007 -0.04919

50th 0.00610 0.00535 -0.12289 0.00034 0.00036 -0.00118

75th 0.01617 0.01001 0.32409 0.00138 0.00102 0.01696

90th 0.03744 0.01818 2.01124 0.00378 0.00219 0.10067

95th 0.05852 0.02564 2.69332 0.00652 0.00335 0.23228

99th 0.10812 0.04513 3.69657 0.01539 0.00721 0.71148

Panel B: Correlation matrix for rollover risk proxies, all companies

AmihudRef. AmihudPortfolio λMarket RolloverRef. RolloverPortfolio RolloverMarket

AmihudRef. 1.00000 0.47577 0.19305 0.59135 0.22124 0.17861

AmihudPortfolio 0.47577 1.00000 0.32331 0.26396 0.53197 0.25497

λMarket 0.19305 0.32331 1.00000 0.14323 0.14469 0.68983

RolloverRef. 0.59135 0.26396 0.14323 1.00000 0.61138 0.23405

RolloverPortfolio 0.22124 0.53197 0.14469 0.61138 1.00000 0.19419

RolloverMarket 0.17861 0.25497 0.68983 0.23405 0.19419 1.00000

of "`false"' trade prices in the sense that small transactions mostly are executed by traders who have

no bargaining power and are paying high transaction costs. The price obtained through such a trade

is highly a�ected by this and does thus not re�ect a clear trading price. When not eliminating small

trades I actually �nd price e�ects of 8.33% respectively 3.33%.

Further, when looking at the quantiles for high yield and investment grade companies separately it is

seen that the median illiquidity measures as well as the median rollover risk measures for the investment

grade companies are slightly higher, see table 22 and 23 in appendix G.4. This might indicate that the

investment grade companies have experienced a higher liquidity impact of the �nancial crisis and that

also the investment grade companies' rollover risk will show a higher signi�cance when analysing the

results of the subsequent empirical model. The tendency is also re�ected in �gure 13.

The correlations in panel B show that the illiquidity measures and the respectively direct rollover risk

measures are highly correlated. This is however not surprising, as the direct rollover risk measure is

determined by the illiquidity measure itself, e.g. Short-term Debt
Total Debt · Illiquidityj as outlined in the empiri-

cal framework section. Note however that also the illiquidity and direct rollover risk measures across

the di�erent illiquidity de�nitions show positive correlations. In this sense, the 3 di�erent illiquidity

measures can be used as a robustness check of the rollover risk model.

Besides that the illiquidity measure themselves show positive correlations the illiquidity measures are

further highly correlated with the Merton based measures �Leverage� and �Equity Volatility� (see ap-

pendix G.5). As this might arise problems with respect to multicollinearity and thus might lead to

under- or overestimations of coe�cients for the explanatory variables, it is important to have this in

mind when analysing the results of the regression analysis.

Now after having outlined the overall characteristics and predictions of the data samples and especially

the rollover risk proxies, the following section presents and discusses the results of the empirical analysis

which is based upon this data.
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9 Results of the empirical analysis

This section analysis the results of the outlined empirical rollover risk model in order to determine the

impact of the rollover risk channel for �rms' CDS spreads. In particular the analysis covers regressions

were di�erent versions of the base rollover risk model are used. Furthermore this section also outlines

the ability of the �rms' rollover risk component to explain the variation in the �rms' CDS spreads.

Before turning to the �rst results, note again that all regressions in line with the outlined empirical

model are run on the logarithmic term of the �rms CDS spreads27. However for convenience reason I

will use the term CDS spreads when referring to the impact of the dependent variable. Furthermore,

I will focus on the result for high yield and investment grade companies separately.

9.1 Base rollover risk regressions

This section presents and discusses the results of regressions which mimic the base rollover risk model

as given in 7.1. The used method is here �rst to analyse whether my rollover risk proxies on themselves

have an impact on the �rms' CDS spreads and afterwards to expand the model with credit risk variables

which are known to have an impact on �rms credit risk, i.e. the Merton type credit risk parameters

leverage and equity volatility. Finally, also other important credit risk controls which follow the set-up

of the models by Dick-Nielsen et al. (2012) and Valenzuela (2011) are added to the model and thus I

end with analysing the signi�cance of the rollover risk proxies in the so-called full rollover risk model.

9.1.1 The simple rollover risk model

In order to see whether the rollover risk proxies on its own have an impact on the CDS spreads I run

the base rollover risk regression model where I initially exclude all credit risk control variables. That

is, for each illiquidity measure and each data sample i run the model given as

Log(CDS spreadit) = α+ β1 · Illiquidityit + β2 · Rolloverjit + εit, (9.1)

where i refers to the CDS issue and t determines the time (year and month). The results of the

regressions of the simple rollover risk model are presented in table 5.

Note �rst of all that this simple rollover risk model due to its de�nition only covers the two rollover risk

variables which thereby have to cover all credit related e�ects, and not only rollover risk based credit

e�ects. Hence, it is not surprisingly that table 5 for nearly all variables shows signi�cant coe�cients

indicating that all variables have an explanatory impact on the �rms' CDS spreads. However, the table

shows especially highly signi�cant and positive coe�cients for the 3 illiquidity measures. As outlined

in the former sections, the illiquidity measures re�ect the indirect rollover risk as a change in the bond

illiquidity beside the rollover risk e�ect in fact also could represent another linkage between the debt

market liquidity and �rms credit risk. Having this in mind, the positive and signi�cant coe�cients

indicates a linkage between liquidity and credit and gives also indirectly evidence for the rollover risk

channel.

27Note that all derivations and regressions covered in this section are run by using the SAS 9.3 programming tool.
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Table 5: Results for the regression of the simple rollover risk model. Signi�cance levels at 10% are marked *, at 5% level
are marked ** and 1% level are marked ***. The respective t-statistics are shown in parentheses below the coe�cients.

Explanatory variable All Companies High Yield Investment grade
Panel A: Regression with AmihudRef. as illiquidity measure
Intercept 4.69600*** 6.00084*** 4.20427***
AmihudRef. 9.62101*** 4.57466*** 4.76229***

(13.05) (5.04) (7.55)

RolloverRef. -31.205*** -25.082** 27.00896***
(-5.81) (-2.00) (6.46)

R-square 2.39% 1.30% 4.90%
Number of observations 7159 12127 13534
Panel B: Regression with AmihudPortfolio as illiquidity measure
Intercept 4.30585*** 5.75830*** 3.86634***
AmihudPortfolio 51.03187*** 17.64031*** 40.70417***

(39.68) (12.22) (30.83)

RolloverPortfolio -118.990*** -16.963 -11.65718*
(14.64) (-1.33) (-1.65)

R-square 11.87% 5.27% 13.70%
Number of observations 1961 3157 4065
Panel C: Regression with λMarket as illiquidity measure
Intercept 4.66598*** 5.82911*** 4.17194***
λMarket 0.34263*** 0.29974*** 0.29783***

(32.23) (23.45) (32.95)

RolloverMarket 0.62730*** 0.50300*** 0.54196***
(8.68) (4.33) (9.67)

R-square 17.46% 21.44% 26.69%
Number of observations 5234 8970 9469

Looking at the direct rollover risk measures the model gives mainly two di�erent results. When using

the �rm speci�c illiquidity measures the model estimates mainly negative coe�cients for RolloverRef.

and RolloverPortfolio. Thus the model indicates that �rms that are less exposed to rollover risk have

higher credit risk, which is the opposite of what is expected and what the theoretical model by He

and Xiong (2012) predicts. On the other hand, the model �nds results in line with the model by He

and Xiong (2012) when using the market based illiquidity measure. In fact when using λMarket the

model estimates positive coe�cient which are signi�cant on a 10% level. These diverse results are is

somehow surprisingly as the initial data analysis showed that the 3 direct rollover risk proxies covered

the same overall tendency, even though the �rm speci�c was more volatility. However, the market

freezes and the decreasing short-term debt to total debt ratio at the time of the �nancial crisis might

in the regression model dominate the increase in the �rm speci�c illiquidity measures.

I conclude here for now that the diverse results may be due to the fact that the simple rollover risk

model as mentioned only relies on rollover risk proxies and thus have to cover all credit related e�ects,

and not only rollover risk based credit e�ects. Further, also the R-squares indicate that the rollover

risk proxies on their own not are su�cient to describe the �rm's credit risk. In line with this I therefore

extent the model in the next section with other credit risk controlling variables expecting that this

model will behave better.
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9.1.2 The �Merton type� rollover risk model

In this section I run regressions on the base rollover risk regression model where I have included the

rollover risk proxies as well as the Merton (1974) motivated variables leverage and equity volatility.

As mentioned earlier, Merton (1974) stated that the �rm's credit risk premium is a function of two

variables: the �rm's leverage and the variance of the �rm's operations. Since then, the variables have

been used as key measures of credit risk in both theoretical and empirical models and due several

studies con�rmed to have a signi�cant impact on default risk.

Hence, the extension of the former run rollover risk model with the two major credit risk variables is all

else equal expected to improve the explanatory power of the model and to give more correct estimates

for the rollover risk proxies. The regression model is run for each illiquidity measure, j, and each of the

3 data samples covering only high yield companies, only investment grade companies or all companies,

and given by:

Log(CDS spreadit) = α+ β1 · Illiquidityjit + β2 ·Rolloverjit + γ1 · Leverageit + γ2 ·Equity Volatilityit + εit (9.2)

where i refers to the CDS issue and t determines the time (year and month). In the following the

model is referred to as the Merton type rollover risk model. The regression results are given in table 6.

As seen in table 6 all Merton type rollover risk regressions show a higher degree of explanation power

than in the former model.

Further, the coe�cients for the Merton type regression variables �Leverage� and �Equity Volatility� are

as expected seen to have a signi�cant and positive coe�cient in all cases. Thus in line with Merton's

�ndings in 1974, the model predicts that �rms with a higher leverage ratio and/or more volatile equity

tend to have a higher CDS spreads. Furthermore, this also gives evidence for the use of the CDS

spreads as a proxy for the �rms' credit risk.

With respect to the rollover risk proxies the results are seen to depend on the used data sample and the

type of illiquidity measure used in the regression. In all regressions based on the high yield data sample

the direct rollover risk measures have a positive coe�cient. However, for the �rm based direct rollover

risk measures, RolloverRef. and RolloverPortfolio, the parameters are actually insigni�cant and provide

thus no clear evidence for the signi�cance of the rollover risk channel. Meanwhile the �rm based illiq-

uidity measures, AmihudRef. and AmihudPortfolio, are signi�cant and show positive coe�cients. When

using the market illiquidity measure λMarket the direct rollover risk measure is signi�cant, but the

respective illiquidity measure is insigni�cant and shows negative coe�cient. In overall this gives thus

again a very diverse picture and no clear evidence a positive linkage between debt market liquidity and

the �rms' CDS spreads.

With respect to the investment grade companies, the results of the regression show most of all positive

and signi�cant coe�cients for the rollover measures. Only for the regression where the bond portfolio

based Amihud measure is used the model gets a negative coe�cient for the direct rollover risk measure.
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Table 6: Results for the regression of the Merton type rollover risk model. Signi�cance levels at 10% are marked *, at
5% level are marked ** and 1% level are marked ***. The respective t-statistics are shown in parentheses below the coe�cients.

Explanatory variable All Companies High Yield Investment Grade
Panel A: Regression with AmihudRef. as illiquidity measure
Intercept 3.09581*** 4.82355*** 3.25141***

(130.45) (127.90) (119.14)

AmihudRef. 4.34385*** 1.58581** 2.46690***
(7.76) (2.08) (4.41)

RolloverRef. -18.43229*** 7.48435 12.64536***
(-4.67) (0.75) (3.42)

Leverage 2.29884*** 0.91802*** 1.43394***
(41.74) (15.61) (19.94)

Equity Volatility 8.19422*** 5.17495*** 6.48651***
(55.88) (32.77) (36.81)

R-Square 47.37% 45.85% 29.10%
Number of observations 6758 1680 5078
Panel B: Regression with AmihudPortfolio as illiquidity measure
Intercept 2.97316*** 4.46641*** 3.16545***

(166.91) (134.87) (163.38)

AmihudPortfolio 26.57693*** 7.61830*** 28.12092***
(25.28) (6.40) (22.63)

RolloverPortfolio -73.71667*** 15.19090 -22.34021***
(-11.85) (1.54) (-3.45)

Leverage 2.04731*** 1.19090*** 0.99031***
(47.39) (20.96) (19.38)

Equity Volatility 7.72836*** 5.51717*** 5.81823***
(68.21) (40.46) (42.89)

R-Square 58.34% 48.68% 31.37%
Number of observations 11436 2714 8722
Panel C: Regression with λMarket as illiquidity measure
Intercept 3.20914*** 4.58230*** 3.56341***

(172.46) (142.31) (175.57)

λMarket 0.01472 -0.00083 0.17858***
(1.49) (-0.06) (18.26)

RolloverMarket 0.79750*** 0.65674*** 0.55065***
(13.90) (6.68) (10.31)

Leverage 1.98333*** 1.06976*** 0.93179***
(47.33) (20.61) (19.26)

Equity Volatility 7.57865*** 5.48890*** 3.86566***
(59.59) (33.98) (25.66)

R-Square 46.72% 47.47% 34.34%
Number of observations 12677 3457 9220

Thus, for this type of �rm the model �nds more convincing evidence for the rollover risk channel.

However, as it was seen in the initial data analysis the overall indication was that both the illiquidity

measures and direct rollover risk measure (despite a higher variation in some of the measures) followed

the overall trend in the CDS spreads. In this sense positive coe�cients for all parameters were ex-

pected. However, the estimation of negative coe�cients for some of the parameters may indicate that

the model still is missing some important measures.

Further, as it was outlined in the former section the signi�cance of the rollover risk proxies were expected

to be higher for the investment grade �rms covered in my data sample as the analysis outlined higher

short-term debt to total debt ratios for investment grade companies. However the results from this

Merton type rollover risk model show in fact lower R-squares when using the investment grade data.

Of course, this can also be driven by the high impact of the Merton based credit variable on high yield

companies, but indicates nevertheless that the model might miss some important explanatory variables
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for CDS spreads of the investment grade companies.

In addition, the large changes in the estimated regression coe�cients which arises when extending

the simple rollover risk model with the Merton type regression variables might also indicate that the

model covers multicollinearity. As seen in table 25 in appendix G.5, especially the parameter �Equity

Volatility� shows a high correlation with the illiquidity measures. This might in fact give less precise

estimates of the real e�ect of a change in the illiquidity measure respectively a change in the direct

rollover risk measure. However, a F-test for model reduction of the Merton type rollover risk model

actually gives signi�cantly small p-values. Said in other words, the hypothesis of model reduction,

which implies that the rollover risk proxies can be set to zero, is rejected. Hence, even though there

might be some multicollinearity in the model I keep all variables in the model and try furthermore to

extend my base rollover risk with additional credit risk parameters.

9.1.3 The full rollover risk model

As outlined in the former regression, the Merton type rollover risk model seems not to be su�cient to

analyse the signi�cance of the rollover risk channel. In line with Dick-Nielsen et al. (2012) and Valen-

zuela (2011), the model is therefore extended by adding some other the credit risk control variables. In

particular I run in this section for each illiquidity measure, j, and each of the 3 data samples covering

only high yield companies, only investment grade companies or all companies, a regression in line with

the base regression model outlined in the empirical methodology section, equation (7.1):

Log(CDS spreadit) = α+ β1 · Illiquidityjit + β2 · Rolloverjit︸ ︷︷ ︸
Rollover risk measures

+ γ1 · Leverageit + γ2 · Equity Volatilityit︸ ︷︷ ︸
Merton type credit risk measures

+ γ3 ·
Operating incomeit

Revenueit
+ γ4 · Firm Sizeit + γ5 ·

Short-term Debtit
Total Debtit︸ ︷︷ ︸

Other credit control measures

+ γ6 · Swap ratet︸ ︷︷ ︸
Macro credit risk measure

+εit (9.3)

where i refers to the CDS issue and t determines the time (year and month).

One of the variables included and that is of special interest is the �rms' short-term debt to total debt

ratio itself as it directly re�ects �rms' debt rollover frequency. In addition, the short-term debt position

of a �rm also is a strong indicator of the �rm's current credit risk and is thus in general expected to

have an high impact on the �rm's overall credit risk. As discussed in the former section the direct

rollover risk measures show due to the strong development in the illiquidity measures a development

in line with the overall CDS spread levels. In this sense the model predicts positive coe�cients for

the direct rollover risk measure. In contrast and as illustrated in �gure 11 in section 8.1 the total

amount of short-term debt �nancing decreased under the �nancial crisis due to market freezes. There-

fore, also a negative coe�cient for the short-term to total debt parameter is expected, even if this is

against the general intuition of the impact of the short-term debt to total debt parameter on credit risk.
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Table 7: Results for the regression of the full rollover risk model. Signi�cance levels at 10% are marked *, at 5% level
are marked ** and 1% level are marked ***. The respective t-statistics are shown in parentheses below the coe�cients.

Explanatory variable All Companies High Yield Investment Grade
Panel A: Regression with AmihudRef. as illiquidity measure
Intercept 5.29835*** 5.47222*** 3.77170***

(61.41) (39.47) (40.80)

AmihudRef. 0.46323 1.54060** 0.35839
(0.86) (1.89) (0.64)

RolloverRef 32.39327*** -5.52776 32.19392***
(7.48) (-0.45) (7.79)

Income to Revenue ratio -0.81325*** -0.27959*** -1.16290***
(-25.42) (-5.90) (-14.00)

Firm Size -0.15291*** -0.05592*** -0.00571
(-19.22) (-3.86) (-0.67)

Short-term to Total debt ratio -0.96051*** 0.39719** -0.88023***
(-10.08) (1.98) (-9.51)

Leverage 1.84986*** 0.84061*** 1.61539***
(36.71) (14.92) (23.63)

Equity Volatility 8.28760*** 5.56572*** 7.53570***
(59.94) (33.96) (44.79)

Swap Rate -0.14221*** -0.07528*** -0.13134***
(-30.69) (-10.81) (-27.46)

R-Square 59.46% 51.37% 41.67%
Number of observations 6758 1680 5078
Panel B: Regression with AmihudPortfolio as illiquidity measure
Intercept 4.95570*** 4.94051*** 3.58237***

(74.28) (39.03) (50.47)

AmihudPortfolio 12.70463*** 6.14147*** 15.27964***
(11.89) (4.89) (11.31)

RolloverPortfolio 64.83241*** 23.55391* 73.59627***
(8.63) (1.91) (8.95)

Income to Revenue ratio -0.85282*** -0.35808*** -0.95317***
(-19.34) (-7.46) (-15.30)

Firm Size -0.13257*** -0.03064** 0.00432
(-21.49) (-2.29) (0.65)

Short-term to Total debt ratio -1.54955*** -0.14832 -1.34897***
(-20.51) (-0.92) (-17.80)

Leverage 1.82430*** 1.13003*** 1.26895***
(44.87) (20.34) (24.53)

Equity Volatility 7.57267*** 5.82280*** 6.53047***
(68.62) (39.25) (49.43)

Swap Rate -0.10934*** -0.06742*** -0.10255***
(-28.47) (-10.48) (-26.14)

R-Square 58.34% 51.97% 40.28%
Number of observations 11436 2714 8722
Panel C: Regression with λMarket as illiquidity measure
Explanatory variable All Companies High Yield Investment Grade
Intercept 5.28211*** 4.59687*** 3.89002***

(80.51) (41.47) (58.50)

λMarket 0.12034*** 0.06209*** 0.25211***
(12.94) (4.36) (27.30)

RolloverMarket 0.54209*** 0.59857*** 0.29470***
(10.24) (6.30) (5.81)

Income to Revenue ratio -0.90190*** -0.39606*** -0.93121***
(-20.70) (-8.59) (-15.69)

Size -0.13854*** 0.02747** 0.01264***
(-23.15) (2.38) (2.06)

Short-term to Total debt ratio -0.80058*** 0.21401** -0.60044***
(-14.22) (2.12) (-11.02)

Leverage 1.79186*** 1.01905*** 1.20803***
(45.39) (19.94) (24.88)

Equity Volatility 6.63013*** 5.37045*** 4.31329***
(55.30) (33.49) (30.93)

Swap Rate -0.12539*** -0.08276*** -0.13504***
(-32.03) (-13.63) (-35.29)

R-Square 56.26% 51.38% 44.48%
Number of observations 12677 3457 9220
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Table 7, shows the results of the full regression model with respect to each of the 3 illiquidity measures

and the 3 direct rollover risk measures. As seen, including further credit risk control variables and thus

using the full rollover risk model improves again the explanatory power of the model. However, as the

table outlines the full rollover risk regression model depends still highly upon which data sample is

used in the analysis.

With respect to the credit risk control parameters, the full rollover risk model gives very intuitive and

reasonable results. First of all, the income to revenue ratio as well as the �rm size parameter show

to have a negative and signi�cant impact on �rms' CDS spreads. Both measures re�ect a kind of

pro�tability and business size of the �rm, and as higher values of these variables in general are linked

with lower risk of default, the credit controls will obviously imply lower CDS spreads. Further, the

swap rate is for all illiquidity measures and data samples negatively related to the �rms' CDS spreads

which can be motivated by the fact that a higher swap rate in general re�ects a economic environment

in which CDS spreads are expected to be on a lower level. However, the exact linkage of the swap

rate with �rms' CDS spreads is not always clear and might further be sample speci�c. Similarly, will

higher values of the Merton type based measures leverage and equity volatility as mentioned before in

general re�ect a higher degree of credit risk which motivates the positive and signi�cant coe�cient for

these parameters in the regression.

As seen from the table the estimated coe�cients for the short-term debt to total debt ratio is sig-

ni�cant for nearly all run regressions. The speci�c impact on the CDS spreads is however diverse

when comparing the results for the high yield and investment grade companies. The coe�cient for

the short-term debt to total debt ratio is negative when using the investment grade data sample but

positive when using the data sample which only contains high yield companies. First of all, the neg-

ative coe�cients for the �rms' short-term debt to total debt ratio will be driven by the fact that the

ratio actually decreased under the �nancial crises whereas the overall CDS spreads increased. Further,

the diverse signs for high yield and investment grade �rms in the AmihudPortfolio and λMarket based

regressions might be driven by the di�erent credit risk characteristics of the two �rm types; Investment

grade �rms are in general low risk �rms as they have high asset values and low risk of default. High

yield �rms are in contrast characterized as �rms with lower asset values and higher risk of default.

Now, when issuing more short-term debt, the credit risk will all else equal increase signi�cantly for

high yield companies because the risk of being unable to repay their debt obligations will increase

when the time-to-maturity becomes shorter. The credit risk of investment grade companies more-

over increases with time-to-maturity as the risk of being unable to repay issued bonds will increase

when the time to maturity becomes longer. This di�erent e�ect of short-term debt for �rms with dif-

ferent credit ratings might be an explanation for diverse results obtained when running the regressions.

With respect to the rollover risk proxies the full rollover risk model gives positive and signi�cant co-

e�cients when using AmihudPortfolio and λMarket as illiquidity measures whereas the results are a bit

more diverse when using AmihudRef. as illiquidity measure. Speci�cally, the use of AmihudPortfolio

and λMarket give positive coe�cients which are signi�cant on a 10% level and indicate thus to have a
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signi�cant impact on �rms' CDS spreads. In this sense the model again gives evidence for the indirect

liquidity channel, i.e. a linkage between debt market liquidity and credit risk. As further also the re-

spective direct rollover risk measures, RolloverPortfolio and RolloverMarket, are signi�cant this provides

further directly evidence for that the indirect liquidity channel is the rollover risk channel. Thus to

sum-up this indicates that �rms operating within a highly illiquid bond market and/or having a high

debt rollover frequency, i.e. a high degree of short-term debt, regardless of their �rms type tend to

have higher CDS spreads. Note further that similar results were obtained by the calibration of the He

and Xiong (2012) model and the analysis of the e�ects of a change in the bond market liquidity.

As mentioned earlier, the model �nds no clear results regarding the signi�cance of �rms' rollover risk

when using the rollover risk proxies AmihudRef. and RolloverRef.. However, the diverse behaviour of

this measure might be an indication of the insu�ciency of this measure. As seen in �gure 13 in the

former section, this illiquidity measure varies much more than the other two when looking at the aver-

age development. Further, and especially the average of the reference bond based direct rollover risk

measure shows no clear tendency in line with the average development of the �rms' CDS spreads. This

may prevent the model to estimate a positive and signi�cant relationship between these rollover risk

proxies and the CDS spreads.

Another issue to be discussed is the impact of the �rm based measures versus the impact of the market

based measure. When using the total data sample or the investment grade data sample their is no

obvious di�erence in the outcome of the regression. However their is a clear di�erence when using the

high yield data sample. The use of the high yield data sample gives only a signi�cant coe�cient for the

illiquidity measure AmihudRef. which in fact shows further to have the highest positive impact on the

CDS spreads. The coe�cient for the market based illiquidity measure is when using high yield �rms

the lowest compared to the other data samples. This might indicate that there exist an idiosyncratic

e�ect for high yield companies, i.e. meaning that these �rms' credit risk depends more on �rm speci�c

illiquidity measures than investment grade �rms' credit risk28.

In general, the former results have shown some diverse results with respect to the type of the �rm. In

particular, the regression of the rollover risk models either showed no di�erence or a slightly higher sig-

ni�cance of the rollover risk channel when using only investment grade companies. Note however that

these �ndings not are in line with the former stated properties of the He and Xiong model. Remember

that the calibration of the He and Xiong (2012) model actually showed that the e�ect of a change in

debt market liquidity was ampli�ed when using �rms with lower credit ratings (see section 4.4). In

order to test the impact of the �rm type in more detail I also run regressions on the full rollover risk

model where the data is divided with respect to the speci�c credit ratings of the �rm, i.e. AAA, AA,

A, BBB, BB, B, C and D. Again I run the regressions for each of the illiquidity measures and the

results regarding the rollover risk proxies are covered in table 8 whereas all results of the regressions

are given in table 26 in appendix H.2.

28In order to analyse whether the rollover risk exposure relies on a common or/and �rm speci�c illiquidity measure I
also run a regression where I have included both the portfolio based rollover risk proxies and the market based rollover
risk proxies. However, the regressions on both illiquidity measure do not outline a clear tendency and thus I do not draw
a conclusion from the obtained results. The results are given in table 25 in appendix H.1.
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Table 8: Results for the regression of the rating based full rollover risk model. Signi�cance levels at 10% are marked *,
at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are shown in parentheses below the coe�cients.

Credit Rating
Selected Expl. Variable AAA AA A BBB BB B C D
AmihudRef. -5.328*** 3.3005*** 3.0345* -0.215 0.1836 3.2270*** 3.5966** -

(-2.60) (2.70) (1.70) (-0.24) (0.17) (2.76) (2.14) -
RolloverRef. 53.1312*** 5.1267 23.7637** 10.0455 34.5826*** 42.1767*** 33.8773** -

(4.20) (0.46) (2.12) (1.43) (2.93) (4.70) (2.13) -

R-square 38.74% 44.95% 69.89% 38.48% 48.22% 61.39% 70.86% -
Observations 603 698 573 1655 1298 1209 481 -
AmihudPortf. 20.0230*** 22.4633*** 25.4015*** 15.7806*** 14.5264*** 6.8472*** -0.3377 -

(3.21) (7.41) (6.53) (7.20) (6.01) (3.90) (-0.10) -
RolloverPortf. 57.5488* -13.5055 -1.941 28.3477* 25.1910 107.2348*** 268.4829*** -

(1.83) (-0.77) (-0.07) (1.96) (1.40) (7.70) (8.16) -

R-square 33.42% 35.85% 49.73% 41.18% 48.47% 61.77% 75.11% -
Observations 897 1203 1088 2759 2439 2023 1029 -
λMar. 0.3571*** 0.3090*** 0.1574*** 0.2583*** 0.1333*** 0.0777*** 0.0593* 0.2911

(13.31) (19.28) (5.10) (17.30) (6.68) (3.66) (1.74) (1.44)

RolloverMar. 0.3672 0.1766** 0.2447* 0.3752*** 0.6194*** 0.8458*** 1.3222*** -13.717
(2.95) (2.12) (1.67) (4.22) (4.76) (5.99) (7.01) (-1.66)

R-square 54.38% 53.48% 48.27% 48.89% 46.59% 60.42% 66.75% 98.94%
Observations 913 1235 1106 2960 2748 2325 871 12

The results of the credit rating based regression show that whereas the coe�cients for the illiquidity

measures are signi�cant, positive and increase for �rms with higher credit ratings, the signi�cance

and coe�cient values of the direct rollover risk measures decrease for �rms with higher credit ratings.

Thus, whereas the direct rollover risk measure shows behaviour in line with the theory, the indirect

measure indicates moreover that the signi�cance of the linkage between the debt market liquidity and

�rms' credit risk is higher for �rms with higher credit ratings. This was also somehow outlined in the

former section as investment grade companies showed to hold more short-term debt than high yield

�rms. However in fact the high yield companies seemed to be hit more by the �nancial decline in 2008.

Furthermore the obtained R-squares by using respectively the portfolio based illiquidity measure and

the market based illiquidity measure show an interesting relation. As seen in table 8 when using λMarket

the explanatory power of the model is actually higher for the investment grade companies than it is for

the high yield companies whereas the the R-square is higher for the high yield companies than for the

investment grade companies when using AmihudPortfolio as illiquidity measure. Thus, by dividing the

data sample with respect to each credit rating class the model indicates that the market based measure

might be more applicable for investment grade companies whereas the portfolio based measure behaves

better for high yield companies29.

To sum up, the full model provides some evidence for the signi�cance of the rollover risk channel and

shows especially for the investment grade data sample results which are in line with the properties and

predictions of the He and Xiong (2012) model. So far the rollover risk model presented in this thesis

has shown that a deterioration in the liquidity of investment grade �rms' bonds or/and the overall

bond market leads �rst of all has an e�ect on �rms' CDS spreads and furthermore that this e�ect (at

29Note that when the total data sample is divided into 9 sub-samples, the number of observations is reduced signi�-
cantly. Thus a �nal conclusion on the results relying on only these data samples might not be su�cient.
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least to some extend) operates through the rollover risk channel. For the high yield �rms the model

also provides evidence for a linkage between debt market liquidity and �rms' credit risk but does not

give clear results for the rollover risk channel. This result may however be due to the de�nition of the

direct rollover risk measure as this includes the short-term to total debt ratio, which on its own has a

positive impact on the �rms credit risk.

9.2 Additional rollover risk regressions

Besides the explicit analysis of the rollover risk proxies and their impact on and signi�cance for �rms

CDS spreads this section analysis whether the rollover risk e�ect has a greater or smaller impact when

the data sample is divided into smaller data samples. That is, �rst I run regression on data samples

where the data sample is divided with respect to the sub-periods. Afterwards I analyse whether the

results depend on the �rms' business and run regressions on data samples which are divided based

upon the �rms' sector.

9.2.1 The impact of period of time

In order to see whether the indirect and direct rollover risk measures are time dependent and thereby

show stronger or lower impact and signi�cance in times of �nancial recession, I test the full rollover risk

model for period dependency. The motivation for doing so is �rst of all that the study period covers

the active phase of the �nancial crisis and thus both include times of �nancial boom, recession and

recovery. As it also was illustrated in the former outline �gures, this implies a high degree of variance

within each of the included variables in the regressions (see section 8.1).

As seen in �gure 10, the CDS spreads indicate an overall stable economy for the years 2004-2006.

However, with the beginning of the sub-prime crisis in spring 2007 the �rms CDS spreads increased

signi�cantly and peaked about the Lehman Brothers default in October 2008. After that point the U.S.

economy (among others) was hit by a signi�cantly �nancial downturn. The recession is also indicated

in the development of the CDS spreads which decreased signi�cantly in the years after and �rst ob-

tained a signi�cant upturn in 2010. This was about the time when the Dodd-Frank Wall Street Reform

and Consumer Protection Act was implemented indicating the stabilisation of the U.S. economy. In

the years after the CDS spreads remained on a more stable level, but is still seen to be a�ected by

the aftermath of the �nancial crisis. Due to these signi�cantly changes in the behaviour of the CDS

data, the impact of the �rms rollover risk might not be the same for all the years, even though that

the illiquidity measures as well as the direct rollover risk measures seem to follow the overall tendency

in the CDS market.

Especially, this is expected to have an impact on the signi�cance of the market based illiquidity mea-

sure, λMarket as its sign changes for the di�erent periods. In particular the measure is seen to be

negative and stable for the pre-crisis as well as the post-crisis period whereas it is positive and shows

a signi�cant peak, under the �nancial crisis (see �gure 13e).

In line with the overall development in the �rms' CDS spreads the study period is divided into the 3

61



former presented sub-periods which leaves the analysis with 27 regressions. The results are presented

in table 9, but for convenience reasons table 9 only covers the results regarding the rollover risk proxies

whereas tables presenting the results for all the included parameters are given in appendix H.3.

Table 9: Selected results for the regression of the period based full rollover risk model. Signi�cance levels at 10% are
marked *, at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are shown in parentheses below the
coe�cients.

All Companies
Pre-Crisis: Present Crisis: Post-Crisis:

Selected Explanatory Variable Oct-04 to Mar-07 Apr-07 to Mar-10 Apr-10 to Sep-12
AmihudRef. -1.01279 -2.07233*** 1.51465***

(-0.68 (-2.83) (2.10)

RolloverRef. 46.66721 32.57914*** 15.67200**
(4.31) (5.50) (2.57)

AmihudPortfolio 14.79948*** 3.42519** 9.85445***
(4.40) (2.40) (6.70)

RolloverPortfolio 10.82484 46.46966*** 52.04091***
(0.63) (4.44) (4.49)

λMarket 0.27299*** -0.03111*** -0.21979***
(3.74) (-2.68) (-4.95)

RolloverMarket -0.43049 0.44076*** 0.03715
(-1.40) (6.48) (0.13)

High Yield
Pre-Crisis: Present Crisis: Post-Crisis:

Selected Explanatory Variables Oct-04 to Mar-07 Apr-07 to Mar-10 Apr-10 to Sep-12
AmihudRef. -9.68437*** 3.25369** 2.45069***

(-2.88) (2.24) (2.93)

RolloverRef. 126.47991 -52.58766** -6.29934
(2.65) (-2.53) (-0.46)

AmihudPortfolio 25.93247*** 3.94888** 2.90839**
(3.66) (2.24) (2.17)

RolloverPortfolio -82.21544* -5.53458 22.35653
(-1.89) (-0.31) (1.44)

λMarket 0.22552 -0.00754 0.10098*
(1.54) (-0.46) (1.95)

RolloverMarket -0.03130 0.33240*** -0.25180
(-0.04) (2.61) (-0.68)

Investment Grade
Pre-Crisis: Present Crisis: Post-Crisis:

Selected Explanatory Variables Oct-04 to Mar-07 Apr-07 to Mar-10 Apr-10 to Sep-12
AmihudRef. -0.14905 -2.29406*** 0.26343

(-0.12) (-3.33) (0.32)

RolloverRef. 27.04358*** 34.82218*** 21.96702
(3.35) (6.56) (3.64)

AmihudPortfolio 0.01254 3.10829* 10.65734***
(0.00) (1.87) (5.14)

RolloverPortfolio 46.97426*** 55.23556*** 64.46896***
(3.11) (5.13) (4.96)

λMarket 0.39860*** 0.08604*** -0.03433
(6.11) (7.24) (-0.72)

RolloverMarket -1.21490*** 0.14236** -0.21936
(-4.51) (2.28) (-0.76)

As seen in table 9 the regressions give very di�erent results for the signi�cance of the rollover risk

proxies and the outcome depends again on the data sample and the illiquidity measure used in the

regression.

The �best� results are obtained when using the bond portfolio based Amihud measure, AmihudPortfolio.

For the investment grade data sample the coe�cients of the rollover risk proxies are positive for all

periods and the most of them are signi�cant on a 10% level. When comparing the results with respect

to the di�erent periods it can be seen that the coe�cients for both rollover risk proxies are small-
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est for the regression where only data from the pre-crisis period is used whereas the coe�cients are

highest for the post-crisis period data sample. Thus, both the illiquidity measure AmihudPortfolio and

the direct rollover risk measure RolloverPortfolio have a positive impact on the investment grade �rms'

CDS spreads and the impact becomes higher in times �nancial distress and recessions, i.e. in times

characterised by illiquid markets. In contrast the regressions on the market based measure show the

opposite results. That is, the results outline that the impact becomes actually smaller in times of

�nancial distress and is further non-signi�cant and negative for the post-crisis period.

With respect to the high yield data sample the results regarding the portfolio based illiquidity mea-

sure show positive and signi�cant illiquidity measures for each of the periods, but the impact actually

becomes smaller under the �nancial crises. Further, the respective direct rollover risk measure is only

signi�cant for the pre-crisis period, where it in turn shows a negative coe�cient.

The results regarding the market based measure also show only minor indications of the impact of

�rms rollover risk on their credit risk. When comparing the results for the direct rollover risk measure

with respect to the di�erent sub-periods the model estimates negative (and non-signi�cant) coe�cients

for the pre- and post-crisis periods and positive coe�cients for the peak-crisis period which are in line

with the overall sign of the illiquidity measure in the respective periods. However, as the coe�cients

of the illiquidity measures themselves not show the same tendency and there in general is a lack of

signi�cance for the coe�cients the reliability of results can be discussed. Similar results are seen for

the regressions based on the reference bond based illiquidity measure, AmihudRef., giving no clear

indication of the impact of the rollover risk with respect to the chosen periods.

To sum-up, the period based regression model gives only some minor evidence for the rollover risk

channel for the investment grade �rms and only results in line with the theory when using the �rm

speci�c portfolio based Amihud measure. The reason for the non-robust results might however be that

the division of the data into the sub-periods in fact implies that each of the 9 data samples only cover

few observations. As outlined in more detail in the tables covered in appendix H.3 I only have 143

observations when using AmihudRef. and the high yield data sample for the pre-crisis period. This is

in fact based upon a general lack of observations for the early years of the study period.

9.2.2 The impact of the sector of the �rm

In order to highlight the illiquidity risk He and Xiong (2012) focus in their analysis on �nancial

�rms. Following Flannery (1994), at year-end 1990 the commercial-bank equity compromised only

approximately 6.5 % of their total assets. By contrast, the corresponding average capital ratio of U.S.

non-�nancial �rms was about 55 % indicating that �nancial �rms in general hold more debt. In addi-

tion to the high leverage of �nancial �rms it is well known that �nancial �rms primary issue liabilities

with shorter maturity than their assets. Since many �nancial �rm assets are illiquid assets, this short

funding exposes these �rms to substantial liquidity risk. The fact that �nancial �rms in general have

a higher leverage and shorter debt maturities than non-�nancial �rms obviously implies that a higher

amount of debt needs to be rolled over and that the rollover occurs more frequently. In general this

leads to a higher default risk for �nancial risk and makes furthermore the rollover of debt more severe

for �nancial �rms.
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Another special �rm type are �rms within the energy and utility sector. Since these �rms produce and

sale resources to the public and have the responsibility to provide the state or country with energy,

water and other commodities, the �rms are mostly state-owned or secured public companies. As the

public ownership give these �rms a special company status, they are often characterized by leverage

ratios above the overall company average. In this sense, it is also interesting to see whether these �rms

are more or less exposed to rollover risk.

Appendix E.1 gives an overview of the included companies and shows in fact that only few of the

companies included in the empirical analysis are actually �nancial, energy or utility �rms. However, in

order to see whether the discussion about high leveraged �nancial, energy and utility �rms is applicable

for the data covered in this empirical analysis, table 10 shows as a proxy for the �rms' leverage the

average debt to asset ratios for the �rms in these sector.

Table 10: The average leverage of �nancial, public and non-�nancial/public �rms (in %). The respective average
short-term debt to total debt ratios are shown in parentheses.

Leverage in % No. of �rms All Companies High Yield Investment Grade

All sectors combined 200 32.28 % (11.57 %) 44.67 % (7.39 %) 26.98 % (13.36 %)

Financial �rms 19 24.56 % (12.56 %) 21.75 % (6.87 %) 22.96 % (12.98 %)

Non-�nancial �rms 181 32.84 % (11.50 %) 45.08 % (7.40 %) 27.19 % (13.39 %)

Public/state-owned �rms 23 31.86 % (11.03 %) 36.39 % (6.23 %) 30.24 % (12.74 %)

Non-�nancial and non-public �rms 158 32.97 % (11.56 %) 46.04 % (7.53 %) 26.74 % (13.49 %)

As seen in table 10, the high yield companies included in the analysis show in general a higher average

leverage ratio than investment grade companies. This is in line with the de�nition of high yield �rms

as more risky �rms and underlines the linkage between �rms' credit risk and debt �nancing position.

Furthermore, the short-term debt to total debt ratio is lower for high yield companies which may be

due to the fact that bonds with shorter debt maturities all else equal for high yield companies imply

higher credit risk.

However, table 10 also shows that the �nancial companies in the data sample actually are less leveraged

compared to the overall average leverage and contradicts thus the argument by He and Xiong (2012).

With respect to the short-term debt to total debt ratio the �nancial �rms covered in the data samples

show a slightly higher degree of short-term debt when using the total data sample which underlines the

short-term exposure of �nancial �rms mentioned by Flannery (1994). However, the overall leverage

ratio show the opposite of what was expected and the intuitive assumption is that this relies on the

fact that the total data sample only includes 200 companies of which only 19 are �nancial �rms and

that these might not be representative for the whole sector.

When looking at the leverage ratio for the public/state-owned �rms, the ratios are again seen to be a

bit lower than the overall average except from the average leverage of investment grade �rms. Thus,

the investment grade companies provide evidence for the expectations of higher leverage ratios for

state-owned companies. Again, the contradicting results may indicate the lack of observations.

A further possible explanation for the obtained leverage ratios and the weak results regarding the pub-

lic �rms might be the fact that the analysis covered in this thesis relies on today's most liquid North

American investment grade and high yield companies and that it uses historical data for these within
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the analysis. In particular, these �rms are named today's most liquid and are all �rms which actually

have survived the 07-08 �nancial crises. In this sense, this might indicate that the �rms covered in

the data samples in fact represent �rms which are less leveraged and have a lower credit risk than the

average company (and that this special capital structure �rst made them able to survive the crisis).

When this is true, this might be an explanation for the low leverage ratios and my diverse results.

In order to test whether the illiquidity and direct rollover risk measures are sector dependent and

thereby show stronger signi�cance for �nancial �rms (public �rms) than for non-�nancial �rms (non-

public �rms), the full rollover risk regressions are run for data samples which on beforehand are divided

into �nancial, public and non-�nancial/non-public �rms. Based on the above stated leverage ratios it is

not expected that the regression will outline strong evidence in line with the �ndings by He and Xiong

(2012). For convenience reasons table 11 only covers the results regarding the rollover risk proxies

whereas tables with the result for all parameters are given in appendix H.4.

As seen from table 11, He and Xiong (2012) prediction of that �nancial �rms should higher rollover

risk can only to some extent be validated by results of the sector based regressions.

When the full rollover risk regression model is run for investment grade companies only, the model �nds

that all coe�cients for the direct rollover risk measure are positive and signi�cant and furthermore,

that the coe�cients are higher for the �nancial �rms than for the other sector �rms. In general the

model also �nds positive and signi�cant illiquidity measures which however in fact are higher for other

sector �rms than for the �nancial �rms. Thus, whereas the model on one side gives evidence for the

rollover risk channel and predicts that the (investment grade) �nancial �rms have a higher exposure

to this rollover risk, the model also states that the linkage between debt market liquidity and credit

risk measured by the indirect rollover risk variable is less signi�cant for �nancial �rms. Said in other

words, the results somehow suggest that whereas the rollover risk channel applies �well� to �nancial

�rms there might be another �better� indirect illiquidity channel for other sector �rms, linking the debt

market liquidity and credit risk.

Compared to the �nancial �rms, the model �nds in fact for the energy and utility �rms a higher coef-

�cient for the direct rollover risk measure when using the reference bond based Amihud measure (the

direct rollover risk measures becomes negative and insigni�cant when using the portfolio and market

based illiquidity measure). Further, the energy and utility �rms show the highest coe�cients for the

illiquidity measure indicating that these �rms' credit risk are higher a�ected by a change in the debt

market liquidity than �rms in other sectors.

Note also, that when the full rollover risk model is run for investment grade companies only, the model

actually obtains the highest R-squares when using the data sample which only covers �rms within the

�nancial sector (see appendix H.4). Thus, the full rollover risk model behaves actually best for the

�nancial �rms and provides for these �rms also evidence for the rollover risk channel, even though that

the �nancial �rms in my sample actually had a lower leverage than the other sectors.

When the full rollover risk regression model on the other hand is run for high yield companies only, the

results show again a diverse picture: signi�cant and positive rollover risk proxies are only found when

using �rms from other sectors than �nance, energy or utility. In fact the coe�cients for the rollover
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Table 11: Selected results for the regression of the sector based full rollover risk model. Signi�cance levels at 10%
are marked *, at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are shown in parentheses below
the coe�cients.

All Companies
Selected Explanatory Variable Financial Firms Energy and Utility Firms Other Sectors
AmihudRef. -4.413** 1.91860 -0.284

(-2.55) (1.26) (-0.49)

RolloverRef. 32.83270*** 45.60291*** 33.2492***
(2.62) (3.22) (7.13)

AmihudPortfolio 9.73505** 36.55951*** 10.11084***
(2.46) (20.15) (9.02)

RolloverPortfolio 178.599*** -62.911* 61.45861***
(7.08) (-1.91) (7.81)

λMarket 0.11026*** 0.400*** 0.10920***
(3.15) (14.53) (10.85)

RolloverMarket 1.32437*** -0.455*** 0.50423***
(6.60) (-2.63) (8.99)

High Yield
Selected Explanatory Variable Financial Firms Energy and Utility Firms Other Sectors
AmihudRef. -2.562 -1.122 0.1870

(-0.69) (-0.53) (0.22)

RolloverRef. 132.5335 -5.965 27.1361**
(0.63) (-0.25) (1.96)

AmihudPortfolio 6.3808 7.3779** 5.1277***
(1.18) (1.97) (3.95)

RolloverPortfolio -25.454 -55.9010 37.3443***
(-0.32) (-1.34) (2.97)

λMarket -0.0766 0.2689*** 0.0704***
(0.76) (7.48) (4.58)

RolloverMarket -0.606 -0.238 0.6135***
(-1.31) (-0.73) (6.09)

Investment Grade
Selected Explanatory Variable Financial Firms Energy and Utility Firms Other Sectors
AmihudRef. -3.393** 0.7346 -0.094

(-1.98) (0.52) (-0.15)

RolloverRef. 35.621*** 39.6809*** 32.4075***
(2.89) (3.09) (7.02)

AmihudPortfolio 10.9264*** 33.7944*** 13.8006***
(2.79) (6.09) (9.39)

RolloverPortfolio 211.795*** -16.411 61.6125***
(8.42) (-0.43) (6.96)

λMarket 0.2495*** 0.3840*** 0.2501***
(6.98) (16.08) (24.45)

RolloverMarket 1.4470*** -0.049 0.2154***
(6.68) (-0.34) (3.95)

risk proxies within �nance and energy/utility are mostly negative and insigni�cant. However, as shown

in appendix H.4, when the full rollover risk regression model is run for �nancial high yield �rms the

model actually obtains a R-square of approximately 94 % regardless of which illiquidity measure is

used. As the rollover risk proxies however are negative and insigni�cant the results might indicate that

the other credit risk controls explain the �nancial high yield companies CDS spread levels very well.

To sum-up the full rollover risk model also gives diverse results for high yield and investment grade

companies when dividing the companies with respect to their business sector. However, the model �nds

some minor evidence for rollover risk for �rms within non-�nancial sectors as well as for investment

grade �nancial companies which in fact seem to have a higher rollover risk. The results follow the

overall outcome of the former regressions and the somehow diverse results for especially the high yield

companies might again be associated with the lack of observations.
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9.3 The �economic� signi�cance of �rms' rollover risk

After having analysed the statistical signi�cance of the rollover risk channel and found some evidence

for its importance for �rms credit risk, this section analyses the �economic� signi�cance of the rollover

risk channel. That is, the section outlines the importance of �rms' rollover risk measured in basis

points and compares it directly to the size of the �rms' CDS spreads. This is motivated by the fact

that even if the model found positive and signi�cant coe�cients for the rollover risk proxies it might

be the fact that the impact on the �rms' CDS spreads measured in basis points actually is very small.

If this is true it would in fact not be very interesting to recognize when investigating �rms' credit risk.

In order to determine the �economic� impact of the �rms' rollover risk, I will use the results obtained

in the former section and �rst of all estimate the �rms' so-called rollover risk component. The rollover

risk component it self is determined by the sum of the estimated rollover risk proxies and re�ects thus

in a kind the amount of the Log(CDS Spreads) which is due to rollover risk. In particular the rollover

risk components will be used to determined how much of the variation in the �rms' CDS spreads can be

explained by the component. A proxy for this will both be given in basis points as well as a percentage

fraction. However, note here that as the empirical rollover risk model covered in this thesis used the

�rms' Log(CDS spreads) as the dependent variable, the results regarding the size of the rollover risk

component and its fraction have to be compared to the �rms' Log(CDS spreads).

As my full rollover risk regression model as outlined in section 9.1.3 showed the best results the

respective results will be used in this section to determine the impact of the two rollover risk proxies

on the �rms CDS spreads. Due to evidence for period dependency of the rollover risk model and

also evidence for di�erent behaviour of the model when using data for high yield versus investment

grade companies the size and fraction of the rollover risk component on �rms' credit risk is also brie�y

outlined for the regressions where the data samples are divided with respect to sub-period and speci�c

credit ratings.

9.3.1 The rollover risk component

As outlined in the former section the full rollover risk model provided some evidence for the rollover

risk channel, especially when using the data sample only including investment grade companies. Based

upon these results this section determines the size of the �rms' rollover risk components and uses the

following calculation method30:

First of all I calculate for each illiquidity measure, j, and for each observation in my 3 data samples

the rollover risk component given as the sum of the estimated rollover risk proxies, i.e.

Rollover Risk Componentjit = β̂1
j × Illiquidityjit + β̂2

j × Rolloverjit, (9.4)

where i refers to the �rm and t determines the time (year and month) of the observation. As the full

rollover risk regression model outlined in section 9.1.3 showed the best results the estimated coe�cients

as presented in table 7 for β̂1
j
and β̂2

j
are used for the calculation.

30Note that the rollover risk components are calculated by using the SAS 9.3 programming tool. An exempli�cation
of the used programming code is covered in appendix H.5.
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Based upon these 9 distributions of rollover risk components I next want to de�ne the average rollover

risk component. One approach could here be to directly use the median, but this would make the

component measure scale dependent and give non-comparable results for my rollover risk components.

Therefore I choose to compare the median with the companies which have the lowest rollover risk. In

particular, as the tail given by the 0% quantile might be a too unsure variable, I use the 5% quantile as

a benchmark. Formally this means that I for each illiquidity measure and each data sample calculate

the rollover risk component by subtracting the 5%-quantiles from the 50%-quantiles. That is for each

data sample the rollover risk component is calculated as

Rollover Risk Componentj = Rollover Risk Componentj50% − Rollover Risk Componentj5%. (9.5)

Note that the term Rollover Risk Componentj now represents the amount of (Log) basis points by

which the variation in the rollover risk component can explain the di�erence in the Log(CDS Spreads)

for a �rm with low risk compared to a �rm with medium rollover risk.

The calculated rollover risk components are summarised in table 12.

Table 12: The size of the rollover risk component (bps).

Rollover Risk Component

Used illiquidity measure All Companies High Yield Investment Grade

AmihudRef. 0.01486 0.00782 0.01533

AmihudPortfolio 0.08463 0.03673 0.10120

λMarket 0.24586 0.13824 0.31486

As seen in table 12 the rollover risk component is highest for the investment grade companies which is

in line with the overall �ndings in the former section. In fact the component for the investment grade

companies is more than as twice as big as the size of the component for the high yield companies. This

is in fact very interesting as it is common knowledge and also was shown within the framework of this

thesis that the high yield companies in general have higher credit risk and thus higher CDS spreads.

Thus, having this in mind the signi�cantly lower rollover risk components indicates that rollover risk

in an economic perspective has a clearly lower impact on high yield �rms' credit risk than it has on

investment grade �rms (at least within the empirical framework covered in this thesis). One reason

might as earlier outlined be that other credit risk control variables like the �rms' leverage and/or the

volatility of the �rms' equity for high yield companies have higher impacts on the �rms' credit risk than

the same has for investment grade companies and that these parameters in a way might �outperform�

the direct rollover risk measure.

Another interesting fact outlined in table 12 is that the rollover risk components are signi�cantly higher

when using the market based illiquidity measure λMarket whereas the �rm speci�c and reference bond

based illiquidity measure has the lowest impact on the �rms Log(CDS spreads) and seen in absolute

numbers. This might be due to the fact that whereas the �rm speci�c measures �mainly� are driven

by the �rms' �internal� liquidity channel, the market based illiquidity measure indicates the liquidity

of the overall bond market which both a�ects the �rm external as well as the �rms' internal liquidity

channel and thereby its overall �nancing possibilities. When further looking at the speci�c develop-
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ment of the rollover risk proxies as they were presented in �gure 13 in section 8.1, the market based

rollover risk proxies shows a development which is more in line with the �rms' CDS spreads than the

�rm speci�c illiquidity measures.

As mentioned earlier are the CDS spreads also typically higher for high yield companies than for

investment grade companies. However as the rollover risk components in bps actually showed to be

smaller for the high yield companies than for the investment grade companies it is also expected to see

that a smaller fraction of the variation in the high yield �rms' CDS spreads is determined by rollover

risk. In order to determine explicit numbers for this, the next section calculates the explicit fraction

of the Log(CDS spreads) which relates to �rms' rollover risk.

9.3.2 The fraction of the rollover risk component

In order to determine the fraction of the rollover component of the Log(CDS spreads) the amount by

which the variation in the rollover risk component can explain the di�erence in the (Log) CDS Spreads

needs again to be calculated. However this time the calculation is done for each observation separately

and by directly comparing the rollover risk components to the Log(CDS Spreads). In particular, I use

the following procedure:

Firstly, the rollover risk component is (again) for each illiquidity measure, j, and for each observation

in my 3 data samples calculated in line with equation (9.4). Based upon the calculated rollover risk

components I (again) �nd for each illiquidity measure and each data sample the 5%-quantile of the

derived rollover risk components (Rollover Risk Component5%) and which as before covers the 5%

companies which have the lowest rollover risk.

Secondly and in contrast to the former procedure, I calculate for each observation the di�erence between

the observation speci�c rollover risk component and the respective 5%-quantile. By doing so the �rm

and time speci�c rollover risk component is directly compared with the rollover risk component of a

�rm in the 5% segment of the �rms group which have the lowest rollover risk. Further, this di�erence

is divided by the Log(CDS spreadsi,t) of the respective observation. In this sense I compare for each

individual �rm the component di�erence between the respective �rm and a �rm with the lowest rollover

risk directly with the size of the �rm based Log(CDS spreads). Formally this means for each observation

in the three data samples and each illiquidity measure the rollover risk fraction is calculated as

Rollover Risk Fractionjit =
Rollover Risk Componentjit − Rollover Risk Componentj5%

Log(CDS spreadit)
(9.6)

where i refers to the CDS issue and t determines the time (year and month). Note that the rollover

risk fractions are given as percentages and determine the fraction of the di�erence in the Log(CDS

spreads) for a �rm with low risk compared to a �rm with medium rollover risk which can be explained

by the variation in �rms' rollover risk.

Finally, I �nd for each illiquidity measure and each data sample the average rollover risk component
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fraction by taking the medium of the respective derived rollover risk component fractions. That is

I sort increasingly for each data sample and each illiquidity measure, j, all values of Rollover Risk

Fractionjit and �nd the median value, Rollover Risk Componentj50%. The results regarding the rollover

risk component fractions are for each of the 9 rollover risk component types listed in table 13. Note

again that these numbers refer to the percentile fraction of the logarithmic term of the CDS spreads.

Table 13: The fraction of the rollover risk component of the Log(CDS spreads).

Rollover Risk Component
Fraction (%)

Illiquidity measure All Companies High Yield Investment Grade

AmihudRef. 0.306% 0.131% 0.367%

AmihudPortfolio 1.874% 0.616% 2.475%

λMarket 4.983% 2.354% 7.195%

As seen in table 13 the fraction of the �rms' CDS spreads which is due to rollover risk is (in line

with the former results) highest for investment grade companies and when using the market based

illiquidity measure λMarket. Speci�cally, I �nd that about 7.2 % of the di�erence in investment grade

�rms' Log(CDS spreads) can be explained by the variation in �rms' rollover risk. When using the

�rm speci�c illiquidity measures, the fraction of the Log(CDS spreads) is smaller but still highest for

the investment grade companies. That the fraction is determined by the �rm type and not the lack

of observations in my data samples can actually be shown when comparing the results for the 3 data

samples and observing that the rollover risk fractions for the total data sample are higher than the

fractions for the high yield companies, but smaller than the fractions for the investment grade compa-

nies.

In addition, the tendency that higher rollover risk fractions are found for �rms with higher credit

ratings is also kept when using data samples which are divided with respect to the �rms' speci�c credit

rating. Table 14 shows the results obtained when using the estimated coe�cients presented in table 8

and calculating the rollover risk fractions as explained above.

Table 14: The rollover risk fraction of the �rms Log(CDS spreads) based upon the �rms credit rating.

Credit Rating

Illiquidity measure AAA AA A BBB BB B C D

AmihudRef. 2.030% 0.440% 0.789% 0.115% 0.246% 0.705% 0.787% -

AmihudPortfolio 3.200% 2.115% 2.844% 1.681% 1.714% 1.400% 1.984% -

λMarket 12.075% 8.940% 5.236% 7.179% 4.794% 4.948% 5.915% 20.296%

As the results in table 14 show, the fraction is highest for the AAA rated �rms and when using the

market based measure (12.075%)31, whereas the fraction declines for lower ratings.

Chen et al. (2013) also estimate the importance of �rms rollover risk and its fraction of the �rms

credit spreads by quantitatively analysing both the default and non-default components of the credit

spreads. In fact, they provide a structural model of corporate bonds and analyse the interaction of

31I do not highlight the fraction of the D-rated �rms as this �nding only relies upon 12 observations.
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�rms' default decisions with time varying macroeconomic and secondary market liquidity conditions.

In line with the model by Longsta� et al. (2005) and similar to my empirical approach they use CDS

spreads as a proxy for default risk whereas the remaining credit spread after subtracting this �default�

part' is considered as the �liquidity� part. Further, they decompose the �default� part into a �pure de-

fault�component and a �liquidity-driven-default� component. The �pure default�component is de�ned

as the spread implied by the benchmark (Leland and Toft 1996) model and when assuming that there

are no liquidity frictions in the secondary market for all bond investors. Then, by subtracting the �pure

default� component from the total �default� part they obtain the �liquidity-driven-default� component

which driven by the rollover risk mechanism quanti�es the e�ect that bond illiquidity makes default

more likely.

Using historical moments of default probabilities and empirical measures of secondary market liquidity

(i.e. Roll's illiquidity measure) Chen et al. (2013) �nd that the �pure default� component can explain

about 27-30%32 of investment grade �rms' credit spread and up to 56% of high yield �rms credit spread

and that the �pure default� part in �rms credit spreads (and CDS spreads) is higher for �rms with

lower credit ratings which is in line with the overall literature.

Further and what is more interesting Chen et al. (2013) �nd non-negligible results for the �liquidity-

driven default� part capturing the rollover risk channel. Speci�cally, they �nd that the �liquidity-driven

default� part for AAA/AA rated bonds accounts for 8-9% of the observed credit spreads. For BB-rated

bonds the model estimated that the �liquidity-driven-default� accounts for about 12% of the observed

credit spreads and thus its quantitative importance rises for lower rated bonds.

Having in mind that the regression model covered in this thesis �nd the rollover risk fraction of �rms'

Log(CDS spreads) spreads whereas the results obtained by Chen et al. (2013) refers to rollover risk

fractions of �rms' credit spread, it is worth noticing that we �nd about the same fraction of rollover risk

for investment grade companies in the case where I use the market based illiquidity measure λMarket

(see table 13). However, the model covered in this thesis �nds signi�cantly lower rollover risk fractions

when using the data sample only covering high yield companies. When using λMarket the model for

instance only estimates a fraction of about 2.4%. In contrast Chen et al. (2013) �nds as mentioned that

the fraction of credit risk which is due to the rollover risk channel increases for lower credit ratings and

for BB rated bonds they �nd a rollover risk fraction of about 12%. Even though it might be di�cult

to compare the results directly due to general di�erences in the set-up for and data used in the models

the results are very interesting as they in both measure and furthermore underline the importance of

�rms' rollover risk for credit risk.

9.3.3 The period based rollover risk components

In order to see whether the size and fraction of the rollover component is time dependent the same

calculations as described above are done for the regression results regarding the period based model.

That is, the results obtained from the analysis where the data samples were divided into the three

sub-periods pre-crisis, peak crisis and post-crisis (see table 9 in section 9.2.1). The derived rollover

32Chen et al. (2013) calibrate their parameters over both normal and recession states and the exact fraction of the
credit spreads depends thereby on the chosen macroeconomic state.
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risk components are given in table 15.

Table 15: The size of the rollover risk component based upon the sub-period data samples (bps).

All Companies High Yield Investment Grade

Illiquidity measure Pre-
Crisis

Peak-
Crisis

Post-
Crisis

Pre-
Crisis

Peak-
Crisis

Post-
Crisis

Pre-
Crisis

Peak-
Crisis

Post-
Crisis

AmihudRef. 0.01200 0.05164 0.01831 0.18824 0.09091 0.01297 0.00328 0.05345 0.01406

AmihudPortfolio 0.03478 0.03984 0.06632 0.06829 0.02010 0.02075 0.01275 0.04629 0.07601

λMarket 0.11984 0.08694 0.11082 0.06692 0.02592 0.03710 0.24827 0.15973 0.03345

As seen in table 15 the calculation of the size of the component again gives the highest rollover risk

components for the market based illiquidity measure and when using the investment grade companies.

With respect to the di�erent periods the results show a diverse picture. When using the market based

illiquidity measure the rollover risk component is seen to be highest in the pre-crisis period regardless

of the �rm type. This indicates thus that the variation in �rms' rollover risk explains more of the

observed di�erence in the CDS spreads for a �rm with low risk and a �rm with medium risk in times

of �nancial stability. Formally, this might be due to the fact that �rms in this period in general held

a high amount of short-term debt and thus had a high rollover frequency (see for instance �gure 11).

Furthermore, the �rms' held in general lower credit risk ratios and thus the impact of the most impor-

tant credit risk controls might be less signi�cant in times of stable markets.

In the active phase of the crisis the short-term debt to total debt ratio obtained a signi�cant decrease

driven by the market freeze in the overall economy. In contrast the CDS spreads meanwhile obtained

a signi�cant increase. The resulting conclusion of that rollover risk has a lower impact in times of the

�nancial crisis is also con�rmed by the results regarding the market based measure. As seen in the

table the amount explained by the variation in the rollover risk proxies actually decreases for the peak

crisis period. The same tendency is seen for the high yield data sample and when using the �rm based

measure. However for the investment grade data sample, the regressions regarding the �rm speci�c

illiquidity measures show actually an increase in the amount explained by the rollover risk proxies.

Thus for the investment grade data sample and when using the �rm speci�c illiquidity measures the

results are in line with the theoretical predictions. This tendency is also outlined in table 16 which

summarises the period based calculated rollover risk fractions of the variation in the Log(CDS spreads)

which is explained by the variation of �rms' rollover risk.

Table 16: The fraction of the rollover risk component of the Log(CDS spreads) based upon sub-period data
samples.

All Companies High Yield Investment Grade

Illiquidity measure Pre-
Crisis

Peak-
Crisis

Post-
Crisis

Pre-
Crisis

Peak-
Crisis

Post-
Crisis

Pre-
Crisis

Peak-
Crisis

Post-
Crisis

AmihudRef. 0.338% 1.163% 0.364% 3.432% 1.520% 0.219% 0.092% 1.355% 0.313%

AmihudPortfolio 0.960% 0.844% 1.416% 1.384% 0.327% 0.338% 0.371% 1.116% 1.743%

λMarket 3.224% 1.817% 2.300% 1.487% 0.433% 0.612% 6.939% 3.639% 0.755%

Table 16 shows in line with the presented components the highest rollover risk fractions when using the

market base illiquidity measure and the data from the pre-crisis period. For investment grade �rms
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the rollover risk channel accounts for about 7.0% of the investment grade �rms' Log(CDS spreads)

whereas it is only about 0.8% in the aftermath period of the �nancial crisis. Thus, the market based

measure clearly indicates that �rms' rollover risk have a minor impact in times of �nancial crisis and

aftermath periods.

With respect to the �rm based illiquidity measures table 15 and 16 again show a split between high

yield and investment grade companies. Whereas the fraction of the variation in �rms' rollover risk

explaining the di�erence in the Log(CDS spreads) for the high yield companies decreases with the

beginning of the �nancial crisis, the rollover risk for investment grade companies seems to get a higher

impact during the years of the �nancial crisis. In the pre-crisis period the calculated fraction equals

1.4% for the high yield companies and when using the portfolio based illiquidity measure whereas the

rollover risk fraction is 0.3% in the post-crisis period. As outlined before, this might be due to the

fact that high yield companies in general have a high credit risk which increased signi�cantly with the

beginning of the �nancial crisis and the fact that this increase mainly is driven by other credit controls

than the �rms' rollover risk. For the investment grade companies the rollover risk component fraction

increases from only 0.4% in the pre-crisis period to 1.7% in the post-crisis period. This increase in

the rollover risk fraction indicates that the deterioration in the overall bond market illiquidity lead

to higher rollover risk for investment grade companies. Note that this linkage between debt market

liquidity and �rms' rollover risk is perfectly in line with the theoretical �ndings. However, as this

results only is obtained for investment grade companies which in fact should have less rollover risk

than high yield companies, and that this result only is obtained when using the �rm speci�c illiquidity

measure the conclusion seems not to be a very robust result.
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10 Discussion of the empirical analysis

To sum-up from the empirical analysis this section brie�y outlines the main results and the robustness

checks used within the empirical analysis covered in this thesis. Further the section provides a discussion

of the behaviour and the limitations of the used approach for determining the signi�cance of �rms

rollover risk.

10.1 Main results

First of all the analysis of empirical rollover risk model shows evidence for a linkage between debt

market liquidity and credit risk. Based upon the usage of �rms' CDS spreads the analysis outlined

in general positive and signi�cant coe�cients for each of the used illiquidity measures. However the

model also outlined that the exact signi�cance and explanatory power of the illiquidity measure de-

pends on especially the �rm type, i.e. credit rating, as well as the period for which the regressions

are run. In fact the signi�cance of the illiquidity measure and thus the linkage of the debt market

liquidity and �rms' credit risk is seen to be highest for investment grade �rms. In terms of the model

by He and Xiong (2012) this means that the outlined rollover risk model predicts that a deterioration

in the bond market liquidity has a higher impact on the credit risk of �rms with higher credit ratings.

Further the empirical model showed when using the investment grade data sample to behave in line

with the intuition with respect to period dependency and outlined thus a higher signi�cance for the

indirect liquidity channel in times of �nancial distress. As a �rst result the empirical analysis thereby

gives evidence for a linkage between the debt market liquidity and corporate bond spreads beyond the

classical liquidity premium channel.

Secondly, and as the key result of my thesis the presented and used rollover risk model provides fur-

ther evidence for �rms' rollover risk. In line with the theoretical �ndings by He and Xiong (2012)

which state that �rms' rollover risk is ampli�ed by the use of short-term debt the model uses �rms'

short-term debt to total debt ratio times an illiquidity measure as a proxy for rollover risk. As the

empirical analysis shows I �nd in general positive and signi�cant coe�cients for the direct rollover risk

measures indicating that �rms which have a higher rollover frequency and/or are operating in more

illiquid markets tend to have higher CDS spreads. Said in other words, the rollover risk model predicts

that �rms' rollover risk has an impact on credit risk.

Following the presented theoretical framework this risk arises due to deteriorations in the debt market

liquidity which makes it more expensive for the equity holders of the �rm to rollover their maturing

bonds and to keep the �rm alive. In line with this theoretical motivation the analysis of the empirical

rollover risk model shows that the impact of �rms' rollover risk on credit risk also was ampli�ed when

the debt market liquidity showed a signi�cant decline during the �nancial downturn beginning in au-

tumn 2007.

Finally, the model also outlined that the signi�cance for �rms' rollover risk is emphasized when using

�rms with lower credit ratings which is in line with the He and Xiong (2012) model and the �ndings by

Valenzuela (2011). Thus to sum-up, the rollover risk model and the results of the empirical regression

analysis in general con�rms the �ndings by Valenzuela (2011), and does this in fact by using an even

better statistical approach.
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In addition to the regression analysis and in contrast to Valenzuela (2011) I also �nd besides the

statistical evidence an �economic� signi�cance of the rollover risk channel. In fact the results of the

empirical analysis outlines that the variation in the �rm's rollover risk counts for up to 7% of the

variation in investment grade �rms' Log(CDS spreads)33. However, the speci�c fraction depends highly

on the used illiquidity measure and the credit rating of the �rms. In fact the model shows not

as expected the highest fractions for high yield companies but more over that rollover risk in an

economic perspective means most to investment grade companies. This is somehow surprising, but

as the tendency also is clearly indicated when dividing the �rms with respect to their speci�c credit

rating this might represent the fact that the credit risk of high yield �rms simply relies more on other

factors than its rollover risk. Even this seems intuitive to be very reasonable, the relation is in fact not

in line with the �ndings obtained by calibration of the He and Xiong (2012) model and rather not with

the �ndings by Valenzuela (2011). Furthermore the analysis also shows that the economic signi�cance

is lower under the �nancial crisis. My argument is here that this might be driven by the market freeze

and the signi�cantly decrease in short-term debt �nancing at the peak of the �nancial crisis. However,

this �nding stands again in contrast to the �ndings by He and Xiong (2012). With respect to the

illiquidity measures the highest fractions are obtained when using the market based measure whereas

the �rm speci�c only shows fractions under 2.5 %. Thus, in general I only �nd small fractions of the

variation in the Log(CDS spreads) which can be explained by the variation in �rms' rollover risk. Even

that I for investment grade companies �nd an economic signi�cance of 7% which is about the same

level as Chen et al. (2013) �nd in their calibration, the presented rollover risk model indicates in fact

that the impact of rollover risk empirically might be less important than the theoretical model by Chen

et al. (2013) and the empirical model by Valenzuela (2011) predicts.

10.2 Used robustness checks

Within the empirical analysis I have used some robustness checks in order to obtain reliable results.

Firstly, the study relies on the use of 3 di�erent illiquidity measures, i.e. two �rm speci�c and one

market based illiquidity measure. As shown in the empirical analysis the market based measure seems

to perform �best� as it showed the most robust results. However, also the portfolio based measure

performs well and a comparison between the two measures indicates furthermore that investment

grade companies' rollover risk on a higher extent seem to depend upon the market based illiquidity

measure whereas the rollover risk of �rms with a lower credit rating shows a higher signi�cance when

using the �rm speci�c illiquidity measures. Note however that ��ner� measures such as the bid-ask

spread may provide even better results.

Secondly, the overall conclusions relies on the results of the full rollover risk model which besides the

�new� rollover risk proxies covers a wide range of other credit controls which are known to have an

impact on the �rms credit risk. The inclusion of these factors ensures that the obtained results for the

rollover risk proxies not are (highly) a�ected by the general lack of credit risk explanatory power of

the model.

33Note that I obtain the 7% when using investment grade companies and the market based illiquidity measure (see
e.g. table 13) and that even higher fractions can be obtained when only using AAA rated companies.
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As a further robustness check the regressions are also run on minor data samples which are divided

with respect to the covered period and where each of the period re�ects a speci�c development in the

economy. Besides that this reduces the length of the used study period, this has the aim to make

the model more robust with respect to the di�erences in the development of the �nancial market. As

outlined by the period based rollover risk model the rollover risk proxies showed mostly a positive

impact on the investment grade �rms' CDS spreads. Furthermore the analysis showed higher R-

squares for regressions run on the peak-crisis and also post-crisis period and indicates thus that the

provided rollover risk model in general behaves better for periods covering times of �nancial recessions.

However remember also that the economic signi�cance for rollover risk in these period showed the

lowest fractions.

Finally, I have as a robustness check analysed whether the elimination of �nancial and public �rms

has an impact on the obtained results as these often due to their special company status show leverage

ratios above the overall average. However, the results of this regression show no signi�cant improvement

of the model which in fact might due to the fact that the used data samples only cover few �nancial

and public �rms.

10.3 Limitations of the empirical analysis and outline of further investigations

In line with the fact that no model �ts real world observations perfectly also the approach of analysing

the signi�cance of rollover risk covered in this thesis has its limitations and can be improved. A couple

of discussion points were already outlined throughout the empirical study and thus I only highlight

some main limitations in the following.

First of all the whole analysis relies on �rms covered in Markit data's list of the most traded/liquid

contracts for North American companies in the single name CDS market. As the name indicates, these

�rms are some of nowadays most liquid companies and are thus assumed having survived the �nancial

crisis quite well. As also indicated by the very low leverage ratios for the companies covered in the

data sample, these �rms might not represent an average/�normal� company, but moreover companies

which in general are �clever� and healthy �rms. This special characteristic of the �rms covered in my

empirical analysis might have a�ected the obtained results and even led to some misleading conclu-

sions. In contrast I would expect a better behaviour of the provided rollover risk model and more clear

results when the data sample for instance also would have coveres �rms which default within the study

period. This would all else equal at least give more reliable results.

Another limitation with respect to the usage of CDS spreads is the fact that the data sample is re-

stricted to only include �rms which trade CDS's. In fact, this restricts the amount of available data

sample signi�cantly. The lack of observations is especially outlined when dividing the data sample

into minor sub-sample and restricts especially the analysis of the impact of the sector of the �rms. As

this might imply that the empirical analysis covers misleading results this might also explain why the

literature so far only provides analyses of the impact of �rms' rollover risk on corporate bond spreads.

However, despite the potential lack of observations I see a clear improvement of the framework for the

rollover risk analysis when using CDS spreads.

One obvious improvement opportunity is the speci�cation of the �rms' debt rollover frequency. As

mentioned, the rollover risk model �simply� uses the �rms' short-term debt to total debt ratio as a
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measure for rollover frequency. However, as the de�nition of short-term debt mostly also includes other

short-term payables than debt, e.g. bank acceptances, overdrafts and loans payable to stockholders,

parents or consolidated and unconsolidated subsidiaries, this might in fact not be an adequate measure

for the �rms' exposure to rollover risk. Thus a potential improvement of the model would be either to

�nd a better rollover frequency measure or to determine the fraction of short term debt which in fact

re�ects debt and by using this measure to correct the current rollover frequency measure.

A further limitation of the outlined model and completed analysis is the fact that the model can't

disentangle other indirect liquidity channels. As outlined in the former section when the model �nds

evidence for a linkage between debt market liquidity and credit risk, the model associates this with

evidence for the rollover risk channel. However as outlined earlier Bongaerts et al. (2011) provides ev-

idence that the bond market liquidity can also a�ect CDS spreads through a hedging argument. Thus

as there actually might be other factors linking the debt market liquidity and �rms' credit risk beyond

the rollover risk channel, the model might overestimate the impact of �rms' rollover risk. As this in

fact can have major consequences this is obviously a criticism of the provided model and indicates a

possibility for an improvement of the rollover risk model.

Finally, the general framework for the empirical analysis, i.e. selection of data, sources, study period,

explanatory variables etc., can be discussed and potential improvements are left for further investiga-

tion.
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11 Conclusion

This thesis analysed the rollover risk channel as a linkage between debt market liquidity and credit

risk. Furthermore, the signi�cance of rollover risk has been analysed within a new empirical approach.

First of all this thesis provides an in dept analysis of the theoretical framework for �rms' rollover risk

by investigating the model by Leland and Toft and further outlining the extensions and key properties

of the He and Xiong (2012) model. The key contribution in He and Xiong (2012) is to show that shocks

to market liquidity a�ects bond prices not only through the liquidity premium but also through a credit

risk channel. The framework for this channel is the rollover of the �rms' maturing debt. When a shock

to market liquidity suppresses a �rm's bond prices, the �rm's equity holders have to absorb losses from

rolling over maturing bonds at the reduced market prices in order to avoid bankruptcy. As a direct

consequence the equity holders choose a higher default threshold. In this sense leads a deterioration

in debt market liquidity not only to a higher liquidity premium but also to a higher default premium.

He and Xiong (2012) and Valenzuela (2011) �nd evidence for the impact of the rollover risk on corpo-

rate bond spreads and outline further that this e�ect is ampli�ed by shorter debt maturities. However,

by arguing that the spread of �rms' credit default swaps in fact is a more direct credit risk measure it

has been possible to develop and exploit this framework further in the sense of using CDS spreads as

the measuring variable in the empirical analysis. The advantage of using �rms CDS spreads this new

approach actually makes it possible to determine the speci�c signi�cance of �rms' rollover risk on credit

risk and thus on the default part of the corporate bond spreads only. Even though that this approach

of analysing the signi�cance of rollover risk is somehow limited it will nevertheless improve the general

framework and reliability of an empirical investigation of the indirect liquidity channel. Primarily

illiquidity measures have been used as rollover risk proxies to measure the indirect channel between

debt market liquidity and credit risk. Furthermore, �rms' short-term debt to total debt ratio times

an illiquidity measure has been used as a direct measure of the �rms rollover risk. The motivation for

this measurement of rollover risk is that �rm's short-term debt to total debt ratio determines rollover

frequency and that shorter debt maturities in line with the theoretical model ampli�es the impact of

an increase in debt market illiquidity. In this sense, a signi�cant coe�cient for this parameter provides

high evidence for the rollover risk channel. The direct rollover risk measure determines thus the key

element in the new approach of analysing rollover risk.

By using TRACE data and a couple of credit controls obtained from COMPUSTAT for North Amer-

ican high yield and investment grade companies evidences were found for both the presence of an

indirect liquidity channel and the signi�cance of �rms' rollover risk.

The rollover risk model in this thesis shows �rst of all evidence for a linkage between debt market

liquidity and credit risk and outlines, coherent with the theory an other empirical studies, a higher

signi�cance for the indirect liquidity channel in times of �nancial distress. Furthermore, the results of

the analysis indicates, in contrast to other literature, that the linkage is highest for investment grade

�rms.
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However, the key learning in this thesis is the evidence showing that the indirect liquidity channel (at

least to some extent) is determined by the �rms' rollover risk. In general are the �ndings pointing

towards positive and signi�cant coe�cients for the direct rollover risk measure indicating that �rms

which have a higher rollover frequency and/or are operating in more illiquid markets tend to have

higher CDS spreads. In line with the observed higher credit risk of �rms under the �nancial down-

turn beginning in autumn 2007 and the resulting signi�cant deterioration in debt market liquidity, the

provided rollover risk model estimates a higher signi�cance of �rms' rollover risk in times of �nancial

distress when using investment grade companies. Finally, and in fact in contrast to the �ndings by

Valenzuela (2011) the CDS based model shows that the signi�cance for �rms' rollover risk is empha-

sizing on �rms with higher credit ratings.

As an indication for the economic importance of �rms' rollover risk the analysis of the rollover risk

model indicated a minor signi�cance. In fact the CDS based model shows that the variation in rollover

risk counts for about 7% of the di�erence in investment grade �rms' Log(CDS spreads). Further the

model outlines in contrast to He and Xiong (2012) and Chen et al. (2013) that the fraction for high

yield companies is lower. However, the di�erence might be explained by the fact that the credit risk

of high yield �rms to a higher extent may rely on other factors than rollover risk. Furthermore the

results are indicating that the economic signi�cance is lower under the �nancial crisis driven by market

freeze and the signi�cant decrease in short-term debt �nancing at the peak of the �nancial crisis. Even

though that these �ndings stand in contrast to Chen et al. (2013) the general results obtained in the

empirical analysis underline in fact the existence of a rollover risk channel.

Finally, by outlining evidence for the presence of an indirect liquidity channel in both a theoretical and

empirical set-up this thesis also invalidates the statement by Leland (2004) that there exists no linkage

between debt market liquidity and credit risk. In fact, the CDS based rollover risk model covered in

this thesis supports and con�rms that the linkage is determined by �rms' rollover risk.
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A Appendix

This appendix gives the mathematical arguments and proofs for the hitting time distribution functions

used in Leland and Toft (1996) and He and Xiong (2012). The derivation of F (t) are in line with

Harrison (1990) whereas G(t) follows the �ndings by Rubinstein and Reiner (1991).

A.1 Derivation of the cumulative distribution function of the �rst passage time

to bankruptcy, F (t)

This section outlines the derivation of F (t) which denotes the cumulative distribution function of the

�rst passage time to bankruptcy and is used in the de�nition of the debt value. The section starts-out

by determining the hitting time distribution in the case of an upper boundary and the derivations

follow for this the �ndings by Harrison (1990). Based upon these �ndings I derive the hitting time

distribution in case of a lower boundary in line with Lando (2004).

The hitting time distribution in the case of an upper boundary

Harrison (1990) derives in his paper the hitting distribution function for at a process starting in zero

and having an upper boundary (e.g. see �gure 14).

y 

X0 = 0 t 

Xt 

T 

Figure 14: Illustration of a process starting at zero and having an upper barrier

Formally this can be written as followed:

Let Mt = sup {Xs, 0 ≤ s ≤ t} and de�ne the joint distribution function

Ft(x, y) ≡ P {Xt ≤ x,Mt ≤ y} . (A.1)

Here X is a standard Brownian motion on (Ω,F ,P) meaning that X is a stochastic process having a

continuous sample paths, stationary independent increments so that X(t) ∼ N(0, t). As mentioned it

is further assumed that the process X starts in zero, i.e. X0 = 0, which means that it is only necessary

to check Ft(x, y) for y ≥ 0 and x ≤ y.
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For a standard Brownian motion where µ = 0 and σ = 1 equation (A.1) can be rewritten to

Ft(x, y) = P {Xt ≤ x} − P {Xt ≤ x,Mt > y}

= Φ
(
xt−

1
2

)
− P {Xt ≤ x,Mt > y} (A.2)

where Φ(·) is the N(0, 1) distribution function.

De�ning T to be the �rst t at which Xt = y and letting X∗t = XT+t−XT for t ≥ 0, the strong Markov

property34 can be used to derive an expression for the second term in equation (A.2):

P {Xt ≤ x,Mt > y} = P {T < t,X∗(t− T ) ≤ x− y} = P {T < t,X∗(t− T ) ≥ y − x}

= P {Xt ≥ 2y − x} = P {Xt ≥ 2y − x} = P {Xt ≤ x− 2y}

= Φ
(

(x− 2y)t−
1
2

)
, (A.3)

where the strong Markov property is used to justify the second equality. Note further that the re�ection

principle35, which gives a more intuitive argument, also can be used to obtain the above result. The

re�ection principle is however a weaker argument.

By inserting the result of (A.3) in equation (A.2) the joint distribution function for a standard Brownian

motion (µ = 0, σ = 1) can be de�ned as

P {Xt ≤ x,Mt ≤ y} = Φ
(
xt−

1
2

)
− Φ

(
(x− 2y)t−

1
2

)
(A.4)

By di�erentiating the joint distribution function with respect to x we get that

P {Xt ∈ dx,Mt ≤ y} = gt(x, y)dx, (A.5)

where

gt(x, y) ≡ [φ(xt−
1
2 )− φ((x− 2y)t−

1
2 )]t−

1
2 (A.6)

and φ(z) = 1√
2π
exp(−z

2

2 ) is the N(0, 1) density function.

In order to derive the joint distribution function of Xt and Mt for general values of µ and σ, one can

use the change of measure theorem (see Harrison (1990)). To hold the derivations on a simple level,

the following calculations are based on the case where µ ∈ R is arbitrary, while σ = 1.

The idea of changing the measure is to replace P by some other probability measure such that X is

a (µ + θ, σ)-Brownian motion on (Ω,F , P ∗). The relation between P and P ∗ can then be written as

dP ∗ = ξdP or more correctly

34The strong Markov property is given as follows: Let T <∞ be a stopping time, and de�ne X∗t = XT+t −XT . Then

X∗ is a (µ, σ) Brownian motion which starts in zero and is independent of the �ltration FT .
35The re�ection principle states that there for every sample path of X that hits level y before time t but �nishes below

level x at time t, there exists another equally probable path that hits y before t and then goes upwards at least y − x
units to �nish above level y + (y − x) = 2y − x at time t. Thus we have that P {Xt ≤ x,Mt > y} = P {Xt ≥ 2y − x}.
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P ∗(A) =

∫
A
ξ(ω)P (dω), A ∈ F (A.7)

where t > 0 and ξ is the density (the Radon-Nikodym derivative) of P ∗ with respect to P . P is here

given as in (A.5), while the Radon-Nikodym for our case can be derived to

ξ ≡ eµXt−
1
2
µ2t. (A.8)

Now using the above result for the joint distribution function for the standard Brownian motion, the

joint distribution function under the new measure can be derived as followed:

P ∗ {Xt ≤ x,Mt ≤ y} = E∗ [1(Xt ≤ x,Mt ≤ y)]

= E [ξ1(Xt ≤ x,Mt ≤ y)]

= E

[
eµXt−

µ2t
2 1(Xt ≤ x,Mt ≤ y)

]
=

∫ x

−∞
eµz−

µ2t
2 P {Xt ∈ dz,Mt ≤ y} dz

=

∫ x

−∞
eµz−

µ2t
2 gt(z, y)dz

where 1(A) denotes a random variable which is equal to 1 on A and zero otherwise. Note that the

process Xs, 0 ≤ s ≤ t now is a (µ, 1) Brownian motion under the probability measure P ∗, so that the

result (specialized to σ = 1) equivalently can be stated as

P ∗ {Xt ∈ dx,Mt ≤ y} = eµx−
µ2t
2 gt(x, y)dx. (A.9)

Using this derivation strategy for general values of σ and by rescaling the Radon-Nikodym derivative

ξ for general values of µ and σ the density of the hitting distribution function given in equation (A.9)

is changed to

P {Xt ∈ dx,Mt ≤ y} = ft(x, y)dx (A.10)

where

ft(x, y) =
1

σ
· e

(
µx

σ2
− µ

2t

2σ2

)
· gt
(
x

µ
,
y

σ

)
(A.11)

In order to derive the general cumulative hitting distribution function Ft(x, y) = P {Xt ≤ x,Mt ≤ y}
the following again shows the calculations for the case where σ = 1 and extends the solution for general

values of σ later on.

Using the general hitting density given in (A.10) the cumulative hitting distribution function is given
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as

FUBt (x, y) =

∫ x

−∞
ft(z, y)dz

=

∫ x

−∞
eµz−(µ

2t/2)gt(z, y)dz

= e−(µ
2t/2)

∫ x

−∞
eµz
[
φ
(
zt−

1
2

)
− φ

(
(z − 2y)t−

1
2

)]
t−

1
2

= e−(µ
2t/2)

∫ 0

−∞
t−

1
2 eµ(z+x)

[
φ
(

(z + x)t−
1
2

)
− φ

(
(z + x− 2y)t−

1
2

)]
= eµx−(µ

2t/2)

∫ 0

−∞
t−

1
2 eµz

[
φ
(

(z + x)t−
1
2

)
− φ

(
(z + x)− 2y)t−

1
2

)]
= eµx−(µ

2t/2) [Ψ(x)−Ψ(x− 2y)]

where

Ψ(x) ≡
∫ 0

−∞
t−

1
2 eµzφ

(
(z + x)t−

1
2

)
dz. (A.12)

Now by letting h(x, t) ≡ t−
1
2 (x − µt) and writing out φ(·), the Ψ(·)-function can be rewritten as

followed:

Ψ(x) =

∫ 0

−∞

1√
t
exp {µz}

 1√
2π
exp

−
(

(z + x) 1√
t

)2
2


 dz

=

∫ 0

−∞

1√
2πt

exp

{
µz − (z2 + x2 + 2xz)

2t

}
dz

=

∫ 0

−∞

1√
2πt

exp

[
−(z2 + x2 + 2(x− µt)z)

2t

]
dz

=

∫ 0

−∞

1√
2πt

exp

[
−(z2 + x2 + (µt)2 − 2xµt+ 2(x− µt)z)

2t
+

(µt)2 − 2xµt

2t

]
dz

=

∫ 0

−∞

1√
2πt

exp

{
−
[
z2 + (x− µt)2 + 2(x− µt)z

2t

]
+

(
µ2t

2
− µx

)}
dz

= e−µx+µ
2t/2

∫ 0

−∞

1√
2πt

exp

{
−1

2

[
t−

1
2 (z + x− µt)

]2}
dz

= e−µx+µ
2t/2

∫ 0

−∞

1√
2πt

φ
(
t−

1
2 (z + x− µt)

)
dz

= e−µx+µ
2t/2

∫ h(x,t)

−∞
φ (u) du

= e−µx+µ
2t/2Φ (h(x, t)) . (A.13)

By substituting (A.13) into (A.12), the cumulative hitting distribution function Ft(x, y) = P{Xt ≤
x,Mt ≤ y} is for general values of µ and σ given by

FUBt (x, y) = Φ

(
x− µt
σ
√
t

)
− e2µy/σ2

Φ

(
x− 2y − µt

σ
√
t

)
(A.14)
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By using (A.14) the probability function of the �rst hitting time can be derived. De�ning T (y) as the

�rst t at which Xt = y (possibly +∞ if µ < 0), then T (y) > t if and only if Mt < y. Letting x ↑ y in

(A.14) gives

P{T (y) > t} = P{Mt < y} = Ft(y, y)

= Φ

(
y − µt
σ
√
t

)
− e2µy/σ2

Φ

(
−y − µt
σ
√
t

)
(A.15)

which is the hitting time distribution in the case of an upper boundary.

The hitting time distribution with lower boundary

As outlined Harrison (1990) derives the cumulative distribution hitting function based on that the

interesting value X starts at zero at moves upwards and has a upper bound, for which there exist a

stopping time T .

However, in Leland and Toft (1996) (and also in He and Xiong (2012), the value of the �rm V does

start at some positive level V0 = v0 and has an lower bound for the value of the �rm de�ned as the

default barrier VB, at which the �rm goes bankruptcy and has to be liquidated. In this way the result

of Harrison has to be restated. The further derivations follow the set-up in Lando (2004).

y =0 

X0 = x0 

t 

Xt 

T 

Figure 15: Illustration of a process starting at x0 and having a lower barrier at zero

In order to derive the distribution of �rst-passage times, consider a (µ, σ)-Brownian motion X which

starts at some positive value X0 = x0 and with a lower barrier assumed to be at zero36. Let mt be the

minimum of the process up to time t, e.g.

mt = inf{Xs : 0 ≤ s ≤ t}. (A.16)

The joint distribution of the process and its running minimum, is then following Lando (2004) given

as

FLBt (x, y) ≡ P{Xt > x,mt > y} (A.17)

36Note that x0 represents the distance to the lower barrier
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Then, by using the above approach by Harrison, the joint distribution function can be derived as

followed:

P{Xt > x,mt > y} = Φ

(
x0 − x+ µt

σ
√
t

)
− e−2µ(x0−y)/σ2

Φ

(
2y − x0 − x+ µt

σ
√
t

)
(A.18)

Now, denote by T the �rst-passage time to 0, that is

T := inf{Xt = 0|X0 = x0}. (A.19)

Then, as T > t implies that mt > 0, one can derive the cumulative �rst-passage distribution function

to the following by inserting x = 0 and y = 0

P{T > t} = P{mt > 0}

= Φ

(
x0 + µt

σ
√
t

)
− e−2µx0/σ2

Φ

(
−x0 + µt

σ
√
t

)
(A.20)

In Leland and Toft (1996) and He and Xiong (2012) the value of the �rm V is lognormally distributed

and the �rm runs into bankruptcy when the �rm hits a lower barrier VB > 0. However, in order to

use the above result directly it is assumed that the adjusted normal distributed �rm value process

determined by ln(V )− ln(VB) = ln
(
V
VB

)
hits a lower barrier at zero. In this way we obtain the same

framework as in Lando (2004) (e.g. see �gure 16).

VB  

V0 = v0 

t 

Vt 

T 
VB  - VB = 0 

V0 = v0 - VB 

Vt 

T 
t 

Figure 16: Illustration of a process starting at x0 and having a lower barrier at zero

Now, by using x0 = ln
(
V
VB

)
and the drift rate determined by (r−δ− σ2

2 ) instead of µ in equation (A.20)
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the �rst passage hitting distribution function in the framework of Leland and Toft (1996) becomes

P{T > t} = P{mt > 0}

= Φ

 ln
(
Vt
VB

)
+ (r − δ − σ2

2 )t

σ
√
t

− e
(
−2(r−δ−σ

2

2 )ln(V/VB)
σ2

)
Φ

−ln
(
Vt
VB

)
+ (r − δ − σ2

2 )t

σ
√
t


= Φ

 ln
(
Vt
VB

)
+ (r − δ − σ2

2 )t

σ
√
t

− ( Vt
VB

)−2(r−δ−σ
2

2 )

σ2

Φ

−ln
(
Vt
VB

)
+ (r − δ − σ2

2 )t

σ
√
t


= Φ

 ln
(
Vt
VB

)
+ (r − δ − σ2

2 )t

σ
√
t

− ( Vt
VB

)−2(r−δ−σ
2

2 )

σ2

Φ

− ln
(
Vt
VB

)
+ (r − δ − σ2

2 )t

σ
√
t

(A.21)
Hence, we have now derived the �rst passage time distribution of the �rm value and the probability,

P{T > t}, that the value of the �rm hits the default barrier VB at some point after time t. As the

coupons and the �nal principal payment only will be paid when the �rm has not run into bankruptcy

until date t, this probability is needed in order to determine the debt value in Leland and Toft (1996)

and thus also in He and Xiong (2012).

Leland and Toft (1996) do not use the above solution directly, but outline instead the hitting distribu-

tion function F (t) following the set-up by Harrison (1990). However, the above solution and Leland and

Toft's solution can be directly linked as (A.21) just is the so-called survival function SLB(t) whereas

the Leland and Toft use the default function FLT (t). Following Lando (2004) we have that

P (τ ≤ t) = F (t) = 1− S(t) =

∫ t

0
f(s)ds⇔ S(t) = 1− F (t) (A.22)

and thus we can directly get the Leland and Toft's result for F (t)footnoteNote that −φ(x) = φ(−x):

1− SLB(t) = 1−

Φ

 ln
(
Vt
VB

)
+ (r − δ − σ2

2 )t

σ
√
t

− ( Vt
VB

)−2(r−δ−σ
2

2 )

σ2

Φ

− ln
(
Vt
VB

)
+ (r − δ − σ2

2 )t

σ
√
t




= Φ

−ln
(
Vt
VB

)
− (r − δ − σ2

2 )t

σ
√
t

+

(
Vt
VB

)−2(r−δ−σ
2

2 )

σ2

Φ

− ln
(
VT
VB

)
+ (r − δ − σ2

2 )t

σ
√
t


= FLT (t) (A.23)
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A.2 Derivation of the distribution function of the probability that a barrier is hit

at time t, G(t)

This section outlines the derivation of G(t) which denotes the distribution function of the probability

that the barrier is hit at time t in line with the �ndings in Rubinstein and Reiner (1991).

The article by Rubinstein and Reiner (1991) examines a simple type of path dependent options in

which the pay-o� depends not only on the �nal price of the underlying asset but also on whether the

underlying asset has reached some other barrier price during the life of the option. As the value of

the options depend on how the underlying asset price behaves through time these options resemble

American options. However due to the fact that the critical boundary of the underlying asset price is

determined in advance and speci�ed in the contract these options are simpler to value than American

options and make it, unlike American options, possible to state �closed form� valuation solutions.

The section starts-out by de�ning the overall framework for these so-called barrier options. Afterwards,

the base barrier option theory is used to derive the value of the so-called out-barrier options and to

motivate the relation to the model by Leland and Toft (1996).

The barrier option set-up

The density of the natural logarithm of the risk-neutral underlying asset return, v, is given by:

f(u) ≡ 1

σ
√

2πt
e−

1
2
v2 (A.24)

with

v ≡ (u− µt)
σ
√
t

and µ ≡ ln
(r
d

)
− 1

2
σ2 (A.25)

and where r is one plus he interest rate, d is 1 plus the payout rate of the underlying asset, σ is the

volatility of the underlying asset, and t is the time-to-expiration of the option37

The density of the natural logarithm of the underlying asset return is in general given as a normal

density function times e2µα/σ
2
and re�ects the density function of the underlying asset price which is

started at some point S above/below the barrier H, and breaches the barrier and ends below/above

the barrier at expiration. That is

g(u) ≡ e2µα/σ2 1

σ
√

2πt
e−

1
2
v2 (A.26)

with

v ≡ (u− 2ηα− ηµt)
σ
√
t

and α ≡ H

S
(A.27)

Note that if S starts above (below) the barrier H and ends below (above) the barrier we have that

η = 1 (η = −1).

37Note that these parameters depend in a complex way on the time. However, in order to keep the notation simple it
is in line with Rubinstein and Reiner (1991) assumed that these variables are constant through time.
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�Out Barrier options�

The out barrier option is determined by a call which is extinguished prior to expiration if the under-

lying asset price ever drops below the pre-determined triggering boundary, H. If the boundary is hit,

the buyer of the option is paid a �xed rebate, R. Otherwise, if the underlying asset price never drops

below H, the down-and-out call will have the same pay-o� as a standard call. The pay-o� from this

option can thus be determined by

Down-and-Out Call{S>H} =

{
max[0, S∗ −K] if for all T ≤ t, S(T ) > H

R if for some T ≤ t, S(T ) ≤ H

As it for out options is possible that the rebate is received at a random rather than at a speci�ed

time there is a need for an addition density function of the �rst passage time (T ) which makes the

underlying asset price to hit the barrier. Following Rubinstein and Reiner (1991) the adjusted density

function can be derived by di�erentiating g(u) with respect to t and is given by

h(T ) ≡
(
−ηα

σT
√

2πT

)
e−

1
2
v2 (A.28)

where

v ≡ (−ηα+ ηµT )

σ
√
T

. (A.29)

Using the density function in (A.28) the present value of the rebate, which is given as the expected

rebate discounted by the interest rate raised to the power of the �rst passage time, can be derived as

∫ t

0
r−τRh(T )dT = R

[(
H

S

)a+b
N(ηz) +

(
H

S

)a−b
N(ηz − 2ηbσ

√
T )

]
(A.30)

where

z ≡
[
ln(H/S)

σ
√
t

]
+ bσ

√
t, a =

µ

σ2
and b =

[
√

(µ2 + 2(ln(r)σ2)]

σ2
. (A.31)

As the value of the �rm, Vt, in the Leland and Toft (1996) set-up hits the default barrier, VB, from

above we can set η = 1 and thus we have

R

∫ t

0
r−Th(T )dT = R

[
(H/S)a+bN(z) + (H/S)a−bN(z − 2bσ

√
t)
]

(A.32)

where z, a and b are given in (A.31).

By using the present value of the rebate and inserting the terms for z, a and b the distribution function

of the probability that the barrier is hit at some time T ∈ [0; t] and denoted by G(t) can be derived as

G(t) =
[
(H/S)a+bN(z) + (H/S)a−bN(z − 2bσ

√
t)
]

(A.33)
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and hence

G(t) =

(
H

S

)µ/σ2+
√

(µ2+2ln(r)σ2)/σ2

N

(
ln(H/S)

σ
√
t

+

√
(µ2 + 2ln(r)σ2)

σ2
σ
√
t

)

+

(
H

S

)µ/σ2−
√

(µ2+2ln(r)σ2)/σ2

N

(
ln(H/S)

σ
√
t

+

√
(µ2 + 2ln(r)σ2)

σ2
σ
√
t− 2

√
(µ2 + 2ln(r)σ2)

σ2
σ
√
t

)

=

(
H

S

)µ/σ2+
√

(µ2+2ln(r)σ2)/σ2

N

(
ln(H/S)

σ
√
t

+

√
(µ2 + 2ln(r)σ2)

σ2
σ
√
t

)

+

(
H

S

)µ/σ2−
√

(µ2+2ln(r)σ2)/σ2

N

(
ln(H/S)

σ
√
t
−
√

(µ2 + 2ln(r)σ2)

σ2
σ
√
t

)

In terms of the Leland and Toft (1996) model and thus letting H = VB, S = V and µ = (r−δ−(σ2/2))

distribution function given equation (A.34) can be written as

G(t) =

(
VB
V

)(r−δ−(σ2/2))/σ2+
√

((r−δ−(σ2/2))2+2ln(r)σ2)/σ2

N

 ln
(
VB
V

)
σ
√
t

+

√
((r − δ − (σ2/2))2 + 2ln(r)σ2)

σ2
σ
√
t


+

(
VB
V

)(r−δ−(σ2/2))/σ2−
√

((r−δ−(σ2/2))2+2ln(r)σ2)/σ2

N

 ln
(
VB
V

)
σ
√
t
−
√

((r − δ − (σ2/2))2 + 2ln(r)σ2)

σ2
σ
√
t

 .

To see that this actually is equal to the Leland and Toft version let

q1(t) =
(−b− zσ2t)

σ
√
t

, q2(t) =
(−b+ zσ2t)

σ
√
t

,

b ≡ ln

(
V

VB

)
, a ≡ r − δ − σ2/2

σ2
, z ≡ [a2σ4 + 2rσ2]1/2

σ2
.

By using these terms G(t) is given as

G(t) =

(
VB
V

)a+z
N

−ln
(
VB
V

)
σ
√
t

+
zσ2t

σ
√
t

+

(
VB
V

)a−z
N

−ln
(
VB
V

)
σ
√
t
− zσ2t

σ
√
t


=

(
V

VB

)−a−z
N

(
−b+ zσ2t

σ
√
t

)
+

(
V

VB

)−a+z
N

(
−b− zσ2t
σ
√
t

)
=

(
V

VB

)−a−z
N (q2(t)) +

(
V

VB

)−a+z
N (q1(t))

and determines thus the term for the distribution function of the probability that a barrier is hit at

time t as used in Leland and Toft (1996) and He and Xiong (2012).
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B Appendix

The following derivation follows the derivations by Leland and Toft (1996), appendix B.

B.1 Derivation of J(m)

The integral J(m) is given as

J(m) =
1

m

∫ m

0
G(t)dt

=
1

m

∫ m

0
1 ·
[∫ t

s=0
e−rsf(s)ds

]
dt38

=
1

m

(
m

∫ m

0
e−rtf(t)dt−

∫ m

0
te−rtf(t)dt

)
=

∫ m

0
e−rtf(t)dt− 1

m

∫ m

0
te−rtf(t)dt

= G(m)− 1

m

∫ m

0
te−rtf(t)dt

= G(m)− 1

m

∫ m

0
te−rt

(
b

σ
√
t32π

exp

(
−1

2

(
b+ ηt

σ
√
t

)2
))

dt

= G(m)− 1

m
exp

(
bθ − bη
σ2

)∫ m

0

b

σ
√
t2π

exp

(
−1

2

(
b+ ηt

σ
√
t

)2
)
dt, (B.1)

where for convenience the following de�nitions are introduced

η = r − δ − 1

2
σ2, and θ =

√
η2 + 2rσ2. (B.2)

The third equation is derived by integration by parts, the sixth by the de�nition of f(t), and the

seventh equation is obtained by completing the square.

Next, the time integral is evaluates. The time integral is here denoted K(m) and given by

K(m) =

∫ m

0

b

σ
√
t2π

exp

(
−1

2

(
b+ ηt

σ
√
t

)2
)
dt (B.3)

By de�ning

σ̃ =
2θ

σ
, Y = V 2θ/σ2

and YB = V
2θ/σ2

B (B.4)

the time integral K(m) can then be rewritten to

K(m) =
2bθ

Y σ2σ̃2

∫ m

0

σ̃Y√
t2π

exp

−1

2

(
ln(Y/YB) + 1

2 σ̃
2t

σ̃
√
t

)2
 dt. (B.5)

By further substituting

ε =
σ̃
√
t√
m

(B.6)
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in (B.5) we get that

K(m) =
4bθ

Y σ2σ̃2

∫ σ̃

0

√
mY√
2π

exp

−1

2

(
ln(Y/YB) + 1

2ε
2t

ε
√
m

)2
 dε. (B.7)

Note here that K(m) now is written as a constant multiplied by an integral of the partial derivative

of a Black-Scholes call option price with respect to the volatility for an option on an underlying asset

with value Y and strike price YB, interest rate and dividend yield equal to zero, and time to maturity

equal to m 39. Since Y > YB, the fundamental theorem of calculus can be used to obtain 40

K(m) =
4bθ

Y σ2σ̃2

[
Y N

(
ln(Y/YB) + 1

2 σ̃
2m

σ̃
√
m

)
− YBN

(
ln(Y/YB)− 1

2 σ̃
2m

σ̃
√
m

)
− (Y − YB)

]

=
b

θ

[
−N

(
−b− θm
σ
√
m

)
+ exp

(
−2bθ

σ2

)
N

(
−b+ θm

σ
√
m

)]
. (B.8)

Substituting this result into the expression for J(m) yields the presented result

J(m) =

(
1 +

b

θm

)
exp

(
bθ − bη
σ2

)
N

(
−b− θm
σ
√
m

)
+

(
1− b

θm

)
exp

(
−bθ − bη

σ2

)
N

(
−b+ θm

σ
√
m

)
=

1

zσ
√
m

[
−
(
V

VB

)−a+z
N(q1(m))q1(m) +

(
V

VB

)−a−z
N(q2(m))q2(m)

]
, (B.9)

where the last equality follows from the de�nitions of q1(m), q2(m), z, a, and b given in the main body

of the text.

39Note that the partial derivative for a call option in general is written as δc/δσ = Se−δTφ(d1)
√
T > 0 where

φ(x) = 1√
2π
e−

1
2
(x)2 and d1 =

ln(S/K)+(r−δ+σ2

2
)T

σ
√
T

40It is here used that N(x) =
∫
−∞ xφ(x)
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C Appendix

C.1 Derivation of E(Vt) and VB

He and Xiong derive the equity value E(Vt) through the following di�erential equation which represents

the required equity return:

rE = (r − δ)VtEVt +
1

2
σ2V 2

t EVtVt + δVt − (1− π)C + d(Vt,m)− p (C.1)

This equation states that the required equity return should be equal to the expected return from hold-

ing the equity in the �rm, which is the sum of the terms on the right-hand side.

The �rst two terms in (C.1) are the partial derivatives of the value of the �rm and capture thereby the

expected change in equity value caused by �uctuations in the �rm's asset value Vt.

The remaining four terms represents the net cash �ow to the equity holders over a short time, NCt

(see equation (3.1)). To recall, δVt represents the cash �ow generated by the �rm per unit of time (the

dividend payment), while the fourth term (1− p)C is the after-tax coupon payment per unit of time.

Further the �fth and sixth terms d(Vt,m) − p capture together the equity holders' rollover gain/loss

from paying o� maturing bonds by issuing new bonds at market price.

As equity holders have limited liability, the equity value must full-�ll the condition that the value of

equity is equal to zero when the �rm is liquidated, e.g. when the fundamental value of the �rm, V ,

hits the default barrier, VB:

E(VB) = 0 (C.2)

In order to derive the equity value de�ne (as before in the debt value derivation) 41

v ≡ ln
(
V

VB

)
. (C.3)

Then we have that

rE =

(
r − δ − 1

2
σ2
)
Ev +

1

2
σ2Evv + d(v,m) + δVBe

v − [(1− π)C + p] (C.4)

with the two boundary conditions

E(0) = 0 and Ev(0) = l. (C.5)

The �rst boundary condition states that when the �rm hits the barrier and v = 0 ⇔ V = VB, the

equity value is zero, while the second says that when v →∞ the equity value becomes linear in V at

a rate equal to free parameter l which is determined by the boundary condition.

41For convenience reasons, the time subscript in Vt is omitted in the further derivation of the equity value
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De�ning the Laplace transformation of E(v) as

F (s) ≡ L[E(v)] =

∫ ∞
0

e−svE(v)dv. (C.6)

Then, applying the Laplace transformation to both sides of (C.4), we have

L[rE(v)] = L

[
(r − δ − 1

2
σ2)Ev +

1

2
σ2Evv + d(v,m) + δVBe

v − [(1− π)C + p]

]
⇐⇒

rF (s) = (r − δ − 1

2
σ2)L[Ev] +

1

2
σ2L[Evv] + L[d(v,m)] + L [δVBe

v]− L [(1− π)C + p] .(C.7)

As

L [δVBe
v] =

∫ ∞
0

e−sv(δVBe
v)dv =

∫ ∞
0

e(1−s)vδVBdv = δVB

[
1

1− s
e(1−s)v

]∞
0

=
δVB
s− 1

(C.8)

and

L [(1− π)C + p] =

∫ ∞
0

e−sv ((1− π)C + p) dv = ((1− π)C + p)

[
−1

s
e−sv

]∞
0

=
(1− π)C + p

s
(C.9)

we get that

rF (s) =

(
r − δ − 1

2
σ2
)
L[Ev] +

1

2
σ2L[Evv] + L[d(v,m)] +

δVB
s− 1

− (1− π)C + p

s
. (C.10)

Note that the boundary conditions imply

L[Ev] = sF (s)− E(0) = sF (s) (C.11)

and

L[Evv] = s2F (s)− sE(0)− Ev(0) = s2F (s)− l. (C.12)

Thus, we have that[
r −

(
r − δ − 1

2
σ2
)
s− 1

2
σ2s2

]
F (s) = L[d(v,m)]− 1

2
σ2l +

δVB
s− 1

− (1− π)C + p

s
. (C.13)

On the left side of the equation we have a second order equation given by

r −
(
r − δ − 1

2
σ2
)
s− 1

2
σ2s2 = 0 ⇐⇒ 1

2
σ2s2 +

(
r − δ − 1

2
σ2
)
s− r = 0. (C.14)
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As the discriminant is given by

D =

(
r − δ − 1

2
σ2
)2

− 4 · 1

2
σ2 · (−r) =

(
r − δ − 1

2
σ2
)2

+ 2σ2r > 0 (C.15)

the two solutions are given by

s∗ =
−
(
r − δ − 1

2σ
2
)
±
√(

r − δ − 1
2σ

2
)2

+ 2σ2r

σ2
> 0 (C.16)

De�ning η and −γ to be the to roots so that −1
2σ

2(s− η)(s+ γ) = 0 we have that

η ≡
−
(
r − δ − 1

2σ
2
)

+

√(
r − δ − 1

2σ
2
)2

+ 2σ2r

σ2

= z − a > 1 (C.17)

and

−γ ≡
−
(
r − δ − 1

2σ
2
)
−
√(

r − δ − 1
2σ

2
)2

+ 2σ2r

σ2

= −(a+ z) > 0 (C.18)

where a and z are de�ned as in (2.8), e.g.

a ≡ r − δ − σ2/2
σ2

, and z ≡ (a2σ4 + 2rσ2)1/2

σ2
. (C.19)

By using this we can write[
−1

2
σ2(s− η)(s+ γ)

]
F (s) = L[d(v,m)] +

δVB
s− 1

− (1− π)C + p

s
− 1

2
σ2l

so that

1

2
σ2F (s) = − 1

(s− η)(s+ γ)

{
L[d(v,m)] +

δVB
s− 1

− (1− π)C + p

s
− 1

2
σ2l

}
= −

1
(s−η) −

1
(s+γ)

η + γ

{
L[d(v,m)] +

δVB
s− 1

− (1− π)C + p

s
− 1

2
σ2l

}
(C.20)

By using the debt value d(v,m) given in equation (3.14) the Laplace transformation of the debt value

becomes
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L (d(v,m)) =

∫ ∞
0

e−svd(v,m)dv

=

∫ ∞
0

e−sv
[

c

r + ξk
+ e−(r+ξk)m

(
p− c

r + ξk

)
[1− F (m)] +

(
αVB
m
− c

r + ξk

)
G(m)

]
dv

=

∫ ∞
0

e−sv
[

c

r + ξk
+ e−(r+ξk)m

(
p− c

r + ξk

])
dv

+

[
−e−(r+ξk)m

(
p− c

r + ξk

)
L[F (m)] +

(
αVB
m
− c

r + ξk

)
L[G(m)]

]
=

[(
−1

s

)
e−sv

c

r + ξk
+

(
−1

s

)
e−sve−(r+ξk)m

(
p− c

r + ξk

)]∞
0

+

[
−e−(r+ξk)m

(
p− c

r + ξk

)
L[F (m)] +

(
αVB
m
− c

r + ξk

)
L[G(m)]

]

= −

e−(r+ξk)mp+ (1− e−(r+ξk)m)
(
− c
r+ξk

)
s


+

[
−e−(r+ξk)m

(
p− c

r + ξk

)
L[F (m)] +

(
αVB
m
− c

r + ξk

)
L[G(m)]

]
. (C.21)

By plotting the debt Laplace equation in (C.20) we get

1

2
σ2F (s) = −

1
(s−η) −

1
(s+γ)

η + γ

 δVB
s− 1

−
(1− π)C + (1− e−(r+ξk)m)

(
p− c

r+ξk

)
s

− 1

2
σ2l

 (C.22)

−
1

(s−η) −
1

(s+γ)

η + γ

{
−e−(r+ξk)m

(
p− c

r + ξk

)
L[F (m)] +

(
αVB
m
− c

r + ξk

)
L[G(m)]

}
Call the �rst line in (C.22) F̂ (s). By using the following properties of the inverse Laplace transformation

given by

L−1
[

1

s− η

]
= eηv · L−1

[
1

s

]
= eηv, L−1

[
1

s− 1

]
= ev

L−1
[

1

s+ γ

]
= e−γv · L−1

[
1

s

]
= e−γv, L−1

[
1

s

]
= 1 (C.23)

the Laplace Inverse can then be derived as followed:

By using the Inverse Translation Property the �rst term in (C.22) can be rewritten to 42

[
δVB
η + γ

]
·
(

1

s− η
− 1

s+ γ

)
·
(

1

s− 1

)
(C.24)

By using the Convolution Integral Property43 and that f ∗ (g + k) = f ∗ g + f ∗ k we have that:

42Inverse Translation Property: Given F (s) = L{f(t)} and since Leatf(t) = F (s− a), we have that L−1{F (s− a)} =
eatf(t) = eatL−1{F (s)}.

43The convolution itegral property is given as followed: Let f(t) and g(t) be two piecewise continuous functions on
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L−1
[

1

s− η

]
· L−1

[
1

s− 1

]
= fη ∗ g(t)

=

∫ v

0
eη(v−t) · etdt =

∫ v

0
eηv · e−ηt · etdt = eηv

∫ v

0
e(1−η)tdt

= eηv
[

1

1− η
e(1−η)t

]v
0

= eηv
[

1

1− η
e(1−η)t − 1

1− η

]
=

1

1− η
ev − 1

1− η
eηv (C.25)

and equivalent

L−1
[

1

s+ γ

]
· L−1

[
1

s− 1

]
= fγ ∗ g(t)

=

∫ v

0
e−γ(v−t) · etdt =

∫ v

0
e−γv · eγt · etdt = e−γv

∫ v

0
e(1+γ)tdt

= e−γv
[

1

1 + γ
e(1+γ)t

]v
0

= e−γv
[

1

1 + γ
e(1+γ)t − 1

1 + γ

]
=

1

1 + γ
ev − 1

1 + γ
e−γv (C.26)

Thus the Laplace inverse of the �rst term in F̂ (s) becomes

−
[
δVB
η + γ

[
1

1− η
ev − 1

1− η
eηv − 1

1 + γ
ev +

1

1 + γ
e−γv

]]
= −

[(
δVB

(η + γ)(1− η)
− δVB

(η + γ)(1 + γ)

)
ev +

δVB
η + γ

(
1

η − 1
eηv +

1

γ + 1
e−γv

)]
=

δVB
(η − 1)(γ + 1)

ev − δVB
η + γ

(
1

η − 1
eηv +

1

γ + 1
e−γv

)
=
σ2V

2
− δVB
η + γ

(
1

η − 1
eηv +

1

γ + 1
e−γv

)
, (C.27)

where the last equation is derived by using (C.3) and the condition that δVB
(η−1)(γ+1)ev = σ2

2 V
44.

Similar can the second and third terms in F̂ (s) be derived to

(1− π)C + (1− e−(r+ξk)m)
(
p− c

r+ξk

)
η + γ

·
[

1

η
(eηv − 1) +

1

γ
(e−γ−1 − 1)

]
(C.28)

and

1

2
σ2l · (eηv − e−γv) (C.29)

In this way the inverse Laplace transform of F̂ (s) is given by

[0, b] and of exponential order with constant a. We call convolution of the functions f and g and denote it by f ∗ g to
the integral f ∗ g(t) =

∫ t
0
f(τ)g(t− τ)dτ where the integral is known as the convolution integral.

44Note that v = VBe
v by the de�nition (C.3) while it can be shown that δ

(η−1)(γ+1)
= σ2

2
.
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Ê(v) =
σ2

2
V − δV B

η + γ

[
1

η − 1
eηv +

1

γ + 1
e−γv

]

+
(1− π)C + (1− e−(r+ξk)m)

(
p− c

r+ξk

)
η + γ

[
1

η
(eηv − 1)− 1

γ
(1− e−γv)

]
+

1

2
σ2l

1

η + γ
(eηv − e−γv). (C.30)

Call the second line in (C.22) F̄ (s), e.g.

(η+γ)F̄ (s) = −
(

1

(s− η)
− 1

(s+ γ)

){
−e−(r+ξk)m

(
p− c

r + ξk

)
L[F (m)] +

(
αVB
m
− c

r + ξk

)
L[G(m)]

}
With respect to the Laplace transform of F (m) we have that

L(F (m)) = L

(
N(h1(m)) +

Vt
VB

−2a
N(h2(m))

)
= L (N(h1(m))) + L

(
Vt
VB

−2a
N(h2(m))

)
Following He and Xiong (2012) the �rst term can be derived to

L (N(h1(m))) =

∫ ∞
0

e−svN(h1(m))dv

= −1

s

(
N(−aσ

√
m)− e

1
2
(((s+a)2−a2)σ2m)

)
(C.31)

By further using the fact that v = ln
(
Vt
VB

)
the second term can equivalent be derived to

L

(
Vt
VB

−2a
N(h2(m))

)
=

∫ ∞
0

e−sv
Vt
VB

−2a
N(h2(m))dv

=

∫ ∞
0

e−sv(ev)−2aN(h2(m))dv

=

∫ ∞
0

e−sve−2avN(h2(m))dv

=

∫ ∞
0

e(−s−2a)vN(h2(m))dv

= − 1

s+ 2a

(
N(aσ

√
m)− e

1
2
(((s+a)2−a2)σ2m)

)
(C.32)

By deriving the Laplace transform of the probability distribution function G(m) in a similar way

equation (C.31) can be rewritten to
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(η + γ)F̄ (s) = e−(r+ξk)m
(
p− c

r + ξk

)
1

η

(
1

s− η
− 1

s

)
×
[
N(−aσ

√
m)− e

1
2
((s+a)2−a2)σ2m

]
− e−(r+ξk)m

(
p− c

r + ξk

)
1

γ

(
1

s
− 1

s+ γ

)
×
[
N(−aσ

√
m)− e

1
2
((s+a)2−a2)σ2m

]
+ e−(r+ξk)m

(
p− c

r + ξk

)
1

2a+ η

(
1

s− η
− 1

s+ 2a

)
×
[
N(aσ

√
m)− e

1
2
((s+a)2−a2)σ2m

]
− e−(r+ξk)m

(
p− c

r + ξk

)
1

γ − 2a

(
1

s+ 2a
− 1

s+ γ

)
×
[
N(aσ

√
m)− e

1
2
((s+a)2−a2)σ2m

]
−
(
αVB
m
− c

r + ξk

)
1

a− ẑ + η

(
1

s− η
− 1

s+ a− ẑ

)
(C.33)

In order to calculate the Laplace inverse of F (s) which for now is called E(v) I de�ne

M(v;x,w, p, q) ≡ L−1
{(

1

s+ p
− 1

s+ q

)
[N(yσ

√
m)− e

√
((s+x)2−w2)σ2m]

}
=

{
N(wσ

√
m)− e

√
[(p−x)2−w2]σ2mN((p− x)σ

√
m)
}
e−pv

+ e
√

[(p−x)2−w2]σ2me−pvN

(
−v + (p− x)σ2m

σ
√
m

)
−
{
N(wσ

√
m)− e

√
[(q−x)2−w2]σ2mN((q − x)σ

√
m)
}
e−qv

− e
√

[(q−x)2−w2]σ2me−qvN

(
−v + (q − x)σ2m

σ
√
m

)
. (C.34)

and further

M(v;x,w, x+ w, q) = −K(v;x,w, q) and M(v;x,w, p, x+ w) = K(v;x,w, p), (C.35)

where

K(v;x,w, p) ≡
{
N(wσ

√
m)− e

√
[(p−x)2−w2]σ2mN((p− x)σ

√
m)
}
e−pv

+ e
√

[(p−x)2−w2]σ2me−pvN

(
−v + (p− x)σ2m

σ
√
m

)
− e−(x+w)vN

(
−v + qσ2m

σ
√
m

)
. (C.36)
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Note that as 2
σ2

1
η+γ = 1

zσ2 the total equity value can be derived to the following expression

E(v) =
2

σ2

(
Ê(v) + Ē(v)

)
= V − δVB

zσ2

[
eηv

η − 1
+
e−γv

γ + 1

]
+

l

2z
σ2(eηv − e−γv)

+
(1− π)C + (1− e−(r+ξk)m)

(
p− c

r+ξk

)
zσ2

[
1

η
(eηv − 1)− 1

γ
(1− e−γv)

]

+
e−(r+εk)m

(
p− c

r+εk

)
zσ2[

1

η
K(v; a,−a,−η) +

1

γ
K(v; a,−a, γ) +

1

η
K(v; a, a, γ) +

1

γ
K(v; a, a,−η)

]

+

(
αVB
m − c

r+εk

)
zσ2[

− 1

z − ẑ
K(v; a,−ẑ,−η)− 1

z + ẑ
K(v; a,−ẑ, γ)− 1

z − ẑ
K(v; a, ẑ, γ)− 1

z + ẑ
K(v; a, ẑ,−η)

]
(C.37)

(C.38)

Now by imposing the boundary condition at v → ∞ the equity value has to grow linearly when

V →∞. However, as eηv =
(
V
VB

)η
and η > 1 all else equal will imply explosion, the coe�cient on eηv

in E(v) is required to collapse to zero. Further, when collecting the coe�cients of eηv and noting that

−η − a = −z, γ = 2a+ η, and 1
2 [z2 − a2]σ2m = rm the following equation can be shown to hold true

0 = − δVB
η − 1

+

[
(1− π)C + (1− e−(r+εk)m)

(
p− c

r + εk

)]
1

η
+
σ2

2
l

+ e−(r+εk)m
(
p− c

r + εk

)
[
N(−aσ

√
m)− ermN(−zσ

√
m)

η
+
N(aσ

√
m)− ermN(−zσ

√
m)

γ

]
+

(
αVB
m
− c

r + εk

)
[
−N(−ẑσ

√
m)− e

√
[z2−ẑ2]σ2mN(−zσ

√
m)

a− ẑ + η
− N(ẑσ

√
m)− e

√
[z2−ẑ2]σ2mN(−zσ

√
m)

a+ ẑ + γ

]
.(C.39)

(C.40)

By using this equation one can solve a term for l, and thus get the closed-form expression for the equity

value given by

E(Vt) = Vt −
δVB
zσ2

e−γvt

γ + 1
−

(1− π)C + (1− e−(r+εk)m)
[
p− c

r+εk

]
zσ2

[
1

η
+

(1− e−γvt)
γ

]
+

1

zσ2

{
e−(r+εk)m

(
p− c

r + εk

)
A(a)−

(
αVB
m
− c

r + εk

)
A(ẑ)

}
(C.41)
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where

A(y) ≡ 1
z−y (K(vt; a, y, γ) + k(vt; a,−y,−η)) + 1

z+y (K(vt; a,−y, γ) + k(vt; a, y,−η)),

with K(vt; a, y, γ) de�ned in equation (A5) and

k(vt; a,−y,−η) = e
√

[(−η−a)2−y2]σ2meηvN
(
−v+(−η−a)σ2m

σ
√
m

)
− e−(a+y)vN

(
−v+yσ2m
σ
√
m

)
.

Note that k(vt; a, y,−η) basically is K(vt; a, y,−η) but without the �rst term

N(yσ
√
m)− e

√
[(−η−a)2−y2]σ2mN((−η − a)σ

√
m)],

as this part has to be zero due to the fact that E cannot explode when v →∞. By using the condition

given in (C.39), an expression for the endogenous bankruptcy boundary, VB, can be derived by using

the smooth-pasting condition E′(VB) = 0 or E′v(0) = l = 0.

Doing so gives the endogenous default barrier determined by:

VB =

(1−π)C+(1−e−(r+ξk)m)
(
p− c

r+ξk

)
η +

[(
p− c

r+ξk

)
[b(−a) + b(a)] + c

r+ξk [B(−ẑ) +B(ẑ)]
]

δ
η−1 + α

m [B(−ẑ) +B(ẑ)]
(C.42)

where

a ≡ r − δ − σ2/2
σ2

, z ≡ [a2σ4 + 2rσ2]1/2

σ2
,

η ≡ z − a < 1, ẑ ≡ [a2σ4 + 2(r + ξk)σ2]1/2

σ2

b(x) =
1

z + x
e−(r+ξk)m[N(xσ

√
m)− ermN(−zσ

√
m)]

B(x) =
1

z + x
[N(xσ

√
m)− e

1
2
[z2−x2]σ2mN(−zσ

√
m)].

(C.43)

102



D Appendix

D.1 Calibration of the He and Xiong (2012) model

This section provides the VBA codes and all �gures regarding the calibration of the He and Xiong

(2012) model. The chosen baseline parameters are broadly consistent with those used for calibration

of standard structural credit risk models in the latest literature and an explanation for the speci�c

choice of parameter is given in the main body of this thesis.

D.1.1 Baseline parameters

Table 17 summarises the used baseline parameters.

Table 17: Baseline parameters for the calibration of the He and Xiong model

Baseline Parameters

Macro Parameters

Common Parameters

Interest rate r = 8.00%

Debt tax bene�t rate π = 27.00%

Firm Characteristic

BB-rated �rms A-rated �rms

Volatility σ = 23.71% σ = 21.28%

Bankruptcy recovery rate α = 60.00% α = 60.00%

Dividend rate δ = 2.15% δ = 2.02%

Bond Market Illiquidity

BB-rated �rms A-rated �rms

Transaction costs k = 1.00% k = 0.50%

Liquidity shock intensity ξ = 1 ξ = 1

Debt Structure

Common Parameters

Maturity m = 1

Current Fundamental V0 = 100

Annual Coupon Payment C = 6.39

Aggregate principal P = 61.68

Note that as I in the following run calibrations for two types of time-to-maturity the bond based prin-

cipal, p, and coupon, c, will change when I change the set-up. Speci�cally, for the case where m = 1

each bond has c = 6.39 and p = 61.68, whereas each bond has c = 1.28 and p = 12.34 for m = 5.

D.1.2 Calibration and programming codes

For the calibration of the model I use Microsoft Excel and the Visual Basic Application.

The calculations of the default barrier and the rollover gain/loss follow the set-up of the theoretical

model as presented in the main body of this thesis (see section 3) and are implemented in VBA (the

code is given underneath.
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Debt value; 
 

Function Debt_Value(c, r, psi, k, tau, p, alpha, sigma, default_bar, m, z_hat, Firm_value, 

value, a) 

    F_val = F_Dist(Firm_value, value, sigma, tau, default_bar, a) 

    G_val = G_Dist(Firm_value, sigma, tau, value, default_bar, a, z_hat) 

    Debt_Value = (c / (r + psi * k)) + Exp(-(r + psi * k) * tau) * (p - (c / (r + psi * 

k))) * (1 - F_val) + ((alpha * default_bar) / m - (c / (r + psi * k))) * G_val 

End Function 

 

Distribution functions; 
 

Function F_Dist(Firm_value, value, sigma, tau, default_bar, a) 

    F_Dist = Application.WorksheetFunction.NormSDist(h_1(Firm_value, a, sigma, tau)) + 

((value / default_bar) ^ (-2 * a)) * 

Application.WorksheetFunction.NormSDist(h_2(Firm_value, a, sigma, tau)) 

End Function 

 

Function G_Dist(Firm_value, sigma, tau, value, default_bar, a, z_hat) 

    G_Dist = ((value / default_bar) ^ (-a + z_hat)) * 

Application.WorksheetFunction.NormSDist(q_1(Firm_value, z_hat, sigma, tau)) + ((value / 

default_bar) ^ (-a - z_hat)) * Application.WorksheetFunction.NormSDist(q_2(Firm_value, 

z_hat, sigma, tau)) 

End Function 

 

Definitions; 
 

Function h_1(Firm_value, a, sigma, tau) 

    h_1 = (-Firm_value - a * (sigma ^ 2) * tau) / (sigma * Sqr(tau)) 

End Function 

 

Function h_2(Firm_value, a, sigma, tau) 

    h_2 = (-Firm_value + a * (sigma ^ 2) * tau) / (sigma * Sqr(tau)) 

End Function 

 

Function q_1(Firm_value, z_hat, sigma, tau) 

    q_1 = (-Firm_value - z_hat * (sigma ^ 2) * tau) / (sigma * Sqr(tau)) 

End Function 

 

Function q_2(Firm_value, z_hat, sigma, tau) 

    q_2 = (-Firm_value + z_hat * (sigma ^ 2) * tau) / (sigma * Sqr(tau)) 

End Function 

 

Function Firm_value(value, barrier) 

    Firm_value = Log(value / barrier) 

End Function 

 

Function a_value(r, delta, sigma) 

    a_value = (r - delta - (sigma ^ 2 / 2)) / (sigma ^ 2) 

End Function 

 

Function z_hat(a, sigma, r, psi, k) 

    z_hat = ((a ^ 2 * sigma ^ 4 + 2 * (r + psi * k) * sigma ^ 2) ^ (1 / 2)) / (sigma ^ 2) 

End Function 

 

Function eta(a, z) 

    eta = z - a 

End Function 
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Default barrier; 
 

Function barrier(pi, c_tot, c, p, r, psi, k, m, eta, delta, alpha, x, y, z, sigma) 

    x_1 = (((1 - pi) * c_tot + (1 - Exp(-(r + psi * k) * m)) * (p - (c / (r + psi * k)))) 

/ eta) 

    x_2 = ((p - (c / (r + psi * k))) * (b(-x, z, r, psi, k, m, sigma) + b(x, z, r, psi, k, 

m, sigma)) + (c / (r + psi * k)) * (BB(-y, z, m, sigma) + BB(y, z, m, sigma))) 

    x_3 = (delta / (eta - 1)) + (alpha / m) * (BB(-y, z, m, sigma) + BB(y, z, m, sigma)) 

     

    barrier = (x_1 + x_2) / x_3 

End Function 

 

Definitions; 
 

Function z_value(a, sigma, r) 

    z_value = ((a ^ 2 * sigma ^ 4 + 2 * r * sigma ^ 2) ^ (1 / 2)) / (sigma ^ 2) 

End Function 

 

Function b(x, z, r, psi, k, m, sigma) 

b = (1 / (z + x)) * Exp(-(r + psi * k) * m) * (Application.WorksheetFunction.NormSDist(x * 

sigma * Sqr(m)) - Exp(r * m) * Application.WorksheetFunction.NormSDist(-z * sigma * 

Sqr(m))) 

End Function 

 

Function BB(y, z, m, sigma) 

BB = (1 / (z + y)) * (Application.WorksheetFunction.NormSDist(y * sigma * Sqr(m)) - 

Exp(0.5 * (z ^ 2 - y ^ 2) * sigma ^ 2 * m) * Application.WorksheetFunction.NormSDist(-z * 

sigma * Sqr(m))) 

End Function 

 

The bond spreads I derive as the di�erence between the yield spreads, Y , and the risk free rate, r.

Note that the bond yields are found by applying equation D.1 which is given in the main body of this

thesis. As a term for the yield not can be derived directly, I solve the function by using the results of

the calibrated debt values. That is I calculate the bond yields by solving

d(Vt,m) =
c

y
(1− e−ym)− pe−ym (D.1)

with respect to Y . For this I use the Solver function in Microsoft Excel.

In order to calculate the bond spread components I simply de�ne the liquidity premium as the product

of the illiquidity shock intensity, ξ, and the transaction cost, k. Note that I in the calibration only

analyse the e�ect of a change of ξ and thus k is �xed for each calibration. The default premium is

then obtained by subtracting the liquidity premium from the bond spread.

D.1.3 Calibration �gures

The calibration is run for both BB-rated and A-rated �rms and for the cases were the time-to-maturity

is m=1 and m=5. Table 17 to 20 show the results for each case, i.e. illustrate the e�ect of a change in

the debt market liquidity (ξ) on the default barrier (Panel A), the rollover gains/losses (Panel B), the

bond spread (Panel C) and the bond spread components (Panel D).
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Figure 17: E�ect of a change in liquidity for BB-rated �rm with time-to-maturity m=1. The �gures refer to the
calibration of the He and Xiong (2012) model with σ = 23.71%, α = 60.00%, δ = 2.2% and k = 1.00% as well as the common
parameters r = 8.00%, π = 26.50%, V0 = 100, C = 6.39 and P = 61.68. Note that as m=1 each bond has c = 6.39 and p = 61.68.
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Figure 18: E�ect of a change in liquidity for BB-rated �rm with time-to-maturity m=5. The �gures refer to the
calibration of the He and Xiong (2012) model with σ = 23.71%, α = 60.00%, δ = 2.2% and k = 1.00% as well as the common
parameters r = 8.00%, π = 26.50%, V0 = 100, C = 6.39 and P = 61.68. Note that as m=1 each bond has c = 1.28 and p = 12.34.
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Figure 19: E�ect of a change in liquidity for A-rated �rm with time-to-maturity m=1. The �gures refer to the
calibration of the He and Xiong (2012) model with σ = 21.28%, α = 60.00%, δ = 2.02% and k = 0.50% as well as the common
parameters r = 8.00%, π = 26.50%, V0 = 100, C = 6.39 and P = 61.68. Note that as m=1 each bond has c = 6.39 and p = 61.68.
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Figure 20: E�ect of a change in liquidity for A-rated �rm with time-to-maturity m=5. The �gures refer to the
calibration of the He and Xiong (2012) model with σ = 21.28%, α = 60.00%, δ = 2.02% and k = 0.50% as well as the common
parameters r = 8.00%, π = 26.50%, V0 = 100, C = 6.39 and P = 61.68. Note that as m=1 each bond has c = 1.28 and p = 12.34.
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E Appendix

E.1 Description and overview of the companies included in the empirical analysis

Table 18: High yield companies included in the empirical analysis

North American high yield companies included in the empirical analysis
Company name Reference

Ticker1)
Credit segment
(long-term)

Current
Rating
(S&P)

CUSIP of ref-
erence obliga-
tion

GIC Sector

Advanced Micro Devices, Inc. AMD High Yield C US007903AU15 Information Technology
AK Steel Corporation AKS High Yield C 001546AL4 Materials
Alcatel-Lucent USA Inc. ALU High Yield BB 549463AC1 Information Technology
American Axle & Manufacturing, Inc. AXL High Yield B US02406PAF71 Consumer Staples
Amkor Technology, Inc. AMKR High Yield B 031652BC3 Information Technology
Aramark Corporation ARAMARKHigh Yield 038521AD2 Consumer Discretionary
Avis Budget Group, Inc. CAR High Yield B 053773AF4 Consumer Discretionary
Belo Corp. BLC High Yield B 080555AE5 Consumer Discretionary
Boyd Gaming Corporation BYD High Yield C 09689RAA7 Consumer Discretionary
Brunswick Corporation BC High Yield B 117043AG4 Consumer Staples
Caesars Entertainment Operating Co. CZR High Yield BB 413627AU4 Consumer Discretionary
CCO Holdings, LLC CCO High Yield 1248EPAQ6 Materials
Chesapeake Energy Corporation CHK High Yield B 165167CF2 Energy
CIT Group Inc. CIT High Yield D 125581GL6 Financialss
Clear Channel Communications, Inc. CCMO High Yield BB 184502AD4 Consumer Discretionary
CMS Energy Corporation CMS High Yield BB 125896AZ3 Utilities
Community Health Systems, Inc. CYH High Yield BBB 12543DAL4 Health care
Cooper Tire & Rubber Company CTB High Yield BB 216831AB3 Consumer Discretionary
CSC Holdings, LLC CVC High Yield 126304AK0 Consumer Discretionary
Dean Foods Company DF High Yield C 242370AA2 Consumer Staples
Deluxe Corporation DLX High Yield BB 248019AP6 Industrials
Dillard's, Inc. DDS High Yield BB 254067AH4 Consumer Discretionary
DISH DBS Corporation DISH High Yield BB 25470XAE5 Consumer Discretionary
First Data Corporation FDC High Yield AA 319963BB9 Information Technology
Forest Oil Corporation FST High Yield C 346091AZ4 Energy
Freescale Semiconductor, Inc. FSL High Yield 35687MAX5 Information Technology
Frontier Communications Corporation FTR High Yield B 17453BAJ0 Telecommunications
Gannett Co., Inc. GCI High Yield B 364725AQ4 Consumer Discretionary
GenOn Energy, Inc. GEN High Yield D 74971XAC1 Utilities
HCA Inc. HCA High Yield BBB 404119BL2 Health care
Health Management Associates, Inc. HMA High Yield B 421933AH5 Health care
Host Hotels & Resorts, L.P. HST High Yield B 44108EBA5 Financials
International Lease Finance Corp. ILFC High Yield 459745GF6 Industrials
Iron Mountain Incorporated IRM High Yield BB US46284PAP99 Industrials
iStar Financial Inc. SFI High Yield C 45031UAW1 Financials
K. Hovnanian Enterprises, Inc. HOV High Yield C 442488BA9 Consumer Staples
KB Home KBH High Yield B- US48666KAP49 Consumer Staples
Kinder Morgan, Inc. KMI High Yield BB 494553AC4 Energy
Lennar Corporation LEN High Yield B 526057AW4 Consumer Staples
Level 3 Communications, Inc. LVLT High Yield C 52729NBR0 Telecommunications
Liberty Interactive LLC LINTA High Yield 530718AF2 Consumer Discretionary
Limited Brands, Inc. LTD High Yield BBB 532716AM9 Consumer Discretionary
Louisiana-Paci�c Corporation LPX High Yield C 546347AH8 Consumer Staples
Meritor, Inc. MTOR High Yield B 043353AC5 Consumer Staples
MGIC Investment Corporation MTG High Yield C 552848AA1 Financials
MGM Resorts International MGM High Yield C 552953BB6 Consumer Discretionary
Nova Chemicals Corporation NCX High Yield C US66977WAK53Materials
NRG Energy, Inc. NRG High Yield BB 629377BG6 Utilities
Olin Corporation OLN High Yield BB 680665AG1 Materials
Owens-Illinois, Inc. OI High Yield C 690768BF2 Industrials
Pactiv LLC PTV High Yield B 880394AD3 Industrials
Parker Drilling Company PKD High Yield C 701081AT8 Energy
PHH Corporation PHH High Yield 693320AR4 Financials
PolyOne Corporation POL High Yield B 37246WAC9 Materials
R.R. Donnelley & Sons Company RRD High Yield B 257867AT8 Industrials
Radian Group Inc. RDN High Yield B 750236AJ0 Financials
RadioShack Corporation RSH High Yield B 750438AE3 Consumer Discretionary
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Rite Aid Corporation RAD High Yield C 767754AJ3 Consumer Discretionary
Royal Caribbean Cruises Ltd. RCL High Yield A 780153AR3 Consumer Discretionary
Sabre Holdings Corporation TSG High Yield BB 785905AB6 Information Technology
Saks Incorporated SKS High Yield B 79377WAK4 Consumer Discretionary
Sanmina-SCI Corporation SANM High Yield B US800907AK37 Industrials
Seagate Technology HDD Holdings STX High Yield 81180RAE2 Information Technology
Sears Roebuck Acceptance Corp. SEARS High Yield C 812404BK6 Consumer Discretionary
Smith�eld Foods, Inc. SFD High Yield C 832248AQ1 Consumer Staples
Sprint Nextel Corporation S High Yield BB 852061AD2 Telecommunications
Standard Paci�c Corp. SPF High Yield US85375CAW10 Consumer Staples
SunGard Data Systems Inc. SGATE High Yield BBB 867363AU7 Information Technology
Sunoco, Inc. SUN High Yield BB 86764PAD1 Energy
Supervalu Inc. SVU High Yield B 868536AT0 Consumer Discretionary
Tenet Health Care Corporation THC High Yield B 88033GAV2 Health care
Tesoro Corporation TSO High Yield BB 881609AT8 Energy
The AES Corporation AES High Yield BB 00130HBL8 Utilities
The Goodyear Tire & Rubber Company GT High Yield C 382550AD3 Consumer Staples
The Hertz Corporation HTZ High Yield 428040CD9 Industrials
The McClatchy Company MNI High Yield B 499040AP8 Consumer Discretionary
The Neiman Marcus Group, Inc. NMG High Yield BB 640204AB9 Consumer Discretionary
The New York Times Company NYT High Yield B 650111AG2 Consumer Discretionary
Toys "R" Us, Inc. TOYS High Yield B 892335AL4 Consumer Discretionary
Unisys Corporation UIS High Yield B 909214BP2 Information Technology
United Rentals (North America), Inc. URI High Yield C 911365AV6 Industrials
United States Steel Corporation X High Yield B 912909AD0 Materials
Universal Health Services, Inc. UHS High Yield A 902730AC4 Health care
Vulcan Materials Company VMC High Yield B 929160AF6 Materials
Weyerhaeuser Company WY High Yield B 962166AS3 Materials
Windstream Corporation WIN High Yield 97381WAJ3 Telecommunications
No. of high yield companies: 80
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Table 19: Investment grade companies included in the empirical analysis

North American investment grade companies included in the empirical analysis
Company name Reference

Ticker1)
Credit segment
(long-term)

Current
Rating
(S&P)

CUSIP of ref-
erence obliga-
tion

Industry/Sector

ACE Limited ACE Investment grade BB 00440EAC1 Financials
Aetna Inc. AET Investment grade BBB 00817YAF5 Health care
Alcoa Inc. AA Investment grade B 013817AP6 Materials
Altria Group, Inc. MO Investment grade A 02209SAD5 Consumer Staples
American Electric Power Company, Inc. AEP Investment grade BB 025537AE1 Utilities
American Express Company AXP Investment grade BBB 025816AW9 Financials
American International Group, Inc. AIG Investment grade C 026874AZ0 Financials
Amgen Inc. AMGN Investment grade BBB 031162BL3 Health care
Anadarko Petroleum Corporation APC Investment grade BB 032511AX5 Energy
Arrow Electronics, Inc. ARW Investment grade BB 042735AL4 Industrials
AT&T Inc. ATT Investment grade BBB 00206RBC5 Telecommunications
AutoZone, Inc. AZO Investment grade BBB 053332AF9 Consumer Discretionary
Avnet, Inc. AVT Investment grade B 053807AN3 Consumer Staples
Barrick Gold Corporation ABX Investment grade BB 067901AA6 Materials
Baxter International Inc. BAX Investment grade AAA 071813AM1 Health care
Beam Inc. BEAM Investment grade BB 073730AD5 Consumer Staples
Berkshire Hathaway Inc. BRK Investment grade BB US084664BN03 Financials
Boston Scienti�c Corporation BSX Investment grade C 101137AG2 Health care
Bristol-Myers Squibb Company BMY Investment grade BBB 110122AB4 Health care
Campbell Soup Company CPB Investment grade A US134429AV11 Consumer Staples
Canadian Natural Resources Ltd. CNQ Investment grade A 136385AL5 Energy
Capital One Bank (USA), National Ass. COF Investment grade BBB 14040EHK1 Financials
Cardinal Health, Inc. CAH Investment grade BBB 14149YAU2 Consumer Discretionary
Carnival Corporation CCL Investment grade AAA 143658AH5 Consumer Discretionary
Caterpillar Inc. CAT Investment grade AAA 149123BM2 Industrials
CBS Corporation CBS Investment grade BB 925524AU4 Consumer Discretionary
CenturyLink, Inc. CTL Investment grade BB 156700AL0 Telecommunications
CIGNA Corporation CI Investment grade BBB 125509AZ2 Health care
Cisco Systems, Inc. CSCO Investment grade BBB 17275RAC6 Information Technology
Comcast Corporation CMCS Investment grade A 20030NAP6 Consumer Discretionary
Computer Sciences Corporation CSC Investment grade BB 205363AL8 Information Technology
ConAgra Foods, Inc. CAG Investment grade BBB 205887AR3 Consumer Staples
ConocoPhillips COP Investment grade BBB 20825CAF1 Energy
Cox Communications, Inc. COX Investment grade 224044AN7 Consumer Discretionary
CSX Corporation CSX Investment grade AA 126408GJ6 Industrials
CVS Caremark Corporation CVS Investment grade AAA 126650BE9 Consumer Staples
Darden Restaurants, Inc. DRI Investment grade BBB 237194AE5 Consumer Discretionary
Deere & Company DE Investment grade AA US244199BC83 Industrials
Dell Inc. DELL Investment grade BB 247025AE9 Information Technology
Devon Energy Corporation DVN Investment grade B 251799AA0 Energy
DIRECTV Holdings LLC DTV Investment grade BB 25459HAY1 Consumer Discretionary
Dominion Resources, Inc. DRI Investment grade AA 25746UAW9 Utilities
E. I. du Pont de Nemours and Co. DD Investment grade A 263534BQ1 Materials
Eastman Chemical Company EMN Investment grade BB 277432AD2 Basic Materials
ERP Operating Limited Partnership EQR Investment grade BB 26884AAX1 Materials
Exelon Corporation EXC Investment grade BBB 210371AL4 Utilities
Expedia, Inc. EXPE Investment grade 30212PAB1 Consumer Discretionary
FirstEnergy Corp. FE Investment grade BBB 337932AC1 Utilities
Ford Motor Company FORD Investment grade B 345370BX7 Consumer Discretionary
Freeport-McMoRan Copper & Gold Inc. FCX Investment grade BB 35671DAU9 Materials
General Electric Capital Corporation GE Investment grade A 36962G3H5 Industrials
General Mills, Inc. GIS Investment grade AA 370334BB9 Consumer Staples
Goodrich Corporation GR Investment grade A 382388AS5 Industrials
H. J. Heinz Company HNZ Investment grade BBB 423074AF0 Consumer Staples
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Halliburton Company HAL Investment grade BB 406216AH4 Energy
Hewlett-Packard Company HPQ Investment grade BBB 428236AM5 Information Technology
Honeywell International Inc. HON Investment grade A 438516AR7 Industrials
Ingersoll-Rand Company IR Investment grade AA 456866AG7 Consumer Staples
International Business Machines Corp. IBM Investment grade AAA 459200GJ4 Information Technology
International Paper Company IP Investment grade BBB 460146CE1 Materials
Johnson Controls, Inc. JCI Investment grade A 478366AG2 Consumer Staples
Kinder Morgan Energy Partners, L.P. KMI Investment grade BB 494550BG0 Energy
Kohl's Corporation KSS Investment grade BBB 500255AP9 Consumer Discretionary
Lockheed Martin Corporation LMT Investment grade AA 539830AE9 Industrials
Loews Corporation LOE Investment grade BB 540424AN8 Financials
Lowe's Companies, Inc. LOW Investment grade A 548661CK1 Consumer Discretionary
M.D.C. Holdings, Inc. MDC Investment grade B US552676AP38 Consumer Staples
Macy's, Inc. MACY Investment grade BBB 55616XAA5 Consumer Discretionary
Marriott International, Inc. MAR Investment grade BBB 571900AZ2 Consumer Discretionary
Marsh & McLennan Companies, Inc. MMC Investment grade BB 571748AP7 Financials
McDonald's Corporation MCD Investment grade AA 58013MEB6 Consumer Discretionary
McKesson Corporation MCK Investment grade A 581557AM7 Consumer Discretionary
MeadWestvaco Corporation MWV Investment grade BB 961548AY0 Industrials
MetLife, Inc. MET Investment grade BB 59156RAX6 Financials
Motorola Solutions, Inc. MSI Investment grade B 620076AZ2 Information Technology
Nabors Industries, Inc. NBR Investment grade BB 629568AQ9 Energy
Newell Rubbermaid Inc. NWL Investment grade BB 651229AG1 Consumer Staples
News America Incorporated NWS Investment grade BBB 652482AM2 Consumer Staples
Nordstrom, Inc. JWN Investment grade AA 655664AH3 Consumer Discretionary
Norfolk Southern Corporation NSC Investment grade AA 655844AE8 Industrials
Northrop Grumman Corporation NOC Investment grade AA 666807AW2 Industrials
Omnicom Group Inc. OMC Investment grade AAA 681919AS5 Consumer Discretionary
P�zer Inc. PFE Investment grade BBB 717081AQ6 Health care
Pitney Bowes Inc. PBI Investment grade BBB 724479AH3 Information Technology
Quest Diagnostics Incorporated DGX Investment grade A 74834LAN0 Health care
Raytheon Company RTN Investment grade AA 755111AF8 Industrials
Reynolds American Inc. RAI Investment grade BBB 761713AE6 Consumer Staples
Ryder System, Inc. RYD Investment grade BBB 783549AZ1 Industrials
Safeway Inc. SWY Investment grade BBB 786514BA6 Consumer Discretionary
Sempra Energy SRE Investment grade BBB 816851AJ8 Utilities
Simon Property Group, L.P. SPG Investment grade BBB 828807BW6 Financials
SLM Corporation SLM Investment grade B 78442FEK0 Financials
Southwest Airlines Co. LUV Investment grade BB 844741AX6 Industrials
Staples, Inc. SPLS Investment grade BBB 855030AJ1 Consumer Discretionary
Starwood Hotels & Resorts Worldwide HOT Investment grade 85590AAL8 Consumer Discretionary
Target Corporation TGT Investment grade AAA 87612EAP1 Consumer Discretionary
The Allstate Corporation ALL Investment grade BB 020002AH4 Financials
The Chubb Corporation CB Investment grade AA 171232AD3 Financials
The Dow Chemical Company DOW Investment grade B 260543BJ1 Materials
The GAP, Inc. GPS Investment grade A 364760AK4 Consumer Discretionary
The Hartford Financials Services Group HART Investment grade B- 416515AV6 Financials
The Hillshire Brands Company HSH Investment grade B 803111AS2 Consumer Staples
The Home Depot, Inc. HD Investment grade AA 437076AS1 Consumer Discretionary
The Kroger Co. KR Investment grade BBB 501044CH2 Consumer Discretionary
The Sherwin-Williams Company SHW Investment grade AA 824348AL0 Consumer Staples
The Walt Disney Company DIS Investment grade AAA 25468PCE4 Consumer Discretionary
Time Warner Cable Inc. TWC Investment grade 88732JAH1 Consumer Discretionary
Time Warner Inc. TWX Investment grade BB 887317AC9 Consumer Discretionary
Transocean Inc. RIG Investment grade B 893830AK5 Energy
Tyson Foods, Inc. TSN Investment grade B 902494AN3 Consumer Staples
Union Paci�c Corporation UNP Investment grade AA 907818CF3 Industrials
United Parcel Service, Inc. UPS Investment grade BB 911308AB0 Industrials
UnitedHealth Group Incorporated UNH Investment grade AAA 91324PBJ0 Health care
Valero Energy Corporation VLO Investment grade BB 91913YAB6 Health care
Verizon Communications Inc. VZ Investment grade BB 92344GAW6 Telecommunication
Wal-Mart Stores, Inc. WMT Investment grade AAA 931142CH4 Consumer Discretionary
Whirlpool Corporation WHR Investment grade BBB 963320AH9 Consumer Staples
Xerox Corporation XRX Investment grade BB 984121BW2 Information Technology
XLIT Ltd. XL Investment grade B 98372PAK4 Financials
YUM! Brands, Inc. YUM Investment grade AAA 988498AC5 Consumer Discretionary
No. of investment grade companies: 120
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F Appendix

F.1 Histograms for the Log(CDS spreads)

Figure 21: Histogram for the Log(CDS spreads) for the data sample covering high yield companies

Figure 22: Histogram for the Log(CDS spreads) for the data sample covering investment grade companies

Figure 23: Histogram for the Log(CDS spreads) for the data sample covering all companies
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F.2 SAS 9.3 programming codes

F.2.1 Programming codes regarding AmihudRef. and AmihudPortfolio

********************************************************************************** 

* Illiquidity measure 1 – Calculation of the reference bond based Amihud measure 

********************************************************************************** 

 

* Path to your library containing the dataset; 

Libname TRACE 'D:\THESIS\Thesis_Data\Liquidity Measure_1Amihud_RefCusip'; 

 

* The name of the original TRACE dataset supplied to the program; 

%LET navnIN = HY_1TraceCLEAN; 

%LET navnIN1 = HY_1TraceNoSmallTrans; 

 

%LET navnIN = IG_1TraceCLEAN; 

%LET navnIN1 = IG_1TraceNoSmallTrans; 

 

* The name given to the output datasets; 

* _______HY________; 

%Let navnOUT1 = HY_Liquidity_1Amihud_1Return; 

%Let navnOUT2 = HY_Liquidity_1Amihud_2DailyMean; 

%Let navnOUT3 = HY_Liquidity_1Amihud_3AddMthQtr; 

%Let navnOUT4 = HY_Liquidity_1Amihud_4MthMedian; 

 

* _______IG________; 

%Let navnOUT1 = IG_Liquidity_1Amihud_1Return; 

%Let navnOUT2 = IG_Liquidity_1Amihud_2DailyMean; 

%Let navnOUT3 = IG_Liquidity_1Amihud_3AddMthQtr; 

%Let navnOUT4 = IG_Liquidity_1Amihud_4MthMedian; 

 

********************************************************************************** 

* Start of the program 

**********************************************************************************; 

 

* Erases the log and output screens; 

dm 'clear log'; 

dm 'clear output'; 

 

*Elimination of small transactions; 

proc sort data=trace.&navnIN; 

by company_symbol cusip_id trd_exctn_dt; 

run; 

 

data trace.&navnIN1; 

set trace.&navnIN; 

 if vol<100000 then delete; 

run; 

 

*Calculation of the reference bond based Amihud measure; 

proc sort data=trace.&navnIN1; 

by company_symbol cusip_id trd_exctn_dt; 

run; 

 

data trace.&navnOUT1; 

 do until(last.trd_exctn_dt); 

     set trace.&navnIN1; 

     by company_symbol cusip_id trd_exctn_dt; 

    if prev_pr = . then wreturn = .; 

   else wreturn = (abs(rptd_pr - prev_pr) / prev_pr)/ (vol/1000000); 

 output; 

 prev_pr = rptd_pr; 

 end; 

drop prev_pr; 

run; 

 

proc means data=trace.&navnOUT1 noprint; 

by company_symbol cusip_id trd_exctn_dt; 

var wreturn; 

output out=trace.&navnOUT2 (drop=_type_ _freq_) mean=DailyAmihud; 

run; 
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data trace.&navnOUT3; 

   set trace.&navnOUT2; 

  by company_symbol cusip_id trd_exctn_dt; 

 Month=Month(trd_exctn_dt); 

 Year=Year(trd_exctn_dt);  

run; 

 

proc univariate data=trace.&navnOUT3 noprint; 

by company_symbol cusip_id Year Month; 

var DailyAmihud; 

output out=trace.&navnOUT4 (drop=_type_ _freq_) median=Amihud_MthMedian; 

run; 

 

 

********************************************************************************** 

* Illiquidity measure 2 – Calculation of the bond portfolio based Amihud measure 

********************************************************************************** 

 

* Path to your library containing the dataset; 

Libname TRACE 'D:\THESIS\Thesis_Data\Liquidity Measure_2Amihud_AllCusips'; 

 

* The name of the original TRACE dataset supplied to the program; 

%LET navnIN = HY_2TraceCLEAN; 

%LET navnIN1 = HY_2TraceNoSmallTrans; 

 

%LET navnIN = IG_2TraceCLEAN; 

%LET navnIN1 = IG_2TraceNoSmallTrans; 

 

* The name given to the output datasets; 

* _______HY________; 

%Let navnOUT1 = HY_Liquidity_2Amihud_1Return; 

%Let navnOUT2 = HY_Liquidity_2Amihud_2aDlyAmi; 

%Let navnOUT2ny = HY_Liquidity_2Amihud_2bDlyVol; 

%Let navnOUT2merged = HY_Liquidity_2Amihud_2cDlyMean; 

%Let navnOUT3 = HY_Liquidity_2Amihud_3AddMth; 

%Let navnOUT4 = HY_Liquidity_2Amihud_4aMthAmi; 

%Let navnOUT4ny = HY_Liquidity_2Amihud_4bMthVol; 

%Let navnOUT4merged = HY_Liquidity_2Amihud_4cMthMedian; 

 

* _______IG________; 

%Let navnOUT1 = IG_Liquidity_2Amihud_1Return; 

%Let navnOUT2 = IG_Liquidity_2Amihud_2aDlyAmi; 

%Let navnOUT2ny = IG_Liquidity_2Amihud_2bDlyVol; 

%Let navnOUT2merged = IG_Liquidity_2Amihud_2cDlyMean; 

%Let navnOUT3 = IG_Liquidity_2Amihud_3AddMth; 

%Let navnOUT4 = IG_Liquidity_2Amihud_4aMthAmi; 

%Let navnOUT4ny = IG_Liquidity_2Amihud_4bMthVol; 

%Let navnOUT4merged = IG_Liquidity_2Amihud_4cMthMedian; 

 

********************************************************************************** 

* Start of the program 

**********************************************************************************; 

 

* Erases the log and output screens; 

dm 'clear log'; 

dm 'clear output'; 

 

proc sort data=trace.&navnIN; 

by company_symbol cusip_id trd_exctn_dt; 

run; 

 

data trace.&navnIN1; 

set trace.&navnIN; 

 if vol<100000 then delete; 

run; 
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proc sort data=trace.&navnIN1; 

by company_symbol cusip_id trd_exctn_dt; 

run; 

 

data trace.&navnOUT1; 

 do until(last.trd_exctn_dt); 

     set trace.&navnIN1; 

     by company_symbol cusip_id trd_exctn_dt; 

    if prev_pr = . then wreturn = .; 

   else wreturn = (abs(rptd_pr - prev_pr) / prev_pr)/ (vol/1000000); 

 output; 

 prev_pr = rptd_pr; 

 end; 

drop prev_pr; 

run; 

 

proc means data=trace.&navnOUT1 noprint; 

by company_symbol cusip_id trd_exctn_dt; 

var wreturn; 

output out=trace.&navnOUT2 (drop=_type_ _freq_) mean=DailyAmihud; 

run; 

 

proc means data=trace.&navnOUT1 noprint; 

by company_symbol cusip_id trd_exctn_dt; 

var vol; 

output out=trace.&navnOUT2ny (drop=_type_ _freq_) mean=DailyVolumen; 

run; 

 

data trace.&navnOUT2Merged; 

merge trace.&navnOUT2 trace.&navnOUT2ny; 

by company_symbol cusip_id trd_exctn_dt; 

run; 

 

data trace.&navnOUT3; 

   set trace.&navnOUT2Merged; 

  by company_symbol cusip_id trd_exctn_dt; 

 Month=Month(trd_exctn_dt); 

 Year=Year(trd_exctn_dt);  

run; 

 

proc univariate data=trace.&navnOUT3 noprint; 

by company_symbol cusip_id Year Month; 

var DailyAmihud; 

output out=trace.&navnOUT4 (drop=_type_ _freq_) median=Amihud_MthMedianCusips; 

run; 

 

proc univariate data=trace.&navnOUT3 noprint; 

by company_symbol cusip_id Year Month; 

var DailyVolumen; 

output out=trace.&navnOUT4ny (drop=_type_ _freq_) median=Volumen_MthMedian; 

run; 

 

data trace.&navnOUT4Merged; 

merge trace.&navnOUT4 trace.&navnOUT4ny; 

by company_symbol cusip_id Year Month; 

run; 

 

proc sort data= trace.&navnOUT4Merged; 

by company_symbol Year Month; 

run; 

 

proc univariate data= trace.&navnOUT4Merged noprint; 

by company_symbol Year Month; 

weight Volumen_MthMedian; 

var Amihud_MthMedianCusips; 

output out=trace.&navnOUT5ny (drop=_type_ _freq_) mean=Amihud_MthMedian2; 

run; 
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F.2.2 Programming codes regarding the �rms' monthly equity volatility

********************************************************************************** 

* Calculation of the equity volatitlity 

********************************************************************************** 

 

* The name of the original dataset supplied to the program; 

%LET navnIN = HY_ClosingPrices; 

%LET navnIN = IG_ClosingPrices; 

 

Libname EqtVol 'D:\THESIS\Thesis_Data\Equity Volatility_CRSP'; 

 

* The name given to the output datasets; 

* _______HY________; 

%Let navnOUT1 = HY_EqtVol_1CleanData; 

%Let navnOUT2 = HY_EqtVol_2LogPrcChg; 

%Let navnOUT3 = HY_EqtVol_3ImportFile; 

%Let navnOUT4 = HY_EqtVol_4EqtVol_A; 

 

* _______IG________; 

%Let navnOUT1 = IG_EqtVol_1CleanData; 

%Let navnOUT2 = IG_EqtVol_2LogPrcChg; 

%Let navnOUT3 = IG_EqtVol_3ImportFile; 

%Let navnOUT4 = IG_EqtVol_4EqtVol_A; 

 

 

********************************************************************************** 

* Start of the program 

**********************************************************************************; 

 

* Erases the log and output screens; 

dm 'clear log'; 

dm 'clear output'; 

 

proc contents data=EqtVol.&navnIN ; 

run; 

 

proc sort data=EqtVol.&navnIN ; 

by Conm TIC DataDate; 

run; 

 

data EqtVol.&navnOUT1; 

set EqtVol.&navnIN; 

 Month=Month(DataDate); 

 Year=Year(DataDate); 

 keep DATADATE Month Year CONM TIC PRCCD; 

run; 

 

data EqtVol.&navnOUT2; 

 do until(last.TIC); 

    set EqtVol.&navnOUT1; 

    by Conm TIC; 

   if prev_pr = . then LnPrChg = .; 

 else LnPrChg = Log(PRCCD/prev_pr); *PRCCD=Price-today, prev_pr= Price yesterday; 

 output; 

 prev_pr = prccd; 

 end; 

drop prev_pr; 

run; 

 

*Export file to Excel; 

%LET sti = 'D:\THESIS\Thesis_Data\Equity Volatility_CRSP\HY_EqtVol_2LogPrcChg.xlsx'; 

%LET sti = 'D:\THESIS\Thesis_Data\Equity Volatility_CRSP\IG_EqtVol_2LogPrcChg.xlsx'; 

 

PROC EXPORT DATA= EqtVol.&navnOUT2 

            OUTFILE= &sti 

            DBMS=xlsx REPLACE; 

      PUTNAMES=YES; 

RUN; 
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* 

* Based upon the daily log price change observations I calculate in excel the daily 

volatility measure over the prior 90 days period, i.e. I use N=90 and Δ t = 1/252.  

* 

 

*Import of treated excel file to the SAS environment; 

___HY___; 

PROC IMPORT OUT= EqtVol.HY_EqtVol_3ImportFile  

    DATAFILE= "D:\THESIS\Thesis_Data\Equity volatility_CRSP\HY_EqtVol_3ImportFile.xlsx"  

    DBMS=EXCELCS REPLACE; 

    RANGE="ImportData$";  

    SCANTEXT=YES; 

    USEDATE=YES; 

    SCANTIME=YES; 

RUN; 

 

*___IG____; 

PROC IMPORT OUT= EqtVol.IG_EqtVol_3ImportFile  

     DATAFILE= "D:\THESIS\Thesis_Data\Equity Volatility_CRSP\IG_EqtVol_3ImportFile.xlsx"  

     DBMS=EXCELCS REPLACE; 

     RANGE="ImportData$";  

     SCANTEXT=YES; 

     USEDATE=YES; 

     SCANTIME=YES; 

RUN; 

 

proc sort data=EqtVol.&navnOUT3 ; 

by Conm TIC DataDate; 

run; 

 

*Extraction of the last observation within a month. This equity volatility measure will 

then be use as a proxy for the equity volatilitv of the respective month; 

data EqtVol.&navnOUT4; 

 set EqtVol.&navnOUT3; 

    by Conm TIC DataDate; 

 do until(last.DataDate); 

    if LastDateVol = '0' then delete; 

  else LastDateVol=LastDateVol; 

 output; 

 end; 

drop LastDateVol; 

run; 
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G Appendix

G.1 High yield and investment grade companies Log(CDS spreads)

The graph below shows the monthly average Log(CDS spreads)) development for high yield and in-

vestment graded North-American companies. The data is as described in the main body of this thesis

collected from Bloomberg.
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Figure 24: The historical development in the Log(CDS spreads) for high yield and investment grade companies
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G.2 Period based average CDS spreads and leverage ratios

Table 20: Average CDS spreads and leverage ratios for periods of �nancial stability/distress

All Companies High Yield Investment Grade
Average Pre-

crisis
Crisis
peak

Post-
crisis

Average Pre-
crisis

Crisis
peak

Post-
crisis

Average Pre-
crisis

Crisis
peak

Post-
crisis

CDS
Mean 229.10 67.881 289.077 274.706 525.00 162.093 638.654 561.869 93.51 41.803 112.517 115.218
Std. dev. 354.13 92.666 434.657 338.974 501.52 136.836 593.268 426.526 95.52 51.465 117.194 80.412
Log CDS
Mean 4.724 3.766 4.949 5.128 5.902 4.781 6.118 6.145 4.184 3.486 4.359 4.563
Std. dev. 1.165 0.847 1.174 0.960 0.890 0.785 0.841 0.580 0.825 0.618 0.824 0.593
Ratios
Debt/Assets 28.08% 25.26% 28.74% 29.81% 41.06% 31.78% 41.30% 46.05% 25.07% 23.26% 26.07% 25.08%
Short Debt/Debt 7.97% 11.01% 6.73% 7.44% 3.60% 5.77% 3.31% 3.13% 10.34% 12.59% 8.65% 10.27%

Table 21: Average CDS spreads and leverage ratios based on the �rms' credit rating

Rating
Average AAA AA A BBB BB B C D

CDS
Mean 229.10 58.60 92.96 109.71 106.56 227.83 352.11 655.80 520.64
Std. dev. 354.13 51.38 192.18 151.69 124.07 348.72 402.31 633.02 223.52

Log CDS
Mean 4.724 3.793 3.907 4.227 4.275 4.843 5.322 5.996 6.191
Std. dev. 1.165 0.733 0.883 0.925 0.837 1.038 1.123 1.128 0.352

Leverage ratios
Debt/Assets 28.08% 25.68% 24.61% 24.83% 28.27% 25.42% 31.94% 35.77% 26.92%
Short D/Debt 7.97% 17.27% 7.31% 10.87% 9.67% 6.88% 5.35% 6.86% 1.93%
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G.3 Figures for explanatory variables covered in the analysis

0,00 

0,05 

0,10 

0,15 

0,20 

0,25 

0,30 

0,35 

0,40 

Oct-04 Oct-05 Oct-06 Oct-07 Oct-08 Oct-09 Oct-10 Oct-11 Oct-12 

Equity  

Volatility 

High Yield 

Investment Grade 

(a) The average equity volatility for the high yield and invest-
ment grade �rms covered in the data samples
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(b) The average asset value for the high yield and investment
grade �rms covered in the data samples
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(c) The average total debt amount for the high yield and invest-
ment grade �rms covered in the data samples
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Figure 25: Figures for the explanatory variables covered in the analysis
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G.4 Summary statistics for rollover risk proxies

Table (22) shows summary statistics for the illiquidity and rollover risk variables.

Table 22: Rollover risk statistics for the dataset including high yield companies

Panel A: Summary statistics for rollover risk proxies, high yield companies

Quantile AmihudRef. AmihudPortfolio λMarket RolloverRef. RolloverPortfolio RolloverMarket

1st 0.00000 0.00028 -1.30126 0.00000 0.00000 -0.34699

5tht 0.00090 0.00125 -1.15371 0.00000 0.00000 -0.14062

10th 0.00180 0.00200 -1.03322 0.00000 0.00000 -0.07174

25th 0.00326 0.00345 -0.44498 0.00002 0.00002 -0.01212

50th 0.00719 0.00620 -0.07496 0.00023 0.00019 -0.00000

75th 0.01641 0.01232 0.40273 0.00088 0.00067 0.01027

90th 0.03453 0.02235 2.31593 0.00228 0.00160 0.08304

95th 0.05477 0.03242 2.88538 0.00398 0.00271 0.18965

99th 0.09889 0.06372 4.27483 0.00752 0.00621 0.62474

Panel B: Correlation matrix for rollover risk proxies, high yield companies

AmihudRef. AmihudPortfolio λMarket RolloverRef. RolloverPortfolio RolloverMarket

AmihudRef. 1.00000 0.57308 0.06175 0.50268 0.18062 0.04381

AmihudPortfolio 0.57308 1.00000 0.23443 0.31643 0.47607 0.16469

λMarket 0.06175 0.23443 1.00000 0.01105 0.08903 0.61239

RolloverRef. 0.50268 0.31643 0.01105 1.00000 0.66419 0.06489

RolloverPortfolio 0.18062 0.47607 0.08903 0.66419 1.00000 0.23107

RolloverMarket 0.04381 0.16469 0.61239 0.06489 0.23107 1.00000
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Table 23: Rollover risk statistics for the dataset including investment grade companies

Panel A: Summary statistics for rollover risk proxies, investment grade companies

Quantile AmihudRef. AmihudPortfolio λMarket RolloverRef. RolloverPortfolio RolloverMarket

1st 0.00000 0.00025 -1.30126 0.00000 0.00000 -0.52166

5tht 0.00035 0.00074 -1.18292 0.00000 0.00000 -0.30033

10th 0.00063 0.00119 -1.14221 0.00000 0.00001 -0.19172

25th 0.00184 0.00247 -0.78563 0.00007 0.00011 -0.06765

50th 0.00567 0.00500 -0.19929 0.00040 0.00043 -0.00535

75th 0.01601 0.00930 0.30917 0.00163 0.00113 0.02121

90th 0.03954 0.01661 1.58787 0.00442 0.00239 0.10882

95th 0.06040 0.02289 2.69332 0.00776 0.00351 0.25074

99th 0.11005 0.03772 3.69657 0.01800 0.00733 0.73573

Panel B: Correlation matrix for rollover risk proxies, investment grade companies

AmihudRef. AmihudPortfolio λMarket RolloverRef. RolloverPortfolio RolloverMarket

AmihudRef. 1.00000 0.44834 0.23404 0.63512 0.23706 0.20752

AmihudPortfolio 0.44834 1.00000 0.37157 0.31319 0.61177 0.30082

λMarket 0.23404 0.37157 1.00000 0.17096 0.17635 0.72384

RolloverRef. 0.63512 0.31319 0.17096 1.00000 0.60930 0.25020

RolloverPortfolio 0.23706 0.61177 0.17635 0.60930 1.00000 0.19870

RolloverMarket 0.20752 0.30082 0.72384 0.25020 0.19870 1.00000

G.5 Correlations of all explanatory parameters

Table 24: Correlation matrix for all explanatory parameters. The correlations are based upon the total data sample
including all companies.

Correlations for all explanatory variables

Amihud-
Ref.

Amihud-
Portfolio

λ-
Market

Rollover-
Ref.

Rollover-
Portfolio

Rollover-
Market

Income/
Rev.

Firm
Size

Short
D./
Debt

Leverage Equity
Vol.

Swap
Rate

AmihudRef. 1 0.47577 0.19305 0.59135 0.22124 0.17861 -0.059 0.05282 -0.032 -0.011 0.17139 0.05841

AmihudPortfolio 0.47577 1 0.32331 0.26396 0.53197 0.25497 -0.090 -0.049 -0.079 0.06892 0.31887 0.07141

λMarket 0.19305 0.32331 1 0.14323 0.14469 0.68983 -0.096 -0.066 -0.137 0.10693 0.59553 0.37934

RolloverRef. 0.59135 0.26396 0.14323 1 0.61138 0.23405 -0.032 0.23585 0.45365 0.00976 0.06540 0.05583

RolloverPortfolio 0.22124 0.53197 0.14469 0.61138 1 0.19419 -0.024 0.14704 0.51987 0.04412 0.09317 0.05668

RolloverMarket 0.17861 0.25497 0.68983 0.23405 0.19419 1 -0.063 -0.046 -0.220 0.08051 0.38684 0.21998

Income/ Rev. -0.059 -0.090 -0.096 -0.032 -0.024 -0.063 1 0.19670 0.00162 0.05992 -0.225 -0.029

Firm Size 0.05282 -0.049 -0.066 0.23585 0.14704 -0.045 0.19670 1 0.21097 -0.214 -0.223 -0.004

Short D./ Debt -0.032 -0.078 -0.137 0.45365 0.51987 -0.219 0.00162 0.21097 1 -0.087 -0.136 0.02752

Leverage -0.011 0.06892 0.10693 0.00976 0.04412 0.08051 0.05992 -0.214 -0.087 1 0.16605 -0.020

Equity Vol. 0.17139 0.31887 0.59553 0.06540 0.09317 0.38684 -0.225 -0.223 -0.136 0.16605 1 0.27430

Swap Rate 0.05841 0.07141 0.37934 0.05583 0.05668 0.21998 -0.029 -0.004 0.02752 -0.020 0.27430 1
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H Appendix

H.1 Regression of the full rollover risk model with both a �rm speci�c and a

market based illiquidity measure

For each dataset covering respectively only high yield companies, only investment grade companies

and all companies, the full rollover risk regression is run where both the portfolio based rollover risk

proxies AmihudPortfolio and RolloverPortfolio and the market based rollover risk proxies λMarket and

RolloverMarket are included, e.g.

Log(CDS spreadit) = α+ β1 ·AmihudPortfolio,it + β2 · RolloverPortfolio,it + β1 · λMarket,it + β2 · RolloverMarket,it

+ "`credit risk controls"'it + εit, (H.1)

where i refers to the CDS issue and t determines the time (year and month).

Table 25: Rollover risk regression based on AmihudPortfolio and λMarket as illiquidity measure. Signi�cance levels at
10% are marked *, at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are shown in parentheses
below the coe�cients.

Regression with AmihudPortfolio and λMarket as illiquidity measures

Explanatory variable All Companies High Yield Investment Grade

Intercept 5.25454*** 5.0929*** 3.97621***

(77.91) (39.41) (58.58)

AmihudPortfolio 11.59295*** 6.45262*** 8.98476***

(10.71) (5.08) (6.73)

RolloverPortfolio 40.01714*** 4.87259 60.21181***

(5.04) (0.38) (7.22)

λMarket 0.11625 0.03750** 0.22702***

(11.83) (2.31) (23.07)

RolloverMarket 0.30382*** 0.54064*** 0.16691***

(5.16) (4.18) (3.00)

Income to Revenue ratio -0.83992*** -0.35868*** -0.81901***

(-19.38) (-7.53) (-13.92)

Firm Size -0.14567*** -0.03708*** -0.00312

(-23.90) (-2.78) (-0.50)

Short-term to Total debt ratio -1.19057*** 0.02614** -0.94916***

(-14.59) (0.16) (-11.89)

Leverage 1.77717*** 1.07887*** 1.10910***

(44.42) (19.32) (22.64)

Equity Volatility 6.43748*** 5.27749*** 4.23097***

(51.77) (29.29) (29.68)

Swap Rate -0.13095*** -0.07811*** -0.13506***

(-33.21) (-11.57) (-35.34)

R-Square 59.79% 52.75% 47.07%

Number of observations 11436 2714 8722
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H.2 Results of the credit rating based regressions (full version)

Table 26: Results for the regression of the rating based full rollover risk model for investment grade companies.
Signi�cance levels at 10% are marked *, at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are
shown in parentheses below the coe�cients.

Credit Rating
Expl. Variable AAA AA A BBB BB B C D
Panel A: Regression with AmihudRef. as illiquidity measure
Intercept 4.70610 *** 4.31250 *** 3.68013 *** 5.36949 *** 4.64382 *** 5.71403 *** 6.85729 *** -

(12.59) (13.40) (18.26) (30.11) (24.36) (32.32) (28.80)

AmihudRef. -5.328*** 3.30045 *** 3.03445 * -0.215 0.18355 3.22699 *** 3.59664 ** -
(-2.60) (2.70) (1.70) (-0.24) (0.17) (2.76) (2.14)

RolloverRef. 53.1312 *** 5.12665 23.7637 ** 10.0455 34.5826 *** 42.1767 *** 33.8773 ** -
(4.20) (0.46) (2.12) (1.43) (2.93) (4.70) (2.13)

Income/Revenue -2.478 *** -1.675*** -0.210 -0.380 ** -2.324 *** -0.552 *** -0.200 ** -
(-6.32) (-6.92) (-0.89) (-2.19) (-10.75) (-7.87) (-2.30)

Firm Size -0.068 ** -0.100*** -0.042 ** -0.154 *** -0.067 *** -0.155 *** -0.207 *** -
(-2.10) (-3.29) (-2.12) (-9.27) (-3.77) (-8.94) (-9.75)

Short D./ Debt -1.071 *** -0.383 * -2.863 *** -0.580 *** -0.461** -1.397 *** -0.473 -
(-4.23) (-1.95) (-10.66) (-3.51) (-2.00) (-5.82) (-1.39)

Leverage 0.53129 *** 1.79840*** 3.55829 *** 1.12390 *** 2.78219 *** 1.87206 *** 1.07240 *** .
(2.73) (9.29) (19.98) (10.31) (16.94) (15.95) (8.08)

Equity Vol. 7.05477 *** 5.76746*** 7.48992 *** 6.76922 *** 7.10648 *** 6.39968 *** 5.19631 *** -
(14.32) (13.05) (18.85) (23.07) (21.38) (23.72) (15.26)

Swap Rate -0.101 *** -0.043*** -0.093 *** -0.123 *** -0.159 *** -0.118 *** -0.060 *** -
(-8.60) (-3.84) (-7.72) (-15.00) (-14.50) (-10.38) (-4.83)

R-square 603 698 573 1655 1298 1209 481 0
Observations 38.74% 44.95% 69.89% 38.48% 48.22% 61.39% 70.86%
Panel B: Regression with AmihudPortfolio as illiquidity measure
Intercept 3.38590 *** 5.37054 *** 3.12801 *** 3.93356 *** 4.34757 *** 5.88674 *** 6.58116 *** -

(10.22) (21.29) (16.89) (29.29) (31.22) (43.38) (32.13)

AmihudPortfolio 20.0230 *** 22.4633 *** 25.4015 *** 15.7806 *** 14.5264 *** 6.84720 *** -0.338 -
(3.21) (7.41) (6.53) (7.20) (6.01) (3.90) (-0.10)

RolloverPortfolio 57.54884 * -13.506 -1.941 28.3477 * 25.1910 107.235 *** 268.483 *** -
(1.83) (-0.77) (-0.07) (1.96) (1.40) (7.70) (8.16)

Income/Revenue -1.201 *** -1.382 *** 0.05866 -0.788 *** -1.465 *** -0.622 *** -0.309 *** -
(-3.54) (-6.34) (0.24) (-6.25) (-11.61) (-10.01) (-3.31)

Firm Size 0.01966 -0.190 *** 0.01129 -0.029 ** -0.050 *** -0.184 *** -0.190 *** -
(0.68) (-7.69) (0.60) (-2.30) (-4.04) (-13.83) (-10.49)

Short D./ Debt -1.809 *** -0.630 *** -1.246 *** -1.221 *** -0.606 *** -1.741 *** -3.440 *** -
(-7.56) (-4.18) (-5.23) (-9.24) (-3.28) (-8.62) (-11.25)

Leverage 0.40063 ** 1.00337 *** 1.74084 *** 1.35274 *** 2.35980 *** 1.46910 *** 1.54607 *** -
(2.03) (7.21) (10.21) (16.15) (22.98) (16.26) (12.93)

Equity Vol. 5.84093 *** 4.33476 *** 8.39957 *** 6.29209 *** 6.24997 *** 6.95183 *** 4.63519 *** -
(13.62) (14.24) (20.16) (26.10) (27.51) (31.54) (15.60)

Swap Rate -0.041 *** -0.052 *** -0.119 *** -0.098 *** -0.128 *** -0.105 *** -0.013 -
(-3.45) (-5.70) (-9.50) (-15.27) (-16.37) (-11.31) (-1.10)

R-square 897 1203 1088 2795 2439 2023 674 0
Observations 33.42% 35.85% 49.73% 41.18% 48.47% 61.77% 75.11%
Panel C: Regression with λMarket as illiquidity measure
Intercept 4.74925 *** 5.82670 *** 3.56984 *** 4.88911 *** 4.48703 *** 5.83007 *** 6.21352 *** 17.4031

(16.84) (28.55) (19.68) (40.06) (32.12) (45.95) (31.56) (1.96)

λMarket 0.35709 *** 0.30904 *** 0.15744 *** 0.25830 *** 0.13333 *** 0.07766 *** 0.05933 * 0.29114
(13.31) (19.28) (5.10) (17.30) (6.68) (3.66) (1.74) (1.44)

RolloverMarket 0.36721 *** 0.17664 ** 0.24466 * 0.37519 *** 0.61942 *** 0.84576 *** 1.32221 *** -13.717
(2.95) (2.12) (1.67) (4.22) (4.76) (5.99) (7.01) (-1.66)

Income/Revenue -1.491 *** -0.918 *** -0.105 -0.894 *** -1.847 *** -0.636 *** -0.534 *** -0.148
(-5.37) (-4.96) (-0.42) (-7.72) (-14.78) (-10.25) (-5.52) (-4.91)

Firm Size -0.063 *** -0.199 *** -0.002 -0.071 *** -0.027 ** -0.164 *** -0.142 *** -1.04648 **
(-2.58) (-9.90) (-0.11) (-6.34) (-2.24) (-13.12) (-8.03) (-1.13)

Short D./ Debt -0.426 ** -0.330 *** -0.971 *** -0.800 *** 0.12295 -0.581 -0.368 * 5.36524
(-2.50) (-3.38) (-5.45) (-8.35) (0.90) (-4.14) (-1.93) (0.99)

Leverage 0.24994 0.80349 *** 1.79121 *** 1.11006 *** 2.14763 *** 1.68815 1.55018 *** -5.993
(1.53) (7.01) (10.93) (14.40) (20.47) (21.11) (13.64) (-1.55)

Equity Vol. 2.38946 *** 1.70841 *** 7.30017 *** 3.23297 *** 5.09218 *** 6.21558 4.20592 *** 3.92183
(6.02) (6.14) (15.39) (14.40) (18.08) (26.17) (11.65) (1.59)

Swap Rate -0.111 *** -0.085 *** -0.135 *** -0.128 *** -0.136 *** -0.122 -0.057 *** -0.071
(-11.01) (-10.88) (-10.41) (-21.29) (-17.01) (-13.74) (-4.64) (-0.26)

R-square 913 1235 1106 2960 2748 2325 871 12
Observations 54.38 53.48% 48.27% 48.89% 46.59% 60.42% 66.75% 98.94%

126



H.3 Results of the period based regressions (full versions)

Table 27, 28 and 29 show more detailed summaries of the results with respect to period di�erences

and the e�ect of the rollover risk proxies.

Table 27: Results for the regression of the period based full rollover risk model for all �rms. Signi�cance levels at
10% are marked *, at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are shown in parentheses
below the coe�cients.

All Companies

Expl. Variable Pre-Crisis: Oct-04 to Mar-07 Present Crisis: Apr-07 to Mar-10 Post-Crisis: Apr-10 to Sep-12

Intercept 6.3231*** 5.9836*** 6.1528*** 5.6659*** 4.8879*** 4.9397*** 4.9874*** 4.806*** 4.529***
(25.65) (49.29) (48.03) (37.39) (43.18) (44.71) (48.45) (51.39) (48.94)

AmihudRef. -1.013 -2.072*** 1.5147***
(-0.68) (-2.83) (2.10)

RolloverRef. 46.6672*** 32.5791*** 15.6720**
(4.31) (5.50) (2.57)

AmihudPortf. 14.7995*** 3.4252** 9.8545***
(4.40) (2.40) (6.70)

RolloverPortf. 10.8248 46.4697*** 52.0409***
(0.63) (4.44) (4.49)

λMar. 0.2730*** -0.031*** -0.220***
(3.74) (-2.68) (-4.95)

RolloverMar. -0.431 0.4408*** 0.0372
(-1.40) (6.48) (0.13)

Income/Revenue -2.410*** -1.546*** -1.546*** -0.566*** -0.472*** -0.497*** -0.778*** -0.926*** -1.014***
(-11.28) (-14.47) (-14.18) (-8.55) (-8.59) (-9.04) (-10.59) (-13.58) (-14.73)

Firm Size -0.279*** -0.231*** -0.224*** -0.189*** -0.125*** -0.124*** -0.119*** -0.102*** -0.083***
(-12.23) (-20.57) (-20.04) (-14.09) (-12.83) (-13.02) (-13.20) (-12.53) (-10.36)

Short D./ Debt -0.619*** -0.694*** -1.229*** -0.911*** -1.313*** -0.965*** -0.569*** -0.956*** -0.358***
(-3.46) (-6.46) (-3.99) (-5.85) (-10.36) (-10.17) (-4.42) (-7.29) (-4.04)

Leverage 2.4068*** 1.0988*** 1.3359*** 1.70201*** 1.7564*** 1.6946*** 1.4345*** 1.6263*** 1.6162***
(13.29) (12.49) (15.64) (20.75) (27.60) (27.30) (25.54) (31.82) (32.00)

Equity Volatil-
ity

2.5737*** 2.0584*** 2.1215*** 7.6894*** 7.5154*** 7.4568*** 9.8476*** 8.1276*** 9.5951***

(6.45) (8.07) (8.59) (44.63) (54.09) (47.99) (41.83) (39.96) (44.75)

Swap Rate -0.106*** -0.084*** -0.041*** -0.094*** -0.072*** -0.059*** -0.089*** -0.042** 0.006
(-5.76) (-7.59) (-2.80) (-7.79) (-7.19) (-5.92) (-4.69) (-2.53) (0.36)

R-square 45.79% 33.98% 31.04% 63.93% 63.67% 59.98% 61.34% 57.83% 56.23%
Observations 1008 2903 3264 2573 4366 4911 3177 4167 4502
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Table 28: Results for the regression of the period based full rollover risk model for high yield �rms. Signi�cance
levels at 10% are marked *, at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are shown in
parentheses below the coe�cients.

High Yield Companies

Expl. Variable Pre-Crisis: Oct-04 to Mar-07 Present Crisis: Apr-07 to Mar-10 Post-Crisis: Apr-10 to Sep-12

Intercept 8.0120*** 4.5232*** 4.6399*** 5.9538*** 5.0311*** 4.3883*** 5.0419*** 5.2075*** 4.5796***
(10.55) (10.17) (15.94) (23.22) (24.43) (25.17) (34.37) (38.56) (36.35)

AmihudRef. -9.685*** 3.2537** 2.4507***
(-2.88) (2.24) (2.93)

RolloverRef. 126.4799 -52.588** -6.299
(2.65) (-2.53) (-0.46)

AmihudPortf. 25.9325*** 3.9489** 2.9084**
(3.66) (2.24) (2.17)

RolloverPortf. -82.215* -5.535 22.3565
(-1.89) (-0.31) (1.44)

λMar. 0.2255 -0.008 0.1010*
(1.54) (-0.46) (1.95)

RolloverMar. -0.0313 0.3324*** -0.252
(-0.04) (2.61) (-0.68)

Income/Revenue -2.518*** -2.352*** -2.455*** -0.150** -0.186*** -0.190*** -0.409*** -0.504*** 0.53104***
(-4.15) (-8.44) (-10.61) (-2.53) (-3.33) (-3.68) (-6.31) (-7.54) (-7.88)

Firm Size -0.430*** -0.139*** -0.068** -0.114*** -0.035* 0.0440*** 0.003 -0.005 0.0672***
(-5.17) (-2.69) (-2.24) (-2.54) (-1.65) (2.53) (0.19) (-0.37) (5.47)

Short D./ Debt -1.103* -0.513* -0.354*** 1.422*** 0.7430** 0.6235*** 0.2469*** -0.133 0.1578
(-1.69) (-1.75) (-0.52) (3.74) (2.50) (3.17) (1.15) (-0.69) (1.38)

Leverage 2.2107*** 1.9357*** 1.7115*** 0.8174*** 1.0260*** 0.9650*** 0.6618*** 0.6927*** 0.6818***
(3.57) (5.67) (9.23) (8.29) (11.89) (12.75) (11.80) (12.74) (13.15)

Equity Volatil-
ity

13.2102*** 14.0344*** 6.4948*** 4.7910*** 5.0446*** 4.9739*** 5.5687*** 4.6654*** 5.1781***

(5.76) (10.96) (8.13) (23.65) (28.51) (27.88) (21.19) (19.82) (20.68)

Swap Rate -0.180*** 0.0042 0.0917*** -0.035* -0.029*** -0.026*** -0.036 -0.041* -0.068***
(-3.61) (0.14) (2.80) (-1.81) (-1.76) (-1.87) (-1.45) (-1.84) (-3.05)

R-square 58.09% 51.45% 32.75% 58.19% 53.66% 53.00% 46.28% 38.84% 39.93%
Observations 143 387 601 579 1129 1464 958 1198 1392
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Table 29: Results for the regression of the period based full rollover risk model for investment grade �rms.
Signi�cance levels at 10% are marked *, at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are
shown in parentheses below the coe�cients.

Investment Grade Companies

Expl. Variable Pre-Crisis: Oct-04 to Mar-07 Present Crisis: Apr-07 to Mar-10 Post-Crisis: Apr-10 to Sep-12

Intercept 4.679*** 5.210*** 5.5105*** 4.247*** 3.476*** 3.2809*** 4.9874*** 3.487*** 3.3340***
(23.59) (47.67) (47.55) (27.35) (30.00) (29.65) (48.45) (35.73) (34.80)

AmihudRef. -0.149 -2.294*** 0.26343
(-0.12) (-3.33) (0.32)

RolloverRef. 27.04358*** 34.8222*** 21.96702
(3.35) (6.56) (3.64)

AmihudPortf. 0.01254 3.1083* 10.6573***
(0.00) (1.87) (5.14)

RolloverPortf. 46.97426*** 55.2356*** 64.4690***
(3.11) (5.13) (4.96)

λMar. 0.3986*** 0.0860*** -0.034
(6.11) (7.24) (-0.72)

RolloverMar. -1.215*** 0.1424** -0.220
(-4.51) (2.28) (-0.76)

Income/Revenue -1.319*** -0.805*** -0.686*** -0.934*** -0.539*** -0.722*** -0.900*** -0.893*** -0.967***
(-7.71) (-8.41) (-7.05) (-8.01) (-6.14) (-8.27) (-8.45) (-10.18) (-10.99)

Firm Size -0.123*** -0.147*** -0.144*** -0.047*** 0.020*** 0.0434*** -0.009 0.030*** 0.0433***
(-6.74) (-14.65) (-14.30) (-3.40) (1.93) (4.50) (-0.88) (3.41) (5.09)

Short D./ Debt -0.348*** -0.581*** -1.652*** -0.985*** -1.095*** -
0.7358***

-0.293*** -0.609*** -0.144***

(-2.60) (-6.17) (-6.09) (-6.79) (-9.20) (-8.58) (-2.27) (-4.48) (-1.53)

Leverage 1.8919*** 0.5723*** 0.4930*** 1.3272*** 1.1671*** 1.2192*** 1.0938*** 1.0601*** 1.2313***
(13.25) (7.46) (6.34) (12.95) (14.98) (16.09) (13.17) (14.85) (17.72)

Equity Volatil-
ity

1.4069*** 0.9719*** 1.0018*** 7.8319*** 7.4262*** 6.3021*** 8.6341*** 6.6020*** 7.2728***

(4.83) (4.60) (4.92) (36.96) (43.76) (30.83) (28.66) (27.39) (27.74)

Swap Rate -0.124*** -0.118*** -0.086*** -0.105*** -0.092*** -0.076*** -0.057*** -0.021 -0.000
(-8.78) (-12.20) (-6.75) (-8.75) (-9.32) (-7.87) (-2.93) (-1.25) (-0.01)

R-square 37.98% 23.18% 21.56% 52.35% 51.03% 50.81% 34.49% 32.67% 28.15%
Observations 865 2516 2663 1994 3237 3447 2219 2969 3110
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H.4 Results of the sector based regressions (full versions)

Table 30: Results for the regression of the sector based full rollover risk model for all companies. Signi�cance levels
at 10% are marked *, at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are shown in parentheses
below the coe�cients.

All Companies
Expl. Variable Financial Firms Energy and Utility Firms Other Sectors
Intercept 3.16874*** 4.02530*** 3.51785*** 6.90526*** 5.46031*** 7.34585*** 5.44897*** 5.17834*** 5.5168***

(10.68) (17.20) (15.39) (21.87) (20.15) (28.05) (56.83) (68.32) (74.02)

AmihudRef. -4.413** 1.91860 -0.284
(-2.55) (1.26) (-0.49)

RolloverRef. 32.83270*** 45.60291*** 33.2492***
(2.62) (3.22) (7.13)

AmihudPortf. 9.73505** 36.55951*** 10.11084***
(2.46) (20.15) (9.02)

RolloverPortf. 178.599*** -62.911* 61.45861***
(7.08) (-1.91) (7.81)

λMar. 0.11026*** 0.400*** 0.10920***
(3.15) (14.53) (10.85)

RolloverMar. 1.32437*** -0.455*** 0.50423***
(6.60) (-2.63) (8.99)

Income/Revenue -0.087 -0.120* -0.040 -0.461*** -0.330*** -0.314*** -1.845*** -1.586*** -1.806***
(-1.14) (-1.72) (-0.55) (-4.48) (-3.59) (-3.92) (-18.37) (-21.14) (-24.65)

Firm Size 0.07477*** -0.031 0.033* -0.300*** -0.208*** -0.303*** -0.160*** -0.151*** -0.158***
(2.92) (-1.55) (8.59) (-10.88) (-8.54) (-13.08) (-17.53) (-21.03) (-22.72)

Short D./ Debt -1.322*** -1.280*** -0.133 -2.762*** -2.389*** -2.614*** -0.876*** -1.492*** -0.756***
(-3.41) (-4.86) (-0.62) (-10.62) (-8.88) (-13.34) (-8.57) (-18.68) (-12.71)

Leverage 0.81818*** 0.53770*** 0.74971*** 2.95632*** 3.61764*** 2.70858*** 1.86022*** 1.92612*** 1.92161***
(5.67) (5.60) (7.88) (13.43) (20.09) (15.17) (34.83) (42.18) (43.69)

Equity Volatility 9.88938*** 8.92224*** 8.21759*** 4.7021*** 4.48797*** 1.70920*** 8.23786*** 7.41795*** 6.33385***
(23.10) (27.26) (21.92) (13.29) (15.17) (5.15) (51.62) (58.79) (46.09)

Swap Rate -0.194*** -0.179*** -0.188*** -0.131*** -0.098*** -0.152*** -0.133*** -0.103*** -0.117***
(-10.07) (-12.81) (-13.18) (-10.79) (-9.57) (-14.67) (-26.85) (-24.71) (-27.57)

R-square 66.98% 65.43% 63.49% 49.93% 51.50% 55.87% 64.32% 61.60% 59.17%
Observations 349 839 889 1014 1379 1396 5395 9218 10392

130



Table 31: Results for the regression of the sector based full rollover risk model for high yield companies. Signi�cance
levels at 10% are marked *, at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are shown in
parentheses below the coe�cients.

High Yield Companies
Expl. Variable Financial Firms Energy and Utility Firms Other Sectors
Intercept -38.682** -

34.926***
-
37.0560***

4.2492*** 3.8665*** 5.5950*** 5.8904*** 5.4970*** 4.8969***

(-2.74) (-4.99) (-5.84) (9.42) (10.00) (14.41) (41.01) (40.64) (42.91)

AmihudRef. -2.562 -1.122 0.1870
(-0.69) (-0.53) (0.22)

RolloverRef. 132.5335 -5.965 27.1361**
(0.63) (-0.25) (1.96)

AmihudPortf. 6.3808 7.3779** 5.1277***
(1.18) (1.97) (3.95)

RolloverPortf. -25.454 -55.9010 37.3443***
(-0.32) (-1.34) (2.97)

λMar. -0.0766 0.2689*** 0.0704***
(0.76) (7.48) (4.58)

RolloverMar. -0.606 -0.238 0.6135***
(-1.31) (-0.73) (6.09)

Income/Revenue -0.02065 -0.030 -0.016 -0.162** -0.108 -0.100 -1.371*** -1.441*** -1.433***
(-0.34) (-0.55) (-0.32) (-2.14) (-1.42) (-1.59) (-10.40) (-13.53) (-14.88)

Firm Size 4.3832** 4.3115*** 4.5021*** 0.1169*** 0.1271*** 0.0147 -0.087*** -0.079*** 0.0085
(2.71) (5.50) (6.37) (2.68) (3.25) (0.39) (-5.65) (-5.37) (0.70)

Short D./ Debt -5.930 0.3324 0.0629 -2.093*** -1.633*** -2.964*** 0.2159** -0.271* 0.2214**
(-0.94) (0.25) (0.06) (-3.81) (-2.70) (-7.14) (1.04) (-1.66) (2.13)

Leverage 35.6774** 2.1846*** 3.0899*** 0.6876*** 1.172*** 0.7719*** 0.8848*** 1.2121*** 1.1352***
(2.55) (3.01) (3.70) (3.18) (5.40) (3.94) (14.90) (20.51) (20.92)

Equity Volatility 7.0572*** 8.8656*** 9.7581*** 4.1648*** 4.0221*** 0.9735** 5.0232*** 5.1630*** 4.6446***
(6.16) (18.88) (15.79) (8.90) (10.63) (2.00) (27.57) (30.73) (25.20)

Swap Rate -
0.1817***

-0.151*** -
0.1613***

-0.081*** -0.078*** -0.114*** -0.077*** -0.070*** -0.085***

(-3.05) (-3.90) (-4.45) (-5.61) (-5.95) (-8.39) (-10.28) (-10.12) (-13.17)

R-square 94.56% 93.79% 94.57% 40.51% 39.23% 44.38% 53.68% 54.70% 53.40%
Observations 33 59 70 251 333 347 1396 2322 3040
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Table 32: Results for the regression of the sector based full rollover risk model for investment grade companies.
Signi�cance levels at 10% are marked *, at 5% level are marked ** and 1% level are marked ***. The respective t-statistics are
shown in parentheses below the coe�cients.

Investment Grade Companies
Expl. Variable Financial Firms Energy and Utility Firms Other Sectors
Intercept 2.6436*** 3.2016*** 2.2178*** 4.1929*** 3.3649*** 4.3377*** 3.9742*** 3.8240*** 4.3520***

(8.13) (12.93) (9.02) (12.16) (11.95) (17.83) (36.81) (45.49) (54.98)

AmihudRef. -3.393** 0.7346 -0.094
(-1.98) (0.52) (-0.15)

RolloverRef. 35.621*** 39.6809*** 32.4075***
(2.89) (3.09) (7.02)

AmihudPortf. 10.9264 33.7944*** 13.8006***
(2.79) (6.09) (9.39)

RolloverPortf. 211.795*** -16.411 61.6125***
(8.42) (-0.43) (6.96)

λMar. 0.2495*** 0.3840*** 0.2501***
(6.98) (16.08) (24.45)

RolloverMar. 1.4470*** -0.049 0.2154***
(6.68) (-0.34) (3.95)

Income/Revenue -0.933*** -1.032*** -0.684*** -0.649*** -0.387*** -0.173 -1.184*** -1.075*** -1.261***
(-3.68) (-6.08) (-3.95) (-4.05) (-2.86) (-1.51) (-10.29) (-12.53) (-15.56)

Firm Size 0.1424*** 0.0643*** 0.1759*** -0.073** -0.011 -0.037* -0.032*** -0.022*** -0.029***
(5.12) (3.03) (8.22) (-2.51) (-0.45) (-1.72) (-3.11) (-2.71) (-3.94)

Short D./ Debt -1.676*** -2.047*** -0.417* -1.318*** -0.907*** -0.410** -0.835*** -0.306*** -0.637***
(-4.48) (-7.77) (-1.96) (-5.57) (-3.45) (-2.41) (-8.13) (-15.87) (-10.85)

Leverage 1.3504*** 1.0956*** 1.3061*** 2.881*** 2.7411*** 1.9156*** 1.5254*** 1.2001*** 1.058***
(7.21) (8.54) (10.13) (10.76) (13.32) (10.76) (19.40) (18.97) (17.90)

Equity Volatility 8.0415*** 6.7929*** 4.5090*** 4.7154*** 4.050*** 1.5693*** 8.4290*** 6.9211*** 4.3668***
(14.07) (17.05) (9.15) (14.41) (13.97) (5.66) (41.27) (43.96) (26.39)

Swap Rate -0.216*** -0.179*** -0.193*** -0.126*** -0.110*** -0.171*** -0.127*** -0.095*** -
0.1257***

(-10.35) (-13.81) (-14.75) (-10.52) (-11.01) (-19.13) (-23.95) (-21.72) (-29.54)

R-square 60.94% 63.06% 61.32% 38.38% 40.03% 56.90% 43.48% 39.15% 43.63%
Observations 344 851 890 763 1046 1049 3999 6896 7352
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H.5 SAS 9.3 programming codes regarding the rollover risk component

The following programming code illustrates the calculation of the rollover risk component and its

fraction of the �rms' Log(CDS spreads).

*Note that the code is only an exemplification of the calculation of the size and the 

fraction of the rollover risk components for the high yield data sample (HY); 

* 

*Calculation of the rollover risk components; 

 

Data  DataFrac.&navnIN_HY_Comp; 

set data.&navnIN_HY; 

title 'HY, CDS Components'; 

 HY_Comp1 = HY_Coeff_ILLIQ_1*ILLIQ_1 + HY_Coeff_ROR_1*ROR_1; 

 HY_Comp2 = HY_Coeff_ILLIQ_2*ILLIQ_2 + HY_Coeff_ROR_2*ROR_2; 

 HY_Comp3 = HY_Coeff_ILLIQ_3*ILLIQ_3 + HY_Coeff_ROR_3*ROR_3; 

run; 

 

 

*The component distribution; 

 

proc univariate data=DataFrac.&navnIN_HY_Comp noprint; 

 title 'HY - Component Quantiles'; 

 var HY_Comp1 HY_Comp2 HY_Comp3 ; 

 output out=DataFrac.&navnIN_HY_CompQ pctlpts=5.0 50.0 pctlpre = Comp1_Q Comp2_Q Comp3_Q; 

run; 

 

Data DataFrac.&navnIN_HY_CompP; 

set DataFrac.&navnIN_HY_CompQ; 

title 'HY - Component Premium'; 

 RolloverPremium1 = (Comp1_Q50 - Comp1_Q5); *Premium in LN(bps); 

 RolloverPremium2 = (Comp2_Q50 - Comp2_Q5); *Premium in LN(bps); 

 RolloverPremium3 = (Comp3_Q50 - Comp3_Q5); *Premium in LN(bps); 

run; 

 

 

*Determination of the rollover risk component fraction; 

 

Data DataFrac.&navnIN_HY_FracI (keep= Year Month RefTic FracComp1 FracComp2 FracComp3 

FracCDS1 FracCDS2 FracCDS3); 

set DataFrac.&navnIN_HY_Comp ; 

 FracComp1 = 100*((HY_Comp1 - Comp1_Q5)/LN_CDS); * The fraction of LN(CDS spreads); 

 FracComp2 = 100*((HY_Comp2 - Comp2_Q5)/LN_CDS); * The fraction of LN(CDS spreads); 

 FracComp3 = 100*((HY_Comp3 - Comp3_Q5)/LN_CDS); * The fraction of LN(CDS spreads); 

run; 

 

proc means data=DataFrac.&navnIN_HY_FracI noprint; 

title 'HY - Component Fraction of LN(CDS) (in %)'; 

var FracComp1; 

output out=DataFrac.&navnIN_HY_Frac1 (drop=_type_ _freq_) median=HY_FracComp1; 

run; 

 

proc means data=DataFrac.&navnIN_HY_FracI noprint; 

title 'HY - Component Fraction of LN(CDS) (in %)'; 

var FracComp2; 

output out=DataFrac.&navnIN_HY_Frac2 (drop=_type_ _freq_) median=HY_FracComp2; 

run; 

 

proc means data=DataFrac.&navnIN_HY_FracI noprint; 

title 'HY - Component Fraction of LN(CDS) (in %)'; 

var FracComp3; 

output out=DataFrac.&navnIN_HY_Frac3 (drop=_type_ _freq_) median=HY_FracComp3; 

run; 
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